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Why Analytics Wants a Different Shape

The bookshop’s application database is a thing of beauty. customers, orders, order_items, books — every fact stored exactly once, every relationship a foreign key, not a byte of redundancy anywhere. A book’s title lives in books and nowhere else, so renaming it touches one row. This is textbook third normal form, and for the app that runs the store it’s exactly right.

[image: The bookshop's OLTP schema: customers, orders, order_items, and books as four normalized tables, every relationship a foreign key.]

That’s the whole schema — four tables, and it’s the source we spend the rest of the book remodeling. Keep it handy; every fact and dimension we build traces back to these.

Now answer one question against it: revenue by genre by month. Here’s the query, in full, with every trap it contains:

select
    date_trunc('month', o.ordered_at)      as order_month,
    b.genre,
    sum(oi.quantity * oi.unit_price)       as revenue
from order_items as oi
join orders      as o  on oi.order_id = o.order_id
join books       as b  on oi.book_id  = b.book_id
where o.order_status != 'cancelled'
group by 1, 2
order by 1, 2

Three joins, and every line past select is tribal knowledge. Revenue is quantity * unit_price off the line — not the list_price sitting on the book, which is what half the analysts will grab first, and which disagrees with reality every time a discount was applied. Cancelled orders have to be filtered, and you have to know the status value is the string 'cancelled' and not 'CANCELED' or a code. The date lives on the order but the genre lives on the book, so you need both joins even though you’re selecting from neither table. Miss any of these and the query still runs — it just returns a confident, wrong number.

And this schema is being merciful. Four tables is the teaching version; the production version of this app normalizes genre into a genres table, author into authors, and the shipping address into addresses, because that’s what good OLTP design does. Against that schema the same six-word question looks like this:

select
    date_trunc('month', o.ordered_at)      as order_month,
    g.genre_name,
    sum(oi.quantity * oi.unit_price)       as revenue
from order_items as oi
join orders      as o  on oi.order_id    = o.order_id
join customers   as c  on o.customer_id  = c.customer_id
join addresses   as a  on c.address_id   = a.address_id   -- "by region" someday
join books       as b  on oi.book_id     = b.book_id
join genres      as g  on b.genre_id     = g.genre_id
where o.order_status != 'cancelled'
group by 1, 2

Five joins to answer a question a manager can ask in six words — and the join order matters to whoever reads it next, and the fan-out risk is real (join orders to order_items the wrong way around a distinct count and you’ll double-count silently). The schema that makes the app fast makes the analyst slow, and worse than slow: unreliable, because every analyst re-derives this query from scratch and each re-derivation is a fresh chance to get a rule wrong.

Two databases, two jobs

This isn’t a flaw in the app database. It’s a database doing the job it was built for, which is a different job than analytics.

An application database is an OLTP system — online transaction processing. It handles a firehose of small writes: someone places an order, updates an address, cancels a line. It’s normalized precisely so those writes are cheap and safe. Store each fact once and there’s no chance of two rows disagreeing about a customer’s email, and no fan-out of updates to keep in sync. Normalization is a write-side virtue.

The physical layout matches the workload. OLTP databases are row stores: all of a row’s columns sit together on disk, because the app’s unit of work is a row — fetch order 4471, update its status, commit. An index seek finds the row, one page read retrieves everything about it. That’s a few milliseconds per transaction, thousands of times a second.

Analytics is OLAP — online analytical processing — and it inverts every one of those assumptions. Almost nothing writes; everything reads. The queries are wide and aggregate: sum this, group by that, across millions of rows and years of history. Run the revenue query against a row store with 100 million order lines and you read all of every row to use three columns of it — if a row is 200 bytes, that’s on the order of 20 GB of I/O to touch maybe 2 GB of relevant data, most of an order of magnitude wasted before the query even starts thinking.

Warehouses like Snowflake are built the other way around. Storage is columnar — each column stored contiguously and compressed, so a query reads only the columns it names, and a column of repetitive values (a genre, a status) compresses brutally well. A status column holding one of five strings compresses to a fraction of its raw size; a sorted date column nearly disappears. Between column selection and compression, the physical read for that revenue query drops from tens of gigabytes to hundreds of megabytes, before any cleverness about skipping rows even enters the picture. Execution is massively parallel — the scan fans out across compute so a billion-row aggregate is a few seconds of many machines rather than minutes of one. The Snowflake foundations series covered that machinery; the point here is what it means for schema design. What’s expensive flipped. OLTP pays for wide reads and doesn’t care about joins on indexed keys, because it touches ten rows at a time. OLAP shrugs at wide reads — it only pulls the columns you name — but pays real money for joins, because a join at analytical scale means building hash tables over millions of rows and shuffling data between compute nodes. Eight normalized tables in a query is eight of those.

So the same data wants two different shapes. Normalized for the app that produces it, denormalized for the warehouse that questions it. Dimensional modeling is how you get the second shape — a deliberate remodel that optimizes for two audiences the OLTP schema ignores: a human who wants to ask a question without a data dictionary, and a warehouse that wants to answer it without a join marathon.

”Can’t we just use views?”

Every team meets this fork in the road, and the tempting path has three well-worn variants. They’re worth taking seriously, because each one works for about six months.

Variant one: a layer of reporting views over the OLTP schema (usually on a read replica, so the app doesn’t feel the scans). This fixes exactly one problem — analysts stop hammering production — and leaves every other one intact. A view is a saved query, not a saved result: create view revenue_by_genre still executes the five joins every time someone opens the dashboard, so you’ve moved the join marathon, not retired it. The obvious patch is to materialize the views, and now you’ve backed into building a warehouse anyway, except ad hoc: you own refresh scheduling, you own staleness monitoring, and you own the dependency ordering between views, all without any of the tooling a real transformation layer provides. And the views are welded to the app’s schema, which means every app migration is now also an analytics incident. The app team renames ordered_at to created_at in a Tuesday deploy and every downstream view breaks Wednesday morning, discovered by whoever opens the dashboard first.

Variant two: let the BI tool do the joining. Modern BI tools happily hold a join graph — point them at the normalized tables, define the relationships once, and let drag-and-drop generate the SQL. This is better than nothing and worse than it looks. The business logic — revenue means quantity * unit_price, cancelled orders don’t count — now lives inside one tool’s proprietary semantic layer, invisible to anything else. The day a second tool arrives (it always arrives), the rules get re-implemented there, and the two drift. Meanwhile there’s no place to test any of it: no assertion that order IDs are unique, no check that a status value didn’t change spelling. The logic exists, but it isn’t software — it’s configuration, in a UI, unversioned.

Variant three: just write good queries and share them. The wiki page of blessed SQL. This is the status quo the opening query described, with extra steps.

The common failure is the same in all three: the transformation logic — the joins, the filters, the business definitions — has no home. It’s re-executed per query, re-implemented per tool, or re-derived per analyst. Dimensional modeling gives it a home: the logic runs once, in a pipeline, producing real tables that are simple to query, cheap to scan, and possible to test. Views, BI joins, and shared snippets all answer “where does the query live?” The warehouse model answers the better question: “why is the query still hard?”

There’s also a capability gap no view layer can paper over: history. The OLTP database stores the current state — when a customer moves from Boston to Denver, the app updates the row, and the fact that she was a Bostonian when she placed her first forty orders is simply gone. Views over that schema inherit the amnesia. A warehouse model can choose to remember, and the machinery for that choice — slowly changing dimensions — is a chapter of its own later in the book. You can’t bolt it onto a view.

Who owns this, and what gets built first

A remodel implies a remodeler. In most teams the warehouse model is owned by analytics engineers — the role the dbt book was really about — sitting between the app teams who produce raw data and the analysts who consume the model. The boundary matters more than the title: upstream teams own the sources and are on the hook for delivering them intact and on time; the analytics engineer owns everything from the raw landing zone to the marts, including the business rules encoded along the way. When “revenue by genre” is wrong, there’s a name attached to the model that defines revenue — which is a governance upgrade over “whoever wrote that dashboard query in 2023.”

Ownership also forces the planning question: which models, for whom, in what order? Kimball’s tool for this is the bus matrix — a grid of business processes down the side, dimensions across the top, with a mark where a process needs a dimension. Even the bookshop’s toy version is clarifying:









































	Business process	Customer	Book	Date	Promotion
	Orders placed	✓	✓	✓	✓
	Inventory levels		✓	✓	
	Order fulfillment	✓		✓	
	Promotions run		✓	✓	✓


Read it column-wise and the plan falls out: Book and Date are needed by nearly every process, so they get built first and built once — every fact table that needs a calendar joins to the same dim_date, not to four departmental copies that disagree about when Q1 ends. That shared-dimension discipline is called conformance, it’s the difference between a warehouse and a pile of marts, and it gets a full treatment later in the book. For now the takeaway is that the matrix is the design deliverable that comes before any SQL: it’s how you decide what to model, and it’s one page.

The three-layer architecture

The remodel doesn’t happen in one leap from raw tables to a star. It moves through named layers, and the naming is worth being pedantic about because the whole industry has converged on roughly the same three:


	Staging — one model per raw source table, cleaned and standardized but not reshaped. Rename columns into house style, cast types, apply row-level rules. No joins. This layer is the “before” photo with better manners.

	Intermediate — optional, and empty until it isn’t. When a transformation is too involved to inline in a mart (a multi-step deduplication, a pivot, a windowed calculation reused by two facts), it gets its own model here rather than being pasted into two places. The bookshop’s version will arrive when we need it: turning a stream of inventory movements into end-of-day stock levels is a windowed computation that two different facts will eventually want, and it belongs in one intermediate model, not two marts.

	Marts — the dimensional layer. Facts and dimensions, the tables analysts actually query. This is where the star takes shape, and it’s where the rest of this book lives.



If you’ve heard the medallion vocabulary — bronze, silver, gold — it’s the same idea wearing lakehouse clothes: bronze is the raw landing zone, silver is staging, gold is marts. dbt’s own project-structure guidance names the layers staging/, intermediate/, marts/, and that’s the convention this book follows, with one directory per layer under models/.

The rule that makes the layers mean something: business logic moves downstream, never upstream, and each rule lives in exactly one layer. Row-level cleaning (types, renames, filters that define what a valid record is) belongs in staging. Reshaping and business calculations belong in marts. A rule that lives in two layers will eventually disagree with itself.

Where we start: the “before” shape

This book remodels the bookshop from its OLTP shape into a star, one concept per chapter, each built in dbt on Snowflake — the setup from The Modern Data Stack. But you can’t remodel data you haven’t captured, so the first move isn’t dimensional at all: pull the raw OLTP tables into dbt, faithfully, before changing their shape.

Declare them as sources, and make the declaration earn its keep — a source definition is also where freshness expectations live:

# models/staging/_sources.yml
version: 2

sources:
  - name: raw
    database: bookshop
    schema: raw
    loaded_at_field: _loaded_at
    freshness:
      warn_after: {count: 12, period: hour}
      error_after: {count: 24, period: hour}
    tables:
      - name: orders
      - name: order_items
      - name: customers
      - name: books

The _loaded_at column is the timestamp your ingestion tool stamps on every row it lands — Fivetran, Airbyte, and a hand-rolled COPY INTO can all provide one. With it declared, dbt source freshness compares max(_loaded_at) to the clock and warns or errors per the thresholds — so “the pipeline ran but the data is stale” becomes an alert instead of a dashboard mystery. The thresholds are set per-source here and can be overridden per-table when one feed is slower than the rest. Running it looks like this:

$ dbt source freshness
12:01:11  1 of 4 START freshness of raw.orders ................ [RUN]
12:01:12  1 of 4 WARN freshness of raw.orders ................. [WARN in 0.94s]
12:01:12  2 of 4 START freshness of raw.order_items ........... [RUN]
12:01:13  2 of 4 PASS freshness of raw.order_items ............ [PASS in 0.81s]
...

A WARN on orders while order_items passes tells you something a failed dashboard never could: one feed is lagging, the others are fine, and the problem is upstream of dbt entirely. (The dbt sources chapter covers the full surface.)

Then give each source table a staging model: a clean restatement of a single raw table, renamed into your house style, retyped where you don’t trust the source, with the rows you never want handled explicitly.

-- models/staging/stg_orders.sql
{{ config(materialized='view') }}

with source as (
    select * from {{ source('raw', 'orders') }}
),

renamed as (
    select
        order_id,
        customer_id,
        lower(order_status)               as order_status,
        cast(ordered_at as date)          as order_date,

        -- the fulfilment milestones the accumulating snapshot needs (chapter 5).
        -- Null until they happen — which is the point.
        cast(shipped_at   as date)        as ship_date,
        cast(delivered_at as date)        as delivery_date,

        shipping_fee,

        -- the order-level flags the junk dimension collects (chapter 13)
        is_gift_wrapped,
        is_expedited,
        is_first_order,
        channel,

        cast(updated_at as timestamp_ntz) as updated_at,

        -- flag, don't filter. See below.
        (lower(order_status) = 'cancelled') as is_cancelled
    from source
)

select * from renamed

Two decisions in there are worth defending, because both are the kind you make once and live with for the life of the warehouse.

Flag cancellations; don’t filter them. The tempting line is where order_status != 'cancelled' — cancelled orders aren’t revenue, so why carry them? Because “isn’t revenue” is a question the marts should answer, not the staging layer. Filter here and a cancelled order doesn’t just leave the revenue mart, it ceases to exist: you cannot count cancellations, cannot compute a cancellation rate, and — worse — an order that gets cancelled after it was loaded silently vanishes from staging, leaving its row in the accumulating snapshot hanging open forever, waiting for a delivery that will never come. Staging’s job is to make the source usable, not to make it smaller. Carry the row, carry the flag, and let each mart decide.

The milestone dates are nullable, on purpose. ship_date and delivery_date are null for an order that hasn’t shipped. That is not missing data; it is data that says “not yet,” and chapter 5’s accumulating snapshot exists precisely to fill those in over time.

The two-CTE shape — source at the top, renamed doing the work — is the house pattern for every staging model. It looks like ceremony on a model this small, and it pays off the moment a model needs a second input or a third step: inputs are declared at the top, transformations read top-to-bottom, and every staging file in the project has the same silhouette. The casts are not optional politeness. Sources lie about types — a date arrives as a string, an amount as text with a currency symbol, and the staging layer is where those lies get caught, once, instead of in every downstream model. Same story for lower(order_status): the source has been observed emitting both 'Cancelled' and 'cancelled', so staging normalizes case before anything filters on it.

One column deserves a special mention: updated_at is carried through even though no report will ever group by it. It’s operational metadata, the timestamp the app last touched the row, and keeping it in staging is cheap insurance. When the fact tables later become incremental (rebuilding only what changed instead of everything, every run), updated_at is how a correction to an old order gets noticed. Staging models that drop it force an awkward retrofit later, so the house rule is simple: keep the source’s change-tracking columns, always, whether or not you can articulate the use yet.

Naming, briefly: dbt’s convention for staging models is stg_<source>__<entity> (double underscore), which matters when two sources both have an orders table. The bookshop has one source, so this book uses the short form — stg_orders, stg_books — but the long form is what you’d reach for at work.

Staging models are views by default, and that’s the right default: they’re a thin rename over the source, storage-free, always current. The exception is a staging model over a genuinely huge raw table that many marts read repeatedly — there, materializing as a table (or incrementally, once you’ve read the incremental models chapter) trades storage for not re-scanning raw on every downstream build. Start with views; promote when the warehouse bill argues for it.

And staging is where the first tests go — because a broken assumption is cheapest to catch at the boundary where the data enters:

# models/staging/_staging.yml
version: 2

models:
  - name: stg_orders
    columns:
      - name: order_id
        data_tests:
          - unique
          - not_null
      - name: status
        data_tests:
          - accepted_values:
              values: ['placed', 'paid', 'shipped', 'delivered']

The accepted_values test is quietly the most protective one in the file. The day the app team adds a 'refunded' status, this test fails on the next run — loudly, in the pipeline — instead of 'refunded' orders silently flowing into revenue because no filter knew to exclude them. Tests on staging are a contract with the source: this is what we believe about your data, checked on every build.

What staging is not

Here’s the part that matters for this book: notice what staging doesn’t do. stg_orders is still the OLTP shape — one model per source table, no joins, no facts, no dimensions, just raw.orders with better manners. That’s deliberate. Staging never joins, because the moment it does, it has opinions about shape, and shape is the marts layer’s job. Everything from the next chapter on is the remodel: collapsing these normalized tables into the fact and dimension tables of a star.

The one modeling decision already earning its keep is that cancelled-order filter. “Cancelled orders don’t count” was tribal knowledge scattered across every analyst’s ad-hoc query in the OLTP world; here it’s written down once, in a file, in git. It’s worth pausing on the choice, though, because a hard filter is the aggressive version of the rule. The alternative is to keep cancelled rows and expose an is_cancelled flag, letting each mart decide — which you’d want if anyone will ever ask “how many orders get cancelled?” (a real question about a real business process). The bookshop’s rule is that cancelled orders are noise, so we drop them at the door; the honest general advice is to flag by default and filter only when you’re sure the excluded rows answer no question anyone will ask. Either way, the rule lives in staging, once — that’s the point.

One assumption is hiding in these models, and it’s worth naming before it bites: every customer_id on an order is presumed to exist in customers. In real pipelines that presumption fails — an order lands before its brand-new customer record does, or a source purge orphans old keys — and a naive model either drops those orders on a join or leaves a hole where a customer should be. Dimensional modeling has a specific, slightly odd-looking answer (a designated “unknown member” row in every dimension, so no fact ever points at nothing), and it arrives in the dimensions chapter. File the problem for now: referential integrity between sources is a hope, not a guarantee, and the model has to be built for the days it doesn’t hold.

Final thoughts

The instinct to reuse the app’s schema for reporting is the single most expensive shortcut in analytics. It feels efficient — the data’s right there, why remodel it? — and it quietly taxes every query and every analyst for the life of the warehouse. Normalization and analytics want opposite things, and pretending otherwise doesn’t make the joins go away; it just moves them into every dashboard, every BI tool config, every analyst’s muscle memory, where they’re re-paid daily and tested never. Dimensional modeling is the decision to pay that cost once, on purpose, in a shape everyone downstream inherits for free — and the staging layer built in this chapter is the foundation it stands on: sources declared, freshness watched, types settled, rules written down in exactly one place.





The Star Schema

Draw the bookshop’s remodeled warehouse and it looks like a star. One table sits in the middle, and a handful of others ring it, each connected by a single foreign key. That picture has a name — the star schema — and it’s the destination for almost everything in dimensional modeling.

[image: The bookshop's star schema: fct_order_items in the center holding the measures (quantity, extended_price, margin_amount) and the degenerate dimensions (order_id, line_number), ringed by dim_customer, dim_book, and dim_date, each joined by a single foreign key.]

The table in the center is a fact table. It holds the measurements — the numbers you sum, count, and average. Here that’s the order lines: how many copies, at what price, for how much. The tables on the points are dimension tables. They hold the descriptive context — the words you slice those numbers by. Who bought (dim_customer), what they bought (dim_book), and when (dim_date). The fact table carries a foreign key to each one and almost nothing else.

The split is the whole idea. Facts are what you measure; dimensions are what you measure it by. Say a business question out loud and it sorts itself: “revenue by genre by month” — revenue is a fact, genre and month are dimensions. Nearly every analytics question has that shape, which is why nearly every warehouse has this one.

Why a star and not the source

Go back to the five-join question from the previous chapter. Against the normalized source it needed order_items → orders → books and beyond, plus the arcane knowledge that revenue is quantity * unit_price and cancelled orders don’t count. Against the star it’s this:

select
    d.month,
    b.genre,
    sum(f.extended_price) as revenue
from fct_order_items as f
join dim_book  as b on f.book_sk = b.book_sk
join dim_date  as d on f.date_sk = d.date_sk
group by 1, 2

Same answer, different world. Revenue is a column that already means revenue — the quantity * unit_price math and the cancelled-order filter were settled back in staging, so they’re not in this query and they can’t be gotten wrong here. Every join is fact-to-dimension on a single key; there are no chains to route through and no order to memorize. And the shape generalizes: swap dim_book.genre for dim_customer.region and you’ve got revenue by region by month with no new joins to learn. That predictability is the payoff. In the source schema every question is a small research project; in the star it’s the same join pattern with different columns.

The pattern is worth stating as a template, because it’s the only one the star ever asks you to learn:

select   <dimension attributes>,
         <aggregates of fact measures>
from     <fact>
join     <dimension> on <single key>   -- repeat per dimension used
where    <dimension attribute filters>
group by <dimension attributes>

Every question the bookshop will ask of this star is an instantiation. Units by author: aggregate quantity, attribute author. Revenue from premium-band books in Q2: filter price_band and quarter, aggregate extended_price. Average order value by region: two aggregates (sum(extended_price), count(distinct order_id)) and a division. BI tools understand this template natively — point one at a star, declare which table is the fact, and the drag-and-drop interface generates exactly these queries, which is no coincidence: the star schema and the BI query generator co-evolved, and the tools still assume the shape.

The predictability has a name worth knowing early: the measures in a well-built fact table are additive — safe to sum() across any combination of dimensions. sum(extended_price) by genre, by region, by month, or across everything at once all produce true numbers, which is what lets an analyst remix the query above endlessly without re-deriving anything. Not every number the business cares about has that property (an inventory level doesn’t sum across days; a margin percentage doesn’t sum across anything), and designing around the exceptions is a chapter of its own — the fact tables chapter takes the taxonomy apart. For now, the design instinct: a star works best when the fact’s columns are numbers that add.

The rules of the shape

The star’s simplicity is enforced by two structural rules, and everything else in this book is downstream of them.

Rule one: every fact-to-dimension relationship is many-to-one. Millions of fact rows point at dim_book; each fact row points at exactly one book row. That direction is load-bearing in both directions. The dimension’s key must be unique — one row per book, no duplicates, ever — because a fact row that matches two dimension rows gets duplicated by the join, and every sum() over it silently inflates. And the fact’s foreign key must always resolve — every book_sk in the fact exists in the dimension — or rows quietly vanish from inner joins. Uniqueness on one side, referential integrity on the other: those two properties are the star, and both are testable, which is where dbt comes back into the picture below.

It’s worth seeing the failure concretely once, because it’s the quietest bug in analytics. Suppose a botched load leaves dim_book with two rows for book 101:

fct_order_items                      dim_book
order_id  book_sk  extended_price    book_sk  title
1001      abc101   15.00             abc101   Dune
1001      abc101   15.00   ◀──┐      abc101   Dune      ← duplicate row
1002      abc101   30.00      │
                              └── each fact row matches BOTH dim rows

Join the fact to that dimension and every one of the three fact rows matches twice, so the join emits six rows and sum(extended_price) reports 120.00 instead of 60.00. Nothing errors. No query fails. Revenue for Dune is exactly double, revenue for every other title is correct, and the dashboard total is wrong by an amount nobody can eyeball. The uniqueness rule isn’t tidiness; it’s the only thing standing between a duplicated dimension row and a silently inflated number on every report that touches it.

Rule two: one star models one business process. fct_order_items models “a customer places an order” — that’s it. The bookshop’s inventory levels are a different process with a different rhythm and a different grain, and they get their own fact table, not extra columns bolted onto this one. The instinct this rule fights is the mega-table: one table with order columns and inventory columns and promotion columns, half of them null on any given row, impossible to sum without a WHERE clause incantation. One process per fact keeps each fact’s grain crisp — and the dimensions are the connective tissue between the stars. dim_book will serve the orders fact and the inventory fact alike, and when both stars share identical dimensions you can ask questions that span processes (“units sold versus units in stock, by title, by week”). Shared dimensions have a formal name — conformed — and they’re the difference between a warehouse and a pile of disconnected marts; the galaxy chapter is about exactly that.

What happens when reality refuses rule one — a book with two authors, when authorship is the dimension you care about? That’s a genuine many-to-many, a star can’t express it directly, and the answer is a purpose-built structure called a bridge table, covered later in the book. The rule stands even so: the many-to-many gets isolated into its own component instead of being allowed to fan out the fact.

Measures that add, and measures that don’t

The many-to-one rule is what makes a star joinable; a second property is what makes it summable, and it’s worth stating formally now because the whole reporting layer leans on it. A measure is fully additive when sum() over it produces a true number across every dimension in the star — book, customer, date, and any combination, including all of them collapsed to a grand total. extended_price and quantity are fully additive: total revenue for Dune in April, total revenue across every title and every month, and total revenue for one customer are all just sum(extended_price) with a different group by. Nothing about the aggregation changes when you slide the grain up or down, which is exactly the freedom the query template promised — one sum(), re-sliced endlessly, always correct.

You can prove the property holds for your own fact by checking that a sum at a fine grain rolls up to the same total at a coarse one:

-- a fully additive measure sums to the same total no matter how it's grouped
with by_book_month as (
    select b.book_sk, d.calendar_month, sum(f.extended_price) as revenue
    from fct_order_items as f
    join dim_book as b on f.book_sk = b.book_sk
    join dim_date as d on f.date_sk = d.date_sk
    group by 1, 2
)
select
    (select sum(revenue) from by_book_month)        as rolled_up,
    (select sum(extended_price)  from fct_order_items) as grand_total
-- rolled_up = grand_total, always, for an additive measure

If those two numbers ever diverge, the measure isn’t additive — or the grain is leaking, which the next chapter is entirely about. Not every number the business wants passes the test. A measure is semi-additive when it sums across some dimensions but not others: an inventory level adds up across books (total units in the warehouse) but not across dates (summing Monday’s and Tuesday’s on-hand counts double-counts the copies that sat there both days — for time you want the last value, not the sum). And a measure is non-additive when it can’t be summed across anything at all: a margin percentage or an average price is meaningless when added, because ratios don’t compose — you re-derive them from their additive parts (sum(margin) / sum(revenue)) at whatever grain you’re reporting. The design instinct that follows: store the additive raw materials in the fact — the amounts and the costs — and let the ratios be computed on the way out. The fact tables chapter turns this three-way split into the taxonomy that governs what a fact column is allowed to be.

What Snowflake actually does with a star

The previous chapter argued the star is cheaper for the analyst. It’s also cheaper for the warehouse, and “the query planner likes it” deserves better than hand-waving — so here is what actually happens when the revenue query hits Snowflake.

Snowflake stores every table as a set of micro-partitions — contiguous chunks of 50–500 MB of uncompressed data, columnar inside, immutable once written. For every micro-partition, Snowflake’s metadata layer keeps per-column statistics: the minimum and maximum value, the null count, the number of distinct values. Those statistics are the whole trick. When a query filters on a column, Snowflake compares the filter against each micro-partition’s min/max before reading anything and skips every partition that can’t possibly contain a matching row. That’s pruning, and it’s the difference between scanning a year of order lines and scanning the two weeks the query asked about.

Pruning loves the star’s fact table for a physical reason: facts arrive in time order. Order lines land day by day, so each micro-partition covers a narrow band of dates — the table is naturally clustered on its date column without anyone asking. A filter like order_date >= '2026-04-01' prunes to a sliver of the table. (When queries filter on something uncorrelated with load order, Snowflake offers explicit clustering — CLUSTER BY — but a transaction fact usually gets its most valuable clustering for free.)

Now the joins. Snowflake executes star joins as hash joins: it builds an in-memory hash table from the small side and streams the big side past it, probing for matches. A star is the best case this algorithm has — dim_book is a few thousand rows, so the build side is trivial, and the billion-row fact is the probe side, read once, columnar, pruned. Which table plays which role is the optimizer’s call, made from table statistics; Snowflake has no join hints to get wrong, and the star’s extreme size asymmetry makes the choice unambiguous.

There’s a subtler payoff on top. When the query filters on a dimension attribute — where b.genre = 'History' — the filter isn’t on the fact table, so ordinary pruning can’t help the fact scan. Snowflake’s engine handles this with dynamic pruning during the join: having built the hash table from the filtered dimension side, it knows exactly which key values survive, pushes a filter built from them down into the fact scan, and skips fact micro-partitions containing none of those keys. The mechanism is described in Snowflake’s own engineering literature, and you can see its effect in the Query Profile as the fact scan reporting far fewer partitions scanned than the table holds. The practical takeaway: a star gives the optimizer small, filterable build sides and one big, pruned probe side — the exact shape its best machinery was built for. A normalized schema gives it eight mid-sized tables and a combinatorial join-ordering problem.

Notice, too, what the star doesn’t need. Snowflake has no user-managed indexes to design, no statistics jobs to schedule, no partitioning scheme to declare up front. In the OLTP world, tuning a schema for a query pattern is a discipline of its own; here, the schema is the tuning. Choosing the star shape, keeping dimensions small and denormalized, and letting the fact land in time order does the work that index design used to do — which is why dimensional modeling survived the move to cloud warehouses that discarded almost every other piece of traditional database tuning.

None of this required configuration. That’s the point worth internalizing: the star isn’t fast because you’ll hand-optimize it, it’s fast because its shape matches what the engine already does well.

Where did the orders table go?

Look back at the star diagram and notice a table that isn’t there. The source had orders — and stg_orders exists in staging — but the star has no dim_order ringing the fact. That’s not an oversight; it’s the first genuinely counter-intuitive design call in the book, and it’s worth understanding now rather than trusting on credit.

The star’s grain (formally next chapter, but the preview is unavoidable) is the order line — one fact row per line item. An order is just the group those lines share. So what would a dim_order hold? Its date? That belongs to dim_date. Its customer? dim_customer. Its status? A candidate, but order status describes the order event itself, and the fact can carry it directly. Strip away everything that already has a home and dim_order is left holding exactly one thing: the order number.

A dimension table with one column — its own key — is ceremony, not modeling. The standard move is to skip the table and keep order_id right on the fact as a plain column: a degenerate dimension, dimensional in role (you’ll group by it, filter by it, count(distinct) it) with no table behind it. Order numbers, invoice numbers, ticket numbers: transaction identifiers are the classic degenerates, and every transaction fact tends to carry one. What it buys you stays visible in daily use — “how many orders shipped in March” is count(distinct order_id) straight off the fact, no join, no extra table to maintain. The fact tables chapter picks the pattern back up when we build the real thing.

The general lesson hiding in the specific one: not every source table becomes a star table. Some source tables dissolve — their columns redistributed to the fact, the dimensions, and the degenerate key — and recognizing which ones is part of the remodel.

Building toward the star

You already have stg_orders from the previous chapter. The rest of the star feeds from siblings — one staging model per source table, each doing the same boring rename-and-cast.

-- models/staging/stg_order_items.sql
{{ config(materialized='view') }}

with source as (
    select * from {{ source('raw', 'order_items') }}
),

renamed as (
    select
        order_id,
        line_number,
        book_id,
        quantity,
        unit_price,
        unit_cost,                        -- acquisition cost, stamped on the line at sale time
        quantity * unit_price as extended_price
    from source
)

select * from renamed

One column to note for later: unit_cost. The app writes the book’s acquisition cost onto the order line at the moment of sale — a deliberate OLTP denormalization, because the cost on the books table drifts over time and the business wants the margin as it was when the sale happened. Staging faithfully carries it through, and it becomes the raw material for margin measures when the fact table gets built properly in chapter 4.

-- models/staging/stg_books.sql
{{ config(materialized='view') }}

with source as (
    select * from {{ source('raw', 'books') }}
),

renamed as (
    select
        book_id,
        title,
        author,
        genre,
        list_price
    from source
)

select * from renamed

stg_customers follows the same mold over raw.customers. With those in place, the marts layer is where the star actually forms:

models/marts/
  fct_order_items.sql   -- the fact: one row per order line, the measures
  dim_book.sql          -- one row per book: title, author, genre
  dim_customer.sql      -- one row per customer: name, region, signup date
  dim_date.sql          -- one row per calendar day: month, quarter, weekday

Each mart model is a ref() away from staging, which means the star is also a DAG — dbt’s dependency graph, drawn here with the source layer included:

raw.books        ──▶ stg_books        ──▶ dim_book ─────────┐
raw.customers    ──▶ stg_customers    ──▶ dim_customer ─────┤
                                          dim_date ─────────┼──▶ (the star)
raw.orders       ──▶ stg_orders       ──┬▶ fct_order_items ─┘
raw.order_items  ──▶ stg_order_items  ──┘

Two things the picture makes plain. dim_date has no source arrow — it’s generated, not extracted, a peculiarity chapter 6 explains. And fct_order_items is the only model with two parents: the fact joins stg_order_items to stg_orders to pick up order-level context (the date, the customer) for each line. That’s the one place a join happens on the way into the star — marts join, staging never does.

Materializations follow the layers, and the defaults are boring on purpose. Staging models stay views, as the previous chapter established. The dimensions will be plain table materializations: they’re small, so rebuilding them from scratch every run costs seconds and keeps the logic simple. The fact is the table that grows without bound, and it will eventually graduate to an incremental materialization so each run processes only new order lines — machinery the dbt incremental chapter built and chapter 4 applies. None of this changes the star’s logical shape; it’s the physical layer answering “how often and how expensively does each table get rebuilt?”

The DAG is also where the star’s structural rules become executable. Rule one said every fact key must resolve to exactly one dimension row; dbt’s relationships test asserts precisely that, and it goes in the mart’s YAML the day the fact exists:

# models/marts/_marts.yml
version: 2

models:
  - name: fct_order_items
    columns:
      - name: book_sk
        data_tests:
          - not_null
          - relationships:
              to: ref('dim_book')
              field: book_sk
      - name: customer_sk
        data_tests:
          - not_null
          - relationships:
              to: ref('dim_customer')
              field: customer_sk
      - name: date_sk
        data_tests:
          - not_null
          - relationships:
              to: ref('dim_date')
              field: date_sk

And the dimension side carries the other half of the contract — uniqueness, so the fan-out failure from earlier can never go unnoticed:

  - name: dim_book
    columns:
      - name: book_sk
        data_tests:
          - unique
          - not_null

Each relationships test compiles to a query that hunts for fact keys missing from the dimension and fails if it finds any — referential integrity as a build step, since Snowflake (like most warehouses) doesn’t enforce foreign-key constraints at write time. Paired with a unique test on each dimension’s key, the two halves of rule one are checked on every dbt build, forever. When a test like this fails six months from now, it won’t be noise: it means an orphaned key or a duplicated dimension row is actively corrupting joins, and you’ll know before the dashboard does.

The YAML above is a promise the next four chapters keep. The dimension keys it references — book_sk, customer_sk, date_sk — don’t exist yet, because minting them properly (they’re surrogate keys, not the source’s IDs, for reasons that matter) is chapter 6’s subject, and the fact that carries them is chapters 3 and 4. What’s settled now is the shape: one process, one fact, ringed by shared dimensions, every relationship many-to-one and tested.

The one decision the plan above quietly made — that the star’s grain is the order line, not the order — is the most consequential one in the whole design, and it’s the entire subject of the next chapter.

Final thoughts

The star schema is almost aggressively simple, and that simplicity is the feature, not a limitation you’ll outgrow. Its constraint — facts in the middle, dimensions on the edges, joined by single keys, many-to-one everywhere — is exactly what lets an analyst guess the query before reading the docs, lets dbt test the joins mechanically, and lets Snowflake’s optimizer deploy its best machinery without a hint of tuning. Fancier shapes exist, and most of the time they buy you complexity you’ll spend years paying interest on. When someone proposes one, make them prove the star can’t do the job first.





Grain and the Four-Step Design

You could design a fact table by staring at the source tables and guessing. Kimball gives you something better: a four-step process that runs in a fixed order and forces the decisions in the sequence that keeps you honest.


	Select the business process. Pick the real-world activity you’re modeling. Not a department, not a report — an event the business does. For the bookshop, “a customer places an order.”

	Declare the grain. Decide what a single row in the fact table represents. This is the pivot the other three steps turn on.

	Identify the dimensions. Given that grain, what context describes each row? Who, what, when, where.

	Identify the facts. Given that grain, what do you measure on each row? The numbers.



The order matters because grain governs the two steps after it. You can’t sensibly ask “what dimensions apply?” until you know what one row is — dimensions and facts are only meaningful relative to a grain. Get step two wrong and steps three and four inherit the mistake.

Walking the four steps against the bookshop

The process is worth doing longhand once, out loud, because each step has a failure mode that only shows up if you rush it. Let’s run all four against the ordering process and come out the other side with an actual inventory of tables to build.

Step 1 — select the business process. The trap here is picking a report or a department instead of a process. “The sales team’s weekly dashboard” is not a business process; it’s a consumer of one. “Marketing wants revenue by genre” is a question, not a process either. The process is the verb the business physically performs: a customer places an order. It has a clear moment it happens, a clear actor, and it leaves a record in an operational system. If you can point at the source table where a row appears the instant the thing occurs — here, stg_order_items, one row born per line the moment the order is confirmed — you’ve found a process and not a wish. Departments reorganize and reports get renamed every quarter; the act of ordering a book does not. Modeling the process rather than the report is what lets one fact table serve the sales dashboard, the finance close, and the marketing genre analysis without a rebuild for each.

Step 2 — declare the grain. Here is where the whole design is won or lost, so it gets its own section below. The short version: one row per order line item, identified by (order_id, line_number). Say it as a sentence — “one row in this table is one book on one order” — and write that sentence into the model as a comment, because in three months it’s the only documentation anyone trusts.

Step 3 — identify the dimensions. With the grain fixed, dimensions fall out by asking who, what, when, where of a single line. Who placed it? The customer — dim_customer. What was bought? A book — dim_book. When? The order date — dim_date. Each answer is a dimension the line points at with a foreign key. Notice the discipline the grain imposes: because a row is one line, “the book” is a single, unambiguous answer. Had we chosen order grain, “what book?” would have no single answer — an order holds three — and the dimension would refuse to attach. The grain is what makes the dimensions fit. Attributes that describe the line but aren’t worth a whole table of their own — order_id itself, a line-level discount code — either ride along as a degenerate dimension (a dimension value with no dimension table, living right on the fact row) or get parked for a later junk-dimension pass. We’ll meet both properly later in the book.

Step 4 — identify the facts. Now, and only now, the numbers. Given one order line, what’s measurable? quantity (how many copies), unit_price (the price each), and amount (the extended line total). The grain disciplines this step too: every measure must be true at the line, and each of these is. A tempting measure like order_total is not true at the line — it belongs to the whole order, and stapling it onto a line row is the single most common way people poison a fact table. We’ll watch exactly how that poison spreads in a moment. If a number you want isn’t measurable at the declared grain, that’s not a reason to change the grain casually; it’s a signal you may need a second fact table at a different grain, which is a feature, not a failure.

Run those four steps and the deliverable isn’t a table — it’s a small map:































	what	table	grain
	the ordering event	fct_order_items	one row per order line
	who ordered	dim_customer	one row per customer
	what was ordered	dim_book	one row per book
	when it happened	dim_date	one row per calendar day


Four tables, one fact and three dimensions, and every one of them traceable to a specific answer in the four-step walk. That map is the entire star schema for the ordering process, and the rest of this book is filling it in.

Grain is the whole ballgame

Grain is the answer to “what does one row in this fact table mean?” — and it’s the most important decision in the entire design. Everything downstream is a consequence of it. So get deliberately, painfully specific.

The bookshop’s tempting wrong answer is “one row per order.” It feels natural — an order is a thing, it has a total, customers place orders. But an order is a bag of line items: three books, three genres, three prices, one order. Model at the order grain and you’ve thrown away the line before you’ve stored a single row. Now “revenue by genre” is unanswerable — the genre lives on the line you didn’t keep — and you can’t recover it, because the detail was never written down.

So go to the atomic grain: one row per order line item. One customer’s single order of three books becomes three fact rows, each tied to one book, one quantity, one price. This is almost always the right call, and the reason is asymmetric. You can always roll up; you can never drill down into detail you didn’t keep. From line-item rows you can sum to order totals, to daily revenue, to genre-by-month — any grain coarser than what you stored is a group by away. But no aggregation recovers the per-book breakdown from an order total. Low grain is optionality. High grain is a door that locks behind you.

The cost of atomic grain is row count, and it’s a cost you should happily pay. More rows is exactly what warehouses like Snowflake are built to chew through, and the flexibility is worth orders of magnitude more than the storage. When you’re unsure how fine to go, go finer.

Atomic and aggregated are a deliberate pair

None of this means aggregates are forbidden — it means they’re a derived layer, never the only layer. A daily-revenue-by-genre rollup is a perfectly good table to build for a dashboard that hits it a thousand times a day; it’s cheaper to scan and it answers its one question fast. The rule is about lineage: the aggregate is built from the atomic fact, downstream of it, and the atomic fact remains the source of truth that can regenerate any aggregate you later wish you’d had. Store atomic, aggregate on purpose.

Here’s the worked counter-example, because the asymmetry only really lands when you feel the wall. Suppose a well-meaning first pass declares the grain as one row per order and stores order_total:

-- the tempting shortcut: order grain
select
    order_id,
    customer_id,
    order_date,
    sum(extended_price) as order_total   -- already collapsed the lines away
from {{ ref('stg_order_items') }}
group by order_id, customer_id, order_date

That table launches, the “revenue per day” dashboard is green, everyone’s happy. Six weeks later marketing asks the question that pays your salary: which genres are actually selling? And you are stuck — genuinely, architecturally stuck. Genre lives on the book, the book lives on the line, and the line was group by-ed out of existence before a single row was written. There is no query you can run against this table to get it back; the detail isn’t hidden, it was never stored. Your only move is to rebuild the fact at line grain and backfill it from raw sources — which is exactly the work you were trying to skip, now with a live dashboard depending on the table you have to replace. Had you stored the atomic grain from day one, the genre rollup would have been a five-line group by you wrote over lunch. That is the whole argument for atomic grain, in one avoidable afternoon of regret.

Mixed grain and the fan-out double-count

The subtler hazard isn’t choosing the wrong grain up front — it’s changing the grain by accident, mid-query, with a join. This is the bug that ships numbers that are wrong but plausible, which is the worst kind.

Picture two honest tables: fct_order_items at line grain, and an order-header source at order grain carrying one shipping_fee per order. Someone wants “total shipping revenue by customer” and reaches for the join they already know:

-- WRONG: mixes order grain into line grain, then sums
select
    oi.customer_id,
    sum(oh.shipping_fee) as shipping_revenue
from fct_order_items oi
join order_header oh on oh.order_id = oi.order_id
group by oi.customer_id;

The join looks fine and runs fine. But oh is at order grain and oi is at line grain, so the join fans out: a three-line order matches the header row three times, and shipping_fee — a per-order number — now appears three times. sum(shipping_fee) counts it triple. A one-line order counts it once. Put numbers on it: an order with three lines and a $5 shipping fee reports $15 of shipping revenue, and a single-line order with the same $5 fee reports $5. The inflation is proportional to line count, so it isn’t even a constant you could spot and divide out — customers who buy in bigger baskets look like they pay disproportionately more shipping, which is a completely fabricated pattern that someone will now try to explain. Worse, the total still looks like money — it’s in dollars, it’s positive, it’s roughly the right order of magnitude — so nothing about the output screams “wrong.” That’s the signature of a grain bug: not a crash, a plausible lie.

The tell is always the same: you summed a measure across a grain finer than the measure’s own. shipping_fee is true once per order; the moment it rides on a per-line row, summing it is summing copies. The fixes are all versions of “respect the grains”:

-- aggregate the finer table to the coarser grain first, THEN join
with order_shipping as (
    select order_id, customer_id, shipping_fee   -- already one row per order
    from order_header
)
select customer_id, sum(shipping_fee) as shipping_revenue
from order_shipping
group by customer_id;

-- or, if you must join at line grain, de-duplicate the coarse measure
select
    oi.customer_id,
    sum(oh.shipping_fee)
      / count(*) over (partition by oi.order_id)  -- undo the fan-out... fragile
      as shipping_revenue
from fct_order_items oi
join order_header oh on oh.order_id = oi.order_id
group by oi.customer_id;

The first fix is the one to internalize: never join two facts at different grains and sum across the seam. Bring each fact to a common grain first, then combine. The second fix works but is the kind of clever that breaks the day someone adds another join — reach for it only when you truly must stay at line grain. The whole family of bugs disappears if the instinct becomes reflexive: before you sum, ask what grain this number is native to, and whether the rows you’re summing over are copies.

The fact table, grain first

Here’s where the process pays off in code. The fct_order_items model is built so its grain is impossible to misread — one row per (order_id, line_number), stated in the SQL itself.

-- models/marts/fct_order_items.sql
{{ config(materialized='table') }}

select
    -- grain: one row per order line item
    oi.order_id,
    oi.line_number,

    -- foreign keys to dimensions (filled in over the next posts)
    -- b.book_sk        as book_sk,
    -- c.customer_sk    as customer_sk,
    -- d.date_sk        as date_sk,

    -- measures, at this grain
    oi.quantity,
    oi.unit_price,
    oi.extended_price
from {{ ref('stg_order_items') }} as oi

The grain lives right there in the two lead columns and the comment above them. order_id alone doesn’t identify a row — three lines share it — so line_number earns its place: together they’re unique, and a grain test on the pair is how you enforce that promise (we’ll add it at the end of this chapter). A row that duplicates (order_id, line_number) isn’t a data glitch to shrug at; it’s a grain violation, and it means a join upstream fanned out and your sum(extended_price) is now quietly wrong.

The dimension keys are commented out because they don’t exist yet — dim_book, dim_customer, and dim_date and their surrogate keys are the next few chapters. What the skeleton nails down now is the thing you can’t change cheaply later: this table counts order lines, one row each, forever. The measures hanging off that grain — quantity, unit_price, amount — are the subject of the next chapter, where facts get the attention dimensions have been hogging.

Grain for the other fact types

Everything so far has been about a transaction fact — one row per event, the workhorse you’ll build most often. But “declare the grain” is step two for every fact table, not just this kind, and the other kinds declare it differently. Naming the grain of each now makes the next chapter’s builds land faster; think of this as the grammar before the vocabulary.


	Transaction fact — one row per event. fct_order_items is the model: a row appears when a thing happens and is never touched again. The grain is the event, stated as (order_id, line_number). This is the default; when you don’t know which type you need, you need this one.

	Periodic snapshot — one row per entity per period. fct_inventory_daily will hold one row per book per day, carrying that day’s stock level — whether or not the stock moved. The grain is (book_sk, snapshot_date): the entity crossed with the period, and a row exists for the quiet days precisely because “how many were in stock on a day nothing happened” is the question this table exists to answer. An event log can’t answer that; a snapshot is built to.

	Accumulating snapshot — one row per process instance. fct_orders will keep one row per order_id and update it in place as the order moves from placed to shipped to delivered. The grain is the whole process instance — one order, one row, for the life of the order — which is why this fact breaks the append-only rule that transaction facts live by. The row is a scoreboard for one order’s journey, not a ledger entry.

	Factless fact — one row per event or per coverage. Some things worth recording carry no number. A row per wishlist-add is an event factless fact (grain: one add — one customer, one book, one moment). A row per promoted-book is a coverage factless fact (grain: one promotion-book pairing — a state that held, not an event that fired). The measure, when you need one, is count(*); the grain is still the first thing you declare.



Same discipline throughout: name what one row means before you name anything else. The rhythms differ — event, period, process, coverage — and picking the rhythm is picking which questions the table can answer cheaply. The next chapter builds each of these for real; here, the point is only that “declare the grain” never stops being step two.

Testing the grain

A grain you only state is a grain you’ll eventually break — a merge upstream double-fires, a join fans out, and the table quietly starts carrying two rows where it promised one. The fix is to make the promise executable. Because fct_order_items has a composite grain, the right tool is dbt_utils.unique_combination_of_columns, which asserts that a set of columns is unique together:

# models/marts/_facts.yml
models:
  - name: fct_order_items
    description: "One row per order line item. Grain: (order_id, line_number)."
    data_tests:
      - dbt_utils.unique_combination_of_columns:
          combination_of_columns:
            - order_id
            - line_number

Two things make this worth more than a passing check. First, it’s executable documentation: the YAML now literally says “these two columns are unique together,” which is the grain sentence in a form the warehouse enforces on every run. Second, it fails loudly and early — the day a build fans the table out, dbt build goes red before a dashboard serves the doubled number to someone making a decision on it.

Reading a failing grain test

Say a change to stg_order_items accidentally joins in a table that has two rows per line — a price-history table, maybe, with an old and a new price. The next dbt build prints something like:

1 of 1 FAIL 1 dbt_utils_unique_combination_o_fct_order_items_order_id__line_number ... [FAIL 1 in 0.42s]

  Failure in test dbt_utils_unique_combination_of_columns_fct_order_items_order_id__line_number
    Got 1 result, configured to fail if != 0

  compiled Code at target/compiled/bookshop/models/marts/_facts.yml/...

  select order_id, line_number, count(*) as n_records
  from analytics.marts.fct_order_items
  group by order_id, line_number
  having count(*) > 1

The message is telling you the exact shape of the problem: it found 1 result, meaning one (order_id, line_number) combination appears more than once, and it hands you the query that found it. Diagnosing is now mechanical:


	Run the compiled test query yourself — dbt saved it at that target/compiled/... path, or you can paste the group by ... having count(*) > 1 straight into Snowflake. It returns the offending (order_id, line_number) pairs and how many copies each has (n_records).

	Pull the full rows for one offender and eyeball what differs between the duplicates: select * from fct_order_items where order_id = <id> and line_number = <n>. If the two rows are identical except for, say, unit_price, you’ve found the fan-out — some upstream join multiplied the line by a dimension that has more than one matching row.

	Walk back up the lineage from fct_order_items through its ref()s until you find the join that isn’t one-to-one at line grain. The culprit is always a join whose right-hand side has more than one row per join key — the classic being a “current and historical” table joined without a “current only” filter.

	Fix it at the grain — restore the join to one-row-per-line (add the where is_current filter, or aggregate the offending table to line grain before joining), rebuild, and watch the test go green.



Keep --store-failures in your back pocket, too: run dbt build --store-failures and dbt writes the failing rows to a table in your warehouse instead of just counting them, so you can query the offenders directly without re-deriving the test query. Either way, the loop is the same — the test names the grain violation, the compiled query localizes it, and the lineage walk finds the join that broke the promise the grain made.

Final thoughts

Teams rarely regret storing too much detail; they regret the summary they can’t unwind. Grain is where that regret is decided, and it’s decided once, early, when the pressure is to just ship a table that answers today’s question. Walk the four steps in order, declare the atomic grain out loud, write it into the model, and test it — because a fact table that quietly loses its grain doesn’t error, it just returns numbers that are wrong in a way no one notices until a decision has already been made on them.





Fact Tables: Measuring the Business

Every dashboard the bookshop will ever ship comes down to a number and a way to slice it — revenue by genre, units by month, margin by customer segment. The number is a measure, the slice is a dimension, and the table that stores the measures and points at the dimensions is a fact table. It’s the center of the star, and it’s where the business keeps score.

The grain work you did the previous chapter already decided what one row means: one order line. Now we fill that row in — and the filling is where most of the subtle, expensive mistakes in a warehouse get made, because a fact table looks trivial and isn’t. It’s three kinds of column and a fistful of rules about what’s allowed to sum.

What actually lives in a fact row

A fact table row has exactly three kinds of column, and the discipline is refusing to let anything else in.


	Foreign keys to dimensions. The context of the event — which book, which customer, which date. Every one is a surrogate key pointing at a dim_ table. These are how the row gets sliced.

	Measures. The numbers the event produced — the quantity ordered, the amount charged. This is what you sum, average, and count.

	Degenerate dimensions. An identifier that behaves like a dimension key but has no table behind it. More on this in a moment.



That’s it. No descriptive text, no genre name, no customer email — those are attributes and they live in the dimensions. A fact table is deliberately narrow and deep: a few keys, a few numbers, and a great many rows. Keep it that way and it stays fast; let a book_title leak in and you’ve smeared a dimension across a billion rows, and every time an author’s name is corrected you’re rewriting the fact instead of one dimension row.

The narrowness isn’t aesthetic. A star schema is fast because the fact is small per row and the joins are all key-to-key; the moment you widen the fact with descriptive columns you’ve paid for a dimension’s worth of storage on the largest table in the warehouse and gained nothing a join wouldn’t have given you. When you’re tempted to add a column to a fact, ask which of the three kinds it is. If the honest answer is “it’s descriptive,” it belongs in a dimension.

Not every number sums

Here’s the part that quietly wrecks reports. You’d think a measure is a measure — put it in a fact, sum it, done. But measures come in three flavors, and only one of them is safe to add across everything. Kimball calls this the additivity of a measure, and it isn’t a label you attach for tidiness; it’s a rule about which aggregations are allowed to touch which columns, and violating it produces numbers that are wrong without being broken — no error, no null, just a confident figure that means nothing.

Fully additive: sum across anything

Additive measures sum across every dimension, in any combination, with no caveats. Quantity is additive: units sold by book, by month, by customer, by all three at once, grand total — all just sum(quantity). Extended price — quantity * unit_price on the line — is additive too, and so is margin_amount. These are the measures you actually want, and a well-designed transaction fact is mostly made of them, because “sum it along any axis” is exactly the freedom that makes a fact table worth building.

-- fully additive: every one of these is legitimate
select sum(extended_price)                          from fct_order_items;               -- grand total
select genre,   sum(extended_price) from fct_order_items f
  join dim_book b on b.book_sk = f.book_sk group by genre;                              -- by genre
select date_sk, sum(quantity)       from fct_order_items group by date_sk;              -- by day

The test for full additivity is simple: can you add this number across time and get something meaningful? Units sold in January plus units sold in February is units sold across both months — yes. Hold that test in your head, because the next two categories are exactly the measures that fail it.

Semi-additive: sum across space, never across time

Semi-additive measures sum across some dimensions but not time. A running inventory level is the classic case: if you stock 40 copies of a title on Monday and 40 on Tuesday, you have 40 copies — not 80. You can add stock across books (total inventory in the shop today) but never across days, because a level isn’t a flow. It’s the state of the world at an instant, and adding two instants together is nonsense with units of “copy-days” that a dashboard will cheerfully print as “copies.”

Semi-additive measures show up whenever you snapshot a level rather than record a flow — inventory on hand, account balances, headcount, open tickets. We build the bookshop’s daily inventory snapshot next chapter; here’s the query-time consequence you inherit the moment one exists. Summing across books is fine:

-- LEGAL: one point in time, summed across the space dimension (books)
select sum(stock_level) as copies_in_shop
from fct_inventory_daily
where snapshot_date = '2026-05-13';

Summing across time is the lie:

-- WRONG: adds a level across three days → copy-days, not copies
select sum(stock_level)
from fct_inventory_daily
where snapshot_date between '2026-05-11' and '2026-05-13';

The cure isn’t “don’t aggregate over time” — reports need a time range. The cure is to pick a non-additive aggregation over the time grain: take the level at the last date in the window rather than the sum of the levels in it. last_value (or a qualify on the max date) is the tool:

-- CORRECT: the level as of the latest day in the window, then sum across books
with latest as (
    select
        book_sk,
        last_value(stock_level) over (
            partition by book_sk
            order by snapshot_date
            rows between unbounded preceding and current row
        ) as level_as_of
    from fct_inventory_daily
    where snapshot_date <= '2026-05-13'
    qualify snapshot_date = max(snapshot_date) over (partition by book_sk)
)
select sum(level_as_of) as copies_in_shop from latest;

Sum across books, MAX(date) across time. That split — additive on one axis, “take the latest” on the other — is what “semi-additive” means, spelled out in SQL. Get it into your fingers now so that next chapter’s snapshot doesn’t surprise you.

Non-additive: don’t sum at all, recompute from parts

Non-additive measures don’t sum across anything, and ratios are the trap. Margin percent is the one everyone reaches for: it’s tempting to store margin_pct right on the line and let the dashboard avg() it. But the average of per-line margins is not the business’s margin. A 50%-margin line for one dollar and a 10%-margin line for a thousand dollars don’t average to 30% of anything real — the true blended margin is (0.50 + 100.00) / (1.00 + 1000.00), about 10.05%, nowhere near the 30% the naïve avg reports. Ratios are non-additive because their denominators differ per row, and averaging them weights a one-dollar line and a thousand-dollar line equally when the business does not.

Unit price is non-additive for the same reason from the other direction: sum(unit_price) adds the sticker prices of unrelated books into a number with no meaning, and avg(unit_price) gives you the average shelf price, not the average price paid — those differ the moment quantities vary. Neither is the number anyone wants.

The rule for non-additive measures is blunt: don’t store the ratio — store its components. Put the numerator and the denominator in the fact as their own additive measures — margin_amount and extended_price — and compute the ratio at query time, after aggregation:

-- CORRECT: aggregate the additive parts, divide once at the end
select
    b.genre,
    sum(f.margin_amount)                        as margin_dollars,
    sum(f.extended_price)                       as revenue,
    sum(f.margin_amount) / sum(f.extended_price) as margin_pct   -- weighted, and true
from fct_order_items f
join dim_book b on b.book_sk = f.book_sk
group by b.genre;

Aggregate first, divide second. The margin percent that falls out is weighted by dollars automatically, because you summed the dollars before you divided. Pre-aggregating a ratio is how a dashboard ends up confidently wrong; storing components is how it stays right at every grain, because sum(margin_amount)/sum(extended_price) is correct whether you group by genre, by month, or not at all.

The taxonomy in one line: additive sums anywhere, semi-additive sums everywhere but time, non-additive doesn’t sum — and the fix for the last two is the same instinct, keep the additive parts and defer the collapse. When a stakeholder asks for “average margin,” they’re asking you to store two additive columns, not one non-additive one.

Zero, null, and “did not happen”

Measures have a second subtlety that outranks additivity for how often it burns people: the difference between a measure that is zero, one that is null, and an event that simply produced no row at all. They are three different facts about the world, and conflating them silently corrupts aggregates.


	Zero is a real, known value. A line with discount_amount = 0 had no discount — the discount happened and it was nothing. Zero is additive; it sums and averages like any number and belongs in the fact as a plain 0.

	Null is unknown or not applicable. If the source didn’t send a cost for a line, unit_cost is genuinely unknown — and here’s the sharp edge: sum and avg skip nulls. avg(unit_cost) over ten lines where two are null averages the other eight, quietly narrowing the denominator; count(unit_cost) returns eight while count(*) returns ten. A null measure isn’t a zero, and if you want it to read as zero you must say so with coalesce(unit_cost, 0) — on purpose, having decided that “unknown cost” means “assume zero cost,” which for a margin calculation overstates profit. Usually null is the more honest choice and the report should surface the coverage gap rather than paper over it.

	“Did not happen” is the absence of a row. A book that never sold has no line in fct_order_items — not a zero-quantity line, no line. This is the one people trip over: you cannot sum your way to “titles that sold nothing,” because the fact has nothing to sum. Questions about absence need a different structure entirely — the factless coverage fact and the anti-join, which the next chapter builds. For now, just hold the distinction: a zero is a row that says nothing sold; “did not happen” is the row that isn’t there.



The practical discipline: decide, per measure, whether a missing value should be stored as 0 or left null, and write that decision into the model with an explicit coalesce or an explicit absence of one. An implicit null that some queries skip and others coalesce differently is how two dashboards over the same fact disagree.

Foreign keys are never null

The null discussion flips completely when we move from measures to foreign keys. A measure is allowed to be null — it means “unknown,” and that’s sometimes the truth. A foreign key must never be null. This is one of the few genuinely non-negotiable rules in dimensional modeling, and the reason is the join.

Suppose an order line arrives with no book_id — a data-entry gap, a bulk import, a gift-card sale that never had a book. If you let book_sk be null and the revenue dashboard inner-joins to dim_book, that row vanishes — real revenue, silently dropped, and the grand total no longer reconciles with finance. Switch to a left join and the row survives but groups under a blank nobody can click. Either way an analyst loses an afternoon discovering that “revenue by genre” and “total revenue” disagree by exactly the dirty rows.

Kimball’s fix is old and firm: when the truth is “we don’t know which dimension member,” the fact points at a designated unknown member — a placeholder row that every dimension carries for this purpose. In classic sequence-keyed warehouses it’s the famous -1 row (book_sk = -1, everything labelled “Unknown”); with the hashed keys this book uses, the same idea wears a hash instead of a -1, and it takes one deliberate coalesce — generate_surrogate_key(["coalesce(book_id, '-1')"]) routes a null to the sentinel key, so a keyless line is already pointing at one specific address, and the dimension just has to build a row that lives there. We construct that unknown member in chapter 6; the obligation it satisfies starts here. The fact’s job is to guarantee the key is never null — route the unknowns to the unknown member rather than letting a null slip through — and the dimension’s job is to have a row waiting.

Header amounts at line grain: allocation

The bookshop charges shipping once per order — a $6 fee that lives on the order header, not the line. But the fact’s grain is the line. So where does the $6 go? You cannot copy it onto every line (three lines × $6 = $18 of phantom shipping when you sum), and you cannot leave it off (now line-level revenue doesn’t roll up to the order total the finance team knows). This is the allocation problem, and it’s the everyday form of a multi-valued fact — one header value that has to be spread across many lines without changing the total.

The fix is to allocate the header amount down to the lines in proportion to something already at line grain — usually each line’s share of the order’s extended price:

-- allocate a header-level shipping fee across an order's lines by revenue share
select
    oi.order_id,
    oi.line_number,
    oi.quantity * oi.unit_price                                as extended_price,
    o.shipping_fee
      * (oi.quantity * oi.unit_price)
      / sum(oi.quantity * oi.unit_price) over (partition by oi.order_id)
                                                                as shipping_allocated
from {{ ref('stg_order_items') }} oi
join {{ ref('stg_orders') }} o on o.order_id = oi.order_id

Each line gets a slice of the $6 sized to its share of the order, and the slices sum back to exactly $6 per order — so sum(shipping_allocated) across the whole fact equals total shipping charged, at every grain. That “sums back to the header total” property is the whole point of allocation: it lets a header measure live at line grain and stay additive. (Watch the one edge case: a fully-discounted order with sum(extended_price) = 0 divides by zero — guard it with a nullif/coalesce and fall back to an even split across the lines.) Allocate by revenue share, by quantity share, or by weight for freight — the method is a business call, but the invariant never changes: the parts must sum to the whole.

The degenerate dimension

Look at order_id. It’s clearly dimensional — it groups the lines of a single order, and you’ll filter and count by it. But there’s no dim_order table worth building: an order has no interesting attributes of its own that don’t already live on the customer or the date. Its only real attribute is its identity.

So the key stays in the fact with no dimension behind it. That’s a degenerate dimension — a dimension that has degenerated to just its key. Order numbers, invoice numbers, transaction IDs, ticket numbers: all classic degenerates. It sits in the fact row as a plain column, and count(distinct order_id) gives you order counts straight from the transaction fact without a join — which matters, because “how many orders” and “how many order lines” are different questions and the degenerate key is what lets one table answer both. Don’t build an empty dimension table to hold it; that’s ceremony, not modeling.

Three rhythms, one process — a preview

Before we build, one bit of vocabulary, because it decides which shape this table even is. Kimball names three fact types, distinguished entirely by their rhythm — when a row is born and whether it’s ever touched again:


	Transaction fact — one row per event, born when the event happens and never updated. Grain: the event (here, one order line). This is what fct_order_items is, and it’s the right default when unsure.

	Periodic snapshot — one row per entity per period, whether or not anything changed. Grain: entity × period (one book per day). Its measures are the semi-additive levels from above.

	Accumulating snapshot — one row per process instance, updated in place as the instance hits milestones. Grain: the process (one order’s fulfillment, ordered → shipped → delivered).



Same business process — selling books — wants more than one of these, each answering questions the others structurally can’t. The next chapter builds all three for real; here we finish the transaction fact, and knowing it’s the transaction one is what justifies the append-only, ever-growing, incremental build below.

Building fct_order_items

The grain is one order line. The build reads from staging, looks up each dimension’s surrogate key with the same expression the dimension will use to mint it, and keeps only keys, measures, and the degenerate order_id.

One column deserves a note before the SQL: unit_cost. Margin needs cost, and the right cost is the one that was true when the sale happened, not today’s cost looked up from the book — a wholesale price change next month must not silently rewrite last month’s margin. So unit_cost is snapshotted onto the line at sale time in the source and carried through staging as a line-level measure, right beside unit_price:

-- models/staging/stg_order_items.sql  (the columns the fact leans on)
select
    order_id,
    line_number,
    book_id,
    quantity,
    unit_price,                                 -- price charged on this line
    unit_cost                                   -- cost as of the sale, snapshotted at the line
from {{ source('shop', 'order_items') }}

With cost living at the grain, the fact can compute a truthful, additive margin_amount per line and never has to join back to the book to do it:

-- models/marts/fct_order_items.sql
{{
    config(
        materialized='incremental',
        unique_key='order_item_sk',
        incremental_strategy='merge'
    )
}}

with order_items as (
    select * from {{ ref('stg_order_items') }}
),
orders as (
    select * from {{ ref('stg_orders') }}
)

select
    {{ dbt_utils.generate_surrogate_key(['oi.order_id', 'oi.line_number']) }} as order_item_sk,

    -- coalesce to the '-1' sentinel BEFORE hashing, so a null natural key lands on
    -- the same surrogate key the dimension minted for its unknown member.
    {{ dbt_utils.generate_surrogate_key(["coalesce(oi.book_id, '-1')"]) }}     as book_sk,
    {{ dbt_utils.generate_surrogate_key(["coalesce(o.customer_id, '-1')"]) }}  as customer_sk,
    {{ dbt_utils.generate_surrogate_key(["coalesce(o.order_date::varchar, '-1')"]) }} as date_sk,

    oi.order_id,                                    -- degenerate dimension
    oi.line_number,                                 -- the other half of the grain
    o.order_date,                                   -- plain date, kept for incremental filtering

    oi.quantity                                     as quantity,
    oi.unit_price,                                  -- kept: it's what extended_price is derived FROM
    oi.quantity * oi.unit_price                     as extended_price,
    oi.quantity * (oi.unit_price - oi.unit_cost)    as margin_amount

from order_items oi
join orders o on oi.order_id = o.order_id

{% if is_incremental() %}
where o.order_date > (select max(order_date) from {{ this }})
{% endif %}

Two of those columns look redundant and are not, so let’s defend them before someone “tidies” them away.

line_number stays, even though it’s already baked into order_item_sk. The hash is an opaque key: it identifies a row, but you cannot read the grain off it, and you cannot test the grain with it. unique on order_item_sk proves the hash is unique; it does not prove that (order_id, line_number) is. Those differ in exactly the case you care about — an upstream fan-out that duplicates a line — and the only test that catches it is unique_combination_of_columns on the natural pair, which needs the pair present in the table. A grain you can’t test is a grain you’re hoping for.

unit_price stays, even though extended_price is derived from it. Storing the components alongside the derived measure is what lets you assert the derivation: extended_price = quantity * unit_price is a one-line test that catches a whole class of arithmetic and type-coercion bugs, and it’s impossible to write if you threw the inputs away. It also means an analyst can answer “what did this actually sell for per unit” without reverse-engineering a division. The storage is a rounding error; the auditability isn’t. Just remember what you were told above: unit_price is non-additive. It sits in the fact as an input and an audit trail, not as something anyone should ever sum().

The general rule, and it’s worth carrying past this chapter: a fact table should carry the columns its tests need. If you find yourself unable to test the grain or verify a computed measure, the fix is usually not a cleverer test — it’s a column you dropped too early.

A few more decisions worth naming. The primary key of the fact is its own surrogate — order_item_sk, hashed from the grain (order_id + line_number) — which gives the merge a clean unique_key and a stable handle on each row. The three dimension keys are built with generate_surrogate_key over the natural keys, and the expression matches exactly what dim_book, dim_customer, and dim_date will hash on their side — that’s the whole trick to making the join line up. quantity, extended_price, and margin_amount are all additive; there is deliberately no margin_pct column, because — per the taxonomy above — the ratio is recomputed as sum(margin_amount) / sum(extended_price) and gets a number that’s actually true.

The incremental materialization is here because a transaction fact is the table that grows without end — order lines only ever accumulate. You built the machinery for this in dbt’s incremental models; on Snowflake the merge strategy upserts on the unique_key so a late-arriving correction to a line replaces its row instead of duplicating it. The fact carries a plain order_date alongside the hashed date_sk precisely so the incremental filter has a real, range-comparable column to test against — a surrogate hash can’t be filtered with >.

Testing fct_order_items

A fact table’s tests aren’t decoration — they’re the tripwires for the exact failures this chapter has been circling: a fanned-out grain, a null key that should have been routed to the unknown member, a foreign key pointing at a dimension row that doesn’t exist. Four tests, and they map one-to-one onto the anatomy.

# models/marts/_facts.yml
models:
  - name: fct_order_items
    columns:
      - name: order_item_sk
        data_tests:
          - unique          # the grain: one row per order line, never two
          - not_null

      - name: book_sk
        data_tests:
          - not_null                     # never-null-FK, enforced mechanically
          - relationships:
              to: ref('dim_book')
              field: book_sk

      - name: customer_sk
        data_tests:
          - not_null
          - relationships:
              to: ref('dim_customer')
              field: customer_sk

      - name: date_sk
        data_tests:
          - not_null
          - relationships:
              to: ref('dim_date')
              field: date_sk

Read that as three assertions the chapter earned:


	unique + not_null on order_item_sk is the grain test. The grain is one row per order line; the surrogate hashed from (order_id, line_number) is unique exactly when that’s true. If an upstream join to stg_orders fans out — say a duplicate order header — two lines collide on the key and unique goes red before a sum(extended_price) doubles on the dashboard. A grain violation isn’t a data glitch to shrug at; it’s a silent factor-of-two in every revenue number, and this test is what makes it loud.

	not_null on every foreign key enforces the never-null rule mechanically. It cannot pass while a keyless line carries a null book_sk — which is precisely why the unknown-member routing has to be in place: the test demands that the null got turned into the unknown member’s real hash. (With generate_surrogate_key, a null natural key already hashes to a non-null sentinel key, so this passes by construction — the test guards against a future refactor that “optimizes” the coalescing away.)

	relationships to each dimension is the referential-integrity tripwire. It fails the build if any fact key points at a dimension row that doesn’t exist — catching both the gross failure (a hash-expression mismatch between fact and dimension, which orphans every key at once) and the precise one (a single book_id that hasn’t loaded into dim_book yet). That second case is the late-arriving data problem — a real key with no member behind it, which the unknown member does not cover — and until it gets its own chapter, this relationships test is the alarm that it happened.



The unknown member handles null keys; relationships catches present-but-orphaned ones. Together they convert the two ways a fact join can silently return wrong numbers into two ways the build turns red. That’s the whole value proposition of testing a fact: the failure mode is never an error, always a plausible-looking figure, so you buy the alarm at build time or you pay for it in a meeting.

Final thoughts

A fact table is easy to describe and easy to get subtly wrong. The anatomy is three columns deep — keys, measures, degenerates — and the hard part is none of it: it’s knowing that the innocent-looking margin_pct you were about to store is a landmine, that the inventory level you’ll snapshot next chapter can’t be summed over time no matter how much a chart wants to, that a null measure and a null foreign key are opposite obligations, and that the header’s shipping fee has to be split before it can live at line grain. Additivity isn’t a footnote to fact-table design. It’s the thing that decides whether the numbers on the dashboard mean what they say.





Three Kinds of Fact Table (and the Factless One)

fct_order_items answers a lot of questions, but not all of them. It can tell you how many copies of a title sold last Tuesday. It cannot tell you how many copies were in stock last Tuesday, or how long the average order takes to travel from placed to delivered. Those aren’t harder queries against the same fact — they’re different kinds of fact table, because they measure the business at a different rhythm.

Kimball names three, and then a fourth that has no measures at all. The rhythm is the whole distinction, and by the end of this chapter you’ll have built one of each — including the accumulating snapshot, fct_orders, that later chapters keep coming back to.

Transaction facts: one row per event

You already built one. A transaction fact records an atomic event the instant it happens — one row per order line, born when the line is created and never touched again. The grain is an event, the measures are additive, and the table only grows. This is the workhorse — most facts you build are transaction facts, and it’s the right default when you’re unsure which type you need.

Its blind spot is anything that’s true between events. Inventory doesn’t get “transacted” on a quiet day — the stock level just persists. A pure event log can’t tell you the state of the world on a day when nothing happened, and “how many were in stock on the 14th” is exactly that question. You could, in principle, replay every stock movement since the beginning of time and reconstruct the level — and that’s precisely the query you don’t want every dashboard running at 9 a.m. When the reconstruction is the point, you want a different table.

Periodic snapshots: one row per entity per period

A periodic snapshot takes a photograph on a fixed cadence — one row per entity per period, whether or not anything changed. A daily inventory fact holds one row per book per day, carrying that day’s stock level. Monday: 40. Tuesday: 40. Wednesday: 37. Three rows, one per day, even though nothing moved on Tuesday.

The measures here are usually semi-additive — that inventory level sums across books but never across days, exactly as the last chapter warned. Snapshots trade storage for the ability to answer state-of-the-world questions directly, and for anything you snapshot daily, that’s a trade worth making. The storage math is honest, though: a thousand titles snapshotted daily is 365,000 rows a year — trivial. A hundred million SKUs snapshotted daily is not, and at that scale you start snapshotting weekly, or only what moved plus a periodic full baseline. For the bookshop, daily and complete is the right answer.

The photograph nobody takes for you

Here’s the part most write-ups skip: the source system almost never hands you one clean row per book per day. Real sources come in two shapes, and each needs its own build.

Shape one: the source only knows now. The operational database has a stock_level column holding the current value, full stop. The only way to get history is to start photographing — each dbt run appends today’s state, and history accumulates from the day you begin. That’s the easy build (we’ll do it below), with one hard limitation you should say out loud to stakeholders: you cannot backfill a photograph you never took. Miss a day’s run and that day is a hole forever. History starts when the snapshot starts, not when the business did.

Shape two: the source gives you a movement stream. Every receipt, sale, and adjustment lands as a delta — book_id, timestamp, +40 or -3. Now the level is derivable for any day, including days before the warehouse existed, but somebody has to derive it. That somebody is a window function.

From movements to end-of-day levels

The derivation has two steps: net the movements per book per day, then turn deltas into levels with a running sum. There’s a trap in the middle — a running sum over only the days that have movements skips the quiet days, and a snapshot with missing days isn’t a snapshot. So you build a spine of every day, cross-join it with every book, and let the quiet days contribute zero:

-- models/intermediate/int_inventory_eod.sql
{{ config(materialized='table') }}

with movements as (
    select * from {{ ref('stg_inventory_movements') }}
),

daily_net as (
    select
        book_id,
        cast(moved_at as date)  as movement_date,
        sum(quantity_delta)     as net_change
    from movements
    group by book_id, cast(moved_at as date)
),

spine as (
    {{ dbt_utils.date_spine(
        datepart="day",
        start_date="to_date('2024-01-01')",
        end_date="dateadd(day, 1, current_date)"
    ) }}
),

books as (
    select distinct book_id from daily_net
),

book_days as (
    select b.book_id, s.date_day
    from books b
    cross join spine s
),

levels as (
    select
        bd.book_id,
        bd.date_day as snapshot_date,
        sum(coalesce(dn.net_change, 0)) over (
            partition by bd.book_id
            order by bd.date_day
            rows between unbounded preceding and current row
        ) as stock_level
    from book_days bd
    left join daily_net dn
      on  dn.book_id      = bd.book_id
      and dn.movement_date = bd.date_day
)

select * from levels

The cross join manufactures the full grain — every book on every day — and the left join hangs that day’s net change on it, or nothing. The cumulative sum(coalesce(net_change, 0)) then does two jobs at once: it turns deltas into a level, and it carries the level forward across quiet days, because adding zero is carrying forward. Tuesday’s row exists and says 40, even though Tuesday said nothing.

Two footnotes on this build. First, it assumes the movement stream is complete from a zero starting point — if the shop opened with stock on the shelf, seed an opening-balance movement per book, or every level is off by the opening amount forever. Second, some sources post sparse levels rather than deltas — a new stock_level only on days it changes. The carry-forward for that shape is last_value with ignore nulls:

last_value(sparse_level) ignore nulls over (
    partition by book_id
    order by date_day
    rows between unbounded preceding and current row
) as stock_level

Same spine, same cross join — only the gap-filling function changes.

The snapshot fact itself

However the end-of-day level got made — photographed from current state (shape one) or derived from movements (shape two, in which case stg_inventory is a thin view over int_inventory_eod) — the fact build is the same. One row per book per day, appended incrementally:

-- models/marts/fct_inventory_daily.sql
{{
    config(
        materialized='incremental',
        unique_key='inventory_sk',
        incremental_strategy='merge'
    )
}}

with inventory as (
    select * from {{ ref('stg_inventory') }}
)

select
    {{ dbt_utils.generate_surrogate_key(['book_id', 'snapshot_date']) }} as inventory_sk,

    {{ dbt_utils.generate_surrogate_key(["coalesce(book_id, '-1')"]) }}       as book_sk,
    {{ dbt_utils.generate_surrogate_key(['snapshot_date']) }} as date_sk,

    snapshot_date,
    stock_level        -- semi-additive: sums across books, never days

from inventory

{% if is_incremental() %}
where snapshot_date > (select max(snapshot_date) from {{ this }})
{% endif %}

The grain is stamped into the primary key — book_id + snapshot_date, hashed — and the dimension keys use the same generate_surrogate_key expressions as everywhere else, so book_sk joins straight to dim_book and date_sk to dim_date. The merge on inventory_sk means re-running a day corrects that day’s photograph in place instead of doubling it.

Proving the semi-additive rule

“Never sum a level over time” is easy to nod along to and easy to violate at 5 p.m. on a Friday, so let’s watch it lie. Say Gardening for Introverts held 40, 40, and 37 copies across Monday through Wednesday. The query someone will inevitably write:

-- WRONG: sums a level across days
select b.title, sum(f.stock_level) as stock
from fct_inventory_daily f
join dim_book b on b.book_sk = f.book_sk
where f.snapshot_date between '2026-05-11' and '2026-05-13'
group by b.title;

That returns 117 — a number with units of copy-days that will be read as “117 copies in stock,” triple the truth, formatted with the same confidence as a correct one. The dimensions of the mistake matter: the more days in the filter, the bigger the lie, so a quarter-to-date dashboard inflates by ninety-ish and nobody can say why the numbers “drift up.”

The honest queries pick a stance on time instead of summing across it:

-- state on one chosen day: filter time to a point, then sum across books
select sum(stock_level) as copies_in_shop
from fct_inventory_daily
where snapshot_date = '2026-05-13';

-- period-end: the level on the last day of each month
select b.title, f.stock_level as month_end_stock
from fct_inventory_daily f
join dim_book b on b.book_sk = f.book_sk
qualify row_number() over (
    partition by f.book_sk, date_trunc('month', f.snapshot_date)
    order by f.snapshot_date desc
) = 1;

-- average daily level across the period: honest, and says so in its name
select b.title, avg(f.stock_level) as avg_daily_stock
from fct_inventory_daily f
join dim_book b on b.book_sk = f.book_sk
where f.snapshot_date between '2026-05-01' and '2026-05-31'
group by b.title;

Pin time to a point, take the period-end value, or average over the period — those are the three legal moves with a semi-additive measure. Snowflake’s qualify makes the period-end one a single readable query instead of a subquery sandwich.

Accumulating snapshots: one row per process, updated as it moves

An accumulating snapshot breaks the append-only rule on purpose. It models a process with a known set of milestones, keeps one row per instance of that process, and updates that row as the instance advances through the milestones.

An order’s fulfillment is the textbook case. One row per order, with a foreign key to the date dimension for each milestone — ordered, shipped, delivered — most of them unfilled at first. The order is placed, so the order date is set; it ships, it arrives, and each event updates the same row in place. Alongside the dates sit lag measures — days from order to ship, days from ship to delivery — that only become computable as the later dates land.

This is the fact that answers “how long does fulfillment take, and where do orders stall?” A transaction fact can’t: the milestones are separate events scattered across separate rows, and stitching them back into a per-order timeline is the join marathon the star was supposed to kill. The accumulating snapshot does the stitching once, at build time.

Building fct_orders

This table matters beyond this chapter — the role-playing-dimension work and the testing chapter both build directly on it — so let’s pin down its contract before writing a line of SQL. Grain: one row per order_id. Columns: the degenerate order_id, a customer_sk, three milestone date keys (order_date_sk, ship_date_sk, delivery_date_sk), the current order_status, and two lag measures (days_to_ship, days_to_deliver).

The source is stg_orders, which carries the milestone columns the operational system updates in place — order_date, ship_date, delivery_date, order_status — with the later dates null until they happen. (If your source instead emits milestone events — a shipped row, a delivered row — pivot them to columns first with a conditional aggregation: min(case when event_type = 'shipped' then event_date end) per order, grouped by order_id. Same destination, one extra staging hop.)

-- models/marts/fct_orders.sql
{{
    config(
        materialized='incremental',
        unique_key='order_id',
        incremental_strategy='merge'
    )
}}

with orders as (
    select * from {{ ref('stg_orders') }}
)

select
    order_id,                                                    -- degenerate dimension & merge key

    {{ dbt_utils.generate_surrogate_key(["coalesce(customer_id, '-1')"]) }}     as customer_sk,
    {{ dbt_utils.generate_surrogate_key(['order_date']) }}      as order_date_sk,
    {{ dbt_utils.generate_surrogate_key(['ship_date']) }}       as ship_date_sk,
    {{ dbt_utils.generate_surrogate_key(['delivery_date']) }}   as delivery_date_sk,

    order_status,

    datediff('day', order_date, ship_date)                      as days_to_ship,
    datediff('day', ship_date,  delivery_date)                  as days_to_deliver

from orders

{% if is_incremental() %}
where order_id in (
        select order_id from {{ this }}
        where order_status not in ('delivered', 'cancelled')
      )
   or order_id not in (select order_id from {{ this }})
{% endif %}

Walk the mechanics, because every line is doing accumulating-snapshot work.

The merge key is the grain. unique_key='order_id' with the merge strategy is what makes this an accumulating snapshot at all: when a re-selected order comes through, Snowflake’s MERGE matches it by order_id and updates the existing row — the milestone columns fill in, in place, exactly as the pattern demands. A transaction fact merges to correct mistakes; this table merges as its normal mode of life.

The incremental filter selects “everything still in motion.” On each run we reprocess two sets: orders the fact already has whose status isn’t terminal — they may have advanced since we last looked — and orders the fact has never seen. An order sits in the reprocess set from placement until it hits delivered or cancelled, getting re-merged on every run; the moment it goes terminal it stops being selected and its row goes quiet forever. (The not in subqueries are safe here precisely because order_id is the merge key — it can never be null in {{ this }}, which is the one condition under which not in betrays you.) If fulfillment can take months, this stays cheap: the working set is only the open orders, not history.

Unfilled milestones still get a key. Look at what generate_surrogate_key(['ship_date']) does when ship_date is null: the macro coalesces the null to a sentinel string before hashing, so an unshipped order gets a real, deterministic, not-null ship_date_sk — the same hash for every pending milestone everywhere in the warehouse. Right now that key points at nothing; the next chapter builds the unknown-member row in every dimension that it will land on, and chapter 7 gives dim_date its “hasn’t happened yet” row. The discipline — fact foreign keys are never null — starts here, even before the row it depends on exists.

The lag measures land when the milestones do. datediff returns null while either endpoint is null, so days_to_ship is null until the order ships, then becomes a plain additive-enough number you can average and percentile. Watch one order move through three runs:






































	run	order_status	ship_date_sk	delivery_date_sk	days_to_ship	days_to_deliver
	Day 1	placed	(pending hash)	(pending hash)	null	null
	Day 4	shipped	✓ real date key	(pending hash)	3	null
	Day 9	delivered	✓	✓ real date key	3	5


Same row, three states — the table is a scoreboard, not a ledger. avg(days_to_ship) across delivered orders is your fulfillment SLA; count(*) of rows stuck in shipped for more than a week is your stall report. Both are one-liners now.

Two design notes before you copy this pattern

Milestone dates are roles, not tables. order_date_sk, ship_date_sk, and delivery_date_sk all point at the same dim_date — one calendar playing three parts. That’s a role-playing dimension, and chapter 13 covers how to query it without the three joins tripping over each other. What you don’t do is build three date dimensions.

Decide which version of the customer this row means. fct_orders has one row per order but the customer it points at can change — and once dim_customer becomes slowly changing (chapter 8), “the customer” is really “a version of the customer.” Kimball’s convention for accumulating snapshots is to freeze the dimension keys at the version in effect when the process began, and that’s the sane default: the order was placed by the Boston version of customer 2, and re-pointing it to Denver later would quietly rewrite regional history. Our hash-of-natural-key customer_sk sidesteps the question for now; when versioned keys arrive in chapter 8, remember this paragraph.

Factless facts: the event with no number

Sometimes the thing worth recording has no number attached, and a factless fact — a row of nothing but foreign keys — records it anyway. There are two distinct flavors, and they answer opposite questions.

Event factless facts record that something happened. A customer adds a book to their wishlist: that’s a real business event with real analytical value — which titles generate desire, which desires convert to sales — and no measure in sight. The fact is three keys and nothing else:

-- models/marts/fct_wishlist_adds.sql
{{ config(materialized='table') }}

select
    {{ dbt_utils.generate_surrogate_key(["coalesce(customer_id, '-1')"]) }} as customer_sk,
    {{ dbt_utils.generate_surrogate_key(["coalesce(book_id, '-1')"]) }}     as book_sk,
    {{ dbt_utils.generate_surrogate_key(['added_date']) }}  as date_sk

from {{ ref('stg_wishlists') }}

The measure, when you need one, is count(*) — wishlist adds per title per week is a group-by away. Some modelers add a literal 1 as wishlist_add_count column so BI tools have something to drag into the measures well; it’s harmless and slightly silly, and either choice is fine.

Coverage factless facts record that something was eligible — a condition that held, rather than an event that fired. The bookshop runs a summer promotion covering some titles: which books did it cover? Coverage isn’t a quantity and it isn’t an event with a timestamp — it’s a state of the world you need to slice by:

-- models/marts/fct_promotion_coverage.sql
{{ config(materialized='table') }}

select
    {{ dbt_utils.generate_surrogate_key(['pb.promotion_id']) }} as promotion_sk,
    {{ dbt_utils.generate_surrogate_key(['pb.book_id']) }}      as book_sk

from {{ ref('stg_promotion_books') }} pb

The grain is one row per promotion per covered book, and dim_promotion — a small dimension off stg_promotions with the name and the date range — gives the rows their words.

Counting the absence

Here’s why the coverage table earns its keep. “Which promoted titles sold?” needs no factless fact — the sales are in fct_order_items. But “which promoted titles didn’t sell?” is a question about rows that don’t exist, and you cannot query rows that don’t exist unless some table asserts what should have been possible. Coverage is that assertion, and the query is an anti-join between what was covered and what sold:

with covered as (
    select c.book_sk
    from fct_promotion_coverage c
    join dim_promotion p on p.promotion_sk = c.promotion_sk
    where p.promotion_name = 'Summer Reading 2026'
),

sold as (
    select distinct oi.book_sk
    from fct_order_items oi
    join dim_date d on d.date_sk = oi.date_sk
    where d.date_day between '2026-06-01' and '2026-08-31'
)

select b.title, b.author
from covered c
join dim_book b on b.book_sk = c.book_sk
left join sold s on s.book_sk = c.book_sk
where s.book_sk is null
order by b.title;

The left join … where … is null is the anti-join: every covered book, minus the ones with at least one sale in the window, equals the promotion’s dead weight. The same shape answers “which enrolled students missed class” and “which insured properties never claimed” — any time the business asks about an absence, look for the coverage fact that makes the absence computable.

Timespan facts, briefly

One more rhythm deserves a name before we move on. A timespan fact carries a state and the window it held for — one row per book per price regime, say, with valid_from, valid_to, and the list_price that ruled between them. It’s the answer when the question is “what was the price when this order happened” and the source only keeps the current price.

If that structure sounds familiar, it should: it’s the same effective-dated windowing that slowly changing dimensions use, and chapter 8 treats it properly. The line between a timespan fact and a Type 2 dimension is what the windowed thing is — a measure you’ll aggregate belongs in a fact with a window; descriptive context you’ll slice by belongs in a dimension with a window. Same machinery, different seat at the table.

Testing the grain, per type

Every fact type declares a grain, and every grain deserves a test that fails the day someone’s join quietly fans it out. The test differs by type because the grain does:

# models/marts/_facts.yml
models:
  - name: fct_order_items          # transaction: one row per order line
    columns:
      - name: order_item_sk
        data_tests: [unique, not_null]

  - name: fct_inventory_daily      # periodic snapshot: one row per book per day
    data_tests:
      - dbt_utils.unique_combination_of_columns:
          combination_of_columns:
            - book_sk
            - snapshot_date
    columns:
      - name: inventory_sk
        data_tests: [unique, not_null]

  - name: fct_orders               # accumulating snapshot: one row per order
    columns:
      - name: order_id
        data_tests: [unique, not_null]

  - name: fct_promotion_coverage   # coverage factless: one row per promotion-book
    data_tests:
      - dbt_utils.unique_combination_of_columns:
          combination_of_columns:
            - promotion_sk
            - book_sk

The transaction fact and the accumulating snapshot each have a single-column grain, so plain unique does the job — and note that for fct_orders the grain test rides on the degenerate dimension, which is pleasingly literal: the grain is the order, so the order id is unique. The snapshot and the coverage fact have composite grains, and dbt_utils.unique_combination_of_columns states them outright — which doubles as documentation, since the test YAML now says “one row per book per day” in executable form. When the movement-stream build upstream double-counts a day, this is the test that catches it before a dashboard does.

You’ll want more than one

The instinct is to build the one true fact table for a business process. Resist it. Sales is a process, and it wants a transaction fact for what sold, a periodic snapshot for daily inventory levels, and an accumulating snapshot for fulfillment timing. Same process, three facts, three rhythms — each answering questions the others structurally can’t. Picking the type is picking the question you’re willing to answer fast.

Final thoughts

“What kind of fact table” isn’t a modeling technicality — it’s a decision about what the business is allowed to ask and how fast. Transaction facts capture flows, snapshots capture levels, accumulating snapshots capture progress, and factless facts capture that something merely happened — or was merely possible. Get the rhythm wrong and you’ll be reconstructing it in every query, forever, in SQL that gets copy-pasted until it’s wrong somewhere. Get it right and the hard questions become one-liners: the stall report is a count(*), the dead-promotion list is an anti-join, the month-end stock is a qualify. Most real processes need more than one of these, and that’s not redundancy — it’s the point.





Dimension Tables and Surrogate Keys

The facts hold the numbers, but a number with no context is trivia. sum(extended_price) = 4,208 means nothing until you can attach it to a genre, a customer segment, a quarter. Dimensions are where that context lives — the nouns and adjectives of the business — and they’re built on instincts that are the exact opposite of the ones the app database trained into you.

What a dimension is made of

A dimension table has four kinds of column, and the surprising one is that redundancy is now a feature.


	A surrogate key — the primary key, a warehouse-owned identifier the facts point at. This is the column that took the trouble to earn its own section below.

	A natural key — the business identifier from the source, like the source system’s book_id. You keep it so you can trace a row back to where it came from and look it up when loading facts.

	Descriptive attributes — the wide part. Title, author, genre, format, price band; name, email, city, segment. Text you filter and group by, stored right on the row.

	Hierarchies — the roll-up paths. A book belongs to a genre belongs to a category; a date belongs to a month belongs to a quarter belongs to a year. In a dimension these live as plain columns side by side, not as a chain of joined tables.



The word doing the heavy lifting is wide. A dim_book might carry twenty columns where the source books table had eight, because everything you might want to slice by is denormalized onto the one row.

Wide on purpose

In the OLTP world, a genre column repeated across every book row would be a normalization sin — store the genre once in a genres table, reference it by id, and never let two rows disagree. That instinct is correct for writes and wrong for reads.

A dimension inverts it deliberately. The genre name sits right on dim_book, not a join away in a dim_genre table. Yes, “Fiction” is repeated across a thousand book rows. That repetition costs a little storage and buys two things worth far more: every genre query is a group by genre with no join, and an analyst reading the table sees the whole book in one row instead of chasing keys through a schema diagram. Dimensions are small relative to facts — thousands of books, not billions of order lines — so the storage cost of denormalizing them is rounding error, and the query and comprehension wins are constant. When you do keep the hierarchy as separate joined tables it’s called a snowflake schema, and outside a few edge cases it’s a mistake: you’ve reintroduced the join marathon to save storage you weren’t short on.

Why the warehouse mints its own keys

The source already has a book_id. Why not just use it as the dimension’s primary key and the fact’s foreign key? Because tying your model to the source’s key quietly forecloses things you’ll need.

A surrogate key is a key the warehouse owns — decoupled from the source, meaningless outside the model, minted at build time. Three reasons it’s worth the trouble:


	History. Chapter 8 is about slowly changing dimensions, where a single book gets multiple rows over time as its attributes change. The source’s book_id can’t be the primary key then — it’s no longer unique. A surrogate can, because the warehouse assigns a fresh one per version.

	Source drift. Source systems renumber, merge, migrate. A book that was id 4471 becomes id 90012 after a platform migration. If that id is baked into a billion fact rows, the migration is a catastrophe; if the facts point at a surrogate, the drift is absorbed in one dimension load.

	Clean joins. Surrogates are a single uniform column — one key type, one join condition — instead of the source’s grab bag of composite keys, strings, and UUIDs of varying widths.



Hashed keys vs. sequences — in SQL, not in the abstract

Two honest ways to mint a surrogate, and the difference isn’t taste — it’s an architectural fork you can see in the SQL.

Hashed keys, the dbt-idiomatic default, run the natural key through dbt_utils.generate_surrogate_key. It’s worth knowing exactly what that macro compiles to, because two of its behaviors matter later:

-- {{ dbt_utils.generate_surrogate_key(['book_id']) }} compiles to (roughly):
md5(coalesce(cast(book_id as varchar), '_dbt_utils_surrogate_key_null_'))

-- multi-column keys concatenate with a separator before hashing:
-- {{ dbt_utils.generate_surrogate_key(['order_id', 'line_number']) }}
md5(coalesce(cast(order_id as varchar), '_dbt_utils_surrogate_key_null_')
    || '-' ||
    coalesce(cast(line_number as varchar), '_dbt_utils_surrogate_key_null_'))

Behavior one: it’s deterministic — the same natural key always hashes to the same surrogate, on any run, in any environment, with no coordination and no lookup. That determinism is why the facts in the last two chapters could compute their foreign keys directly: hash the natural key on both sides and they match by construction.

Behavior two: null doesn’t hash to null. The coalesce swaps a null natural key for the sentinel string _dbt_utils_surrogate_key_null_ before hashing, so every null input — in every fact, every dimension, every run — produces the same real, non-null key. That looks like a footnote and is actually a load-bearing wall: it’s the hook the unknown member hangs on, one section down.

Two caveats to keep in the drawer. Width: MD5 emits a 32-character hex string, so every key column is a 32-byte varchar instead of an 8-byte integer — fatter storage, fatter join columns, and no meaningful range pruning on the key itself (hashes are deliberately unordered; when Snowflake prunes your fact scans it’ll be on a real date column, never on date_sk). Collisions: MD5 is 128 bits, and the birthday math says you’d need around 2^64 distinct keys — twenty-odd quintillion — before a collision is likely. Your dimension will not get there; it’s a rounding error of a risk for surrogate keys, though it’s the reason some shops standardize on SHA-256 anyway, trading even fatter keys for the extra margin.

Integer sequences are the other camp — Snowflake’s SEQUENCE or an IDENTITY column, assigning 1, 2, 3 as rows arrive:

create sequence if not exists seq_customer_sk;

insert into dim_customer (customer_sk, customer_id, full_name, city, segment)
select seq_customer_sk.nextval, customer_id, full_name, city, segment
from stg_customers;

Compact, ordered, pleasant to read. But watch what it does to every fact build from now on. The fact can’t compute customer_sk anymore — the number was assigned, not derived — so the only way to get it is to ask the dimension:

-- every fact load now carries a lookup join per dimension
select
    d.customer_sk,          -- fetched, not computed
    s.order_id,
    s.quantity,
    s.extended_price
from staged_order_items s
left join dim_customer d
  on d.customer_id = s.customer_id;

One dimension, one extra join. Five dimensions, five extra joins — on every incremental fact run, forever, with a hard ordering dependency: every dimension must finish loading before any fact that references it can start, or the lookup finds nothing. And there’s a dbt-specific landmine on top: sequences are stateful, so a dbt run --full-refresh on the dimension renumbers every key, and every fact row loaded against the old numbering is silently orphaned. Deterministic hashes shrug at a full refresh — the same inputs mint the same keys.

That’s the real shape of the trade: sequences buy narrow keys at the price of lookups, load ordering, and refresh fragility; hashes buy independence at the price of width. For dbt, hashing wins and this book uses it throughout. Whichever you pick, the ironclad rule is the same: use the identical key expression in the dimension and in the fact — same columns, same types, same order — or the join silently returns nothing. More on “silently” below.

The unknown member: the row every dimension owes its facts

Here’s the most important pattern in this chapter, and the one most tutorials skip entirely.

Real fact data is dirty. An order line arrives with no book_id — a data-entry gap, a bulk import, a gift-card sale that never had one. What happens downstream depends on how you modeled for it, and the default is quietly terrible. If the fact’s book_sk is null and your revenue dashboard inner-joins to dim_book, the row vanishes — real revenue, silently dropped, and the total at the bottom of the dashboard no longer matches finance’s number. Switch to a left join and the row survives but groups under a blank label nobody can click on. Either way, an analyst eventually spends an afternoon discovering that “total revenue by genre” and “total revenue” disagree.

Kimball’s fix is old, simple, and non-negotiable: fact foreign keys are never null. Every fact row points at a real dimension row, and when the truth is “we don’t know which one,” it points at a designated unknown member — a placeholder row that every dimension carries for exactly this purpose. In sequence-keyed warehouses this is the famous -1 row (customer_sk = -1, name “Unknown”); with hashed keys, the same idea wears a different key.

And here the determinism pays off — but only if both sides agree on what they hash. This is the part everyone gets wrong, so be precise about it. generate_surrogate_key never returns null: hand it a null and it hashes the string '_dbt_utils_surrogate_key_null_'. That’s a real, deterministic key — but it is not the key we’re about to mint for the unknown member, and a fact that lands on it points at nothing.

So we pick one sentinel and use it on both sides. The dimension mints its unknown row from the literal '-1'; the fact routes a missing key to the same place with coalesce(book_id, '-1') before hashing (that’s the expression in the fact-table chapter, and it is not optional). Both sides then compute md5('-1'), and they meet. All the dimension has to do is build a row that lives there — which means hashing a null through the same macro:

-- models/marts/dim_book.sql
{{ config(materialized='table') }}

with books as (
    select * from {{ ref('stg_books') }}
),

with_unknown as (
    select
        book_id, title, author, genre, category, format, list_price
    from books

    union all

    select
        '-1'                   as book_id,     -- the reserved unknown member
        'Unknown'              as title,
        'Unknown'              as author,
        'Unknown'              as genre,
        'Unknown'              as category,
        'Unknown'              as format,
        cast(null as number)   as list_price
)

select
    {{ dbt_utils.generate_surrogate_key(['book_id']) }} as book_sk,
    book_id,

    title,
    author,
    genre,
    category,          -- genre rolls up to category: the hierarchy, denormalized

    -- the leaf category the book is actually filed under, as an id and a key. The
    -- denormalized `category` name above is what reports group by; `category_sk` is
    -- what the hierarchy bridge (chapter 12) joins on when the roll-up must work from
    -- any depth. Carrying both costs one column and saves a lookup.
    category_id,
    {{ dbt_utils.generate_surrogate_key(["coalesce(category_id, '-1')"]) }} as category_sk,

    format,
    list_price,
    case
        when list_price is null then 'Unknown'
        when list_price < 10    then 'budget'
        when list_price < 25    then 'standard'
        else 'premium'
    end as price_band

from with_unknown

The union injects one all-Unknown row before the hashing select, so the same generate_surrogate_key(['book_id']) expression mints both the real keys and the unknown key. That ordering is the whole trick, and the choice of '-1' as the natural key is load-bearing rather than decorative: because the sentinel is a value, any fact model can reproduce the identical surrogate key by hashing the same literal — generate_surrogate_key(["'-1'"]) — and route an orphan row to it. Hash a null here instead and you cannot: dbt_utils substitutes its own internal placeholder for nulls, so the dimension’s key and anything the fact tries to compute would differ, and every “routed” fact would orphan against the dimension it was supposed to land in. Chapter 10 leans on this exact reproducibility when it left-joins late-arriving facts. Three more details worth the ink:


	List the columns in the union explicitly. union all matches by position, not name; a lazy select * on top and a reordered staging model below is a genre column full of author names.

	Derived attributes need a null branch. Look at price_band: without the is null arm first, the unknown row falls through to else 'premium' — and suddenly every keyless sale reports as premium-band revenue. Every case you write over an attribute needs to decide, on purpose, what the unknown member gets.

	Type the nulls. cast(null as number) on list_price — an untyped null in a union leaves the column’s type to inference, and inference across a union is how you get a mystery variant column. (The key is never null; that’s the point above. It’s the genuinely-unknown measures and attributes that stay null.)



dim_customer gets the same treatment:

-- models/marts/dim_customer.sql
{{ config(materialized='table') }}

with customers as (
    select * from {{ ref('stg_customers') }}
),

with_unknown as (
    select customer_id, full_name, email, city, country, segment
    from customers

    union all

    select
        '-1' as customer_id,          -- the reserved unknown member
        'Unknown', 'Unknown', 'Unknown', 'Unknown', 'Unknown'
)

select
    {{ dbt_utils.generate_surrogate_key(['customer_id']) }} as customer_sk,
    customer_id,

    full_name,
    email,
    city,
    country,
    segment

from with_unknown

Now the payoff. The gift-card sale joins successfully, groups under “Unknown,” and shows up in the dashboard as its own visible, clickable, embarrassing line item — sum(extended_price) for genre “Unknown”: $1,940. That’s not a bug, that’s the system working: the number reconciles with finance and the data-quality problem is on display where someone will fix it, instead of hidden inside a dropped join. Some shops go further and mint several placeholder members — “Unknown” for absent keys, “Not applicable” for facts where the dimension genuinely doesn’t apply, “Error” for keys that failed validation — each a distinct row with a distinct sentinel. Start with one; add the others when a real distinction demands them.

One honest boundary: the unknown member handles keys that are null. It does not handle keys that are present but wrong — an order line referencing book_id 8812 when no such book has reached the warehouse yet. That fact row hashes to a perfectly real key with no dimension row behind it, and the join drops it just as silently as before. That’s the late-arriving data problem — orphaned facts, inferred members — and it gets a full chapter of its own (chapter 10). Until then, the tests at the end of this chapter are your tripwire.

Hierarchies: fixed, and then the other kind

The genre→category ladder in dim_book is a fixed-depth hierarchy — every book has exactly one genre and every genre exactly one category, so the whole thing flattens to two columns and every roll-up is a group by. When a hierarchy’s depth is known and uniform, columns are the answer, full stop. Date hierarchies (day→month→quarter→year) are the purest case, and the next chapter milks them properly.

The trouble starts when the depth varies. Suppose the bookshop adopts a real category tree: Fiction → Science Fiction → Space Opera on one branch, Non-fiction → Cooking on another — three levels here, two there, and merchandising adds a fourth level whenever the mood strikes. That’s a ragged (variable-depth) hierarchy, and it’s stored in the source the way trees always are: an adjacency list, each category pointing at its parent.

You can’t group by an adjacency list. The standard dimensional move is to flatten it at build time — walk the tree with a recursive CTE and lay each node’s ancestry out as level columns:

-- inside dim_category: flatten the adjacency list to level columns
with recursive category_paths as (

    select
        category_id,
        category_name,
        parent_category_id,
        category_name        as level_1,
        cast(null as varchar) as level_2,
        cast(null as varchar) as level_3,
        1                    as depth
    from {{ ref('stg_categories') }}
    where parent_category_id is null          -- the roots

    union all

    select
        c.category_id,
        c.category_name,
        c.parent_category_id,
        p.level_1,
        case when p.depth = 1 then c.category_name else p.level_2 end,
        case when p.depth = 2 then c.category_name else p.level_3 end,
        p.depth + 1
    from {{ ref('stg_categories') }} c
    join category_paths p on p.category_id = c.parent_category_id
)

select
    {{ dbt_utils.generate_surrogate_key(['category_id']) }} as category_sk,
    category_id,
    category_name,
    level_1,
    coalesce(level_2, category_name) as level_2,   -- balance the ragged branches:
    coalesce(level_3, level_2, category_name) as level_3   -- shallow leaves repeat downward
from category_paths

The recursive CTE walks root-to-leaf, filling in level_N columns as it descends; the final coalesce cascade balances the raggedness by copying shallow leaves down into the empty levels, so “Cooking” appears at level 2 and level 3 and a group by level_3 never drops the shallow branches. This is the pragmatic 90% answer: pick a maximum depth, flatten, balance, ship.

Its limits are real, though. The depth cap is baked into the columns — a fourth level means a schema change — and questions like “total sales under this node, wherever it sits” get awkward. When the hierarchy is genuinely unbounded or the roll-up must work from any node (org charts are the classic case), the dimensional answer is a hierarchy bridge table, and that’s chapter 12’s territory. Know which problem you have before choosing: most “trees” in business data are three levels deep and stable, and columns beat cleverness.

Conformed dimensions: one truth, many facts

A quiet word that becomes the whole ballgame later: dim_book isn’t just a dimension — it’s about to be shared. fct_order_items points at it; fct_inventory_daily points at it; the wishlist and promotion facts from last chapter point at it. When multiple fact tables share the same dimension — same keys, same attributes, same spellings — that dimension is conformed, and conformance is what lets you lay two facts side by side and trust the comparison: units sold vs. units on hand, by title, in one query, because “title” means the same row in both.

Conformance sounds free when everything lives in one dbt project — of course both facts use the same dim_book, it’s right there. It stops being free the day a second team builds “their own” book dimension with its own genre spellings, and the numbers stop lining up in ways nobody can explain in a meeting. Treat the shared dimensions as the contract they are; chapter 11 shows what conformance buys (drill-across) and what it costs to govern.

When the join silently returns nothing

The ironclad rule from earlier — identical key expression on both sides — deserves a demonstration, because the failure mode is the worst kind: no error, no warning, just zero matched rows.

Suppose stg_orders carries order_date as a timestamp (the source sends 2026-05-13 14:22:07.331) and the fact hashes it as-is, while dim_date hashes its date_day, a proper date:

-- in the fact: hashes the string '2026-05-13 14:22:07.331'
{{ dbt_utils.generate_surrogate_key(['order_date']) }}      as date_sk

-- in the dimension: hashes the string '2026-05-13'
{{ dbt_utils.generate_surrogate_key(['date_day']) }}        as date_sk

Both compile, both run, both produce well-formed 32-character keys — and no key from one side ever equals a key from the other, because the macro casts each input to varchar and then hashes the text. '2026-05-13 14:22:07.331' and '2026-05-13' are different strings, so they’re different hashes. The fact builds green, the dimension builds green, and every date join in the warehouse returns nothing. The fix is to make the text identical before it’s hashed:

-- fixed: both sides hash the string '2026-05-13'
{{ dbt_utils.generate_surrogate_key(['cast(order_date as date)']) }} as date_sk

The deeper fix is a discipline, not a cast: staging owns the types. If stg_orders had cast order_date to a date once, at the boundary, the fact and the dimension would both have hashed the same clean column and the mismatch could never have been written. Hash only columns staging has already typed, and the whole class of bug evaporates. (Same trap, subtler trigger: hashing a raw date relies on the session’s date-to-text rendering, so keep an explicit cast in staging rather than trusting whatever cast(… as varchar) happens to produce.) And for the mismatches that sneak through anyway, the next section’s relationships test turns “silently returns nothing” into a red build.

Testing the keys

Every _sk in the warehouse gets the same two tests, and the facts get a third that closes the loop:

# models/marts/_dimensions.yml
models:
  - name: dim_book
    columns:
      - name: book_sk
        data_tests: [unique, not_null]

  - name: dim_customer
    columns:
      - name: customer_sk
        data_tests: [unique, not_null]

# in models/marts/_facts.yml — the fact's keys must land on real dimension rows
  - name: fct_order_items
    columns:
      - name: book_sk
        data_tests:
          - not_null
          - relationships:
              to: ref('dim_book')
              field: book_sk

unique on the dimension side is the grain test — one row per member, and note the unknown member passes it happily, since its sentinel key is just another unique value. not_null on the fact side enforces the never-null-FK discipline mechanically. And relationships is the tripwire promised above: it fails the build if any fact key points at a dimension row that doesn’t exist — which catches both the hash-mismatch bug (every key orphaned, loudly) and the late-arriving book_id 8812 (one key orphaned, precisely). Cheap to write, and it converts the two silent failure modes in this chapter into build failures with a row count attached.

The dimension we haven’t built

One dimension is conspicuously missing from this chapter: the calendar. Every fact so far hashes a date_sk, and nothing has been said about the table those keys land on — because dim_date is not like the others. It isn’t sourced from the business at all; it’s generated, it’s joined by more queries than every other dimension combined, and doing it properly — fiscal calendars, holidays, business days, the “hasn’t happened yet” row that fct_orders is already counting on — is a full chapter’s work. It’s next.

Final thoughts

Dimensions are where dimensional modeling stops being about tables and starts being about people. The facts are for the machine; the dimensions are for the human who wants to ask a question in the words they’d actually use — genre, segment, quarter — and get an answer without a data dictionary. Making them wide and denormalized feels wrong for exactly one chapter, until you write the third join-free query and the instinct flips. The surrogate key, opaque and forgettable as it looks, is the hinge the history chapters turn on. And the unknown member is the pattern that separates a warehouse that reconciles from one that merely runs — because the difference between dropping a dirty row and displaying it is the difference between hiding a problem and fixing one.





The Hardest-Working Table in the Warehouse

Every fact table wants a date. Most want several. Order date, ship date, delivered date, snapshot date, effective date, expiration date, fiscal period, week start, month end, holiday flag, business-day count. The date dimension looks humble because everyone understands a calendar. That is exactly why teams underbuild it.

A thin dim_date with date_day, month, and year is a start. It is not a warehouse calendar. A real date dimension is the table that prevents every analyst from re-implementing fiscal logic in a dashboard filter and every model from disagreeing about whether a week starts Sunday, Monday, or the day finance says it does.

Unlike dim_book or dim_customer, dim_date is not sourced from the business. You generate it. That makes it one of the few dimensions where the warehouse should be more authoritative than the source systems.

The grain is one row per day

The normal date dimension grain is one row per calendar date:

select
    {{ dbt_utils.generate_surrogate_key(["date_day"]) }} as date_sk,
    date_day,
    extract(year from date_day) as calendar_year,
    extract(month from date_day) as calendar_month,
    extract(day from date_day) as day_of_month,
    dayname(date_day) as day_name
from date_spine

That surrogate key should be deterministic. In this book, facts hash their date into date_sk the same way dimensions do, which means facts can be built before dim_date exists and still land on the correct key once it does.

Some warehouses use an integer YYYYMMDD key instead. That is also defensible:

to_number(to_char(date_day, 'YYYYMMDD')) as date_sk

The important thing is consistency. Pick one date-key strategy and use it everywhere. A fact with order_date_sk as 20260525 and another with an MD5 hash is not a galaxy. It is a reconciliation meeting waiting to happen.

Generate more dates than you need

Do not generate dates only through today. Facts can point into the future: preorders, delivery promises, subscription renewals, planned inventory receipts. Generate a wide range:

with date_spine as (
    {{
        dbt_utils.date_spine(
            datepart="day",
            start_date="to_date('2020-01-01')",
            end_date="to_date('2035-12-31')"
        )
    }}
)

If the warehouse does not support that macro cleanly, generate the spine with native SQL. The result is what matters: a complete, deterministic set of days.

Regenerating dim_date should be safe. It is derived data. If your calendar logic changes, you rebuild it. That is another reason to keep business-maintained exceptions, like company holidays, in their own seed or source and join them in.

Calendar attributes are only the first layer

A useful date dimension includes obvious calendar fields:


	day of week;

	day name;

	week start and end;

	month number and name;

	month start and end;

	quarter;

	year;

	ISO week and ISO year.



ISO week is not trivia. The first days of January can belong to the previous ISO year. If the business reports by ISO weeks and one analyst uses extract(week) while another uses ISO logic, the first week of the year becomes a permanent argument.

Make the attributes explicit:

select
    date_day,
    date_trunc('week', date_day) as week_start_date,
    last_day(date_day, 'week') as week_end_date,
    date_trunc('month', date_day) as month_start_date,
    last_day(date_day, 'month') as month_end_date,
    quarter(date_day) as calendar_quarter,
    yearofweekiso(date_day) as iso_year,
    weekiso(date_day) as iso_week
from date_spine

Function names vary by warehouse. Snowflake has weekiso; other engines spell it differently. The design does not vary.

Relative-date flags belong to the calendar, not the dashboard

Ask ten analysts to filter “the last 7 days” and you get ten slightly different filters. Some use >= dateadd('day', -7, current_date()), which is eight days inclusive. Some use -6. Some anchor on getdate() in the local session timezone, some on UTC, some on whatever their BI tool thinks “today” is after its overnight cache refresh. The window everyone believes is standardized is quietly forked across every report.

The fix is to compute the relative window once, in dim_date, and expose it as a boolean flag. The definition lives in one governed model, and every dashboard filters on where is_last_7_days — a phrase that cannot drift:

select
    date_sk,
    date_day,

    -- point-in-time flags, evaluated against current_date() at build time
    date_day = current_date()                                    as is_today,

    date_trunc('month', date_day) = date_trunc('month', current_date())
                                                                 as is_current_month,

    date_trunc('year', date_day) = date_trunc('year', current_date())
                                                                 as is_current_year,

    date_day between dateadd('day', -6, current_date())
                 and current_date()                             as is_last_7_days,

    date_day between dateadd('day', -29, current_date())
                 and current_date()                             as is_last_30_days,

    -- year to date: same calendar year, on or before today
    (   calendar_year = extract(year from current_date())
        and date_day <= current_date()   )                       as is_ytd,

    -- the whole prior calendar year, for clean year-over-year totals
    calendar_year = extract(year from current_date()) - 1        as is_prior_year,

    -- prior-year YTD: same day-of-year window, one year back
    (   calendar_year = extract(year from current_date()) - 1
        and date_day <= dateadd('year', -1, current_date())   )  as is_prior_year_ytd

from calendar

Two things make this design work, and one thing makes it dangerous.

It works because the flags are conformed. is_ytd and is_prior_year_ytd use the same anchor, so a year-over-year comparison lines up the same day-of-year in both periods automatically — no analyst has to remember to shift the comparison window by a year and a leap day. And it works because the logic is testable: a relative window is now a column you can assert on, not an ad-hoc predicate buried in a dashboard nobody audits.

The danger is that current_date() is evaluated when the model builds, not when the report runs. These flags are a snapshot of “now” frozen at build time. If dim_date last built at 02:00 and someone opens a dashboard at 23:00 the next day, is_today still points at yesterday. That is not a bug in the pattern; it is the pattern’s contract. You accept it by rebuilding dim_date on a daily schedule — a cheap, seconds-long run, because the table is small — early enough that the flags are correct for the working day.

This is worth stating plainly to your consumers, because the alternative failure is worse. If you leave “last 7 days” to each dashboard, the number is live but inconsistent — every tile computes a slightly different window, and two reports that should agree never do. Pre-computed flags trade a bounded, well-understood staleness (correct as of the last build) for exact agreement across the whole warehouse. For governed reporting, that is the trade you want. For a genuinely live operational screen, compute the window in the BI layer and keep the pre-computed flag for everything else — but do not let both definitions of “today” leak into the same executive dashboard.

A related rule: never pre-compute a flag whose window is finer than your build cadence. is_last_7_days on a daily build is honest. An is_last_15_minutes flag on a daily build is a trap. If the window is shorter than the interval between rebuilds, the column lies for most of its life. Time-of-day windows belong to a different table entirely — which is the next thing this dimension is missing.

Fiscal calendars belong here

If finance says the year starts in February, that logic does not belong in BI. Put it in dim_date:

case
    when calendar_month >= 2 then calendar_year
    else calendar_year - 1
end as fiscal_year

Then derive fiscal period, fiscal quarter, fiscal year start, and fiscal year end. A simple shifted-year calendar — “the fiscal year starts in February” — is arithmetic, and the case expression above is the whole of it.

Retail is not arithmetic. If the bookshop reports on a 4-4-5 calendar, the fiscal year is 52 weeks split into four 13-week quarters, and each quarter is three “months” of 4, 4, and 5 weeks. Fiscal periods start on a fixed weekday and never straddle a week boundary, which is the entire reason retailers use it: every period contains whole weeks, so week-over-week comparisons are clean and every period has the same number of selling weekends. The catch is that 52 weeks is only 364 days, so roughly every fifth or sixth year gets a 53-week year to catch back up to the sun. There is no closed-form extract() for any of this.

Do not try to compute 4-4-5 with modular arithmetic in SQL. You will get it almost right, ship it, and discover the off-by-one during the 53-week year when finance is closing the books. Encode the period boundaries as data — a seed finance owns — and join by date range:

# seeds/seed_fiscal_periods.csv
fiscal_year,fiscal_period,fiscal_quarter,period_start_date,period_end_date
2026,1,1,2026-02-01,2026-02-28
2026,2,1,2026-03-01,2026-03-28
2026,3,1,2026-03-29,2026-05-02
2026,4,2,2026-05-03,2026-05-30

left join {{ ref('seed_fiscal_periods') }} as fp
    on d.date_day between fp.period_start_date and fp.period_end_date

Now fiscal_year, fiscal_period, and fiscal_quarter come straight from the seed, and the 4-4-5 shape lives in a spreadsheet finance can hand you every year — including the year they insert period 53. Derive the finer grains with windows over the joined result:

select
    d.date_day,
    fp.fiscal_year,
    fp.fiscal_period,
    fp.fiscal_quarter,
    -- week within the fiscal period (1..5)
    floor(datediff('day', fp.period_start_date, d.date_day) / 7) + 1
        as fiscal_week_of_period,
    -- day within the fiscal period (1..35)
    datediff('day', fp.period_start_date, d.date_day) + 1
        as fiscal_day_of_period
from calendar d
left join {{ ref('seed_fiscal_periods') }} fp
    on d.date_day between fp.period_start_date and fp.period_end_date

Restated calendars are the next layer of pain. When the bookshop acquires a competitor whose fiscal year started in a different month, finance often wants two years of history reported on both the old and the new calendar so trends stay comparable across the boundary. Resist the urge to duplicate rows per calendar — that changes the grain of dim_date from one-row-per-day to one-row-per-day-per-calendar and quietly doubles every count that forgets to filter. Instead, keep one row per day and widen it: carry fiscal_year, fiscal_period, fiscal_quarter for the current calendar and fiscal_year_legacy, fiscal_period_legacy alongside them, each fed by its own seed. A report picks a calendar by picking a column, and the grain never moves. Only reach for a separate dim_fiscal_calendar and a bridge if you genuinely maintain many named calendars at once — most shops need exactly two, and two extra columns is the cheaper answer.

The date dimension is where calendar weirdness becomes a governed table instead of tribal knowledge.

Holidays and business days need ownership

Holiday logic is not universal. Country, region, company policy, and business line all matter. Put the maintained list in a seed:

date_day,holiday_name,country_code
2026-01-01,New Year's Day,US
2026-07-04,Independence Day,US

Then join it into the dimension:

left join {{ ref('seed_holidays') }} as holidays
    on date_spine.date_day = holidays.date_day

From there, derive:


	is_weekend;

	is_holiday;

	is_business_day;

	previous_business_day;

	next_business_day;

	business_day_of_month.



Those columns are not decorative. They make questions like “ship within three business days” queryable without a custom calendar CTE in every report.

The counting columns are the ones people re-derive most, so compute them once with windows. business_day_of_month is a running count of business days within the month; business_days_in_month is the total, which fulfillment SLAs and finance accruals both lean on:

with flagged as (
    select
        date_day,
        (not is_weekend and holiday_name is null) as is_business_day
    from calendar
)

select
    date_day,
    is_business_day,

    sum(iff(is_business_day, 1, 0)) over (
        partition by date_trunc('month', date_day)
        order by date_day
        rows between unbounded preceding and current row
    ) as business_day_of_month,

    sum(iff(is_business_day, 1, 0)) over (
        partition by date_trunc('month', date_day)
    ) as business_days_in_month

from flagged

With those in place, business_days_in_month - business_day_of_month answers “how many working days are left to hit the quota” as a column, not a support ticket. The previous_business_day and next_business_day columns are worth precomputing the same way — a lag/lead over the business-day-only rows — so a promise date can skip weekends and holidays without every query re-teaching the warehouse what a working day is.

One calendar, many regions

Holidays are the place where “the calendar” stops being one thing. The bookshop ships from a US warehouse and a UK warehouse, and July 4th is a working day in Manchester while August’s bank holiday means nothing in Denver. A single is_holiday flag has to pick a country, and whichever it picks is wrong for the other half of the business.

Two shapes solve this. When the number of regions is small and stable — and for most companies it is — keep one row per day and pivot the holiday seed into per-region columns:

holidays_by_region as (
    select
        date_day,
        max(iff(country_code = 'US', holiday_name, null)) as us_holiday_name,
        max(iff(country_code = 'GB', holiday_name, null)) as uk_holiday_name
    from {{ ref('seed_holidays') }}
    group by date_day
)

select
    d.date_day,
    h.us_holiday_name,
    h.uk_holiday_name,
    (h.us_holiday_name is not null) as is_holiday_us,
    (h.uk_holiday_name is not null) as is_holiday_uk,
    (not d.is_weekend and h.us_holiday_name is null) as is_business_day_us,
    (not d.is_weekend and h.uk_holiday_name is null) as is_business_day_uk
from calendar d
left join holidays_by_region h using (date_day)

A US fulfillment report reads is_business_day_us; the UK report reads its own column; both share every other calendar attribute — one week definition, one fiscal year, one set of relative flags. That conformance is exactly what you would lose by maintaining two separate date tables.

The other shape — a dim_date_region bridge keyed on (date_sk, region_code) — is the right call only when you have many regions or the regional attributes go well beyond holidays. It multiplies the row count by the number of regions, so reach for it deliberately, not by default. For two warehouses, columns win.

Add the special rows deliberately

Facts sometimes have dates that have not happened yet. fct_orders in this book is an accumulating snapshot, and it points three date roles at dim_date: order_date_sk, ship_date_sk, and delivery_date_sk. Every order has an order date. Most, at any given moment, do not yet have a ship date — the box is still on a shelf. So what should ship_date_sk be for an order that has not shipped?

Do not use null. Fact foreign keys should not be null if you can avoid it; nulls break inner joins silently, drop open orders out of any report that joins through the ship-date role, and force every query to special-case the unfinished states of the pipeline. An accumulating snapshot is defined by having incomplete milestones — null is not the exception here, it is half the table.

The answer is a small set of designated member rows in dim_date, one per missing-date meaning:

date_sk              date_day   date_description
__unknown__          null       Unknown
__not_applicable__   null       Not applicable
__not_yet_occurred__ null       Not yet occurred

Because this book hashes dates into string surrogate keys, the sentinels are fixed string literals, not negative integers — but the rule is identical either way: every missing-date state gets a named, deterministic member. Append them to the calendar with a union all so they are part of the dimension, not a runtime fix-up:

with calendar as (
    -- one row per generated day, all attributes derived above
    ...
),

special_members as (
    select '__unknown__'          as date_sk,
           null::date             as date_day,
           'Unknown'              as date_description
    union all
    select '__not_applicable__',   null, 'Not applicable'
    union all
    select '__not_yet_occurred__', null, 'Not yet occurred'
)

select date_sk, date_day, date_description, /* ...calendar columns... */ from calendar
union all
select date_sk, date_day, date_description, /* ...nulls for the rest... */ from special_members

The fact side coalesces the missing key onto the matching sentinel, so an unshipped order lands on a real dimension member instead of a null:

-- in fct_orders
coalesce(
    {{ dbt_utils.generate_surrogate_key(['ship_date']) }},
    '__not_yet_occurred__'
) as ship_date_sk

Now ship_date_sk is never null. Reports can count open orders — “how many are ordered but not yet shipped” is a filter on dim_ship_date.date_description = 'Not yet occurred' — without those orders vanishing in an inner join. When the box ships, the next build recomputes a real ship_date_sk and the row moves off the sentinel on its own. The three states earn their keep: “Unknown” for a date that should exist but the source lost, “Not applicable” for a milestone this order will never reach (a cancelled order has no delivery date, ever), and “Not yet occurred” for a milestone that is simply still in the future.

Role-playing comes later, but starts here

dim_date is one table. Facts may use it many ways:

order_date_sk      -> dim_date.date_sk
ship_date_sk       -> dim_date.date_sk
delivered_date_sk  -> dim_date.date_sk

That is called a role-playing dimension. You do not copy the date dimension three times. You join the same table with three aliases, or create thin views named dim_order_date, dim_ship_date, and dim_delivered_date if the BI tool needs separate logical tables.

The conformance is the point. Order date and ship date should share the same fiscal calendar, holiday flags, and week definitions. One calendar, many roles.

Time of day is a separate dimension

The moment someone asks “what time of day do most orders come in?” the one-row-per-day grain runs out. You cannot answer it from dim_date, and you should not try. The instinct to fold hours and minutes into the calendar is exactly the mistake that makes date dimensions unusable.

The reason is cardinality. dim_date for the 2020–2035 range in this book is a hair under 6,000 rows — small enough to scan, cache, and rebuild in seconds. Add minute-level time to it and every day multiplies into 1,440 rows: about 8.4 million. Go to second grain and it is 500 million. A dimension you could hold in memory becomes a table you have to think hard about, and the calendar attributes — fiscal year, holiday name, week start — get copied 1,440 times per day for no benefit.

Split time into its own dimension. Time-of-day attributes are genuinely independent of the calendar: 2:00 PM is business hours and afternoon on every date that has ever existed, so it deserves exactly one row, not one per day. dim_time at minute grain is a fixed 1,440 rows, generated once and never grown:

-- models/marts/dim_time.sql
with minute_spine as (
    {{
        dbt_utils.date_spine(
            datepart="minute",
            start_date="to_timestamp('2000-01-01 00:00:00')",
            end_date="to_timestamp('2000-01-02 00:00:00')"
        )
    }}
)

select
    -- integer HHMM key: 0000..2359, deterministic and human-readable
    to_number(to_char(date_minute, 'HH24MI'))   as time_sk,
    to_char(date_minute, 'HH24:MI')             as time_of_day,

    extract(hour   from date_minute)            as hour_24,
    extract(minute from date_minute)            as minute_of_hour,
    (extract(hour from date_minute) * 60
        + extract(minute from date_minute))     as minute_of_day,

    -- 12-hour presentation
    to_char(date_minute, 'HH12:MI AM')          as time_of_day_12h,
    iff(extract(hour from date_minute) < 12, 'AM', 'PM') as am_pm,

    -- coarse buckets people actually filter on
    case
        when extract(hour from date_minute) <  6 then 'Night'
        when extract(hour from date_minute) < 12 then 'Morning'
        when extract(hour from date_minute) < 17 then 'Afternoon'
        when extract(hour from date_minute) < 21 then 'Evening'
        else 'Night'
    end                                       as day_period,

    -- business hours are a time property, independent of the date;
    -- whether the DATE is a working day comes from dim_date
    (extract(hour from date_minute) >= 9
        and extract(hour from date_minute) < 17) as is_business_hours

from minute_spine

The date_spine end date is exclusive, so 00:00 through 23:59 gives exactly 1,440 rows and no duplicate midnight. The time_sk is the integer HHMM, which sorts correctly, reads at a glance in a query result, and never collides — the same “consistency over cleverness” rule the date key follows.

A fact with a timestamp now carries two foreign keys built from it — one into each dimension:

-- splitting an order_placed_at timestamp across both dimensions
{{ dbt_utils.generate_surrogate_key(['cast(order_placed_at as date)']) }}
    as order_date_sk,
to_number(to_char(order_placed_at, 'HH24MI')) as order_time_sk

One question this raises: if you need the exact duration between two events — say, minutes from order to ship — do not compute it by subtracting surrogate keys. Keep the raw timestamps on the fact for precise arithmetic, and use dim_time for the grouping and filtering it is good at: orders by hour, conversions during business hours, a heat map of the day. The dimension answers “when in the day,” the timestamp answers “exactly how long.”

Note what dim_time deliberately does not know: whether a given minute falls on a weekend or a holiday. is_business_hours is only the 09:00–17:00 window. A fully “working” moment is dim_time.is_business_hours AND dim_date.is_business_day — the two dimensions compose, each owning the half of the answer it can actually see. That is the whole argument for splitting them in one line.

Test it like infrastructure

The date dimension should be boring enough that tests rarely fail:

models:
  - name: dim_date
    columns:
      - name: date_sk
        data_tests:
          - unique
          - not_null
      - name: date_day
        data_tests:
          - unique
  - name: dim_time
    columns:
      - name: time_sk
        data_tests:
          - unique
          - not_null

Add custom tests for range completeness if your project depends on it. A missing day is not a small problem. It means a fact can land on a key with no matching dimension row, or a report can silently omit a date. The same completeness logic applies to dim_time: assert it holds exactly 1,440 rows, because a gap there hides orders from an hour of the day as quietly as a missing calendar date hides a whole day. And because the relative-date flags are recomputed on every build, add a freshness check — assert that at least one row has is_today = true — so a stalled schedule that leaves the flags pointing at last week fails loudly instead of silently skewing every “last 7 days” number in the business.

Final thoughts

The date dimension earns its place by centralizing the arguments nobody wants to have twice: fiscal years, ISO weeks, holidays, business days, unfinished milestones, and role-playing joins. It is generated, but it is not generic. It encodes how your business experiences time. Build it once, test it, and make every fact point at it. The calendar is not a helper table. It is the shared language that lets stars agree about when things happened.





Slowly Changing Dimensions

Customer 2 in the bookshop lives in Boston. Every order she’s placed for the last year sits in fct_order_items, and your regional-sales report faithfully counts them under New England. Then she moves to Denver, and the source system does the only thing it knows how to do — it overwrites city in place. Run the report again and a year of Boston orders have quietly relocated to the Mountain West. Nobody edited the facts. The dimension just forgot where she used to be.

That’s the whole problem in one sentence: when a dimension attribute changes, what happens to the history that pointed at the old value? Dimensional modeling has a taxonomy of answers, and they’re numbered — Slowly Changing Dimension types. Picking the right one per attribute is one of the few design decisions that’s genuinely hard to reverse, because once you’ve overwritten the past you can’t un-overwrite it.

The types are usually presented as a ladder, from “do nothing” to “do everything,” and read that way they invite the wrong instinct — that higher numbers are better. They aren’t. Each type is a specific bargain between how much history you keep and how much complexity you carry, and the craft is spending complexity only where the history earns it. What follows is the whole taxonomy — Types 0 through 4, the 6 hybrid, and the 7 dual — each with a bookshop attribute that actually wants it. The mechanics of the one you’ll use most, Type 2, get their own section afterward, because that’s where the sharp edges live.

Type 0 — retain the original

The attribute never changes, by rule. Customer 2’s signup_date is January 5th and will be January 5th forever; her acquisition_channel — the “organic search” that first brought her to the shop — stays “organic search” even after she’s spent three years arriving by newsletter link. The source might overwrite these; the warehouse refuses to.
















	customer_id	signup_date	acquisition_channel
	2	2026-01-05	organic_search


Type 0 isn’t laziness or an accident of never updating — it’s a deliberate statement that the original value is the one with meaning. “How many of last quarter’s revenue came from customers we first acquired through paid search?” is a question about the channel at acquisition, not the channel they use now. Freeze the column and the question stays answerable. The failure mode is a Type 0 attribute that should have been Type 1 or 2 — a “primary address” frozen at signup that nobody meant to be historical — so use it only where “original, always” is the actual intent.

Type 1 — overwrite

The new value replaces the old and no history is kept. This is what the source system did to Boston, and it’s exactly right when history genuinely doesn’t matter: a misspelled name, a corrected email, a fixed phone number.

-- before: a typo
customer_id = 2, email = 'chen.ammily@example.com'

-- after: Type 1 overwrite, no trace of the old value
customer_id = 2, email = 'chen.emily@example.com'

You’d never want to report “orders placed while the email was misspelled” — the misspelling was never a fact about the world, just a defect in the record. Type 1 is the simplest thing that works, and its cost is total amnesia: after the update, the warehouse cannot tell you the column was ever anything else. Reach for it when the current value is the only value anyone will ever ask about. Every dimension has a fistful of these columns, and pretending otherwise — versioning a corrected typo — buys you nothing but rows.

Type 2 — add a new versioned row

This is the workhorse, and the default whenever you care about as-of truth. Instead of overwriting, you close the old version and insert a new one, each carrying a time window — dbt_valid_from, dbt_valid_to — an is_current flag, and often a version number so you can talk about “her second address” without comparing dates:

































	customer_sk	customer_id	city	dbt_valid_from	dbt_valid_to	is_current	version
	a1f…	2	Boston	2026-01-05	2026-04-18	false	1
	7c9…	2	Denver	2026-04-18	9999-12-31	true	2


Boston’s row gets stamped with the day she left; Denver’s opens on the day she arrived. Both exist forever. Notice there’s now more than one row per customer_id, which means the primary key is no longer the natural key — it’s a surrogate, customer_sk, minted per version. The natural key customer_id is what stays constant across her versions and lets you gather them back together.

The payoff is in how facts join. A fact row records when it happened, so it joins not to “the customer” but to the version of the customer that was current at that event. Last year’s orders match the Boston row because their order dates fall inside Boston’s window; this month’s match Denver. History stops rewriting itself. The report tells the truth for every point in time, not just now. When someone says “we need to see it as it was,” they’re asking for Type 2 — and that versioned table is the dim_customer_history we build for real in the next chapter.

Type 3 — add a prior-value column

Keep the current value and one predecessor side by side, in two columns on the same row. The bookshop reorganizes its US sales regions — “New England” and “Mid-Atlantic” merge into a single “Northeast” — and merchandising needs to compare performance “under the old alignment” against “under the new one” for a transition quarter. Type 3 gives them exactly that, and nothing more:
















	customer_id	current_region	previous_region
	2	Northeast	New England


One query, no self-join, no window predicates: sum(revenue) by current_region and sum(revenue) by previous_region are two columns of the same report. What you cannot do is ask for the region before the previous one — Type 3 remembers exactly one step back, and the moment a second reorg happens, “New England” is overwritten out of previous_region and gone.

That’s the whole character of Type 3: it’s not general-purpose history, it’s a named before-and-after for a specific, bounded transition. Reach for it when there’s one comparison analysts care about and it has a shelf life — a re-org, a re-branding, a pricing-scheme change — not when you want the full story. When you find yourself wanting previous_previous_region, you wanted Type 2 all along.

Type 4 — the mini-dimension

Some attributes change fast. A customer’s loyalty_tier recalculates monthly; their spend_band (the rolling-30-day bucket the marketing team segments on) can move every week; a review_count_band ticks up whenever they rate a book. Track those with Type 2 and dim_customer_history balloons: dozens of near-duplicate rows per customer a year, almost all of them identical except for one volatile column, all of them dragging the stable name and email and signup date along for the ride.

Type 4 splits the fast-movers into their own mini-dimension with its own surrogate key:

-- dim_customer_profile  (the mini-dimension)
customer_profile_sk | loyalty_tier | spend_band  | review_count_band
b2e…                     | silver       | $50–$100    | 1–5
f70…                     | gold         | $100–$250   | 6–20

The mini-dimension isn’t one row per customer — it’s one row per observed combination of the banded attributes, a fixed grid the whole customer base shares. The fact then carries two foreign keys: customer_sk to the stable dim_customer, and customer_profile_sk to whichever demographic row was current at the moment of the order:

select
    f.order_id,
    c.full_name,
    d.loyalty_tier,
    f.extended_price
from fct_order_items    as f
join dim_customer       as c on f.customer_sk = c.customer_sk
join dim_customer_profile as d on f.customer_profile_sk = d.customer_profile_sk

The volatile stuff gets its history — captured on the fact, at event time — without exploding the stable dimension, and because the banded values are a small grid, the mini-dimension stays tiny no matter how many customers churn through it. The trade is banding: spend_band buys the compression by giving up the exact dollar figure, which is usually fine, because you were going to segment on the band anyway. The one piece of work Type 4 pushes onto the fact load is resolving customer_profile_sk — the pipeline has to look up which demographic combination was current for that customer at that moment, the same as-of lookup Type 7 does for its version key. And when you want today’s demographics for a customer regardless of history, you add an “outrigger” foreign key straight from dim_customer to the current mini-dimension row, so a current-state query never has to touch the fact at all.

Type 6 — the hybrid (1 + 2 + 3)

The name is a wink: 1 + 2 + 3 = 6, and the type genuinely is all three at once. You keep full Type 2 version rows, and carry a Type 1 current-value column that’s overwritten on every version whenever the attribute changes:



























	customer_id	region (as-of, Type 2)	current_region (Type 1)	dbt_valid_from	dbt_valid_to
	2	New England	Northeast	2026-01-05	2026-04-18
	2	Northeast	Northeast	2026-04-18	9999-12-31


Read region and you get the value that was true at the event’s time (the honest as-of answer). Read current_region and every row — including the old Boston-era one — reports today’s value, because Type 1 overwrites it across all versions. So a single query can either respect the version (group by region) or roll all of history up to today’s alignment (group by current_region) without a self-join or a second pass to find the current row.

That second column is the whole point: it answers “what’s true now, applied to all of history” — “show me all-time revenue bucketed by customers’ current region” — which Type 2 alone makes awkward (you’d join the fact to the historical row for the window, then join again to the current row for its value). Type 6 is the answer when analysts keep asking both the as-of and the as-is question of the same attribute, often in the same dashboard.

Type 7 — the dual: report as-was or as-is from one fact

Type 6 solves the both-questions problem by widening the dimension. Type 7 solves it by widening the fact, and it’s the one that was missing from most treatments of this list. The idea: put two keys on the fact row — the durable natural key customer_id, which never changes, and customer_version_sk, the surrogate of the version that was current when the event happened, resolved and stored at load time. One fact, two keys, and then the join you choose decides which history you see.

-- fct_order_items carries BOTH keys
order_id | customer_id | customer_version_sk | order_date | extended_price
88213    | 2           | a1f…  (Boston-era)  | 2026-02-11 | 24.00
90551    | 2           | 7c9…  (Denver-era)  | 2026-05-02 | 31.50

As-was (point-in-time) — join on the version surrogate. Order 88213 finds the Boston version because that’s the customer_version_sk frozen onto it at load, and February revenue reports as Boston forever:

select h.city, sum(f.extended_price) as revenue
from fct_order_items as f
join dim_customer_history as h on f.customer_version_sk = h.customer_sk
group by 1

As-is (current) — join on the durable natural key and filter to the current row. Now both orders find Denver, because you deliberately ignored which version was live at event time and asked for today’s:

select h.city, sum(f.extended_price) as revenue
from fct_order_items as f
join dim_customer_history as h
  on f.customer_id = h.customer_id and h.is_current
group by 1

Same fact table, same dimension table, two joins, two truths — and crucially, the consumer picks which one per query rather than the modeler baking it in. That’s what makes Type 7 the most flexible option on the list, and also the reason it’s the design chapter 9 leans toward when it weighs storing the version key on the fact: carry the durable key alongside it and you’ve paid for Type 7 almost by accident. The cost is that the fact must resolve customer_version_sk at load with a windowed lookup, and — the subtlety chapter 10 is entirely about — a stored version key is a bet that the dimension’s windows were correct at load time.

Type 2 mechanics: the close-and-insert contract

Every type above either keeps no history (0, 1), keeps a bounded slice (3, 4), or leans on Type 2’s spine (6, 7). So it’s worth being precise about what Type 2 actually does on a change, because the whole thing rests on one invariant that’s easy to state and easy to break.

When city moves from Boston to Denver on April 18th, two writes happen, in this order:


	Close the old row. Boston’s dbt_valid_to, which was the open sentinel 9999-12-31, gets stamped with the change moment: 2026-04-18. Its is_current flips to false.

	Open the new row. A fresh Denver row is inserted with dbt_valid_from = 2026-04-18, dbt_valid_to = 9999-12-31, is_current = true, and the next version number.



The load-bearing detail is in the boundary: Boston’s dbt_valid_to equals Denver’s dbt_valid_from, exactly. The windows are half-open — dbt_valid_from inclusive, dbt_valid_to exclusive — which means the instant 2026-04-18 belongs to Denver and only Denver. No gap (there’s no sliver of time between the windows with no version covering it) and no overlap (there’s no instant two versions both claim). That’s the no-overlap/no-gap rule, and it’s what lets the point-in-time join use >= valid_from and < valid_to and be certain every event date lands in exactly one version. Use between instead, with matching bounds, and a fact stamped precisely on the boundary joins to two rows and double-counts.

The retroactive change snapshots can’t handle

Here’s where the clean picture cracks. Suppose it’s June, and you learn that customer 2 didn’t move on April 18th at all — she moved on March 2nd, and the source only got around to overwriting city in April. Every order she placed in March was, as-of-truth, a Denver order, but they’re currently pinned to Boston’s window (which runs to April 18th).

Fixing this means rewriting an existing window: Boston’s dbt_valid_to must move back to March 2nd, and a Denver version must be spliced in starting March 2nd — a version that opens before the one already sitting in the table. A plain dbt snapshot cannot do this. A snapshot only ever compares today’s source against the latest version it recorded and appends a new row dated to now (or to the source’s updated_at); it has no concept of “this change was effective in the past” and no mechanism to reach back and re-cut a window it already closed. The change either arrives on time or gets mis-dated to whenever the snapshot happened to notice it. This retroactive, late-arriving case — and the reason a hand-derived, rebuildable history handles it where a snapshot can’t — is the entire subject of chapter 10. For now, just register the shape of the limit: snapshots date history to observation, and retroactivity is a change to the past that observation can’t express.

Hard deletes: when the row simply vanishes

The other case the mechanics have to answer: the source deletes customer 2 — she closes her account and her row disappears entirely. A Type 2 dimension shouldn’t pretend she’s still current, but it also shouldn’t erase her, because her old orders still need a version to join to. There are three honest options:


	Ignore it — leave her last version open. Almost always wrong: she now looks eternally current despite not existing.

	Invalidate it — close her open version with dbt_valid_to set to the moment you noticed she was gone. The history reads “true until we stopped seeing her,” which is usually the right semantics and keeps her old facts joinable.

	Tombstone it — close the last version and insert a marker version flagged deleted, for when downstream logic must distinguish “deleted” from “we merely stopped hearing about it,” or when a deleted customer might resurrect and you want that visible.



dbt’s snapshot has a config knob for exactly this choice, with invalidate as the sane default — the specifics are next chapter’s build detail. The conceptual point is that a disappeared source row is a change like any other, and a Type 2 dimension has to close a window for it rather than let a stale row hang open forever.

A decision guide

The types aren’t a menu where fancier is better; they’re per-attribute bargains. Real dimensions mix them by column, and the honest way to design dim_customer is to walk its attributes one at a time and ask how much history each actually deserves:






















































	Attribute	Change it undergoes	SCD type	Why
	signup_date	never (by rule)	0	the original date is the fact
	acquisition_channel	source may overwrite	0	analysis is about first-touch, not now
	email, full_name, phone	corrections	1	nobody reports “while it was wrong”
	city, region	genuine relocation	2	drives regional reporting; as-of matters
	sales_region (one re-org)	a single realignment	3	one named before/after, bounded shelf life
	loyalty_tier, spend_band	monthly/weekly	4	too volatile for Type 2 without exploding the dim
	region (both questions asked)	relocation	6 or 7	when as-of and as-is are both routine


Two rules of thumb fall out. First, default an attribute to Type 1 and promote it to Type 2 only when someone can name a report that needs the old value at its old time — history you keep but never query is pure cost. Second, when an attribute changes faster than your reporting grain (multiple times a period), Type 4 is protecting the stable dimension from that attribute’s churn; don’t let a volatile column into the Type 2 spine.

And whatever mix you land on, one test protects every Type 2 attribute you chose: the no-overlap/no-gap window check. Because the point-in-time join assumes the windows tile time perfectly — no instant uncovered, no instant double-covered — a corrupted window is a silently wrong report, not an error. The check is a single window function that flags any customer whose consecutive windows don’t meet exactly:

with windows as (
  select
      customer_id,
      dbt_valid_from,
      dbt_valid_to,
      lead(dbt_valid_from) over (
          partition by customer_id order by dbt_valid_from
      ) as next_valid_from
  from dim_customer_history
)
select *
from windows
where next_valid_from is not null
  and next_valid_from <> dbt_valid_to   -- a gap or an overlap

Any row it returns is a break in the contract: next_valid_from > dbt_valid_to is a gap (facts in that slice join to nothing and vanish from reports); next_valid_from < dbt_valid_to is an overlap (facts in that slice join to two versions and double-count). On a healthy Type 2 dimension this returns zero rows, always. The next chapter wires the same invariant up as a real dbt test with dbt_utils.mutually_exclusive_ranges so a break turns the build red instead of surfacing quarters later in front of an executive — which is the traditional venue for discovering unprotected window corruption.

Final thoughts

The SCD types aren’t a ladder where you climb toward the best answer — they’re a set of honest trade-offs, and the skill is matching each attribute to the amount of history it actually deserves. Freeze the original channel, overwrite the corrected email, version the region that drives your reports, band the loyalty tier into a mini-dimension, and put both keys on the fact when analysts want the story told both ways. The number you’ll reach for most is Type 2, because “show me the numbers as they were understood at the time” is the question a warehouse exists to answer — and it’s the one question a source system, forever overwriting the present, can never answer for you. The next chapter stops talking about the contract and builds it: a Type 2 dim_customer_history in dbt, windows, flags, tests, and all.





Type 2 in Practice: dbt Snapshots

The last chapter ended with a taxonomy and a verdict: the SCD type you’ll reach for most is Type 2, because “show me the numbers as they were understood at the time” is the question a warehouse exists to answer. What it didn’t do is build one that survives contact with production. That’s this chapter — the configuration surface, the bookkeeping columns, what the table actually looks like after two runs, the joins that consume it, and the tests that keep it honest. And, because the tool has real limits, the cases where dbt’s built-in machinery isn’t enough and you have to write Type 2 by hand.

The machinery is the snapshot. The dbt book covered its mechanics in Remembering What Changed; here we’re using it for its actual purpose. A snapshot watches a relation over time and, on every dbt snapshot run, compares what the source says now against the latest version it recorded. Unchanged rows are left alone. Changed rows get their old version closed — an end-timestamp stamped on — and a new version inserted with an open window. That close-and-insert dance is precisely the Type 2 contract, and dbt performs it with a merge you never have to write.

One framing rule before the details, because it decides how you name things: the snapshot is not the dimension. It’s the history capture — an append-mostly table of versions that you should treat like a source of record. The dimension your facts join to is a model built on top of it. Keeping those layers separate is what lets you rename columns, mint surrogate keys, and add flags without touching the one table in your project you can never rebuild.

The two strategies, side by side

A snapshot needs to answer one question per row per run: did this row change since I last looked? dbt gives you two ways to answer it, and choosing between them is the first real design decision.

timestamp: trust the source’s clock

The timestamp strategy trusts an updated_at column. If the source’s updated_at for a given unique_key is newer than the one on the latest snapshotted version, the row changed; otherwise it didn’t. In dbt 1.9+ snapshots are configured in YAML — the old {% snapshot %} SQL block still runs but is legacy:

# snapshots/customers_snapshot.yml
snapshots:
  - name: customers_snapshot
    relation: ref('stg_customers')
    config:
      unique_key: customer_id
      strategy: timestamp
      updated_at: updated_at
      dbt_valid_to_current: "to_date('9999-12-31')"

This is the cheap, precise option (one column comparison per row, no value-by-value diffing), and it carries a bonus that matters more than the cost savings: the version windows inherit the source’s notion of when the change happened. The new version’s dbt_valid_from is set from updated_at, not from whenever your snapshot job happened to run. If the source stamps updated_at at the moment of the edit, your history is dated to the edit, even when the snapshot runs hours later.

The catch is the word “trust.” The strategy is exactly as good as the source’s discipline. An updated_at that a backend job touches on every write — including writes that change nothing — generates phantom versions. Worse is the reverse: an updated_at that doesn’t move when a bulk backfill or a DBA’s manual UPDATE changes the data means the change is invisible forever, because the snapshot never looks past that column. Before you commit to timestamp, interrogate the source: who sets this column, in how many code paths, and does anyone write to the table around it?

check: trust nothing, compare everything

The check strategy skips the clock and compares values. You name the columns that constitute a “change,” and each run diffs them against the latest version:

# snapshots/customers_snapshot.yml
snapshots:
  - name: customers_snapshot
    relation: ref('stg_customers')
    config:
      unique_key: customer_id
      strategy: check
      check_cols: [city, country, segment]
      dbt_valid_to_current: "to_date('9999-12-31')"

This is the strategy for sources with no reliable updated_at — which, in practice, is most sources you didn’t build yourself. It also gives you something timestamp can’t: selectivity. With check_cols you’re declaring which attributes are Type 2. A customer’s city change creates a version; an email correction — Type 1 by the last chapter’s logic — doesn’t, as long as email isn’t in the list. The strategy config doubles as your per-attribute SCD policy, written down where the next engineer will find it.

There’s a check_cols: all escape hatch that diffs every column. Use it reluctantly. On a wide table it means comparing every value of every row on every run — real compute on a 60-column dimension, and it turns any new column into a change-detection surface. That last part bites in a specific, nasty way: add a column to the source, and existing snapshot versions don’t have values for it. On the next run, every row looks changed (null then, populated now) and you mint a version for the entire dimension in one shot. A thousand-row dimension grows a thousand junk versions with identical business content. check_cols: all plus an evolving schema is a version-explosion machine; if you must diff broadly, list the columns explicitly so schema growth is a deliberate edit, not an ambush.

While we’re on nulls: the check comparison does handle null-to-value and value-to-null transitions as changes (a plain != wouldn’t: null comparisons come back null, not true, so dbt’s generated SQL adds the null-mismatch arms explicitly). A null staying null is, correctly, not a change. The residual sharp edge is semantic nulls: if your staging model coalesces nulls to 'Unknown' on some runs and not others, the snapshot will faithfully record that flapping as history. Snapshots downstream of unstable transformations record the instability. Snapshot a staging model, yes — it should rename and retype — but keep it boring: no business logic that might be refactored, because every refactor that changes an output value is a change as far as the snapshot can tell.

The honest summary: timestamp when the source maintains a trustworthy modified-time — cheaper, and better-dated history. check when it doesn’t, or when you want the change-column list to be your Type 2 policy. Many teams run check by default and promote individual snapshots to timestamp after auditing the source’s updated_at behavior, which is a defensible way around having to trust strangers’ code.

The meta-columns: what dbt writes on every version

Every snapshot table carries four bookkeeping columns, and the point-in-time join depends on reading them correctly.


	dbt_valid_from — when this version became true. Under timestamp, it’s the source’s updated_at value; under check, it’s the snapshot run’s timestamp. This difference is load-bearing and we’ll come back to it.

	dbt_valid_to — when this version stopped being true. Set to the successor’s dbt_valid_from when a new version closes this one. On the current version it’s null by default — or your sentinel, if you configure one.

	dbt_scd_id — a hash of the unique key and the change timestamp: a synthetic identifier for this version of this row. dbt uses it internally as the merge key; you should use it as a uniqueness test target and otherwise leave it alone.

	dbt_updated_at — the updated_at value (or run timestamp) that produced this version. Mostly a debugging aid.



The dbt_valid_to_current config in the examples above is a 1.9+ convenience worth adopting from day one: it stores a far-future sentinel like 9999-12-31 in the open row’s dbt_valid_to instead of null. The payoff is that every window predicate becomes a clean range test with no or dbt_valid_to is null special case: simpler SQL, and one less place to forget the null arm and silently drop every current customer from a report. One warning, straight from the docs: adding this config to an existing snapshot doesn’t migrate old rows. You’ll have nulls on rows created before the config and sentinels after, and your queries must tolerate both until you run a one-time update to backfill the sentinel. Adopt it before the first run and the problem never exists.

If the dbt_ prefixes offend your Kimball sensibilities, snapshot_meta_column_names lets you rename all four (dbt_valid_from → valid_from, and so on). I leave them alone in the snapshot and rename in the dimension model on top — the prefix usefully marks which layer you’re reading.

hard_deletes: when a row vanishes

Sources delete rows, and a snapshot has to decide what that means. The hard_deletes config (dbt 1.9+, replacing the older invalidate_hard_deletes flag) offers three answers:


	ignore (default) — a vanished row’s last version stays open forever. Almost never what you want: the customer looks eternally current despite not existing.

	invalidate — the last version gets closed with dbt_valid_to set to the run timestamp. The history reads “true until we noticed it was gone,” which is usually the right semantics.

	new_record — closes the last version and inserts a tombstone version flagged with a dbt_is_deleted column. Reach for this when downstream logic needs to distinguish “deleted” from “we merely stopped hearing about it,” or when deleted entities can resurrect and you want that visible as history.



Pick invalidate unless you have a reason. The default of ignore is backward-compatibility politeness, not a recommendation.

Two runs, one move

Abstractions cheat; tables don’t. Here’s customer 2 across two snapshot runs under the timestamp strategy, with the sentinel configured.

Run 1 — April 1. The source row says Boston, updated_at from her signup edit in January:




















	customer_id	city	dbt_valid_from	dbt_valid_to	dbt_updated_at
	2	Boston	2026-01-05 09:14:02	9999-12-31 00:00:00	2026-01-05 09:14:02


One row, window open. Note dbt_valid_from is January 5th — the source’s timestamp, not April 1st. The snapshot’s first sight of a row adopts the row’s own story about when it became true.

Run 2 — April 19. She moved; the source overwrote city to Denver on April 18 at 16:41. The run detects updated_at moved, closes Boston, inserts Denver:



























	customer_id	city	dbt_valid_from	dbt_valid_to	dbt_updated_at
	2	Boston	2026-01-05 09:14:02	2026-04-18 16:41:37	2026-01-05 09:14:02
	2	Denver	2026-04-18 16:41:37	9999-12-31 00:00:00	2026-04-18 16:41:37


Everything downstream hangs on the invariant visible in that second table: Boston’s dbt_valid_to equals Denver’s dbt_valid_from, exactly — no gap, no overlap, windows half-open (valid_from inclusive, valid_to exclusive). Every timestamp belongs to exactly one version. That invariant is what the point-in-time join assumes and what the tests at the end of this chapter exist to defend.

Had this been the check strategy, the table would differ in one meaningful way: the boundary would read 2026-04-19 06:00:13 (the run’s timestamp) instead of April 18 at 16:41. The history would be dated to observation, not to the event. Hold that thought; it becomes the first limitation.

Querying the history

Two joins matter, and they answer different questions.

The point-in-time join attaches each fact to the version that was true when the fact happened. With half-open windows and the sentinel, it’s a pair of range predicates:

select
    f.order_id,
    c.city,
    sum(f.extended_price) as revenue
from fct_order_items as f
join dim_customer_history as c
  on  f.customer_id = c.customer_id
  and f.order_date >= c.valid_from
  and f.order_date <  c.valid_to
group by 1, 2

January’s orders fall inside Boston’s window and report as Boston, forever, no matter how many times she moves. The >= / < pair against half-open windows means boundary timestamps land in exactly one version. Use between here instead and a fact stamped precisely at a boundary joins to two rows and double-counts.

One subtlety when facts carry dates and windows carry timestamps: a date compared to a timestamp coerces to midnight. An order dated April 18 — the move day — lands at 2026-04-18 00:00:00, which is before the 16:41 boundary, so it joins to Boston. That’s a defensible convention (the day belongs to whoever held it at midnight), but it should be a decision, not an accident. If you’d rather a change own its whole day, truncate the windows to dates in the dimension model and enforce one-version-per-day upstream.

The is_current fast path answers the other question — “what’s true now?” — without range predicates:

select c.segment, count(distinct f.customer_id) as customers
from fct_order_items as f
join dim_customer_history as c
  on f.customer_id = c.customer_id
where c.is_current
group by 1

This rolls all history up to today’s attributes — every order she ever placed reports as Denver. Sometimes that’s exactly what’s being asked (“current segmentation, all-time revenue”); it’s also precisely the amnesia Type 2 exists to prevent, applied on purpose. Both queries are legitimate. A report that doesn’t say which one it ran is not.

The dimension on top

Now the layer that makes the snapshot consumable. The history dimension renames the meta-columns, mints the keys, and derives is_current:

-- models/marts/dim_customer_history.sql
{{ config(materialized='table') }}

select
    {{ dbt_utils.generate_surrogate_key(['customer_id', 'dbt_valid_from']) }} as customer_version_sk,
    {{ dbt_utils.generate_surrogate_key(['customer_id']) }}                   as customer_sk,
    customer_id,
    full_name,
    email,
    city,
    country,
    segment,
    dbt_valid_from                                       as valid_from,
    dbt_valid_to                                         as valid_to,
    dbt_valid_to = to_date('9999-12-31')                 as is_current
from {{ ref('customers_snapshot') }}

Two surrogate keys, deliberately. customer_version_sk — hashed from the natural key plus valid_from — identifies one version and is this table’s primary key. customer_sk, hashed from the natural key alone, is the durable key, identical across all of a customer’s versions, and identical to the customer_sk that fct_order_items computed for itself back in chapter 4. That’s not a coincidence to preserve; it’s the design.

Because here’s the tension nobody warns you about: the deterministic-hash trick that made fact loads so clean — hash the natural key on both sides, no lookup join — only resolves to a customer, not to a version of a customer. A Type 2 dimension has several rows per customer_sk, so the fact’s hashed key alone can’t name one. You have two coherent designs:

Durable key on the fact, windows at query time. The fact carries customer_sk and its own event date; every as-of query does the range join above. Loads stay simple and deterministic, and (this matters for the next chapter) a back-dated fix to the dimension’s windows is picked up by every query automatically, because nothing was baked in at load time. The cost is a range join in every historical query, which BI tools handle with varying grace.

Version key resolved at load time. Kimball’s orthodox answer: the fact build looks up customer_version_sk with the range join once, at load, and stores it. Queries become plain equi-joins — fast, BI-friendly. The costs are a lookup join on every incremental load and a subtle fragility: the stored key is a bet that the dimension’s windows were right at load time. When a late-arriving change rewrites a window, facts pointing into it are silently mispointed until you repair them.

If you store the version key, keep the durable key alongside it — repairs and current-view rollups need it. For the bookshop, the fact already carries customer_sk and order_date, so we take the first design and let queries do the windowing; a heavy BI workload would justify the second.

Consumers who never want history get a current view, and it costs one model:

-- models/marts/dim_customer.sql
{{ config(materialized='view') }}

select
    customer_sk,
    customer_id,
    full_name,
    email,
    city,
    country,
    segment
from {{ ref('dim_customer_history') }}
where is_current

One row per customer, today’s truth, keyed by the same customer_sk the facts already carry — a Type 1 face over a Type 2 spine. Analysts who want simplicity join this; analysts who want the truth over time join the history table. Both are reading the same captured changes.

Where snapshots stop being Type 2

dbt snapshots are excellent at what they do, and what they do is narrower than the full Type 2 requirement. Three structural limits, in ascending order of pain.

They record observation time, not business-effective time. A snapshot can only date a change to when it saw it (check) or to the source’s updated_at (timestamp). Neither is a business-effective date. When the pricing team decides on July 1st that a book’s list price changes on August 1st, the source row updates in July, and the snapshot opens the new version in July. There is nowhere in the mechanism to say “this version becomes true in the future,” or “this change was retroactively effective last month.” If your dimension’s changes carry effective dates as data, snapshots will systematically mis-date your history.

They only see changes that survive until a run. A snapshot’s history has the resolution of its schedule. If city goes Boston → Chicago → Denver between Monday’s run and Tuesday’s, the snapshot records Boston → Denver; Chicago never existed. Run cadence is a history-fidelity dial: daily runs mean daily-grain history, and no cadence catches everything. For most dimensions that’s fine — they’re called slowly changing for a reason. For audit-grade requirements it isn’t, and no amount of snapshot configuration fixes it, because the mechanism is polling, not change capture.

They cannot back-fill, and they cannot be rebuilt. The history starts the day you first run the snapshot; everything before is gone. If you deploy the snapshot in June, there is no history of May — even if the source could tell you about May. Equally, there’s no repair path: a bug that poisoned three weeks of versions can’t be fixed with --full-refresh, because rebuilding the table from today’s source yields exactly one version per row — today’s. The snapshot table is the only stateful, unrebuildable object in a dbt project. Treat it accordingly: it lives in one production schema, dev and CI environments don’t get to recreate it, and it’s in your backup story. Every other table in the project is disposable; this one is a source of record you happen to generate.

When you need to roll your own

All three limits share a root cause: the snapshot infers history by watching current state. The moment your source can hand you history as data — an effective_from column, an audit table, a CDC change stream — inference is the wrong tool, and hand-rolling Type 2 becomes both possible and better. Given a changelog like stg_customer_changes (one row per customer per change, carrying effective_from), the windows derive with one window function:

-- models/marts/dim_customer_history.sql  (changelog-derived variant)
{{ config(materialized='table') }}

select
    {{ dbt_utils.generate_surrogate_key(['customer_id', 'effective_from']) }} as customer_version_sk,
    {{ dbt_utils.generate_surrogate_key(['customer_id']) }}                   as customer_sk,
    customer_id,
    city,
    country,
    segment,
    effective_from                                       as valid_from,
    coalesce(
        lead(effective_from) over (
            partition by customer_id
            order by effective_from
        ),
        to_date('9999-12-31')
    )                                                    as valid_to,
    lead(effective_from) over (
        partition by customer_id
        order by effective_from
    ) is null                                            as is_current
from {{ ref('stg_customer_changes') }}

Each version’s valid_to is simply the next version’s valid_from (lead() over the change sequence), with the sentinel closing the ranks. Look at what this buys against the three limits: valid_from is the business date, because it came from the data. Every change in the log appears, regardless of when any job ran. And the table is a plain deterministic model — rebuildable from scratch, back-fillable to wherever the log starts, testable in CI, safe to --full-refresh. A late-arriving, retroactive change is handled by rebuilding: the new changelog row slots into the sequence and lead() re-derives every window around it. That last property is the entire subject of the next chapter, so file it away.

At scale you’d wrap this in an incremental model — recompute windows only for customers with new changes, using the techniques from dbt’s incremental models — but the table form is the idea. The decision rule falls out cleanly: source gives you only current state → snapshot. Source gives you history as data → derive the windows yourself. Plenty of warehouses run both, per dimension, and that’s not inconsistency — it’s matching the tool to what each source can actually tell you.

The tests that actually protect it

A Type 2 dimension has failure modes that unique and not_null can’t see. The join contract is windows: for each customer, no overlaps, no gaps, exactly one current row. A duplicated window double-counts every fact that lands in it; a gap silently drops facts; two current rows corrupt every is_current rollup. The test that defends the contract is dbt_utils.mutually_exclusive_ranges:

# models/marts/_marts.yml
models:
  - name: dim_customer_history
    data_tests:
      - dbt_utils.mutually_exclusive_ranges:
          lower_bound_column: valid_from
          upper_bound_column: valid_to
          partition_by: customer_id
          gaps: not_allowed
    columns:
      - name: customer_version_sk
        data_tests:
          - unique
          - not_null
      - name: customer_id
        data_tests:
          - unique:
              config:
                where: "is_current"

mutually_exclusive_ranges sorts each customer’s windows and asserts that each one ends exactly where the next begins. gaps: not_allowed is the strict form you want for SCD, since a Type 2 dimension should tile time completely from first sight to the sentinel. Note it needs comparable, non-null bounds, which the 9999-12-31 sentinel guarantees; on a null-terminated snapshot you’d coalesce in the model first. The unique test with where: "is_current" enforces the one-current-row rule — a plain unique test on customer_id would be wrong, since history means multiple rows per customer.

Will these ever fire on a healthy snapshot? Rarely — dbt’s merge maintains the invariant. They fire when someone hand-patches the snapshot table (next chapter makes an honest case for doing exactly that), when a changelog-derived dimension ingests duplicate or contradictory change rows, or when two snapshot jobs run concurrently and race. Those are precisely the moments you want a red build instead of a subtly wrong report — quarters later, in front of an executive, which is where unprotected window corruption is traditionally discovered.

Final thoughts

dbt snapshots are the rare abstraction that gives you the full value of a hard pattern — close-and-insert versioning, windowed history, current flags — at close to zero implementation cost, and the temptation is to stop thinking once the YAML parses. Resist that on two fronts. First, the snapshot is infrastructure, not a dimension: keep it slim, feed it a boring staging model, guard it like the unrebuildable source of record it is, and do your modeling in the layer above. Second, know exactly which promise it makes — history of what we observed, dated to when we observed it — and stop expecting the other promise, history as the business meant it. When the source can tell you what the business meant, take the data and derive the windows yourself; a lead() over a changelog is less clever than a snapshot and strictly more truthful. The skill isn’t operating the tool. It’s knowing which of the two histories you’re capturing — and whether it’s the one your reports claim to show.





Late-Arriving Data: The Warehouse After Hours

Warehouses like clean timelines. Source systems do not provide them.

An order can arrive before the customer record it references. A shipment correction can show up after the month has closed. A customer address change can be back-dated because it was effective last week but entered today. If the model assumes records arrive in the same order the business experienced them, the first bad day will teach you otherwise — usually in front of someone who has already sent the numbers to a board.

Late-arriving data is the family of patterns for those days. The last chapter ended on a promise: that a changelog-derived Type 2 dimension can be rebuilt to absorb a back-dated change, and that this property is the whole subject of the chapter you’re reading. It is. But before we can cash that promise we have to separate two problems that look alike and cure differently.

There are two main cases. Late-arriving facts, where the event shows up before its dimension row exists at all — you have a foreign key with nothing to point at. And late-arriving dimension changes, where the descriptive history itself changes after facts have already been loaded against it — the row exists, but the version the fact should have joined to didn’t, or existed with the wrong window.

The first is a missing member problem. The second is a misplaced boundary problem. They share a root cause — the business experienced things in an order the warehouse learned them in a different order — and almost nothing else. Solve them with the same tool and you’ll corrupt one while fixing the other.

Late facts need somewhere to point

Suppose an order line arrives with customer_id = 8812, but the customer snapshot does not contain customer 8812 yet. Maybe the order-capture system and the customer master replicate on different schedules; maybe a new customer’s first act was to place an order and the master hasn’t caught up. The fact has a real, meaningful natural key. The dimension row is missing.

The naive join drops the order:

select
    order_items.order_item_id,
    customers.customer_sk
from {{ ref('stg_order_items') }} as order_items
inner join {{ ref('dim_customer_history') }} as customers
    on  order_items.customer_id = customers.customer_id
    and order_items.order_date >= customers.valid_from
    and order_items.order_date <  customers.valid_to

That is reconciliation poison. The sale happened; revenue moved; a book left a warehouse. The star schema reports the total as if none of it occurred, because a descriptive table arrived late. And it fails silently — an inner join that drops a row leaves no error, no null, no log line. The number is just quietly wrong, and it stays wrong until someone reconciles against the source system and finds the gap. That reconciliation is expensive precisely because nothing pointed at the problem.

The first rule of late facts, then, is never let a missing dimension drop a fact. Switch the inner join for a left join and route the miss to a member that always exists. Back in the dimensions chapter every dim_ table got a reserved unknown member — the -1 row, its surrogate key a hash of a literal '-1' — for exactly this moment:

coalesce(
    customers.customer_sk,
    {{ dbt_utils.generate_surrogate_key(["'-1'"]) }}
) as customer_sk

The unknown member keeps the fact visible. Totals reconcile even when attribution is incomplete; the report shows “Unknown customer” as a line rather than shorting the grand total. That’s the floor of correctness: facts survive, numbers foot, and the incompleteness is legible instead of hidden.

But the -1 member throws away something you were holding. You know this order belongs to customer 8812. Collapsing it into a single anonymous bucket alongside every other unresolved order means that when 8812 finally lands, nothing reconnects. The order stays “Unknown” forever, or someone runs a manual repair. There is a better move when the natural key is present.

Inferred members preserve the identity

An inferred member is a placeholder dimension row minted from the fact itself. The moment a fact references a customer the dimension has never seen, you insert a row for that customer — natural key populated, descriptive attributes defaulted to “Unknown,” and a flag that says “this is a stand-in, not a real record yet”:

customer_sk       customer_id   full_name              city      is_inferred
hash(8812)        8812          Unknown (inferred)     Unknown   true

The fact points at this row. Its foreign key is never null, and — this is the whole trick — the customer_sk on that inferred row is the deterministic hash of the natural key, generate_surrogate_key(['customer_id']), exactly the key the fact computed for itself back in chapter 4. The fact and the placeholder agree on the surrogate key without ever having met, because they both derived it from 8812.

That agreement is what makes the back-fill free. When the real customer 8812 lands in the source — with a name, a city, a segment — the dimension rebuilds, produces a real row for 8812 whose customer_sk is hash(8812), and the inferred placeholder simply stops being generated. The fact’s foreign key already equals hash(8812); it now resolves to the real row instead of the placeholder, and every report that grouped the order under “Unknown (inferred)” silently reattributes to the real customer. Nothing about the fact changed. The FK was durable from the start; only the thing it pointed at improved.

This is the central tradeoff between the two members:


	The -1 unknown member is for when the business identity is genuinely absent — a null key, a corrupted key, a walk-in with no account. There’s nothing to reconnect to, so one shared bucket is honest.

	The inferred member is for when the natural key is present and meaningful but the descriptive row is merely late. It preserves the identity so the eventual arrival heals the history on its own.



Use both. The left join coalesces a genuinely-null key to -1; a present-but-unknown key gets an inferred member. They are not competitors; they cover different failure modes on the same load.

Building inferred members in dbt

Here’s the pattern for the bookshop, built into the Type 2 customer dimension itself so that as-of range joins resolve, not just current-state ones. Recall from the last chapter that dim_customer_history is the versioned table (built on customers_snapshot, exposing valid_from / valid_to / is_current / the durable customer_sk), and dim_customer is the thin where is_current view over it. We extend the history model to union real versions with inferred placeholders:

-- models/marts/dim_customer_history.sql  (extended with inferred members)
{{ config(materialized='table') }}

with versions as (
    select
        {{ dbt_utils.generate_surrogate_key(['customer_id', 'dbt_valid_from']) }} as customer_version_sk,
        {{ dbt_utils.generate_surrogate_key(['customer_id']) }}                   as customer_sk,
        customer_id,
        full_name,
        email,
        city,
        country,
        segment,
        dbt_valid_from                       as valid_from,
        dbt_valid_to                         as valid_to,
        dbt_valid_to = to_date('9999-12-31') as is_current,
        false                                as is_inferred
    from {{ ref('customers_snapshot') }}
),

-- natural keys that facts reference but the snapshot has never seen
missing_keys as (
    select distinct order_items.customer_id
    from {{ ref('stg_order_items') }} as order_items
    left join versions
        on order_items.customer_id = versions.customer_id
    where versions.customer_id is null
      and order_items.customer_id is not null
),

inferred as (
    select
        {{ dbt_utils.generate_surrogate_key(['customer_id', "'inferred'"]) }} as customer_version_sk,
        {{ dbt_utils.generate_surrogate_key(['customer_id']) }}               as customer_sk,
        customer_id,
        'Unknown (inferred)'       as full_name,
        cast(null as varchar)      as email,
        'Unknown'                  as city,
        'Unknown'                  as country,
        'UNKNOWN'                  as segment,
        cast('1900-01-01' as date) as valid_from,
        to_date('9999-12-31')      as valid_to,
        true                       as is_current,
        true                       as is_inferred
    from missing_keys
)

select * from versions
union all
select * from inferred

Two details are load-bearing. First, the inferred row’s window runs from a floor date (1900-01-01) to the sentinel — it spans all time on purpose, so that a fact of any order_date falls inside it. An inferred member has no version history; it’s a single open row standing in for a customer whose real windows aren’t known yet, and it must catch every fact that references the key regardless of when the order happened. Second, the inferred customer_version_sk hashes in the literal 'inferred' so it can never collide with a real version’s key (which hashes the natural key plus dbt_valid_from). The durable customer_sk, though, is deliberately identical to the eventual real row’s — that’s the reconnection seam.

The missing_keys CTE is doing inferred-member detection: it’s the set of customer natural keys that appear in facts but nowhere in the snapshot. Anything in that set gets a placeholder. Anything that leaves the set — because the real customer finally arrived — stops getting one, automatically, on the next dbt build.

The back-fill happens for free

Watch a single customer move through the lifecycle. On Monday, order line references customer 8812; the snapshot has never heard of them. missing_keys contains 8812, inferred mints a placeholder, and the fact — which computed customer_sk = hash(8812) at load time — joins cleanly to it. A revenue report shows the order under “Unknown (inferred).”

On Thursday the customer master catches up and the snapshot captures 8812: name “Ada Okafor,” city “Lagos,” segment “TRADE.” Now versions contains a real row for 8812 with customer_sk = hash(8812). The left join in missing_keys finds a match, so 8812 drops out of the missing set; inferred no longer produces a placeholder. The same dbt build that ingested the real customer also retired the stand-in. Thursday’s revenue report shows the identical order under “Ada Okafor · Lagos,” with zero fact rows touched.

The as-of join that both reports run is the standard half-open range join against dim_customer_history:

select
    orders.order_id,
    customers.city,
    customers.is_inferred,
    sum(orders.extended_price) as revenue
from {{ ref('fct_order_items') }} as orders
join {{ ref('dim_customer_history') }} as customers
  on  orders.customer_sk = customers.customer_sk
  and orders.order_date >= customers.valid_from
  and orders.order_date <  customers.valid_to
group by 1, 2, 3

Selecting is_inferred in the report — or filtering where not is_inferred for a clean view, or where is_inferred for an operational worklist — is the flag paying off. It tells consumers exactly which rows are provisional, and it gives operations a query for “how many inferred members are still unresolved, and how old are they?” An inferred member that has sat unresolved for two weeks is not a modeling curiosity; it’s a broken replication feed with a dollar figure attached, and the flag is what surfaces it.

Note the join key is the durable customer_sk and the predicate is the half-open window (>= valid_from, < valid_to) against the sentinel — the same contract from the last chapter. This is the durable-key-on-the-fact design at work: the fact stores only the durable key and its own event date, and the query resolves the version. That choice is about to matter enormously for the second half of the problem.

Late dimension changes are the harder half

Now flip the problem. The dimension row exists. What arrives late is a change to it — and worse, a change that belongs in the past.

The order arrived on June 10. At the time, the customer lived in Boston, and the fact was correctly loaded. On June 20, the source sends a correction: the customer moved to Denver, effective June 1. The move is real, it’s dated, and it predates an order you’ve already attributed to Boston. The June 10 order should report as Denver, because on June 10 the customer already lived there — the business just didn’t tell you until the 20th.

This is categorically harder than a late fact, for two reasons. First, there’s no null to catch — the join succeeded, to a version that existed, producing a plausible-looking answer that happens to be wrong. Second, fixing it means editing history that other rows already depend on. If a later change also exists — say the customer moved again to Austin on July 1, and that version is already recorded — then absorbing the June 1 Denver change means splitting and re-windowing an established sequence:

Before the correction lands:
  Boston  valid_from 2026-01-05   valid_to 2026-07-01
  Austin  valid_from 2026-07-01   valid_to 9999-12-31

After Denver (effective 2026-06-01) is discovered:
  Boston  valid_from 2026-01-05   valid_to 2026-06-01
  Denver  valid_from 2026-06-01   valid_to 2026-07-01
  Austin  valid_from 2026-07-01   valid_to 9999-12-31

Boston’s window has to contract — its valid_to moves earlier — and a brand-new Denver window has to slot in between two versions that already exist, without leaving a gap or an overlap. This is surgery on a tiled timeline, and it’s exactly the operation dbt snapshots cannot perform.

Why snapshots can’t reconstruct a back-dated change

It’s worth being precise about why, because the failure is structural, not a configuration you forgot to set.

A snapshot answers one question per run: does the source’s current state differ from the latest version I recorded? If yes, it closes the open version at “now” (or at the source’s updated_at) and appends a new open version. Two properties of that mechanism doom the back-dated case:

It only ever appends at the end. A snapshot closes the current version and inserts after it. There is no code path that reopens a closed window, splits it, and inserts a version between two existing ones. When the Denver change surfaces on June 20, the snapshot — if it notices at all — would close Austin (the current version) and append Denver after July 1, which is nonsense. The mechanism has no notion of “this change was effective earlier than a version I’ve already sealed.”

It dates changes to when it looked, not when they were true. Even setting the ordering problem aside, the snapshot stamps the new version’s valid_from from the source’s updated_at (timestamp strategy) or the run clock (check strategy). The correction was entered June 20; whatever updated_at the source writes is a June 20-ish value, not June 1. The business-effective date lives in a column — an effective_date the source sends — and the snapshot mechanism has no slot to read it into. The effective date is data the snapshot structurally ignores.

And --full-refresh can’t rescue you, for the reason the last chapter hammered: rebuilding a snapshot from current source state yields exactly one version per row — today’s. The history the snapshot accumulated is the only record that a customer was ever in Boston; blow it away and you get a single Denver (or Austin) row with no past at all. The snapshot is stateful and unrebuildable by design, which means a back-dated change it can’t represent is a change it can never represent, no matter how many times you run it.

The mitigation is the one the last chapter set up: when the source can hand you the change as dated data, stop inferring history from state and derive it from the data. A back-dated correction only exists as a problem because the snapshot infers timing from observation. Give the timing to the model as a column and the whole class of problem dissolves.

Re-windowing from effective dates

If the source provides an effective date per change — an effective_from in an audit table, a CDC feed, a changelog like stg_customer_changes (one row per customer per change) — build the Type 2 windows from those dates instead of from observation time. The window function does the tiling:

-- models/marts/dim_customer_history.sql  (changelog-derived variant)
{{ config(materialized='table') }}

with changes as (
    select
        customer_id,
        city,
        country,
        segment,
        effective_from
    from {{ ref('stg_customer_changes') }}
),

windowed as (
    select
        {{ dbt_utils.generate_surrogate_key(['customer_id', 'effective_from']) }} as customer_version_sk,
        {{ dbt_utils.generate_surrogate_key(['customer_id']) }}                   as customer_sk,
        customer_id,
        city,
        country,
        segment,
        effective_from as valid_from,
        coalesce(
            lead(effective_from) over (
                partition by customer_id
                order by effective_from
            ),
            to_date('9999-12-31')
        ) as valid_to,
        lead(effective_from) over (
            partition by customer_id
            order by effective_from
        ) is null as is_current
    from changes
)

select * from windowed

Each version’s valid_to is the next version’s valid_from — lead() over the change sequence, sentinel-closed. Now walk the June 20 correction through it. The correction arrives as a new changelog row: (customer_id, city='Denver', effective_from='2026-06-01'). On the next dbt build, that row joins the changes sequence, order by effective_from sorts it between Boston (Jan 5) and Austin (Jul 1), and lead() recomputes every boundary around it in one pass. Boston’s valid_to becomes June 1; Denver spans June 1 to July 1; Austin is untouched. The back-dated change re-windowed the timeline correctly because the model recomputes the whole tiling from data every run — no reopening, no splitting, no in-place surgery. A rebuild is the repair.

That is the property promised at the end of the last chapter, delivered. It’s also the reason a changelog-derived dimension is materialized='table' and safe to --full-refresh: the source of truth is the changelog, which retains every effective-dated row, so the model is pure derivation. Contrast that with the snapshot, where the model is the source of truth and rebuilding destroys it.

The as-of join is unchanged — it’s still the half-open range join against dim_customer_history:

select
    orders.order_id,
    customers.city,
    sum(orders.extended_price) as revenue
from {{ ref('fct_order_items') }} as orders
join {{ ref('dim_customer_history') }} as customers
  on  orders.customer_sk = customers.customer_sk
  and orders.order_date >= customers.valid_from
  and orders.order_date <  customers.valid_to
group by 1, 2

After the rebuild, the June 10 order — order_date = 2026-06-10 — now falls inside Denver’s [2026-06-01, 2026-07-01) window and reports as Denver, automatically. Nobody re-pointed the fact. The fact stored only its durable customer_sk and its order_date; the version was always resolved at query time, so the moment the windows moved, the answer moved with them. That’s the durable-key design paying its dividend exactly when it matters.

Re-pointing the facts

The previous paragraph hides a fork. It’s clean because the bookshop stores the durable key on the fact and resolves the version in the query. Under the alternative design — version key resolved at load time, where the fact stores customer_version_sk, the exact version believed valid when the fact loaded — a re-window leaves facts pointing at the wrong version, and someone has to re-point them.

Concretely: the June 10 order was loaded when Boston’s window still ran to July 1, so its stored customer_version_sk is Boston’s. After the correction splits that window, the order’s order_date now belongs to Denver — but the fact still carries Boston’s version key. The equi-join that made this design fast will happily join to Boston and report the old, wrong answer. The stored key is a bet that the window was right at load time, and the bet just lost.

Re-pointing is a targeted re-resolution. For a full-refresh fact build it happens for free (the range lookup re-runs against the corrected dimension), but production facts are incremental, so you repair only the affected customers:

-- macros/repair_customer_versions.sql  →  run via `dbt run-operation`
-- Re-resolve version keys for facts whose customer had a window change.
update {{ ref('fct_order_items') }} as f
set customer_version_sk = c.customer_version_sk
from {{ ref('dim_customer_history') }} as c
where f.customer_sk = c.customer_sk
  and f.order_date >= c.valid_from
  and f.order_date <  c.valid_to
  and f.customer_sk in (
      select customer_sk
      from {{ ref('stg_customer_changes') }}
      where loaded_at >= {{ var('repair_since', "current_date - 7") }}
  )
  and f.customer_version_sk <> c.customer_version_sk

The in (…) clause scopes the update to customers who actually had a recent change — you do not want to re-scan every fact row on every load — and the final <> predicate touches only rows whose stored key is genuinely stale. This is the operational tax of the version-key design: correct, fast to query, but every late dimension change becomes an update you have to remember to run against the fact table.

So the two designs pay for late changes in different currencies. Durable key on the fact: the re-window is the entire fix; queries re-resolve automatically; the cost is a range join in every historical read. Version key on the fact: queries are cheap equi-joins; the cost is a fact-repair job on every window change, and a silent wrong answer in the window between the change landing and the repair running. Neither is universally right — but if your source can send back-dated changes and you can’t guarantee a repair runs promptly, the durable key’s “wrong answers are structurally impossible” is worth a lot more than the version key’s query speed. For the bookshop we keep the durable key and let the range join earn its keep.

Re-windowing needs tests

Deriving windows from data is powerful and sharp. The lead() machinery is only as good as the changelog it reads, and a changelog is a source you didn’t fully control. One duplicate change row, one pair of rows with identical effective_from, one clock-skewed timestamp, and the tiling breaks: overlapping windows that double-count, gaps that drop facts, or two rows both flagged is_current. None of these throw an error. They produce a table that looks fine and joins wrong.

So the re-windowing model carries the same guard the last chapter built, non-negotiably:

# models/marts/_marts.yml
models:
  - name: dim_customer_history
    data_tests:
      - dbt_utils.mutually_exclusive_ranges:
          lower_bound_column: valid_from
          upper_bound_column: valid_to
          partition_by: customer_id
          gaps: not_allowed
    columns:
      - name: customer_version_sk
        data_tests: [unique, not_null]
      - name: customer_id
        data_tests:
          - unique:
              config:
                where: "is_current"

Read those as the four invariants a re-window must never violate:


	exactly one current row per natural key (unique where is_current);

	no overlapping windows and no gaps (mutually_exclusive_ranges with gaps: not_allowed, so the timeline tiles completely);

	no zero-length windows (two changes with the same effective_from collapse a version to nothing — the range test catches the resulting overlap);

	and, implicitly, that every fact date lands in exactly one version when range-joined by durable key and event date, which is what the half-open windows plus complete tiling guarantee.



These are not decorative. On a healthy snapshot they rarely fire because dbt’s merge maintains the invariant for you. On a derived dimension — where you compute the windows yourself from a source of varying discipline — they fire the moment the changelog contradicts itself, and a red build is precisely what you want in that moment instead of a boardroom discovering it two quarters later. Re-windowing is history surgery. Check the stitches every run.

Backfills are part of the design

Every technique in this chapter has an operational twin, and skipping the twin leaves the model half-built. The modeling patterns — inferred members, effective-dated windows, the durable key — decide what’s possible. Operations decides whether it actually happens.

Answer these before declaring the model done:


	How far back can corrections arrive? This sizes your reprocessing lookback. If dimension changes can be effective 90 days back, a fact build that only reprocesses yesterday will miss the re-point.

	Do we reprocess a lookback window every day, or react to change events? A nightly rebuild of the changelog-derived dimension plus a bounded fact-repair window is the common answer; the version-key design forces you to have one.

	Which facts must be restated when a window moves, and who is told? Under the durable-key design, “restatement” is invisible — yesterday’s report and today’s differ and no one flagged it. Sometimes that’s correct; sometimes a closed month silently changing is a compliance problem. Decide, and communicate the policy.

	Who gets alerted when an inferred member stays unresolved? An inferred member is a dated IOU. where is_inferred and valid_from < current_date - 14 is a monitoring query, and someone should own its output.

	Can month-end numbers change after close? If back-dated corrections can land in a closed period, either you freeze reported periods (and carry the correction as a visible adjustment) or you accept that history is mutable and say so out loud.



If the answer to any of these is “we hope not,” the warehouse isn’t designed yet — it’s just built.

Final thoughts

Late data is where dimensional modeling proves whether it is honest or merely tidy. Unknown members keep facts visible when keys are missing. Inferred members preserve identity when dimensions lag. Effective-dated Type 2 models re-window history when the business sends back-dated truth. Durable and version keys choose where that correction is paid: at query time or during fact restatement. The important move is not pretending the timeline is clean. It is deciding, explicitly, how the warehouse behaves when it is not.





Star, Snowflake, and Galaxy

You’ve built a star: one fact table in the middle, denormalized dimensions on the points, single-key joins. It’s a good shape, and it has two well-known relatives that people reach for — one of them usually by mistake. Knowing all three isn’t trivia. It’s how you recognize when someone’s about to normalize your warehouse into a swamp, and how you spot the design decision that actually earns its keep. The whole chapter builds to one query — “units sold vs. units on hand, by title, by week” — and to the difference between the version that lies and the version that doesn’t.

The snowflake schema, and why it’s usually the wrong default

Look at dim_book. It repeats a genre string on every book — “Science Fiction” written out thousands of times, and next to it the category “Fiction” repeated even more. To a mind trained on transactional databases, that redundancy itches. The fix looks obvious: pull genre into its own dim_genre table, pull category into dim_category, and have each point at the next.

fct_order_items --- dim_book --- dim_genre --- dim_category

That’s a snowflake schema — dimensions normalized into sub-dimensions, so the star’s clean points fray into chains. You’ve traded some duplicated strings for referential tidiness. And on a columnar warehouse like Snowflake, that trade is almost always a loss.

The cost shows up the moment you write a query. In a flat star, “revenue by category” is a fact, one dimension, one join:

select
    b.category,
    sum(oi.quantity * oi.unit_price) as revenue
from fct_order_items as oi
join dim_book as b on oi.book_sk = b.book_sk
group by 1

Snowflake the schema and the same question grows a chain of joins, because category no longer lives on the book — it lives two hops away:

select
    c.category,
    sum(oi.quantity * oi.unit_price) as revenue
from fct_order_items as oi
join dim_book     as b on oi.book_sk    = b.book_sk
join dim_genre    as g on b.genre_sk    = g.genre_sk
join dim_category as c on g.category_sk = c.category_sk
group by 1

Every analyst now has to know that category isn’t on dim_book, that it hangs off dim_genre, that dim_genre in turn hangs off dim_category. The join graph is no longer “fact in the middle, dimensions on the points” — it’s a topology you have to memorize. Multiply that by every report, every ad-hoc question, every BI tool that has to be told about the extra tables, and you’ve made the warehouse harder to use in exchange for a saving that, on Snowflake, barely exists.

Here’s why the itch is misleading. The redundancy costs you almost nothing: Snowflake stores columns compressed, and a genre string that repeats ten thousand times compresses to nearly the footprint of storing it once. Dictionary and run-length encoding are exactly the case where a low-cardinality column repeated a million times collapses to a handful of distinct values plus pointers. So the “savings” you’re buying with normalization is largely imaginary — you’re normalizing to avoid a storage cost the storage engine already erased. What you’re paying is real: every query that filters or groups by category now threads two extra joins, every analyst has to know the chain exists, and the query planner has more tables to wrestle and more join orders to get wrong. You spent simplicity, the one currency the star was designed to hoard, to save disk that was already free.

When a snowflake is actually right

Don’t be dogmatic, though — the shape isn’t forbidden, it’s just rarely justified. There are two honest cases where snowflaking a sub-dimension out of the star earns its complexity.

A very large, very sparse sub-dimension. Suppose dim_book grew a rich cluster of attributes that only apply to a tiny fraction of titles — a detailed rights-and-licensing block that exists for the few hundred books the shop publishes itself, and is null for the hundreds of thousands it merely resells. Folding all of that into dim_book widens every row of a large table to carry columns almost none of them use. Splitting the licensing attributes into a dim_licensing sub-dimension that only the publisher-owned titles point at keeps the main dimension narrow and lets the sparse block stay small. The test is genuine sparsity plus genuine size: a wide attribute set that’s null for the overwhelming majority. Below that bar, keep it flat.

A security or governance boundary. Sometimes a group of attributes has to live in its own object because access to it is controlled separately — a sub-dimension holding regulated or restricted fields that only some roles may read, governed by its own masking policies and grants. Snowflaking it out isn’t about storage at all; it’s about drawing a permission boundary that a single wide dimension can’t express cleanly. If the reason you’re splitting is “these columns answer to a different owner or a different policy,” that’s a real reason, and it has nothing to do with duplicated strings.

Notice what’s not on the list: “to save space.” On a columnar warehouse that argument is mostly imaginary, and it’s the one people reach for most. Normalize for sparsity or for governance; never for the disk bill. Outside those cases, keep the star flat and let the storage be slightly larger. Simplicity wins the day-to-day, and the day-to-day is most days.

The galaxy: a constellation of facts

Now the shape that isn’t a mistake. Real warehouses have more than one business process to measure, and each gets its own fact table at its own grain. The bookshop measures sales in fct_order_items — one row per order line, additive measures like quantity and unit_price — and it measures inventory in fct_inventory_daily, a periodic snapshot with one row per book per day carrying that day’s stock_level. Two processes, two rhythms, two stars. When multiple fact tables share dimensions, you have a galaxy — also called a fact constellation, or a fact family.

        dim_date        dim_book
          |    \        /    |
          |     \      /     |
   fct_order_items    fct_inventory_daily
          |
     dim_customer

fct_order_items sits on dim_date, dim_book, and dim_customer. fct_inventory_daily sits on dim_date and dim_book only — inventory has no customer (nobody buys a snapshot). But the two dimensions in the middle, dim_date and dim_book, are shared. That sharing is the entire subject of the rest of this chapter. Get it right and the two stars combine into one integrated model you can query across. Get it wrong and you have two schemas that happen to live in the same database and can’t be compared — which is the most expensive kind of “almost.”

The word “share” is doing enormous work in that paragraph, and it’s worth being precise about what it has to mean.

Conformed dimensions: the actual point

A dimension is conformed when it’s used identically across multiple facts — the same table, the same keys, the same attributes, the same meaning. Not “a date dimension in each schema.” The date dimension, one model, referenced by both. When dim_date and dim_book are conformed between sales and inventory, something powerful falls out: you can slice both processes by the same calendar and the same book catalog and trust the comparison. “Units sold vs. units on hand, by title, by week” becomes a coherent question, and it’s only coherent because both facts are speaking the exact same dimensional language — the same book_sk means the same book on both sides, the same date_sk lands on the same calendar day.

Break conformance and the query silently lies. Let inventory quietly build its own book table with a different genre spelling, or a fiscal calendar that starts weeks on Monday while sales starts on Sunday, and “by title, by week” now compares two things that aren’t the same title and aren’t the same week — but the SQL runs, returns numbers, and nobody sees the seam. Conformed dimensions are the entire reason an integrated warehouse is more than a pile of disconnected reports. They’re what let a CFO drill from revenue to inventory to returns and land on the same rows every time. And they are only worth anything if you actually use them the right way — which brings us to the query this whole chapter has been circling.

Drill-across: the payoff, and the trap that ruins it

Two conformed dimensions across two facts unlock drill-across: pulling a measure from each fact and lining them up on the shared dimensions. “Units sold vs. units on hand, by title, by week” is the canonical drill-across — one measure (quantity) from fct_order_items, one measure (stock_level) from fct_inventory_daily, reported side by side against the same dim_book and the same weekly calendar off dim_date.

It is also the single easiest query in dimensional modeling to get catastrophically wrong. Here’s the wrong version — the one that looks reasonable and double-counts everything:

-- WRONG: one join across two facts fans out and inflates both measures
select
    b.title,
    d.week_start_date,
    sum(oi.quantity)     as units_sold,
    sum(inv.stock_level) as units_on_hand
from fct_order_items     as oi
join fct_inventory_daily as inv on inv.book_sk = oi.book_sk
join dim_book            as b   on b.book_sk   = oi.book_sk
join dim_date            as d   on d.date_sk   = oi.date_sk
group by 1, 2

Think about what the join produces before the group by ever runs. fct_order_items has many order lines per book, and fct_inventory_daily has one snapshot per book per day — so joining the two facts on book_sk pairs every order line for a title against every daily inventory row for that title, across all of time. A book with 300 order lines and a year of daily snapshots produces 300 × 365 rows for that one title. Now sum(oi.quantity) counts every order line 365 times, and sum(inv.stock_level) counts every snapshot 300 times. Both measures are inflated by the other fact’s row count. The numbers aren’t a little off — they’re off by two independent multipliers, and the multipliers change per title, so you can’t even eyeball the error. This is the classic fan-out (or chasm trap): the moment two many-rows facts meet in a single join, their measures multiply.

Tightening the join doesn’t save you. Add and inv.date_sk = oi.date_sk so the facts only meet on the same day and the explosion shrinks — but it doesn’t vanish. A title with three order lines on a day that also has one inventory snapshot still yields three rows, so stock_level is counted three times for that day. Any grain at which both facts have more than one row per group re-opens the trap. There is no join condition that fixes this, because the problem isn’t the condition — it’s that you asked one join to serve two facts at two grains.

The right shape is drill-across: aggregate each fact to the conformed grain separately, then join the two results on the conformed keys. Each fact is summarized on its own, to one row per book per week, so neither can inflate the other. Then — and only then — you line them up.

-- RIGHT: aggregate each fact to the conformed grain first, then join on the keys
with sales_by_week as (
    select
        oi.book_sk,
        d.iso_year,
        d.iso_week,
        sum(oi.quantity) as units_sold
    from fct_order_items as oi
    join dim_date as d on oi.date_sk = d.date_sk
    group by 1, 2, 3
),

on_hand_by_week as (
    -- stock_level is SEMI-ADDITIVE: it sums across books but NEVER across days.
    -- The week's on-hand is the last snapshot in the week, not the sum of seven.
    select book_sk, iso_year, iso_week, stock_level as units_on_hand
    from (
        select
            inv.book_sk,
            d.iso_year,
            d.iso_week,
            inv.stock_level,
            row_number() over (
                partition by inv.book_sk, d.iso_year, d.iso_week
                order by inv.snapshot_date desc
            ) as rn
        from fct_inventory_daily as inv
        join dim_date as d on inv.date_sk = d.date_sk
    )
    where rn = 1
)

select
    b.title,
    coalesce(s.iso_year, h.iso_year) as iso_year,
    coalesce(s.iso_week, h.iso_week) as iso_week,
    coalesce(s.units_sold,   0)      as units_sold,
    coalesce(h.units_on_hand, 0)     as units_on_hand
from sales_by_week as s
full outer join on_hand_by_week as h
       on  s.book_sk  = h.book_sk
       and s.iso_year = h.iso_year
       and s.iso_week = h.iso_week
join dim_book as b on b.book_sk = coalesce(s.book_sk, h.book_sk)
order by b.title, iso_year, iso_week

Three things in that query are the whole lesson. First, each measure is summed inside its own CTE, at the same (book_sk, iso_year, iso_week) grain, so no fact ever multiplies another — units_sold and units_on_hand are each computed exactly once. Second, the two aggregates meet through a full outer join on the conformed keys, not an inner join: a title that sold in a week but had no inventory snapshot (or a title held in stock that sold nothing) still appears, with a zero on the missing side instead of vanishing. An inner join here would quietly drop exactly the rows an analyst most wants to see — the stockout that sold nothing, the fire-sale that emptied the shelf. Third, notice the comment on on_hand_by_week: inventory’s stock_level is semi-additive, so you never sum it across days. Summing a week of daily snapshots would answer “how much stock-day did we hold,” which is not a number anyone asked for. The week’s on-hand is a point-in-time value — here, the last snapshot in the week via row_number(). Averaging the seven days is the other defensible choice; summing them is always wrong.

That’s drill-across: separate aggregations, each grouped to the conformed grain, joined on the conformed keys. It’s more SQL than the fan-out version, and every extra line is there to stop a specific way the one-join version lies.

Shrunken dimensions and aggregate rollups

The drill-across above computed the week grain on the fly by grouping on iso_year and iso_week off dim_date. If you do that in ten reports, you’ve re-derived “week” ten times, and the tenth analyst will group on week_start_date instead of iso_week and get subtly different buckets. The fix is a shrunken dimension (also called a rollup dimension): a conformed dimension at a coarser grain, whose attributes are a strict, agreeing subset of the base dimension’s. A week dimension shrunk down from dim_date:

-- models/marts/dim_week.sql  — a shrunken rollup of the conformed dim_date
select
    {{ dbt_utils.generate_surrogate_key(['iso_year', 'iso_week']) }} as week_sk,
    iso_year,
    iso_week,
    min(date_day) as week_start_date,
    max(date_day) as week_end_date
from {{ ref('dim_date') }}
group by iso_year, iso_week

dim_week is conformed by construction — it’s built from dim_date, so its weeks can’t disagree with the daily calendar they’re aggregated from. Its week_sk follows the same surrogate-key discipline as every other dimension (generate_surrogate_key, natural attributes iso_year/iso_week inside). And it pairs with an aggregate fact — agg_sales_weekly at (book_sk, week_sk) grain — so the common “units by week” question hits a small pre-summarized table conformed to dim_book and dim_week, instead of scanning atomic order lines every time. The rule that keeps a shrunken dimension honest: its attributes must roll up cleanly from the base. iso_week and week_start_date do; day_name doesn’t (a week has seven), so it simply doesn’t appear on dim_week. A shrunken dimension is a subset that agrees, never a summary that improvises. (Aggregate navigation — routing a query to the coarsest table that can answer it — is its own topic, and the aggregates and semantic-layer chapter picks it up.)

The bus matrix as a planning deliverable

Conformance across two facts is easy to hold in your head. Across twenty, it’s a design you have to plan, and the planning artifact is the bus matrix: business processes down the rows, conformed dimensions across the columns, an X where a process uses a dimension. It’s the whole data-warehouse plan on one page — what you’ll build, and which dimensions must conform across all of it. For the bookshop it’s small enough to read at a glance:

                    | dim_date | dim_book | dim_customer
--------------------|----------|----------|-------------
Sales (order items) |    X     |    X     |      X
Inventory (daily)   |    X     |    X     |
Returns             |    X     |    X     |      X

The matrix is a planning deliverable, not documentation you write afterward — it’s meant to exist before the second fact table does. Read a column and you see every process that must agree on that dimension: dim_date and dim_book are used by all three processes, which is precisely why they’re the ones that have to conform, and why a drift in either breaks the most queries. Read a row and you see one star’s dimensions — one fact table’s worth of design. Read it top to bottom and you’ve scoped the warehouse: three facts, three conformed dimensions, a build order. Plan the matrix first and conformance is designed in — every new fact snaps onto dimensions that already agree. Discover it later and you’re retrofitting agreement onto tables that already disagree, which is the year-long reconciliation project nobody budgets for.

Conformance is a ref() you already wrote

The reassuring part: in dbt, conformed dimensions aren’t extra work — they’re what you get for free, provided you mint keys the way the dimensions chapter argued for. Look again at how fct_inventory_daily was built back in chapter 05:

-- models/marts/fct_inventory_daily.sql
select
    {{ dbt_utils.generate_surrogate_key(['book_id', 'snapshot_date']) }} as inventory_sk,

    {{ dbt_utils.generate_surrogate_key(['book_id']) }}       as book_sk,
    {{ dbt_utils.generate_surrogate_key(['snapshot_date']) }} as date_sk,

    snapshot_date,
    stock_level
from {{ ref('stg_inventory') }}

Notice what is not there: any join to dim_book or dim_date. And yet the book_sk this fact carries is byte-identical to the one fct_order_items carries, and both resolve into the same dim_book row. That’s the payoff of a deterministic surrogate key. Because dim_book mints its key as generate_surrogate_key(['book_id']) and every fact mints its foreign key with the same expression over the same natural key, the two agree by construction. Conformance is arithmetic, not a lookup.

This is precisely why the dimensions chapter argued against sequence-generated keys. Had dim_book.book_sk been a row_number() or an identity column, neither fact could compute it — each would have to join to the dimension to look its key up, on every build, forever. That works, and plenty of warehouses do it, but it makes every fact build depend on the dimension being present and current, and it makes a rebuilt dimension silently renumber keys that facts have already stored. Hashing the natural key removes the join and the hazard together.

So there’s no “inventory calendar” that can drift from the “sales calendar,” because there is only one calendar and both facts arrive at its keys independently and identically. Conformance isn’t a feature you switch on; it’s what happens when two facts derive their keys from the same natural keys with the same expression, and you resist the urge to copy the dimension. dbt’s DAG makes the shared node the path of least resistance — the lazy choice and the correct choice are the same choice.

Proving it: one relationships test, two facts

“Both facts point at the same dimension” is a claim, and claims in a warehouse should be executable. dbt’s relationships test makes it one — it fails the build if any fact key points at a dimension row that doesn’t exist. Point both facts’ keys at the same ref('dim_date') and ref('dim_book'), and the test doesn’t just check referential integrity — it encodes conformance as an assertion:

# models/marts/_marts.yml
models:
  - name: fct_order_items
    columns:
      - name: date_sk
        data_tests:
          - relationships: {to: ref('dim_date'), field: date_sk}
      - name: book_sk
        data_tests:
          - relationships: {to: ref('dim_book'), field: book_sk}

  - name: fct_inventory_daily
    columns:
      - name: date_sk
        data_tests:
          - relationships: {to: ref('dim_date'), field: date_sk}
      - name: book_sk
        data_tests:
          - relationships: {to: ref('dim_book'), field: book_sk}

Four tests, and the load-bearing detail is that all four to: clauses name the same two models. fct_order_items.date_sk and fct_inventory_daily.date_sk both have to resolve into dim_date — the one, conformed dim_date. If someone ever forks a second calendar for inventory, this YAML still points inventory’s date_sk at the original dim_date, so the moment the fork’s keys stop matching, the test goes red on dbt build. The bus matrix said dim_date and dim_book must conform across every process; these tests are that row-and-column agreement turned into a tripwire. Since Snowflake accepts FOREIGN KEY constraints but doesn’t enforce them, this test is the only referee that both stars are still sharing the same sky — and it runs on every build, forever.

Final thoughts

The snowflake schema is the shape to argue against — it optimizes for a scarcity, storage, that columnar warehouses eliminated, and charges you complexity for the privilege; keep it in your pocket for genuinely sparse sub-dimensions and governance boundaries, and nothing else. The galaxy is the shape you’ll actually grow into, and conformed dimensions are the reason it holds together instead of fragmenting into a dozen reports that can’t be compared. But conformance only pays off if you drill across correctly: aggregate each fact to the conformed grain on its own, then join on the shared keys — never one fan-out join that multiplies both measures into fiction. Get the bus matrix right and every new fact table snaps onto dimensions that already agree; back it with a relationships test per key and the agreement stops being a promise and becomes a build step. The shape of one star barely matters. Whether your stars share their sky — and whether you query across it without double-counting — is the whole game.





Bridge Tables and Many-to-Many Dimensions

A star schema is a promise: one fact table in the middle, a ring of clean dimensions around it, every join a single hop. Most of the time that promise holds. Then reality shows up with an order that has three different dates, a book with four co-authors, and a fistful of boolean flags nobody wants to model — and the plain star starts to strain.

This chapter is about the reinforcement that gets reached for most often and understood least: the bridge table, for when a dimension relates to another dimension as a many-to-many and a plain foreign key simply cannot carry it. (The other reinforcements — junk dimensions, mini-dimensions, role-playing, outriggers — get their own chapter next.)

The judgement that runs through all of them is the same: reach for these deliberately, when the shape of your data forces the issue, not because they look sophisticated on an architecture diagram. A star you can explain in one sentence is worth more than a clever schema you have to defend.

Bridge tables: when one-to-many becomes many-to-many

A book has an author. Except when it has two. Or a translator, an editor, and three contributors to an anthology. The moment a dimension relates to another dimension as a many-to-many, a foreign key can’t carry it — a single author_sk on dim_book can only name one person.

The bridge table sits between them and resolves the relationship:

dim_book  ──<  bridge_book_author  >──  dim_author

Each row of bridge_book_author is one book-author pairing. A book with three authors gets three rows; join dim_book through the bridge to dim_author and you can slice sales by author even though the sale happened at the book level.

There’s a trap here: if you sum book sales across authors, a three-author book counts three times. Sometimes that’s what you want — total sales an author was involved in. When it isn’t, the bridge carries an allocation factor, a weight per row that sums to 1.0 across each book (three equal authors get 0.333 each). Multiply the fact’s measure by the weight and the numbers reconcile. Deciding whether you want the double-count or the allocation is a business question, not a modeling one — the bridge just makes both answerable.

Building the bridge, for real

That diagram is where most treatments of the bridge stop — two crow’s feet and a promise. Let’s actually build it, because the allocation factor is a column you have to compute, and computing it correctly is the whole difficulty.

Start with the sources. The OLTP side already knows about multi-author books — it has to, or it couldn’t print a cover — and it stores the relationship the way applications always store a many-to-many: an associative table. book_authors has one row per pairing, (book_id, author_id, author_role, credit_order), and the shop’s authors table carries the people. Staging cleans both; the marts turn them into a dimension and a bridge.

dim_author is an ordinary dimension — the same shape as every other in this book, unknown member and all:

-- models/marts/dim_author.sql
{{ config(materialized='table') }}

with authors as (
    select * from {{ ref('stg_authors') }}
),

with_unknown as (
    select author_id, full_name, country, debut_year
    from authors

    union all

    select
        '-1' as author_id,                 -- the same sentinel every dimension uses
        'Unknown', 'Unknown',
        cast(null as number)  as debut_year
)

select
    {{ dbt_utils.generate_surrogate_key(['author_id']) }} as author_sk,
    author_id,
    full_name,
    country,
    debut_year
from with_unknown

Nothing new there — that’s the dimension pattern applied to a second noun. The bridge is where the interesting decision lives:

-- models/marts/bridge_book_author.sql
{{ config(materialized='table') }}

with book_authors as (
    select
        book_id,
        author_id,
        author_role          -- 'author', 'translator', 'editor', 'contributor'
    from {{ ref('stg_book_authors') }}
)

select
    {{ dbt_utils.generate_surrogate_key(['book_id']) }}   as book_sk,
    {{ dbt_utils.generate_surrogate_key(['author_id']) }} as author_sk,
    author_role,
    1.0 / count(*) over (partition by book_id) as allocation_factor
from book_authors

Read the grain off the select: one row per book-author pairing. A solo novel contributes one row; a three-author anthology contributes three. The two surrogate keys are computed with the same generate_surrogate_key expressions the dimensions used — so the bridge joins to dim_book on book_sk and to dim_author on author_sk by construction, no lookups, the determinism from the dimension chapter doing its job again. And the load-bearing column is the last one.

1.0 / count(*) over (partition by book_id) is the allocation factor, computed in a single window pass: count the authors on each book, and give every one of them an equal 1/n share. Three authors get 0.333… each; a solo author gets 1.0. By construction the shares on any one book sum to exactly one — which is the whole point, and the thing the test at the end of this section guards. Equal splits are the common default; if the business credits the lead author more heavily, you’d weight by credit_order or a stored percentage instead of 1/n — but the invariant never changes: the weights on a book sum to one.

The double-count, in actual numbers

Why the weight matters is easiest to see when you skip it. Take two books:


	Signal, written solo by Ableson — 100 copies at $20 = $2,000.

	Future Tense, an anthology by Ableson, Boyd, and Chen — 100 copies at $30 = $3,000.



Total book revenue: $5,000. Now ask “revenue by author” the naive way — join the fact through the bridge to the author and sum, ignoring the weight:

-- WRONG: every author gets full credit for the whole book
select
    a.full_name,
    sum(f.extended_price) as revenue
from fct_order_items f
join bridge_book_author b on b.book_sk = f.book_sk
join dim_author a         on a.author_sk = b.author_sk
group by a.full_name


























	author	revenue
	Ableson	$5,000
	Boyd	$3,000
	Chen	$3,000
	total	$11,000


Eleven thousand dollars of revenue in a shop that sold five. The anthology’s $3,000 got counted once per author — three times — and the grand total is now fiction. This is the bridge’s original sin: the join fans out the fact, one fact row becoming three, and sum faithfully adds up all three copies. Any dashboard that trusts that total is wrong, and wrong in the worst way — plausibly, not obviously.

Now multiply by the weight:

-- RIGHT: each author gets their allocated share
select
    a.full_name,
    sum(f.extended_price * b.allocation_factor) as allocated_revenue
from fct_order_items f
join bridge_book_author b on b.book_sk = f.book_sk
join dim_author a         on a.author_sk = b.author_sk
group by a.full_name


























	author	allocated_revenue
	Ableson	$3,000
	Boyd	$1,000
	Chen	$1,000
	total	$5,000


Ableson keeps all $2,000 of Signal (solo, weight 1.0) plus a third of Future Tense ($1,000); Boyd and Chen split the rest of the anthology at $1,000 apiece. The total is $5,000 — it reconciles with the shop’s books, because allocation_factor sums to one per title and so the fan-out nets back to the original measure. The single-character difference between the two queries — * b.allocation_factor — is the difference between a number you can put in front of finance and a number you can’t.

Both queries are legitimate. “Total revenue an author was involved in” (the $11,000 shape) is a real question — it’s how you’d size an author’s catalog reach — and for that you want the fan-out and you drop the weight. “How do we split the royalty pool” is the $5,000 shape and needs the weight. The bridge answers both; the modeler’s job is to make sure each query picks the one its question meant, and to never let the unweighted total masquerade as company revenue.

When authorship changes: the time-variant bridge

The bridge so far is a snapshot — it says who the authors are, present tense. But authorship credit moves. A second edition adds a translator; a ghostwriter is finally credited; an estate reassigns rights. If the bridge only ever holds today’s pairings, then last year’s sales get re-attributed under today’s credits, and the royalty history quietly rewrites itself.

The fix is the one the slowly-changing-dimensions chapter applied to dimensions: make the bridge Type 2. Give each pairing an effective-date window, and let the bridge carry the history of who was credited when:

-- models/marts/bridge_book_author.sql  (time-variant)
{{ config(materialized='table') }}

with versions as (
    select
        book_id,
        author_id,
        author_role,
        valid_from,
        coalesce(valid_to, cast('9999-12-31' as date)) as valid_to
    from {{ ref('stg_book_author_history') }}
)

select
    {{ dbt_utils.generate_surrogate_key(['book_id']) }}   as book_sk,
    {{ dbt_utils.generate_surrogate_key(['author_id']) }} as author_sk,
    author_role,
    valid_from,
    valid_to,
    1.0 / count(*) over (
        partition by book_id, valid_from
    ) as allocation_factor
from versions

Two changes carry the weight. The grain gains a version: it’s now one row per book-author-window. And the allocation factor partitions by book_id, valid_from, so the shares sum to one within each authorship era rather than across all of history. A book credited to one author until June and to two after has a 1.0 row in the first window and two 0.5 rows in the second, and each window balances on its own.

The join then has to name a point in time. Instead of matching the fact to the bridge on book_sk alone, you constrain it to the window the sale fell in. And here the one apparently-redundant column on fct_order_items earns its keep: the fact carries order_date as a plain date, not only as a date_sk. That means you can express the temporal predicate directly, with no trip through the date dimension at all:

select
    a.full_name,
    sum(f.extended_price * b.allocation_factor) as allocated_revenue
from fct_order_items f
join bridge_book_author b
       on b.book_sk = f.book_sk
      and f.order_date >= b.valid_from        -- the sale fell inside
      and f.order_date <  b.valid_to          -- this authorship window
join dim_author a on a.author_sk = b.author_sk
group by a.full_name

A surrogate key is deliberately opaque — you cannot put date_sk on either side of a >= and get a meaningful answer, because a hash has no order. Any time a fact needs to be compared against a range rather than joined to a dimension, it needs the real value, and that is the whole reason the fact-table chapter kept order_date alongside date_sk. Keys join; values compare.

Now a sale in May attributes to May’s authors and a sale in August to August’s — the credit follows the calendar, and the allocation test just moves to grouping by book_id, valid_from. This is more machinery than most bridges need, and you should reach for it only when the relationship genuinely has history worth keeping. But when it does — royalties, ownership, reporting lines — a static bridge silently launders the past, and the time-variant one is the only honest answer.

The hierarchy bridge: variable depth without a schema change

The dimension chapter flattened a category tree into fixed level_1/2/3 columns and admitted the limits: the depth is baked into the schema, and “total sales under this node, wherever it sits” is awkward. When the tree is genuinely unbounded — or the roll-up must work from any node to any ancestor — the dimensional answer is a bridge, built as a closure table: one row for every ancestor-descendant pair in the tree, plus the distance between them.

A recursive CTE walks the adjacency list and emits every pair, including each node paired with itself at depth 0:

-- models/marts/bridge_category.sql
{{ config(materialized='table') }}

with recursive tree as (

    -- depth 0: every category is its own ancestor
    select
        category_id as ancestor_id,
        category_id as descendant_id,
        0           as depth
    from {{ ref('stg_categories') }}

    union all

    -- descend one level at a time, extending each known path
    select
        t.ancestor_id,
        c.category_id  as descendant_id,
        t.depth + 1    as depth
    from tree t
    join {{ ref('stg_categories') }} c
      on c.parent_category_id = t.descendant_id
)

select
    {{ dbt_utils.generate_surrogate_key(['ancestor_id']) }}   as ancestor_category_sk,
    {{ dbt_utils.generate_surrogate_key(['descendant_id']) }} as descendant_category_sk,
    depth
from tree

For a branch Fiction → Science Fiction → Space Opera, the closure table holds Fiction→Fiction (0), Fiction→Science Fiction (1), Fiction→Space Opera (2), Science Fiction→Space Opera (1), plus each node paired with itself — every ancestor reachable from every descendant, hop count attached.

Rolling up is then one join and a group by, and it works from any level regardless of how deep the tree runs. (This assumes dim_book carries the book’s leaf category_sk — the surrogate of the most specific category it’s filed under — alongside the denormalized names.)

-- total sales under 'Fiction', however many levels deep the books actually sit
select
    anc.category_name as rollup_category,
    sum(f.extended_price) as revenue
from fct_order_items f
join dim_book        bk  on bk.book_sk = f.book_sk
join bridge_category br  on br.descendant_category_sk = bk.category_sk
join dim_category    anc on anc.category_sk = br.ancestor_category_sk
group by anc.category_name

Because the bridge holds the transitive closure, a book filed under “Space Opera” contributes to the Space Opera, Science Fiction, and Fiction totals from the one join — no level_N columns, no depth cap, no schema change when merchandising adds a fifth tier next quarter. The same structure flattens an org chart (every manager to every report, at any distance), a bill of materials, a threaded comment tree — any parent-child hierarchy where the depth varies or the roll-up must start anywhere. The depth column earns its keep too: where depth = 1 gives you direct children only, and where depth > 0 drops the self-pair when a node shouldn’t count itself.

The cost is honest. A closure table is bigger than the tree it encodes — a single chain of depth d generates on the order of d²/2 pairs — and it rebuilds whenever the hierarchy moves. For a stable category tree of a few hundred nodes that’s nothing; for a churning million-node graph it’s a real materialization to size. As with every pattern in this chapter, the closure bridge answers a specific question — variable-depth roll-up from any node — and is overkill for the fixed three-level ladder that columns handle for free.

Testing the weights

Every bridge with an allocation factor owes one test, and it’s the same shape as a fact-total reconciliation: the weights sum to one per parent. A singular test returns any book whose shares don’t:

-- tests/assert_bridge_allocation_sums_to_one.sql
select
    book_sk,
    sum(allocation_factor) as total_allocation
from {{ ref('bridge_book_author') }}
group by book_sk
having abs(sum(allocation_factor) - 1.0) > 0.001

dbt fails the build if the query returns a single row. The tolerance absorbs floating-point dust — 1.0/3 + 1.0/3 + 1.0/3 doesn’t land on exactly 1.0 in binary — while still catching a real leak, like a pairing that slipped in twice or an allocation computed against the wrong partition. (For the time-variant bridge, group by book_id, valid_from so each authorship window is checked on its own.) It’s three lines, and it’s the difference between “the allocation math is right” as a hope and as a guarantee the build re-enforces on every run. The testing chapter files this alongside the other reconciliation tests — because a bridge whose weights have quietly stopped summing to one is a revenue number that has quietly stopped being true.

Where the other patterns live

Bridges are the heaviest of the star’s reinforcements, and the only one that changes how you aggregate. The lighter ones — a junk dimension for the fistful of boolean flags, a mini-dimension for the attributes that won’t sit still, role-playing so one dim_date can serve as order date and ship date and delivery date, an outrigger for the rare dimension-on-a-dimension, and the degenerate dimension that needs no table at all — are all in the next chapter, built end to end.

Final thoughts

A bridge is not a default, and it is the one reinforcement you should feel the weight of before you reach for it. It trades the plain star’s one-sentence clarity — every join a single hop, every measure safe to sum() — for a capability the plain star genuinely cannot provide: a real many-to-many, with the arithmetic to keep it honest. The price is that the fan-out is now yours to manage. Every query that crosses the bridge either allocates or double-counts, and nothing in the schema will stop an analyst from picking wrong.

So the skill isn’t knowing the pattern; it’s knowing which problem in front of you actually justifies it. A modeler who builds a bridge because a book might someday have two authors is gold-plating. A modeler who builds one because half the catalog is anthologies — and who ships the allocation factor and the test that guards it in the same commit — is doing the job. The star schema earns its keep by being boring. Spend its simplicity only where the data makes you, and when you do spend it, buy the tests too.





Junk, Mini, and Role-Playing Dimensions

The bridge table solved a structural problem — a genuine many-to-many that no foreign key could carry. The patterns in this chapter solve smaller, scrappier problems: a fistful of boolean flags nobody wants to model, a customer profile that changes faster than the dimension it lives in, an order with three dates all pointing at the same calendar. None of them breaks the star the way an unresolved many-to-many does. They just make it worse in slow, cumulative ways — a fact table bloated with low-cardinality columns, a dimension churning out near-duplicate rows, a BI user staring at three columns named quarter with no idea which one they grabbed.

Each pattern here is a deliberate trade — a little indirection for a lot of tidiness — and each one has a failure mode when applied without a reason. The judgement that ran through bridge tables runs through these too: reach for a pattern when the shape of your data forces the issue, not because it looks sophisticated on the architecture diagram.

Junk dimensions: where flags go to live

Every transaction fact accumulates debris. The bookshop’s orders carry is_gift_wrapped, is_expedited, is_first_order, and a channel that’s one of web, store, or phone. None of these is a measure — you don’t sum a gift-wrap flag. None deserves its own dimension — a one-column dim_gift_wrap with two rows is ceremony, not modeling. And left on the fact, each one is a low-cardinality column repeated across millions of rows, cluttering every query and inviting analysts to treat the fact table as a place to browse attributes.

The junk dimension sweeps them into one small table: every combination of the flags gets a row and a surrogate key, and the fact stores just that key. Three booleans and a three-value channel make at most 24 combinations — a 24-row dimension replacing four columns of noise. The name is honestly self-deprecating — it’s a home for junk — but the tidiness it buys is real, and so is the modeling question hiding inside it: which combinations get rows?

Two ways to populate it

There are two honest strategies, and they differ in when a combination is born.

Cross-join the domains. If every flag’s domain is known and small, build the complete combination space up front:

-- models/marts/dim_order_flags.sql
{{ config(materialized='table') }}

with gift_wrap as (
    select * from (values (true), (false)) as t(is_gift_wrapped)
),
expedited as (
    select * from (values (true), (false)) as t(is_expedited)
),
first_order as (
    select * from (values (true), (false)) as t(is_first_order)
),
channels as (
    select * from (values ('web'), ('store'), ('phone'), ('unknown')) as t(channel)
),

combos as (
    select
        g.is_gift_wrapped,
        e.is_expedited,
        f.is_first_order,
        c.channel
    from gift_wrap g
    cross join expedited e
    cross join first_order f
    cross join channels c
)

select
    {{ dbt_utils.generate_surrogate_key([
        'is_gift_wrapped', 'is_expedited', 'is_first_order', 'channel'
    ]) }} as order_flags_sk,
    is_gift_wrapped,
    is_expedited,
    is_first_order,
    channel
from combos

Thirty-two rows, minted once, complete forever. Every combination the fact could ever compute already has a home, including the ones no order has produced yet. The dimension never has to race the fact — a brand-new combination arriving at 9 a.m. joins to a row that has existed since the model was first built.

Select the observed combinations. When a domain isn’t enumerable — say channel grows values you don’t control — build the dimension from what actually occurs:

with combos as (
    select distinct
        coalesce(is_gift_wrapped, false)  as is_gift_wrapped,
        coalesce(is_expedited, false)     as is_expedited,
        coalesce(is_first_order, false)   as is_first_order,
        coalesce(channel, 'unknown')      as channel
    from {{ ref('stg_orders') }}
)

select
    {{ dbt_utils.generate_surrogate_key([
        'is_gift_wrapped', 'is_expedited', 'is_first_order', 'channel'
    ]) }} as order_flags_sk,
    *
from combos

The select distinct is the dimension — the grain is “one row per combination that occurs.” It’s compact and self-maintaining, and it has a subtlety worth understanding: the fact doesn’t ref() this dimension, so dbt’s DAG doesn’t order one before the other. That’s fine in a batch world — both models read the same staging table in the same run, so every combination the fact computes is also visible to the dimension’s select distinct, and the referential-integrity test at the end of dbt build passes. It stops being fine if the two models ever read different snapshots of the source — which is one more reason the cross-join build, with its complete domain, is the safer default when the domains allow it.

Choose by domain shape. Enumerable, low-cardinality flags — the common case — want the cross-join. Open-ended values want the observed build, plus a test that screams when cardinality grows past what a junk dimension should hold. A junk dimension with fifty thousand rows isn’t junk anymore; it’s a real dimension that deserves a name and an owner.

The fact side, and the unknown member

The fact computes the same surrogate key from its own flag columns — same hash, same column order, same coalesced defaults:

-- inside fct_order_items (or a header-grain fact)
{{ dbt_utils.generate_surrogate_key([
    "coalesce(is_gift_wrapped, false)",
    "coalesce(is_expedited, false)",
    "coalesce(is_first_order, false)",
    "coalesce(channel, 'unknown')"
]) }} as order_flags_sk

The coalesce calls are load-bearing. With hashed surrogate keys there’s no magic -1 row — the unknown member is simply the hash of the coalesced defaults, minted identically on both sides. An order with a null channel hashes to the same key the dimension minted for (false, false, false, 'unknown'), the join resolves, and no fact row ever carries a null foreign key. You still materialize that row in the dimension — that’s why 'unknown' sits in the cross-join’s channel domain — because a key that resolves to nothing is an orphan whether or not it was deterministic. The rule from the dimension chapters holds here with extra force: junk dimensions are where nulls congregate, and every null must be routed to a value before the hash on both sides, or the fact and the dimension will hash different things and quietly disagree.

Testing it

Two tests, both cheap. Uniqueness on the surrogate key proves the hash inputs form the grain, and a combination test pins the grain to the named columns so a careless edit to the hash can’t drift them apart:

models:
  - name: dim_order_flags
    columns:
      - name: order_flags_sk
        data_tests:
          - unique
          - not_null
    data_tests:
      - dbt_utils.unique_combination_of_columns:
          combination_of_columns:
            - is_gift_wrapped
            - is_expedited
            - is_first_order
            - channel

The next chapter builds the full test battery for the star; the junk dimension just needs these two plus a relationships test from the fact — and it’ll pass, because the unknown member made it honest.

Mini-dimensions: for the attributes that won’t sit still

Some customer attributes are geological — name, city, signup date. Others are weather: loyalty tier, spend band, preferred format. The weather attributes can shift monthly, and if you version them with Type 2 rows, dim_customer grows a new version every time someone crosses a spend threshold — thousands of near-duplicate rows per customer, each differing in one volatile column, dragging twenty stable columns along for the ride. The SCD chapter named the cure Type 4: split the volatile attributes into a mini-dimension. This is where we actually build it — including the part that chapter deferred, the fact carrying two keys and looking up the right profile per event.

The profile dimension

The mini-dimension is a junk dimension in disguise: the distinct combinations of the banded volatile attributes, each with a surrogate key. Banding is what keeps it small — you don’t store a spend of $1,847.23, you store the band 1000-2500, because a dimension row per distinct dollar amount is just the fact table wearing a costume.

-- models/marts/dim_customer_profile.sql
{{ config(materialized='table') }}

with tiers as (
    select * from (values ('bronze'), ('silver'), ('gold'), ('unknown')) as t(loyalty_tier)
),
bands as (
    select * from (values
        ('0-100'), ('100-500'), ('500-1000'), ('1000-2500'), ('2500+'), ('unknown')
    ) as t(spend_band)
),
formats as (
    select * from (values ('paperback'), ('hardcover'), ('ebook'), ('unknown')) as t(preferred_format)
)

select
    {{ dbt_utils.generate_surrogate_key([
        'loyalty_tier', 'spend_band', 'preferred_format'
    ]) }} as customer_profile_sk,
    t.loyalty_tier,
    b.spend_band,
    f.preferred_format
from tiers t
cross join bands b
cross join formats f

A hundred-odd rows covering every profile any customer will ever have. Note what’s not here: no customer_id. The mini-dimension doesn’t know about customers — it’s a catalog of possible profiles, and many customers share each one. That’s the trick that stops the churn: when a customer moves from silver to gold, no dimension row is written anywhere. The row for “gold, 1000–2500, paperback” already exists. What changes is which row her next fact points at.

The two-key fact, and the profile at event time

Here’s the piece that makes Type 4 real. The fact carries two customer-shaped keys — one to the stable dimension, one to the profile that was current when the event happened:

fct_order_items
├── customer_sk          → dim_customer          (who, stable attributes)
└── customer_profile_sk  → dim_customer_profile  (what they looked like that day)

To assign customer_profile_sk at build time you need to know each customer’s profile as of each order date — which means you need profile history. The volatile columns come out of dim_customer but they don’t stop being versioned; the versioning just moves somewhere cheaper. A dbt snapshot over a slim staging model that carries only the volatile columns does the job:

# snapshots/customer_profile_snapshot.yml
snapshots:
  - name: customer_profile_snapshot
    relation: ref('stg_customer_profiles')
    config:
      unique_key: customer_id
      strategy: timestamp
      updated_at: updated_at
      dbt_valid_to_current: "to_date('9999-12-31')"

The snapshot is narrow — customer_id, the three volatile columns, updated_at — so its Type 2 churn is cheap: new versions carry four columns, not twenty-four. Then the fact build does a windowed lookup, exactly the point-in-time join from the SCD chapter, aimed at the profile instead of the whole customer:

-- inside fct_order_items
select
    -- ... grain key, dimension keys, measures as before ...

    {{ dbt_utils.generate_surrogate_key([
        "coalesce(p.loyalty_tier, 'unknown')",
        "coalesce(p.spend_band, 'unknown')",
        "coalesce(p.preferred_format, 'unknown')"
    ]) }} as customer_profile_sk

from order_items oi
join orders o
  on oi.order_id = o.order_id
left join {{ ref('customer_profile_snapshot') }} p
  on o.customer_id = p.customer_id
 and o.order_date >= p.dbt_valid_from
 and o.order_date <  p.dbt_valid_to

Walk through what happens. An order placed on March 3rd joins to the snapshot row whose window contains March 3rd — the profile the customer had that day — and hashes its banded values into customer_profile_sk. When she crosses into gold on March 20th, the snapshot closes one window and opens another; her April orders hash to the gold profile’s key. Nothing about March’s facts changes, ever. And the left join plus coalesce handles the customer with no profile history at all — an order predating the snapshot’s first run lands on the all-'unknown' profile row, which the cross-join build already minted. The unknown member and the mini-dimension aren’t separate patterns; the second doesn’t work honestly without the first.

The query payoff is that profile history becomes sliceable without touching dim_customer at all. “Revenue by loyalty tier at time of purchase” is a one-hop join from the fact to dim_customer_profile — no point-in-time logic in the query, because the point-in-time work was done once, at load. Compare the Type 2 alternative: the same question against a versioned dim_customer needs the as-of join every single time, and a dim_customer with tier churn in it might carry fifty versions per customer to make it possible.

One refinement Kimball notes and the bookshop can skip: you can also stamp the current profile key onto dim_customer as an attribute, so “what do gold customers buy?” (today’s tier, applied to all history) doesn’t have to route through the fact. That’s convenient and mildly dangerous — it’s a Type 1 attribute pointing at a Type 4 structure, and someone will eventually confuse it with the at-event-time key. Add it when analysts actually ask the current-profile question; label it loudly.

Role-playing dimensions: one table, several hats

The accumulating snapshot from the fact-table chapters is where this pattern earns its keep. fct_orders tracks each order’s march through fulfillment — order_id, customer_sk, order_date_sk, ship_date_sk, delivery_date_sk, order_status, days_to_ship, days_to_deliver — and three of those columns are dates. You already have one beautifully built dim_date. The wrong instinct is to build three date dimensions. The right one is to let the single dim_date play three roles.

Physically there’s one calendar. Logically it appears in the model three times, once per foreign key, each appearance wearing the name of its role. Kimball calls this a role-playing dimension, and it’s the most common advanced pattern you’ll meet — facts are lousy with dates, and dates are expensive to model well, so the one good calendar gets reused everywhere.

There are two ways to express the roles, and the difference is where the renaming happens.

Physical views: rename at build time

The dbt-idiomatic move is a thin view per role:

-- models/marts/dim_date_order.sql
{{ config(materialized='view') }}

select
    date_sk          as order_date_sk,
    date_day         as order_date,
    calendar_year    as order_year,
    calendar_quarter as order_quarter,
    calendar_month   as order_month,
    day_name         as order_day_of_week,
    is_weekend       as order_is_weekend
from {{ ref('dim_date') }}

dim_date_ship and dim_date_delivery are the same view with the prefix swapped. The materialization is view, so you’re not copying the calendar three times — you’re renaming its columns three ways, at zero storage cost. Each fact key joins to its own role, and the renaming is the entire point: a BI user who drags in order_quarter never wonders which of three dates they sliced by, and an unqualified quarter column that could mean any of them is a support ticket waiting to happen.

Query-time aliasing: rename in the join

The alternative keeps one physical dim_date and aliases it per query:

select
    d_order.year        as order_year,
    d_order.month_name  as order_month,
    avg(f.days_to_deliver) as avg_days_to_deliver
from fct_orders f
join dim_date d_order    on f.order_date_sk    = d_order.date_sk
join dim_date d_delivery on f.delivery_date_sk = d_delivery.date_sk
where d_delivery.is_weekend
group by 1, 2

Same table, two aliases, two roles — “orders that delivered on a weekend, by order month,” a question that needs both roles in one query and answers it in ten lines. For anyone writing SQL by hand this is strictly fine; the aliasing is explicit and the intent is readable.

Which one, and why the BI layer decides

The honest answer is that the choice is rarely about SQL — it’s about what sits on top of it.

The views approach makes every tool happy at the cost of catalog clutter. Each role is a first-class object with unambiguous column names; drag-and-drop tools, auto-generated data catalogs, and semantic layers all see three cleanly named date tables and never need to understand aliasing. The cost is 3× the objects — a warehouse with a dozen multi-date facts sprouts dozens of near-identical calendar views, and someone eventually asks why.

The aliasing approach keeps the catalog minimal but pushes the role logic into every consumer, and consumers vary wildly in how gracefully they take it. Power BI’s model allows only one active relationship between two tables — a second date key relates to the same calendar through an inactive relationship you must invoke per-measure with USERELATIONSHIP(), or you import the date table multiple times, which is the views approach reinvented inside the tool. Looker handles roles natively: the same LookML view joins into an explore several times under different names via from: aliasing, which is query-time aliasing formalized. Hand-written SQL and dbt models alias freely. So the real question is: who consumes the star? A drag-and-drop BI population wants the views; a SQL-fluent team with a semantic layer can skip them. (Tool behaviors here are stable and well documented, but they do evolve — check your BI tool’s current story before committing the pattern.)

One more accumulating-snapshot interaction: delivery_date_sk is unknowable for an order that hasn’t delivered. It must not be null — the never-null rule for fact keys doesn’t bend — so it points at the calendar’s designated not-yet member (the “hasn’t happened” date row the date-dimension build set aside) until the milestone lands and the merge updates it. Role-playing views inherit that member automatically, since they’re just renamings; queries through dim_date_delivery see undelivered orders grouped under the not-yet row rather than silently dropped by an inner join.

Outriggers: the join you allow yourself sparingly

Occasionally a dimension wants to reference another dimension. dim_store might point at a dim_region carrying demographic rollups — population, median income, market classification — that you’d rather not copy onto every store row. That second hop, a dimension hanging off a dimension, is an outrigger:

fct_order_items ──> dim_store ──> dim_region

It works, and Kimball permits it, with a raised eyebrow. The permitted case has a specific shape: the outrigger is a genuinely separate thing, with its own grain, its own source, its own refresh cadence — census demographics updated yearly have no business being maintained inside a store dimension refreshed nightly. The classic sanctioned example is a date outrigger: dim_customer carrying a first_order_date_sk that points at dim_date, so “customers who first ordered in Q4” gets the full calendar for free instead of re-deriving fiscal quarters on a raw date column.

The eyebrow exists because every outrigger is a snowflake in miniature, and snowflakes metastasize. Region points at country, country points at economic zone, someone normalizes genre out of dim_book because an outrigger worked last time — and three refactors later your star is the snowflake schema that chapter spent its length warning you about, a two-hop join everywhere the star promised one. The test before adding one: is this actually its own well-defined thing with its own maintenance story, or am I saving a few redundant columns? Redundant columns are what dimensions are made of. Save the outrigger for the census data.

Value-band and behavioral dimensions

Two related patterns hide inside the mini-dimension build above, and each deserves its own name.

A value-band dimension turns banding itself into data. The dimension chapter hard-coded price_band as a case expression inside dim_book — fine, until the business wants to re-band. Bands baked into a case statement change only when an engineer edits a model; bands stored as rows change when someone edits a table:

-- models/marts/dim_order_size_band.sql
{{ config(materialized='table') }}

select * from (values
    ('small',  0::number(10,2),    25::number(10,2)),
    ('medium', 25::number(10,2),   100::number(10,2)),
    ('large',  100::number(10,2),  100000::number(10,2))
) as t(band_name, min_amount, max_amount)

Queries attach the band with a range join — on f.extended_price >= b.min_amount and f.extended_price < b.max_amount — so re-banding is an update to three rows, and no fact is touched. The trade: a non-equi join, which the warehouse handles fine at dashboard scale but which no BI drag-and-drop understands natively. Most teams band at build time for the common bands (the case in the dimension) and keep a band table for the ones the business fiddles with. Both are value-banding; the difference is who’s allowed to change the definition, and how fast.

A behavioral dimension is a dimension attribute computed from the facts. The spend_band in dim_customer_profile doesn’t come from any source system — it comes from aggregating fct_order_items, banding the result, and feeding it back into a dimension. That loop — facts → aggregation → banded attribute → dimension → back into new facts — is how RFM segments, “lapsed customer” flags, and lifetime-value tiers get built, and it has one rule: compute it at load time on a declared cadence, never at query time. A behavioral attribute recomputed inside every query is a different number in every dashboard; one stamped into the mini-dimension nightly is a fact about the customer as-of that night, versioned like anything else. The mini-dimension is the natural home precisely because behavioral attributes are the fastest-changing attributes a customer has.

Supertype and subtype: heterogeneous products

The last pattern arrives with success. The bookshop starts selling e-books and audiobooks, and suddenly dim_book has a problem: physical books have a format and a page_count, e-books have a file_size_mb and a DRM flag, audiobooks have a narrator and a duration_minutes. One wide table with every column means every row is mostly null, and the nulls carry meaning (“not applicable”) that null does a bad job of carrying.

The Kimball answer is a supertype/subtype split. One core dimension carries the attributes every product shares — and every fact key points at it:

dim_product (supertype)          dim_product_ebook (subtype)
  product_sk  ◄───────────────────  product_sk   (same key, 1:1)
  product_id                        file_size_mb
  title                             drm_scheme
  author
  genre
  list_price
  product_type  ── 'ebook'        dim_product_audiobook (subtype)
                                     product_sk
                                     narrator
                                     duration_minutes

The subtype tables share the supertype’s surrogate key one-to-one — no new key to mint, no bridge, just an optional extension per type. Cross-catalog queries (“revenue by genre”) touch only the supertype and never see a null. Type-specific queries (“audiobook hours sold by narrator”) join the subtype in, and the product_type column tells any query which extension applies. Facts stay uniform: one product_sk, whatever the product is.

Honest guidance on when to bother: later than you think. Three or four type-specific columns per subtype don’t justify the split — take the wide table, take the nulls, keep the model one-hop. The split pays when subtypes have many attributes each, or different teams own them, or the heterogeneity extends to the facts themselves — a lending library’s loan events and a shop’s sale events want different fact tables entirely, each pointing at the shared product supertype. That’s the full heterogeneous-products pattern: shared core dimension, custom facts per line of business, and the supertype is what makes cross-business questions answerable at all.

Final thoughts

None of these patterns is a default, and all of them are the same pattern if you squint: put the attribute where its rate of change and its cardinality say it belongs. Fast-changing banded attributes leave the big dimension for a mini-dimension. Correlated low-cardinality flags leave the fact for a junk dimension. A calendar used three ways stays one table wearing three names. Attributes shared by every product type stay in the supertype; the rest move out. The star doesn’t get more complicated when you apply these well — it gets more honest, because each table’s grain and churn finally match its contents. The skill isn’t knowing the catalog; it’s hearing the specific creak in your model — the churning dimension, the flag-studded fact, the ambiguous quarter — and reaching for the one pattern that answers it. A modeler who deploys a mini-dimension because the dimension might churn someday is gold-plating. One who deploys it because dim_customer grew forty versions per customer in a quarter is doing the job.





Tests That Keep a Star a Star

A star schema doesn’t fail loudly. When an app database breaks, something throws — a constraint fires, a request 500s, a pager goes off. When a star breaks, every query keeps returning numbers. A duplicated dimension row fans out a join and revenue doubles — plausibly, by segment, in a way nobody eyeballs. An orphaned foreign key drops rows from an inner join and the quarter looks slightly soft. Two overlapping SCD windows double-count one customer’s history. The dashboards render, the numbers are wrong, and the first person to notice is a CFO with a different spreadsheet.

That’s the case for testing dimensional models specifically, over and above testing your data generally. The dbt mechanics are the ones that book taught — schema tests in YAML, singular tests in tests/, generic tests you write once and attach everywhere. What’s new here is the what: a star schema makes precise structural promises, which means every one of them is testable. Grain promises one row per declared thing. Foreign keys promise to resolve. SCD windows promise to tile time without gap or overlap. Measures promise to reconcile to the source. This chapter turns each promise into a test, layer by layer, until the bookshop’s star can’t quietly stop being a star.

Layer 1: grain

Grain is the first promise every table made — chapter 3 called declaring it the non-negotiable step — and grain violations are the most destructive failure a star has, because a duplicated row doesn’t just corrupt its own table. It fans out every join that touches it. Two rows in dim_book for the same book means every order line for that book joins twice, and sum(extended_price) inflates by exactly the sales of your most popular duplicated titles — an error with a pattern, which is worse than a random one, because it survives sanity checks.

Every dimension gets unique and not_null on its surrogate key. Every fact gets the same on its grain key. No exceptions, no judgement calls — this is the floor:

models:
  - name: dim_book
    columns:
      - name: book_sk
        data_tests: [unique, not_null]

  - name: fct_order_items
    columns:
      - name: order_item_sk
        data_tests: [unique, not_null]

But the surrogate key test has a blind spot. order_item_sk is a hash of order_id and line_number — so unique on it really tests “the hash inputs are unique,” which is the grain only as long as the hash inputs are the grain. Someone edits the model, adds a column to the generate_surrogate_key call to “fix” a duplicate, and the unique test follows along happily — the hash is still unique, and the declared grain just silently changed from underneath every consumer. So the grain gets pinned twice: once on the key, and once on the named natural columns with dbt_utils.unique_combination_of_columns:

  - name: fct_order_items
    data_tests:
      - dbt_utils.unique_combination_of_columns:
          combination_of_columns: [order_id, line_number]
    columns:
      - name: order_item_sk
        data_tests: [unique, not_null]

  - name: fct_inventory_daily
    data_tests:
      - dbt_utils.unique_combination_of_columns:
          combination_of_columns: [book_sk, snapshot_date]

  - name: fct_orders
    columns:
      - name: order_id
        data_tests: [unique, not_null]

Read those as documentation, because they are: the test block is the grain declaration, executable. fct_order_items is one row per order line. fct_inventory_daily is one row per book per day. fct_orders — the accumulating snapshot — is one row per order, full stop, which is the promise that makes update-in-place milestones sane. The combination test also catches the failure unique-on-a-hash can’t: an actual MD5 collision would make two different grain combinations pass the key test while being two rows of the same key — vanishingly rare, but the combination test closes the gap for free.

Two grains deserve special attention. The Type 2 dim_customer_history from the SCD chapters is not one row per customer — it’s one row per customer version, so its combination test is [customer_id, valid_from], and unique on customer_id would fail by design. (Its current-only sibling dim_customer — the view that keeps just the open version — is one row per customer, so that one takes the ordinary unique + not_null on customer_id. Same entity, two grains, two tests.) And the bridge table is one row per book-author pairing, [book_sk, author_sk] — plus the test that guards its allocation math, which we’ll get to in the reconciliation layer.

Layer 2: referential integrity

The second promise: every foreign key on every fact resolves to a dimension row. The warehouse won’t enforce this for you — Snowflake accepts FOREIGN KEY constraints but doesn’t enforce them (they’re metadata for tools and the optimizer, a fact worth double-checking against current docs but long-standing) — so the relationships test is the only referee. One per foreign key, every fact, including every role:

  - name: fct_order_items
    columns:
      - name: book_sk
        data_tests:
          - relationships:
              to: ref('dim_book')
              field: book_sk
      - name: customer_sk
        data_tests:
          - relationships:
              to: ref('dim_customer')
              field: customer_sk
      - name: customer_profile_sk
        data_tests:
          - relationships:
              to: ref('dim_customer_profile')
              field: customer_profile_sk
      - name: date_sk
        data_tests:
          - relationships:
              to: ref('dim_date')
              field: date_sk

  - name: fct_orders
    columns:
      - name: order_date_sk
        data_tests:
          - relationships: {to: ref('dim_date'), field: date_sk}
      - name: ship_date_sk
        data_tests:
          - relationships: {to: ref('dim_date'), field: date_sk}
      - name: delivery_date_sk
        data_tests:
          - relationships: {to: ref('dim_date'), field: date_sk}

The role-playing keys on fct_orders all point at the physical dim_date — the role views are renamings, and testing against the base table tests all three roles at once. Under the hood each test compiles to roughly select child keys ... left join parent ... where parent key is null — it returns the orphans, and any orphan is a failure.

Here’s the part that separates a test suite that’s honest from one that’s theater: the unknown member is what lets these tests pass truthfully. Think about what an orphaned key means — a fact row whose customer isn’t in dim_customer. Without the unknown-member discipline, you have three bad options: let the test fail perpetually (and train everyone to ignore it), filter the orphans out of the fact (silently losing revenue from the report), or drop the test. The discipline this book built instead — coalesce nulls to defaults before hashing, route unmatched lookups to a materialized unknown/inferred member, never emit a null or dangling key — means every key the fact mints has a row waiting for it by construction. delivery_date_sk on an undelivered order points at the calendar’s not-yet member, which exists, so the test passes. A late-arriving fact for a brand-new customer points at an inferred member, which the load created, so the test passes. The relationships test then guards exactly what it should: new code paths that mint keys without routing them. It’s a tripwire for regressions in the load discipline, not a bill for data you can’t control.

There’s a temptation to say the unknown member makes RI tests pointless — everything resolves, so what’s tested? What’s tested is the machinery. The day someone adds a new lookup to the fact build and forgets the coalesce, or builds a junk-dimension variant whose observed combinations lag the fact, the orphans appear and the test catches them at build time — before the inner join in a BI tool quietly eats the rows.

Layer 3: domains

Structural tests don’t know that order_status has four legal values or that nobody sells negative books. Domain tests encode the small facts:

  - name: fct_orders
    columns:
      - name: order_status
        data_tests:
          - accepted_values:
              values: ['placed', 'shipped', 'delivered', 'cancelled']

  - name: fct_order_items
    columns:
      - name: quantity
        data_tests:
          - dbt_utils.accepted_range:
              min_value: 1
              inclusive: true

  - name: dim_order_flags
    columns:
      - name: channel
        data_tests:
          - accepted_values:
              values: ['web', 'store', 'phone', 'unknown']

accepted_values on status columns earns its keep the day the source system adds a status — returned, say — and your accumulating snapshot’s milestone logic doesn’t know it exists. Without the test, returned orders sit in whatever state the case expression’s else branch dumps them; with it, the build fails and tells you the business changed. That’s the right way to learn.

The domain layer is also where computed columns get their internal consistency checked. extended_price was defined as quantity times unit price — so assert it:

  - name: fct_order_items
    data_tests:
      - dbt_utils.expression_is_true:
          expression: "extended_price = quantity * unit_price"

This looks like testing your own arithmetic, and early on it is. Its value compounds later, when the model is three years old, the expression has been refactored twice, and a new discount column was supposed to flow into extended_price but only made it into half the branches of a case. Definitional assertions are how a measure’s meaning survives its maintainers.

Layer 4: SCD windows

Type 2 dimensions make the most intricate promise in the star: for every customer, the version windows tile time perfectly — no overlaps, no gaps, exactly one current row. Each failure mode has a distinct symptom. Overlapping windows double-count: an order date falling inside two windows joins twice, and the fan-out corrupts facts downstream. Gaps drop: an order dated inside a gap matches no version, and the point-in-time join loses it. Two is_current rows make “current customers” reports double-count; zero make the customer vanish.

Before writing a line of it, be precise about which table gets this test. The windows live on dim_customer_history — the Type 2 versioned table from chapter 9, the one with valid_from, valid_to, and is_current. They do not live on dim_customer, which is the current-only view: it has exactly one row per customer and no validity columns to check, so pointing a window test at it is a category error that either fails on a missing column or, worse, passes vacuously. Test the table that has windows.

dbt_utils.mutually_exclusive_ranges tests the tiling directly — per customer, each row’s window must end exactly where the next begins:

  - name: dim_customer_history
    data_tests:
      - dbt_utils.mutually_exclusive_ranges:
          lower_bound_column: valid_from
          upper_bound_column: valid_to
          partition_by: customer_id
          gaps: not_allowed
          zero_length_range_allowed: false

partition_by scopes the check to each customer’s history; gaps: not_allowed upgrades it from “no overlaps” to “perfectly contiguous”; zero_length_range_allowed: false rejects degenerate rows where valid_from = valid_to. The one wrinkle is the open row, and whether it bites you depends on a config from the snapshot chapter. By default a dbt snapshot leaves valid_to null on the current version, and a null upper bound has no place on a number line, so the check would either error or silently skip the newest window. Our snapshots set dbt_valid_to_current: "to_date('9999-12-31')" (and rename the meta-columns to valid_from/valid_to), which stores that far-future sentinel instead of a null — so the current row is already just another closed range and the test needs nothing special. If you inherit a snapshot without that config, its open rows carry nulls and mutually_exclusive_ranges will either error or silently skip the newest window; wrap the upper bound in a coalesce to a far-future date and it works either way.

The packaged test is convenient, but the window check is worth writing out once by hand — the mechanism is the lesson, a singular test survives the day you drop dbt_utils, and it fails with the evidence already attached. The idea: line each customer’s versions up in order, look one row ahead with lead, and demand that every window’s close lands exactly on the next window’s open. A close before the next open is a gap; a close after it is an overlap; equality is the only pass:

-- tests/assert_scd_windows_tile_time.sql
-- Every customer's Type-2 history must tile time: no gaps, no overlaps.
with windows as (
    select
        customer_id,
        valid_from,
        coalesce(valid_to, timestamp '9999-12-31 00:00:00') as valid_to,
        lead(valid_from) over (
            partition by customer_id
            order by valid_from
        ) as next_valid_from
    from {{ ref('dim_customer_history') }}
)
select
    customer_id,
    valid_from,
    valid_to,
    next_valid_from,
    case
        when valid_to < next_valid_from then 'gap'
        when valid_to > next_valid_from then 'overlap'
    end as defect
from windows
where next_valid_from is not null      -- the last row per customer is the open one; nothing follows it
  and valid_to <> next_valid_from      -- exact hand-off is the only acceptable state

Zero rows means every hand-off is exact. When it isn’t, the query hands you the diagnosis pre-computed: the defect column labels each offending row gap or overlap, and customer_id tells you whose history to go re-window. That’s the edge a singular test has over the packaged one — it fails with the culprit rows, no compiled-SQL detour into target/. The next_valid_from is not null filter is load-bearing: it excludes each customer’s final, open window, which has nothing after it to abut and would otherwise register as a false gap.

Exactly-one-current is the third leg of the contract, has no packaged test, and makes a perfect singular test — a query that returns the customers violating the rule. It, too, reads from dim_customer_history, because is_current is a column on the versioned table (the dim_customer view is filtered to is_current = true, so counting current rows there would tautologically return one and test nothing):

-- tests/assert_one_current_row_per_customer.sql
select
    customer_id,
    count_if(is_current) as current_rows
from {{ ref('dim_customer_history') }}
group by customer_id
having count_if(is_current) != 1

Zero rows back means every customer has exactly one open version. (count_if is Snowflake’s conditional count; sum(case when is_current then 1 else 0 end) is the portable spelling.) Together the two tests cover the whole Type 2 contract — and they’re also your early-warning system for the failure the late-arriving chapter dissects: a back-dated source change that re-windows history is exactly the kind of surgery that leaves an overlap or a gap behind, and this pair of tests is how you find out at build time instead of at reconciliation time.

Layer 5: reconciliation

Everything so far tests the star’s internal consistency. Reconciliation tests its external honesty: did anything get lost or invented between staging and the mart? A star that’s internally perfect but dropped 2% of order lines in a join is still lying — just neatly.

Row counts first. fct_order_items is one row per order line and staging is one row per order line, so the counts must match exactly:

  - name: fct_order_items
    data_tests:
      - dbt_utils.equal_rowcount:
          compare_model: ref('stg_order_items')

This catches both directions of failure. Fewer rows in the mart means a join dropped lines — an inner join to stg_orders that should have been a left join, an order-line orphan that fell through. More rows means fan-out — a duplicate in stg_orders doubling lines through the join. If your fact legitimately filters (a mart that excludes cancelled orders, say), don’t abandon the test — point compare_model at an intermediate model with the same filter, so the comparison stays exact. A reconciliation test with a fudge factor reconciles nothing.

Sums second, because row counts can match while values corrupt. A singular test, comparing the mart’s revenue to the same computation done directly against staging:

-- tests/assert_revenue_reconciles_to_staging.sql
with mart as (
    select sum(extended_price) as revenue
    from {{ ref('fct_order_items') }}
),
staging as (
    select sum(quantity * unit_price) as revenue
    from {{ ref('stg_order_items') }}
)
select
    mart.revenue    as mart_revenue,
    staging.revenue as staging_revenue
from mart
cross join staging
where abs(mart.revenue - staging.revenue) > 0.01

The tolerance is for floating-point noise, not for missing money — a penny, not a percent. When this fires, the debugging move is to re-run it with a group by on order date to localize which day diverged; equal_rowcount accepts group_by_columns for the same trick on counts. And the same pattern guards the bridge table’s allocation math from two chapters ago — the weights must sum to one per book, or allocated revenue silently leaks:

-- tests/assert_bridge_allocation_sums_to_one.sql
select
    book_sk,
    sum(allocation_factor) as total_allocation
from {{ ref('bridge_book_author') }}
group by book_sk
having abs(sum(allocation_factor) - 1.0) > 0.001

Layer 6: audits on the unknown member

The unknown-member discipline made the RI tests honest; now audit the discipline itself. Facts pointing at the unknown member are supposed to exist — that’s the design — but their volume is a health metric. A steady trickle of orders on the unknown customer profile means history predating the profile snapshot: expected. A sudden spike means an upstream feed broke and the coalesce defaults are absorbing the evidence. Structurally fine, operationally on fire.

This wants a warning, not an error, with a threshold:

-- tests/audit_unknown_member_share.sql
{{ config(severity='warn', warn_if='>0', error_if='>1') }}

with facts as (
    select
        count(*) as total_rows,
        count_if(c.customer_id = '-1') as unknown_rows
    from {{ ref('fct_order_items') }} f
    join {{ ref('dim_customer') }} c on f.customer_sk = c.customer_sk
)
select *
from facts
where unknown_rows / nullif(total_rows, 0) > 0.02

The query returns a row only when unknown-member share crosses 2% — below that, silence; above it, a warning; and the error_if escalation is there if you want a hard ceiling. The same audit pattern applies to inferred members from the late-arriving pipeline: a singular test that warns when an inferred customer row has sat unenriched for more than a few days, because inferred members are IOUs and IOUs age badly.

For distribution drift beyond simple thresholds, the dbt_expectations package carries the statistical vocabulary — expect_column_values_to_be_between, expect_column_mean_to_be_between, expect_table_row_count_to_be_between — useful as warn-severity canaries on measures (“mean order line value stays between $5 and $200”) that catch a currency-conversion bug no structural test would ever see. Treat these as smoke detectors, not assertions: they encode expectations about the business, and the business is allowed to change.

Severity: what stops the build and what doesn’t

Every test so far has an implicit judgement attached — is a failure here a broken star, or a question worth asking? — and dbt’s severity config is where the judgement gets written down. The rule that falls out of the layers:

Error — structural promises. Grain, referential integrity, SCD windows, exactly-one-current, reconciliation, allocation sums. A failure means the star’s geometry is wrong, every downstream number is suspect, and continuing the build propagates the corruption. These stop the world, and they should.

Warn — health and drift. Unknown-member share, inferred-member age, distribution canaries, “usually fewer than N returns per day.” A failure means look at this today, not the marts are wrong. Warnings that stop deploys get deleted by the first on-call engineer they annoy; warnings that page nobody but appear in the log get triaged — which is exactly their job.

The graduated form covers the middle ground — thresholds where a few failures are tolerable and many are not:

      - accepted_values:
          values: ['placed', 'shipped', 'delivered', 'cancelled']
          config:
            severity: error
            warn_if: ">0"
            error_if: ">100"

A handful of rows with a weird status warns; a flood errors. Use this sparingly — most structural tests should have no tolerance at all, because “a little bit duplicated” is not a state a grain can be in.

Running it: dbt build and the failing star

Wiring is the easy part, and it’s the payoff for putting everything in one DAG. dbt build runs models and their tests interleaved — each model’s tests execute immediately after the model materializes, and here’s the operational teeth: if an error-severity test fails, everything downstream of that model is skipped. A duplicated dim_book fails its unique test, and fct_order_items — which would have fanned out against it — never builds. The corruption stops at its source, and yesterday’s correct tables stay in place until you fix the problem. That skip behavior is the single best argument for testing dimensions before facts reference them, which the DAG does for free.

What it looks like when a star fails, concretely:

12:04:11  1 of 42 OK created sql table model marts.dim_book ................. [SUCCESS]
12:04:13  2 of 42 FAIL 3 unique_dim_book_book_sk ............................ [FAIL 3]
12:04:13  3 of 42 SKIP relation marts.fct_order_items ....................... [SKIP]
12:04:13  4 of 42 SKIP test relationships_fct_order_items_book_sk .......... [SKIP]

Three rows violated uniqueness; the fact and its tests never ran. The triage loop: dbt build prints the path to the compiled test SQL under target/compiled/ — run it in a worksheet and you’re looking at the three duplicate keys themselves. Better, configure store_failures on the structural tests and dbt writes the failing rows to an audit schema table you can query and share, which turns “the build is red” into “these three books have two source rows each, here’s the ticket.” Once fixed, dbt retry re-runs from the point of failure instead of rebuilding the whole star.

Day to day, the discipline that keeps the suite alive is boring and worth stating: every new model lands with its grain test and its FK tests in the same PR, no exceptions — codify it in a PR checklist or let dbt_project_evaluator nag about untested models mechanically. A star’s test suite is like the star itself: cheap to maintain continuously, brutal to retrofit.

One honesty note before the close, in keeping with the book’s rules: the YAML shapes and package tests here are docs-correct for dbt_utils and dbt_expectations on current dbt, and the SQL is standard Snowflake — but this book has no live Snowflake to run against, so treat the snippets as verified-by-reading, not by execution.

Final thoughts

There’s a school of thought that says testing analytics code is over-engineering — it’s just reporting, nobody dies, ship the dashboard. The mistake in that argument isn’t the stakes; it’s the physics. Application bugs announce themselves — they throw, they crash, they page. Dimensional bugs compound in silence: the fan-out that doubles revenue produces a prettier chart, not an error, and every week it goes uncaught is a week of decisions made on it. Tests are how a star schema gets the loud failures nature didn’t give it. And notice what made the testing tractable: the modeling. Grain, surrogate keys, the unknown member, windowed SCDs — every discipline the book taught turned out to be a testable assertion in disguise. A well-modeled star is one where “correct” has a definition precise enough to execute nightly. That’s not a coincidence; it’s most of the reason to model well in the first place.





Aggregates, Rollups, and the Semantic Layer

A clean star schema gives you correct queries. It does not give you cheap ones.

At small scale, every dashboard can hit atomic facts directly and nobody notices the cost. At larger scale, the same handful of questions repeat all day — revenue by month, units by week, inventory by category, customer count by segment — and if every dashboard recomputes them from atomic rows, the warehouse does the same aggregation over and over on the same data. Worse, each recomputation is another chance for an author to define the metric slightly differently: one dashboard sums extended_price, the next sums it net of a discount column, a third quietly excludes cancelled orders, and now “revenue” means three things in one company.

Aggregates and the semantic layer attack the two halves of that problem. Aggregates make the common questions fast — precompute the repeated rollup once, read it many times. The semantic layer makes the common metrics consistent — define “revenue” in exactly one place and force every consumer through it. They’re often discussed together because they’re two answers to the same underlying tension, and because both only work when the dimensional model underneath has a declared grain. An aggregate without a grain is a summary dump nobody can reconcile; a metric without a grain is a number nobody can trust. Everything in this chapter is leverage the modeling earned.

An aggregate fact is a fact with a coarser grain

The first thing to get right is what an aggregate table is, because the wrong mental model — “a place to stash pre-baked numbers” — leads straight to tables that drift and can’t be checked. An aggregate fact table is a fact table. It has a declared grain, conformed dimensions, and additive measures, exactly like the atomic fact. The only difference is that its grain is deliberately coarser.

The bookshop’s atomic sales fact is one row per order line:

fct_order_items
grain: one row per order line
measures: quantity, extended_price

A day-grain aggregate collapses order lines into one row per book per day:

fct_book_sales_daily
grain: one row per book per day
measures: quantity, extended_price

The aggregate is not a replacement for the atomic table — you never throw the order lines away, because the day someone asks “which orders contained both a cookbook and a knife” you need line detail the rollup can’t reconstruct. The aggregate is a performance layer for the questions that genuinely don’t need line detail:

select
    date_sk,
    book_sk,
    sum(quantity) as quantity,
    sum(extended_price) as extended_price
from {{ ref('fct_order_items') }}
group by 1, 2

Two decisions are doing all the work here, and both come straight from the grain.

Which measures survive the rollup. Only additive ones. quantity and extended_price sum cleanly across any dimension, so they roll up for free. A ratio like margin percent does not — averaging an already-averaged margin gives you an average of averages, which is a different and wrong number. The rule from the fact-table chapter is the rule here: aggregate the additive components (margin dollars and cost dollars, separately) and let the ratio be recomputed from them, or don’t put the ratio in the aggregate at all and leave it to the semantic layer to compute at query time. An aggregate table full of pre-divided ratios is a trap.

When it’s worth building at all. Not every repeated query deserves an aggregate. Build one when a query is hot (run constantly — a landing dashboard, a daily executive email), coarse (asks for a rollup far above the atomic grain, so the aggregate is dramatically smaller than the source), and stable (the definition doesn’t churn weekly). A day-by-book rollup of a hundred-million-row order-line fact might be a few hundred thousand rows — a 100× to 1000× read reduction on every dashboard that touches it. A rollup that only shaves 2× off a query nobody runs twice is pure maintenance cost with no payoff. Aggregates are a cache, and caches earn their keep only where the hit rate is high.

Aggregate navigation, or the aggregate nobody has to know about

The uncomfortable part of aggregates is coupling. If a dashboard is hand-written against fct_book_sales_daily, then the day you ask for revenue by hour, the dashboard breaks — the aggregate doesn’t have the grain, and someone has to notice, rewrite the query against the atomic fact, and remember which questions are allowed to hit which table. Multiply that across dozens of dashboards and the aggregate becomes a liability: a second source of truth that consumers must route between by hand.

The classic solution is aggregate navigation (sometimes called query rewrite): a layer that accepts a query written against the atomic fact and silently redirects it to the smallest aggregate that can answer it. Ask for revenue by month and the navigator serves it from fct_book_sales_daily; ask for revenue by hour and it falls through to fct_order_items — same query, the router picks the table. The consumer never names the aggregate, so aggregates can be added, split, or dropped without touching a single dashboard. This is the feature that made 1990s ROLAP tools viable, and it’s the honest reason aggregates were ever manageable at scale: the coupling has to live in one place, not in every report.

This is also where the OLAP cube fits into the Kimball picture, because a cube is essentially an aggregate-navigation engine with the rollups precomputed for every combination of dimension levels at once. A cube over the sales star materializes sales by day-book, by month-category, by quarter-region, and so on up every hierarchy, then answers queries by reading the right cell. A star schema plus a handful of hand-chosen aggregate tables is the same idea done selectively — you precompute the rollups that are hot instead of all of them, trading cube completeness for a fraction of the storage and build cost. On a columnar cloud warehouse that scans fast and stores cheap, the selective approach usually wins, which is why explicit cube engines faded and aggregate tables (or their modern cousins, materialized views) stayed. The concept survived; the packaging changed.

Modern warehouses give you a piece of aggregate navigation for free. Snowflake’s materialized views and the automatic-clustering machinery, and the query optimizer’s ability to route a query to a materialized view that covers it, are aggregate navigation by another name — you define the rollup, and the optimizer decides when to use it. Worth checking against current Snowflake docs before leaning on it, because MV rewrite has real restrictions (limited aggregate functions, no outer joins in the MV definition), but where it applies it removes the routing problem entirely. Where it doesn’t, you build the aggregate as a dbt model and route to it deliberately — which brings us to building one that stays correct.

Rollups should be incremental

A day-grain aggregate over a growing fact should not fully rebuild every night — that throws away the whole point, which was to do the aggregation once. Build it incrementally, reprocessing only the recent slice that can still change:

{{ config(
    materialized='incremental',
    unique_key=['date_sk', 'book_sk']
) }}

with source_rows as (
    select *
    from {{ ref('fct_order_items') }}
    {% if is_incremental() %}
      where order_date >= current_date - 7
    {% endif %}
),

rolled as (
    select
        date_sk,
        book_sk,
        sum(quantity) as quantity,
        sum(extended_price) as extended_price
    from source_rows
    group by 1, 2
)

select * from rolled

The lookback window is the whole design, and getting it wrong is how an aggregate goes quietly wrong. Late-arriving facts change recent aggregates: an order corrected three weeks after the fact rewrites that day’s total, and if the incremental window only reaches back seven days, the correction never makes it into the rollup. The aggregate stays fast and becomes subtly stale — the most dangerous failure mode, because nothing errors. The rule is that an aggregate inherits the lateness behavior of its atomic fact. If orders can be corrected for thirty days, the aggregate’s lookback is thirty days, full stop. Match the window to the source’s actual volatility, not to what feels efficient.

For warehouses that partition, replacing every affected partition wholesale is often safer than a row-level merge, because it’s idempotent — rebuild the last thirty days of partitions from scratch and you can’t leave a half-updated row behind. The implementation is warehouse-specific (Snowflake leans on merge and delete+insert incremental strategies rather than explicit partitions); the design question is portable: what range of the aggregate can still change, and how do I rebuild exactly that range and nothing else?

Shrunken dimensions must be conformed, not private

Change the grain of the fact and you often change the grain of its dimensions too. A week-grain sales aggregate has no business joining to a day-grain dim_date — a week is seven calendar days, so a single aggregate row can’t point at one date_sk without either lying about which day it means or fanning out across seven. What it needs is a shrunken dimension: a dimension rolled up to match the coarser grain.

For a weekly rollup, that’s a week-grain calendar:

-- models/marts/dim_week.sql
select
    {{ dbt_utils.generate_surrogate_key(['iso_year', 'iso_week']) }} as week_sk,
    calendar_year,
    iso_week,
    calendar_quarter,
    min(date_day)  as week_start_date,
    max(date_day)  as week_end_date,
    count(*)       as days_in_week
from {{ ref('dim_date') }}
group by calendar_year, iso_week, calendar_quarter

And the weekly aggregate conforms to it:

-- models/marts/fct_book_sales_weekly.sql
{{ config(materialized='incremental', unique_key=['week_sk', 'book_sk']) }}

with lines as (
    select oi.*, d.calendar_year, d.iso_week
    from {{ ref('fct_order_items') }} oi
    join {{ ref('dim_date') }} d using (date_sk)
    {% if is_incremental() %}
      where oi.order_date >= current_date - 30
    {% endif %}
)

select
    {{ dbt_utils.generate_surrogate_key(['iso_year', 'iso_week']) }} as week_sk,
    book_sk,
    sum(quantity) as quantity,
    sum(extended_price) as extended_price
from lines
group by week_sk, book_sk

The load-bearing word is conformed. dim_week is not a private calendar the weekly aggregate invented for itself — it is built from dim_date, so its weeks, years, and quarters are the same weeks, years, and quarters every other star already uses. That matters because the whole reason to shrink a dimension rather than inline a couple of columns is so that a weekly sales aggregate and a weekly inventory aggregate can be sliced by the same dim_week and compared. The moment inventory rolls up to its own week table — one that starts weeks on Monday while sales starts on Sunday, say, because iso_week was computed two different ways — the two aggregates stop being comparable and the integration silently breaks. A shrunken dimension is a conformed dimension at a coarser grain; it is the same dimension, rolled up, derived from the atomic one so its meaning can’t drift. Building it from dim_date isn’t just convenient, it’s the mechanism that keeps conformance true. Kimball’s rule of thumb is worth stating plainly: a shrunken rollup dimension must be a strict subset of the base dimension’s rows and attribute values — never an independently sourced table that merely looks similar.

Shrinking also closes a specific bug. Join a week-grain fact to a day-grain dimension and, unless you’re careful, each aggregate row matches seven dimension rows and your revenue multiplies by seven. Matching the dimension’s grain to the fact’s grain makes that fan-out structurally impossible instead of something you have to remember not to do.

Drill-across is the query payoff

All of this conformance discipline exists to make one query pattern safe. When you want to compare two processes — units sold against units on hand, by title, by week — the wrong instinct is to join the two facts directly:

-- wrong: two facts at different grains, joined directly
from fct_order_items
join fct_inventory_daily using (book_sk, date_sk)

That fans out immediately, because fct_order_items is one row per order line and fct_inventory_daily is a periodic snapshot at one row per book per day — different grains, so the join multiplies. The correct pattern is drill-across: aggregate each fact to the common grain first, then join the two aggregates on their shared conformed keys:

with sales as (
    select date_sk, book_sk, sum(quantity) as units_sold
    from {{ ref('fct_order_items') }}
    group by 1, 2
),

inventory as (
    select date_sk, book_sk, max(stock_level) as units_on_hand
    from {{ ref('fct_inventory_daily') }}
    group by 1, 2
)

select
    d.date_day,
    b.title,
    sales.units_sold,
    inventory.units_on_hand
from sales
join inventory using (date_sk, book_sk)
join {{ ref('dim_date') }} as d using (date_sk)
join {{ ref('dim_book') }} as b using (book_sk)

Note the aggregations: sum(quantity) for sales because units sold add up across a day, but max(stock_level) for inventory because a stock level is a state, not a flow — you don’t sum today’s on-hand count across the week, you take the level at a point in time. That asymmetry is additivity showing up in the query, and it’s the same reason the semantic layer has to treat stock_level with care in a moment.

This query works only because both facts share a conformed dim_date and dim_book — the conformed-dimension chapter is the whole reason it’s coherent. Drill-across is what the bus matrix was for: two processes meeting on dimensions that agree.

The semantic layer over the star

An aggregate table can make extended_price fast. It should not be the only place the definition of “revenue” lives, and it definitely shouldn’t be the place three different dashboards each re-derive it. That’s the job of a semantic layer: name each metric once, above the tables, and make every consumer — BI tool, notebook, ad-hoc query — pull from that one definition. The star is the physical model; the semantic layer is the shared vocabulary on top of it.

dbt ships one: the dbt Semantic Layer, powered by MetricFlow. You describe your marts as semantic models (what entities, dimensions, and measures each fact exposes), then define metrics on top of those measures. MetricFlow compiles a request like “revenue by month” into the correct SQL — picking the joins, applying the aggregation, and, crucially, generating the same expression no matter who asks.

Start by describing the atomic sales fact:

# models/marts/semantic_models.yml
semantic_models:
  - name: order_items
    model: ref('fct_order_items')
    defaults:
      agg_time_dimension: order_date

    entities:
      - name: order_item
        type: primary
        expr: order_item_sk
      - name: order
        type: foreign
        expr: order_id
      - name: book
        type: foreign
        expr: book_sk
      - name: customer
        type: foreign
        expr: customer_sk

    dimensions:
      - name: order_date
        type: time
        type_params:
          time_granularity: day

    measures:
      - name: quantity
        description: "Units sold, at order-line grain."
        agg: sum
        expr: quantity
      - name: extended_price
        description: "Gross line amount."
        agg: sum
        expr: extended_price
      - name: order_count
        description: "Distinct orders."
        agg: count_distinct
        expr: order_id

Three things to notice. The entities are the surrogate keys the star already carries — order_item_sk is the primary entity, and book_sk/customer_sk are foreign entities that let MetricFlow join out to dim_book and dim_customer (defined as their own semantic models) to expose their attributes as queryable dimensions. The measures are the raw additive building blocks, each with its aggregation declared — this is where agg: sum says “this column is additive.” And agg_time_dimension: order_date tells MetricFlow which time column to roll up on by default, so “revenue by month” knows what “by month” means without you spelling it out every time.

Metrics then name the business-facing calculations on top of the measures:

# models/marts/metrics.yml
metrics:
  - name: revenue
    description: "Total gross sales amount."
    type: simple
    type_params:
      measure: extended_price

  - name: units_sold
    description: "Total units sold."
    type: simple
    type_params:
      measure: quantity

  - name: orders
    description: "Count of distinct orders."
    type: simple
    type_params:
      measure: order_count

  - name: average_order_value
    description: "Revenue per order."
    type: ratio
    type_params:
      numerator: revenue
      denominator: orders

revenue, units_sold, and orders are simple metrics — a name bolted onto a single measure. average_order_value is a ratio metric built from two other metrics, and this is the payoff. Average order value is a non-additive ratio: you can’t average it across segments, and you can’t precompute it in an aggregate table without pinning a grain. Defined as a ratio in the semantic layer, it’s computed correctly at query time for whatever grain the consumer asks — revenue-over-orders by month, by segment, by book category — each cut recomputed from its own numerator and denominator, never averaged from a pre-divided column. This is the class of metric a semantic layer handles that an aggregate table fundamentally can’t.

Additivity is the semantic layer’s problem too

The stock_level measure on fct_inventory_daily is the case that separates a semantic layer that understands dimensional modeling from one that just renames columns. stock_level is semi-additive: it adds up across books and stores (total units on hand across the catalog is a real number) but not across time (summing Monday’s, Tuesday’s, and Wednesday’s on-hand counts is meaningless — you’d triple-count the same physical books). It’s the classic balance-snapshot measure, and getting it wrong produces confidently wrong inventory numbers.

MetricFlow models this directly with a non_additive_dimension:

semantic_models:
  - name: inventory
    model: ref('fct_inventory_daily')
    defaults:
      agg_time_dimension: snapshot_date

    entities:
      - name: book
        type: foreign
        expr: book_sk

    dimensions:
      - name: snapshot_date
        type: time
        type_params:
          time_granularity: day

    measures:
      - name: stock_level
        description: "Units on hand — semi-additive over time."
        agg: sum
        non_additive_dimension:
          name: snapshot_date
          window_choice: max

agg: sum still governs the additive dimensions (sum across books and stores), while non_additive_dimension tells MetricFlow that across snapshot_date it must not sum — window_choice: max takes the level at the latest date in the queried window instead. Ask for inventory by month and you get the end-of-month stock level, not thirty days of levels added together. That’s the same max(stock_level) reasoning from the drill-across query, but now it’s declared once in the semantic model instead of being something every analyst has to remember to type. Encoding additivity in the layer is how you stop the semi-additive-measure bug at the source rather than catching it in review forever.

Querying it, and where it fits

With models and metrics defined, MetricFlow answers requests without anyone writing the join-and-group-by:

dbt sl query --metrics revenue,units_sold \
  --group-by metric_time__month,book__genre \
  --order-by metric_time__month

metric_time is MetricFlow’s cross-metric time dimension (the agg_time_dimension under the hood), so metric_time__month rolls both metrics to month; book__genre reaches through the book entity into dim_book for an attribute the sales fact never physically stored. The same query is available over the Semantic Layer’s APIs (JDBC, GraphQL) so a BI tool, a notebook, and a Slack bot all resolve “revenue by month” to identical SQL. That’s the consistency half of the chapter’s opening promise, delivered: one definition, many consumers, no drift.

Which raises the question the two techniques force: when does the semantic layer replace hand-built aggregate tables, and when doesn’t it?

It replaces them for definitional consistency and for non-additive metrics. Average order value, margin percent, any ratio or any metric whose correctness depends on grain — define these in the semantic layer and never materialize them, because a materialized ratio is a grain waiting to be queried wrong. The semantic layer computes them right at whatever grain is asked, which no single aggregate table can do.

It does not replace aggregates for raw latency on huge, hot rollups. A semantic-layer query for revenue by month still scans the atomic fact unless something underneath has precomputed the rollup — MetricFlow generates correct SQL, but correct SQL over a hundred-million-row fact is still a hundred-million-row scan. That’s exactly where you keep an aggregate table (or a materialized view), and the two compose: point the semantic model at a pre-aggregated mart, or let MetricFlow’s own caching and your warehouse’s MV rewrite serve the hot cuts, while the layer still guarantees the definition. Some Semantic Layer setups add declarative pre-aggregation so MetricFlow itself manages the rollups — check current dbt docs for what’s GA, since this surface moves fast. The durable split: the semantic layer owns what a metric means; aggregates and materialized views own how fast the common cut comes back. You want both, and they don’t compete.

Test aggregates against atomic facts

Every aggregate is a second copy of numbers that already exist atomically, and a second copy can disagree with the first. So reconcile them — sum the atomic fact to the aggregate’s grain and assert the totals match:

-- tests/assert_daily_aggregate_reconciles.sql
with atomic as (
    select date_sk, book_sk, sum(extended_price) as extended_price
    from {{ ref('fct_order_items') }}
    group by 1, 2
)

select
    atomic.date_sk,
    atomic.book_sk,
    atomic.extended_price as atomic_amount,
    agg.extended_price    as aggregate_amount
from atomic
full outer join {{ ref('fct_book_sales_daily') }} as agg
    using (date_sk, book_sk)
where coalesce(atomic.extended_price, 0) != coalesce(agg.extended_price, 0)

Zero rows means the aggregate agrees with the atomic source at the declared grain, in both directions — the full outer join catches a grain combination present in one table but missing from the other, which a plain inner join would silently skip. Without this test, an aggregate whose lookback window was too short drifts for weeks while dashboards stay fast and wrong, and nobody finds out until a total is questioned. Run it after the aggregate builds, on the same schedule, so the fast copy can never diverge from the true one for more than a night. The testing chapter makes the general case; this is its most important specific application, because an aggregate’s entire value proposition is being trusted without being checked.

One honesty note in keeping with the book: the MetricFlow YAML and dbt sl query shapes here are docs-correct for the current dbt Semantic Layer, and the SQL is standard Snowflake — but this book has no live Snowflake or Semantic Layer service to run against, so treat the semantic-layer snippets as verified-by-reading, and confirm the exact spelling of non_additive_dimension, metric_time, and the sl query flags against current dbt docs before you ship, since that surface is still moving.

Final thoughts

Aggregates and the semantic layer are not shortcuts around dimensional modeling — they’re dimensional modeling collecting its interest. The aggregate table is the star at a coarser grain, conforming to shrunken dimensions that were derived from the atomic ones so they can’t drift. The semantic layer is the star’s grain and additivity rules written down as executable definitions, so “revenue” and “average order value” and “units on hand” mean one thing across every tool that asks. Neither is possible without the discipline the rest of the book built: an aggregate needs a declared grain to reconcile against, a shrunken dimension needs a conformed base to derive from, and a semantic layer needs to know which measures are additive, semi-additive, or ratios before it can compute a single number correctly. Declare the grain, shrink dimensions when the grain changes, roll up only additive measures or their safe components, reconcile the fast copy against the true one every night, and define each metric exactly once above the tables. Speed is useful. Consistent speed is better. Correct, governed, consistent speed — the same number, fast, everywhere — is the point.





Streaming Facts: When the Nightly Batch Stops Being Nightly

Every model in this book has quietly assumed that the warehouse gets to think overnight.

The facts rebuild at 2 a.m. The snapshots run once a day. The aggregate reprocesses its lookback while nobody is looking, and by the time an analyst opens a dashboard, everything agrees with everything else. That assumption is load-bearing in ways you may not have noticed. It’s why dbt snapshots can get away with dating a change to when they observed it. It’s why a merge on a hundred-million-row fact is fine — you do it once. It’s why “as of when?” has never come up, because the answer was always “last night, same as everything else on this page.”

Then someone asks for the sales dashboard to be live. Not “refreshed by 8 a.m.” — live.

This chapter is what happens to a dimensional model when latency drops from a day to minutes: which of your patterns were secretly latency-dependent, and which weren’t. One of them — the deterministic surrogate key — turns out to be the reason streaming is possible at all. Two others — the periodic snapshot, the scheduled Type 2 snapshot — turn out to be definitionally batch. We’ll build it three ways on the bookshop, then spend the last section on when not to, because this is the chapter where people most reliably set money on fire.

What batch was quietly assuming

Three things break, in order.

The quiet period. A batch star has a window where nothing arrives, so models build in dependency order and are consistent when they finish: dim_customer is built, then fct_order_items resolves keys against it, then the aggregate rolls up the fact. Every layer sees a settled version of the layer beneath it. Delete the quiet period and that’s gone — the fact is written while the aggregate reads it, and consistency becomes something you design for rather than something the clock hands you.

“As of when?” In batch, every table has the same answer, so nobody asks. Streaming, the fact might be 40 seconds behind the source, dim_customer 20 minutes behind, and the daily aggregate 6 hours behind — and a query joining all three returns a number that is as of an incoherent mixture of three moments. It won’t look wrong. It’ll be quietly unattributable, because the discrepancy is time and time isn’t a column in the result. Every streaming fact needs an ingestion audit column, and every consumer needs a way to ask how fresh the thing in front of them is.

The merge cost curve. This one shows up on the bill. Snowflake stores data in immutable micro-partitions; any DML touching a row rewrites the whole partition, and a MERGE must first scan the target to find its matches — all of it, if nothing lets it prune. Do the arithmetic, because nobody does it in advance. fct_order_items is 400 GB; your nightly merge scans it once. Run that merge every minute and it’s 1,440 runs a day, each scanning 400 GB: 576 TB of reads per day to apply maybe fifty thousand rows. Batch hides this because you pay the scan once. Frequency turns a fixed cost into a per-run cost, and per-run costs multiply.

Consistency, provenance, and a cost curve pointing the wrong way. Everything below answers one of those three.

Micro-batching: shrink the interval, not the architecture

The honest first answer to “we need it faster” is almost never “we need a streaming architecture.” It’s “run what you already have, more often.” A dbt model on a fifteen-minute schedule is real-time enough for the overwhelming majority of what gets called real-time, and it adds no new failure modes. Start here; earn your way to anything else.

But shrinking the interval doesn’t shrink the problems proportionally — it sharpens one.

Event time versus ingestion time

Late-arriving data was a chapter about days: a correction lands three weeks after the order. At a fifteen-minute cadence you meet the identical problem at the scale of seconds, and it stops being an edge case and becomes every run.

The standard watermark is where event_ts > (select max(event_ts) from {{ this }}). It works nightly because by 2 a.m. nothing from yesterday is still in flight. It fails at fifteen minutes because something is always in flight: an order committed at 10:14:59 lands in staging at 10:15:03, by which time the 10:15:00 run has taken max(event_ts) = 10:14:58 and moved on. That order is now permanently behind the watermark. It will never be selected again, and nothing errors.

The fix is to stop conflating two timestamps that batch let you treat as one. Event time (order_ts) is when the business thing happened — it’s what the model means, and it is not monotonic, because events arrive out of order. Ingestion time (_ingested_at) is when the row landed in your table, stamped by the loader — and it is monotonic, because you control it. So: watermark on ingestion time; filter, partition, and report on event time. A late event has a low event_ts but a high _ingested_at, so an ingestion-time watermark catches it however late it is. One column, and an entire class of silently-dropped-row bugs disappears.

-- models/marts/fct_order_items.sql
{{ config(
    materialized='incremental',
    unique_key='order_item_sk',
    incremental_strategy='merge',
    cluster_by=['order_date'],
    incremental_predicates=[
        "DBT_INTERNAL_DEST.order_date >= dateadd(day, -3, current_date)"
    ]
) }}

with source_rows as (

    select * from {{ ref('stg_order_items') }}

    {% if is_incremental() %}
    where _ingested_at > (select max(_ingested_at) from {{ this }})
    {% endif %}

)

select
    {{ dbt_utils.generate_surrogate_key(['order_id', 'line_number']) }} as order_item_sk,

    {{ dbt_utils.generate_surrogate_key(['book_id']) }}                     as book_sk,
    {{ dbt_utils.generate_surrogate_key(["coalesce(customer_id, '-1')"]) }} as customer_sk,
    {{ dbt_utils.generate_surrogate_key(['order_date']) }}                  as date_sk,

    order_id, order_date, order_ts,
    quantity, extended_price, _ingested_at

from source_rows
qualify row_number() over (
    partition by order_id, line_number
    order by _ingested_at desc
) = 1

Three things in there are doing streaming work.

The qualify is not optional. Streaming delivery is at-least-once: Kafka replays, loaders retry, a Snowflake stream hands you two versions of a row that changed twice in one window. A MERGE given two source rows for one target key fails outright — Duplicate row detected during DML action — so collapsing each natural key to its latest version before the merge sees it is the difference between a pipeline that works and one that works until the first retry.

incremental_predicates bounds the merge’s target scan. Those predicates go into the on clause of the generated MERGE, against the target alias DBT_INTERNAL_DEST — so instead of scanning 400 GB for matches, Snowflake prunes to three days of partitions. With cluster_by=['order_date'] co-locating rows by date so the pruning actually prunes, this is what flattens the cost curve above.

And it comes with a knife. Bounding the target means the merge cannot see rows outside the bound. An order line corrected six days late won’t match its existing row, so the not matched branch fires and you get a duplicate, not an update. A predicate you added for cost has silently become a correctness constraint. Set it to your real correction horizon, not to whatever makes the query fast, and keep the uniqueness test from the testing chapter on order_item_sk so the day the horizon is wrong, the build goes red instead of the number going wrong.

The microbatch strategy

dbt 1.9 added an incremental strategy built for this shape. Declare the event-time column and a batch size, and dbt splits the run into independent, time-bounded batches, each replacing its own window in the target:

{{ config(
    materialized='incremental',
    incremental_strategy='microbatch',
    event_time='order_ts',
    batch_size='hour',
    lookback=3,
    begin='2026-01-01'
) }}

Note what’s gone: no is_incremental(), no watermark. dbt applies the time filter itself, because you told it which column carries event time. lookback=3 says “also reprocess the three hourly batches before the current one” — the late-arrival window, declared as config rather than buried in a where clause. Each batch is idempotent, so a backfill stops being a scary --full-refresh: dbt run --select fct_order_items --event-time-start "2026-07-01" --event-time-end "2026-07-08". (The upstream model or source must also declare event_time, so dbt knows what to filter it on.)

The trade is that microbatch is window-shaped — it replaces time windows — which makes it a natural fit for an append-only transaction fact and a poor one for an accumulating snapshot whose rows update forever. Hold onto that; the fact type is about to tell you a great deal.

The hot/cold split

Micro-batching gets you to minutes. Below that the merge is the wrong instrument: you’re paying partition-rewrite costs to maintain a table whose recent tail churns constantly and whose deep history hasn’t moved in months. Those regions want different physics.

So split them. A cold table holds settled history, maintained incrementally at whatever cadence you like. A hot relation is a view over the landing table covering the last few minutes — nothing to rebuild, because there’s almost nothing in it. The fact everyone queries is a view unioning the two.

The one critical decision is where to cut, and there’s exactly one right answer: cut on ingestion time, not event time. Cut on event time and out-of-order arrivals fall down the crack — an order with order_ts = 09:58 that lands at 10:07 is below the cold table’s event-time cutoff and arrived after its last build, so it exists in neither half. Cut on ingestion time, which is monotonic by construction, and the halves partition the data perfectly however scrambled event time is.

Take the select list from the model above — key hashes, the '-1' routing, measures, the dedupe qualify — and lift it verbatim into macros/order_item_projection.sql, taking the source CTE’s name as its one argument. Then both halves are three lines each:

-- models/marts/fct_order_items_cold.sql — settled history
{{ config(
    materialized='incremental', unique_key='order_item_sk', incremental_strategy='merge',
    cluster_by=['order_date'],
    incremental_predicates=["DBT_INTERNAL_DEST.order_date >= dateadd(day, -3, current_date)"]
) }}

with source_rows as (
    select * from {{ ref('stg_order_items') }}
    where _ingested_at <= dateadd('minute', -{{ var('hot_window_minutes', 30) }}, current_timestamp())
    {% if is_incremental() %}
      and _ingested_at > (select max(_ingested_at) from {{ this }})
    {% endif %}
)
{{ order_item_projection('source_rows') }}

-- models/marts/fct_order_items_hot.sql — whatever the cold table hasn't taken
{{ config(materialized='view') }}

with source_rows as (
    select * from {{ ref('stg_order_items') }}
    where _ingested_at > (
        select coalesce(max(_ingested_at), '1900-01-01'::timestamp_ntz)
        from {{ ref('fct_order_items_cold') }}
    )
)
{{ order_item_projection('source_rows') }}

-- models/marts/fct_order_items.sql — the only thing anyone queries
{{ config(materialized='view') }}

select * from {{ ref('fct_order_items_cold') }}
union all
select * from {{ ref('fct_order_items_hot') }}

The hot view derives its boundary from the cold table itself, so the seam is self-healing: if the cold build is late, the hot view covers more; when it runs, the hot view instantly covers less. There’s no window to keep in sync between two models, which means no window to get wrong. The cold table’s <= now - 30 minutes filter merely stops it chasing the tail — an efficiency choice, not a correctness one, and the union stays gapless either way.

Two honest caveats, because this pattern gets sold as free.

Two code paths, one truth. The macro is why the projection can’t drift; without it, hot revenue and cold revenue quietly compute different things and the discontinuity lands exactly at the seam, the last place anyone looks. But a shared macro reduces two code paths to one definition, and that’s as far as the reduction goes: you still have two materializations, two ways to fail, and a union view every dashboard now depends on. So reconcile the halves the way chapter 15 reconciled aggregates against atomic facts — a singular test asserting they’re disjoint costs thirty seconds and catches the only failure that really hurts:

-- tests/assert_hot_cold_disjoint.sql
select order_item_sk from {{ ref('fct_order_items_cold') }}
where order_item_sk in (select order_item_sk from {{ ref('fct_order_items_hot') }})

The hot half is unclustered by design. Fine when it’s thirty minutes of orders. Less fine when the cold build fails at midnight and nobody notices until nine, at which point “the last thirty minutes” is nine hours of unpruned scanning on every query. That’s a slow answer rather than a wrong one — forgiving, as failures go — but you still want the alert.

Letting Snowflake do it: Streams and Tasks

Everything above runs dbt on a clock. Snowflake will run the clock for you, with two primitives from the programmability chapter of the Snowflake series.

A Stream on the landing table is CDC with no triggers and no watermark column: it exposes the rows that arrived since the last consumer, and the offset advances atomically with the DML that consumes it — so reading changes and acknowledging them are one transaction, and a task that dies halfway loses nothing. A Task is a scheduler inside the account; gate it on SYSTEM$STREAM_HAS_DATA and it burns compute only when there’s work.

CREATE OR REPLACE STREAM raw.order_items_stream
  ON TABLE raw.order_items_landing
  APPEND_ONLY = TRUE;

CREATE OR REPLACE TASK analytics.load_fct_order_items
  WAREHOUSE = transform_wh
  SCHEDULE  = '1 MINUTE'
  WHEN SYSTEM$STREAM_HAS_DATA('raw.order_items_stream')
AS
MERGE INTO analytics.fct_order_items AS tgt
USING (
    SELECT
        MD5(COALESCE(CAST(order_id    AS VARCHAR), '_dbt_utils_surrogate_key_null_') || '-' ||
            COALESCE(CAST(line_number AS VARCHAR), '_dbt_utils_surrogate_key_null_')) AS order_item_sk,
        MD5(COALESCE(CAST(customer_id AS VARCHAR), '-1'))                             AS customer_sk,
        -- ... book_sk, date_sk, measures, CURRENT_TIMESTAMP() AS _ingested_at
        order_id, order_date, order_ts, quantity, extended_price
    FROM raw.order_items_stream
    QUALIFY ROW_NUMBER() OVER (
        PARTITION BY order_id, line_number ORDER BY order_ts DESC) = 1
) AS src
ON  tgt.order_item_sk = src.order_item_sk
AND tgt.order_date   >= DATEADD(day, -3, CURRENT_DATE)      -- prune the target
WHEN MATCHED     THEN UPDATE SET tgt.quantity = src.quantity, ...
WHEN NOT MATCHED THEN INSERT (...) VALUES (...);

ALTER TASK analytics.load_fct_order_items RESUME;

Stare at those MD5 expressions, because they’re the most dangerous lines in the chapter. dbt_utils.generate_surrogate_key is not magic: it compiles to md5 of each field cast to varchar, null-coalesced to the literal _dbt_utils_surrogate_key_null_, joined with -. Hand-write a merge that hashes slightly differently — another separator, another sentinel, sha2 instead of md5 — and the streaming path and the dbt path mint different surrogate keys for the same row. Every fact the task loads then fails to join to any dimension dbt built. The joins won’t error; they’ll return nothing, or collapse into the unknown member, and you’ll lose an afternoon. The key expression must live in exactly one place. Generate the task’s SQL from the same macro — or don’t hand-write the task at all, which is a fine argument for the next section.

Three smaller points. APPEND_ONLY = TRUE suits a landing table that only grows and is cheaper than a standard stream; use a standard stream only if downstream must mirror deletes. The AND tgt.order_date >= ... in the ON clause is hand-rolled incremental_predicates — same prune, same knife, same duplicate on a six-day-late correction. And '1 MINUTE' is the floor: Snowflake won’t schedule a task more often, so if you need sub-minute you don’t want a task, you want the ingestion layer writing the fact directly.

Dynamic tables: declare the freshness, delete the plumbing

Streams and tasks work, and they’re also a hundred lines of hand-written merge you now own forever. Dynamic tables are the declarative answer: write the SELECT that defines what the table is, plus a TARGET_LAG saying how stale it may get, and Snowflake works out the refresh — incrementally where the query allows, by full rebuild where it doesn’t. No stream, no task, no merge, no offset. And dbt-snowflake ships it as a materialization, so it belongs in your project rather than a migration script:

-- models/marts/fct_order_items.sql
{{ config(
    materialized='dynamic_table',
    snowflake_warehouse='transform_wh',
    target_lag='5 minutes',
    refresh_mode='AUTO',
    initialize='ON_CREATE',
    on_configuration_change='apply'
) }}

with source_rows as (
    select * from {{ ref('stg_order_items') }}
)
{{ order_item_projection('source_rows') }}

Same macro, same ref, same tests in the same YAML. What’s gone is is_incremental(), the watermark, the merge strategy, the dedupe dance, and the hot/cold union — all collapsed into two config lines. dbt run now declares the table instead of loading it. For most streaming facts, this is the one I’d reach for first.

Now the parts the marketing page doesn’t lead with.

Non-deterministic functions kill incremental refresh. Snowflake can only refresh incrementally if it can reason about how a change to the source changes the result, and it cannot reason through CURRENT_DATE(), CURRENT_TIMESTAMP(), or RANDOM(), which answer differently on every refresh. Which means the most reflexive line in all of incremental modeling — where order_date >= current_date - 3 — is precisely what demotes your dynamic table to a full rebuild every five minutes. That’s the habit to unlearn. The lookback window existed to make an incremental load cheap; the dynamic table is doing that job for you, and the current_date filter is sabotaging it. Write the query as the complete definition of the table and let Snowflake compute the delta.

Verify the refresh mode; never assume it. REFRESH_MODE = AUTO lets Snowflake choose, and it will quietly choose FULL if something blocks the incremental path — and a full-refresh dynamic table on a five-minute lag is 288 complete rebuilds of your fact table per day. So check, every time:

SHOW DYNAMIC TABLES LIKE 'FCT_ORDER_ITEMS' IN SCHEMA analytics;
-- read the refresh_mode and refresh_mode_reason columns

SELECT name, state, refresh_action, refresh_start_time
FROM TABLE(information_schema.dynamic_table_refresh_history())
ORDER BY refresh_start_time DESC LIMIT 20;

refresh_mode_reason names, in words, the construct that disqualified incremental refresh. Declaring REFRESH_MODE = INCREMENTAL explicitly is the paranoid move: an unsupported query then fails at create time rather than silently costing you 288 rebuilds a day. Fail loudly at deploy, not quietly on the invoice.

They chain, and lag propagates. A dynamic table can read another, so a whole staging-to-marts DAG can be dynamic tables end to end. Set the intermediate ones to TARGET_LAG = DOWNSTREAM and they refresh only as often as whatever depends on them needs — freshness flows backward through the graph and you declare it in exactly one place, on the mart the business cares about. It’s the closest the modern warehouse gets to a freshness SLO written as code.

The lag is a cost dial. A dynamic table refreshes on the warehouse you name it, and a one-minute TARGET_LAG means that warehouse essentially never suspends. An X-Small burns a credit per hour it’s awake; awake around the clock is roughly 720 credits a month, landing in the low four figures depending on edition and cloud. Move the same table to an hourly lag and the warehouse might be awake twenty minutes a day. Freshness isn’t a boolean, it’s a slider with a price printed on it — and far fewer dashboards need the one-minute end than there are people who’ll ask for it.

The landing zone: Snowpipe and Snowpipe Streaming

None of this matters if data reaches the warehouse hourly, because a fact is exactly as fresh as its slowest upstream hop.

Snowpipe ingests files as they land in a stage — serverless, event-driven, typically within a minute of the file appearing. Right when your producers already write files. The trap is file size: Snowpipe carries a per-file overhead (on the order of 0.06 credits per thousand files, on top of the compute to load them), so a producer writing a 2 KB file every second will out-earn your entire transform budget in overhead alone. Snowpipe Streaming instead ingests rows, over an API, with no files in the middle — the Kafka connector uses it, as does anything writing through the Snowflake ingest SDK. Latency is seconds, and it’s what makes a one-minute dynamic table meaningful rather than decorative.

The composition is the one the Snowflake series drew: Snowpipe or Snowpipe Streaming lands raw rows; a dynamic table (or a stream and a task) shapes them into the star. Ingestion and transformation stay in separate lanes, and the dimensional model lives entirely in the second one — which is why the previous fifteen chapters still apply.

What actually breaks dimensionally

Push a star to minute latency and four dimensional things change: one for the better, three for the worse.

The surrogate key is why any of this works

Look again at the streaming loader. It computes book_sk, customer_sk, and date_sk without touching a single dimension table. No join, no lookup, no sequence, no key cache — it hashes the natural keys straight out of the payload. That isn’t a convenience. It’s the reason a star schema can be loaded at stream speed at all.

The classical Kimball load does a key lookup: join the incoming fact to dim_customer to fetch the integer customer_key, and if there’s no match, insert an inferred member and take its new key. That’s a join and a possible write against a dimension, per event, in the hot path — and a serializing one, since two concurrent loads meeting the same new customer must not mint two keys for them. At nightly volumes, fine. At ten thousand events a second it’s a distributed-systems problem, and it’s why a generation of streaming warehouses gave up and went denormalized.

Deterministic hashing deletes the problem. hash('8812') is hash('8812') on every node, in every process, at every moment, with no coordination and no state — the fact and the dimension agree on the surrogate key without ever having met, exactly as chapter 10 put it. Nothing to look up, so nothing to serialize, so the fact loader has no dependency on the dimension pipeline at all. And there’s a second dividend: streaming delivery is at-least-once, so the same order line will arrive twice — but its key is a pure function of its natural key, so the duplicate hashes to the identical order_item_sk, and a merge on that key is idempotent. Deterministic keys convert at-least-once transport into effectively-exactly-once loading, for free — a property most streaming systems buy with a transactional sink and a lot of ceremony, and the star gets as a side effect of a decision made in chapter 6 for entirely different reasons.

Inferred members stop being an exception

Chapter 10 introduced the inferred member as a repair for an occasional race: the order beat the customer record into the warehouse. At stream speed, that race is the steady state.

The arithmetic is unforgiving. Fact on a one-minute lag, dim_customer refreshing hourly: at any moment, up to an hour of brand-new customers exist in your fact table and nowhere else. Every one of their orders reports as “Unknown (inferred).” An inner-join dashboard loses them outright; a left-join dashboard shows a permanently nonzero “Unknown” bucket that pulses with the dimension’s refresh schedule — a genuinely maddening thing to debug.

Two rules follow. The dimension’s lag must be no worse than the fact’s, which inverts the batch instinct that dimensions are slow-moving and can refresh lazily. In a streaming star the dimension is on the critical path for attribution, and a fast fact behind a slow dimension is just a fast way to make unattributed rows. Put dim_customer on a dynamic table with a lag at least as tight as the fact’s — it’s a small table; refreshing it often is cheap. And monitor the age of the oldest inferred member. Chapter 10’s missing_keys anti-join works unchanged, but its output is no longer a curiosity: where is_inferred and _ingested_at < dateadd('minute', -15, current_timestamp()) is a page, because an inferred member fifteen minutes old at stream speed means the dimension feed is broken, not merely lagging.

Type 2 at stream speed: snapshots can’t, and shouldn’t try

Here’s the sharpest break. A dbt snapshot is a batch mechanism by construction, and no schedule makes it not one.

A snapshot answers one question per run: does the source’s current state differ from the last version I recorded? It sees states, at the moments it happens to look. Anything between two looks is invisible — a customer who moves Boston → Denver → Austin between two runs produces one new version, Austin, and Denver never existed as far as the warehouse knows. Run it every minute and you’ve narrowed the blind spot without removing it, while paying for a full source comparison sixty times an hour.

And the timing is wrong even when the change is caught. The event happened at 10:07 under the new attributes; the snapshot ran at 09:00 and 11:00, so the new version’s valid_from is 11:00, and the as-of range join for a 10:07 event lands in the old version’s window. Your fact is minute-fresh and your attribution is silently an hour stale — arguably worse than being honestly a day stale, because nobody expects it.

The fix is the one chapter 10 already built, and the lovely part is that streaming hands you the ingredient: a Snowflake stream on the customer table is, literally, a changelog — one row per change, timestamped when it happened. Derive the Type 2 windows from those change events with lead() instead of inferring them from observation, and version boundaries become as precise as the source’s own change timestamps rather than as coarse as your snapshot schedule:

-- models/marts/dim_customer_history.sql  (streaming variant)
{{ config(
    materialized='dynamic_table',
    snowflake_warehouse='transform_wh',
    target_lag='1 minute',
    refresh_mode='AUTO'
) }}

select
    {{ dbt_utils.generate_surrogate_key(['customer_id', 'changed_at']) }} as customer_version_sk,
    {{ dbt_utils.generate_surrogate_key(['customer_id']) }}               as customer_sk,
    customer_id, city, country, segment,
    changed_at as valid_from,
    coalesce(
        lead(changed_at) over (partition by customer_id order by changed_at),
        '9999-12-31'::timestamp_ntz
    ) as valid_to
from {{ ref('stg_customer_changes') }}

One detail there is quietly essential: valid_from and valid_to are timestamps, not dates. At daily grain you could get away with date, because a customer changing city twice in one day was a rounding error. At stream speed it isn’t, and a date-grained window collapses every intraday change into a zero-length window — two versions sharing a valid_from, mutually_exclusive_ranges going red, and a range join that either drops the event or fans it across both versions. Promote the columns to timestamp_ntz, join on order_ts rather than order_date, keep the half-open >= valid_from and < valid_to contract exactly as before. The pattern survives; its precision has to be upgraded to match.

(Be honest about the refresh mode there: a lead() over the full change history is unlikely to refresh incrementally, so read refresh_mode_reason and expect a full rebuild. On a dimension of a few hundred thousand rows, a full rebuild every minute is cheap and perfectly acceptable. On a fact table it would be ruinous. Dimensions get to be lazy about this in a way facts do not.)

The fact type sets its own latency ceiling

This is the one I’d most like you to take away, because it turns “how fast can we go?” from an engineering question into a modeling one. Go back to the four fact types: each has a different, structural answer.

Transaction facts stream natively. Append-only, immutable once written, grain is an event that already happened. No ceiling. This is the type streaming was invented for, and when someone asks for a real-time fact table it’s almost certainly what they mean. Factless facts are the same shape without measures, so likewise.

Accumulating snapshots fight you. fct_orders merges on order_id and rewrites the same row every time an order advances a milestone — so a high-frequency merge on a table whose entire purpose is in-place mutation is the worst possible thing to put on a one-minute schedule. Two ways out. Accept a coarser lag (fifteen minutes for a fulfillment scoreboard is no hardship; nobody makes a fulfillment decision in ninety seconds). Or re-derive it as an aggregation over the event stream rather than maintaining it by merge: min(case when event_type = 'shipped' then event_ts end) grouped by order_id is a GROUP BY a dynamic table can refresh incrementally, with no merge and no partition churn at all. The second is strictly better if your source emits milestone events rather than mutating a row in place — which is worth asking your producers for, specifically because of this.

Periodic snapshots cannot be real-time, and the request is incoherent. fct_inventory_daily is a photograph taken on a cadence; its grain is one row per book per day. “Real-time daily snapshot” isn’t a hard engineering problem, it’s a contradiction — you’re asking to photograph a day that isn’t over. When someone asks for real-time inventory they aren’t asking for a faster periodic snapshot; they want current state, a different question with a different answer: query the hot layer, or keep a small current-stock dynamic table on a one-minute lag. Leave the daily snapshot doing the job it exists for — answering “what was true on the 14th,” which by definition cannot be asked about a day that hasn’t finished.

So: before you engineer latency, ask what kind of fact it is. Half the real-time requests I’ve seen were periodic-snapshot questions in disguise, and the right answer was a five-line current-state model, not a rearchitecture.

Lambda, Kappa, and one honest paragraph

Two named architectures haunt this territory. Lambda runs two pipelines — a slow, complete, authoritative batch layer and a fast, approximate, disposable speed layer — with a serving layer merging them, batch eventually overwriting whatever speed guessed. Kappa calls that absurd: drop the batch layer, treat the immutable event log as the only source of truth, and reprocess by replaying it.

The honest reading is that our hot/cold split is a small, tame Lambda, and a dbt project sitting on a retained raw landing table is effectively Kappa, since --full-refresh is a replay of the log. You’re already doing both in miniature, and you got there by solving concrete problems rather than adopting an architecture — which is the right order. The reason to be wary of adopting either by name is that classical Lambda’s defining feature is two codebases computing the same number in two systems with two sets of bugs, and reconciling them is a permanent tax many teams have paid and few have enjoyed. If one warehouse can serve hot and cold through a single union view, written once, in one language, tested by one suite — and Snowflake plus dbt can — you get Lambda’s benefit without Lambda’s cost, and the architecture diagram stays boring. Boring is the goal.

When not to

Now the section that saves the most money.

Latency isn’t free, and it isn’t free in a compounding way: a one-minute dynamic table means a warehouse that never sleeps, a dimension pipeline accelerated to match, an inferred-member alert someone carries a pager for, a hot/cold seam someone must understand, and a set of numbers that move while people are looking at them. That last one isn’t a technical cost, and it’s the one that ends projects.

So audit the actual latency budget before spending a credit. Trace one number end to end. The source commits at 10:00:00. CDC picks it up in 30 seconds. Snowpipe Streaming lands it in 10 more. The dynamic table refreshes on a five-minute lag. The BI tool caches for fifteen minutes. A human opens the dashboard at 9:05 the next morning, having last looked at it on Tuesday. Your pipeline contributes about six minutes of latency; the human contributes about nineteen hours. Spending three thousand dollars a month to shave five of those six minutes is not an engineering achievement. It’s a rounding error with an invoice.

Which gives you the question that actually decides it, and it isn’t technical: is there a decision loop shorter than the current latency, and is somebody standing in it?


	Operational — seconds to minutes. A fraud check that blocks a transaction. A stockout that pulls a title off the storefront before three hundred people order it. A pager. Someone or something acts, now, and acting ten minutes late costs measurable money. This is real, and worth the credits.

	Tactical — minutes to an hour. Ops watching throughput during a promotion; support queue depth. Someone looks, sometimes, and adjusts something. Micro-batching covers this completely; a fifteen-minute dbt schedule is very probably the whole answer.

	Reporting — daily. Revenue, cohorts, margin, the board deck, and roughly ninety percent of everything else. Nobody acts on Tuesday’s revenue on Tuesday. Most “real-time dashboards” are opened once a day, in the morning — and the number they show is read as if it were final, which brings us to the best objection of all.



At minute latency, your revenue is pre-cancellation, pre-return, pre-fraud-check, pre-settlement revenue, and it will go down while somebody watches. An order placed at 10:03 and cancelled at 10:09 was revenue for six minutes, and a minute-refresh dashboard will show it and then unshow it. Finance will not accept a number that flickers, and they’re right not to: “revenue” is a settled concept, and settling takes time that has nothing to do with your pipeline. Freshness and finality are in genuine tension, and going faster doesn’t resolve it — it relocates the reconciliation problem from your warehouse into somebody’s spreadsheet. If a consumer needs a number they can commit to, they need a settled number, and a settled number is by definition not a real-time one. Say that out loud, early, to the person asking. About half the time it ends the conversation.

The test I’d hold to: would you wake someone at 3 a.m. for this number? If yes, build the streaming pipeline — it’s earning its keep, and its cost is trivial against what it prevents. If no — if it’ll be read tomorrow morning over coffee — then what’s being asked for isn’t latency. It’s the feeling of latency, and a fifteen-minute schedule with a “last updated 10:47” caption in the corner of the dashboard satisfies that for almost nothing, and makes people just as happy.

Final thoughts

Streaming doesn’t invalidate dimensional modeling. It audits it — it puts pressure on every decision you made and shows you which were load-bearing and which were merely how things got done overnight.

What survives, and gets stronger: the deterministic surrogate key, which turns out to be the entire reason a star can be loaded without coordination, and which quietly converts at-least-once delivery into idempotent loading. The durable key on the fact, which lets fact and dimension move at different speeds and still join correctly. The unknown and inferred members, promoted from exception handling to the hot path. Declared grain, without which the hot/cold union has no key to be disjoint on.

What has to change: snapshots give way to changelogs, because a mechanism that dates a change to when it looked cannot serve a fact that knows when things happened. Windows become timestamps, because a date-grained Type 2 collapses under intraday change. Watermarks move from event time to ingestion time, because only one of those is monotonic. And the cost of merging becomes a first-class design constraint — which is why incremental_predicates, clustering, and above all a dynamic table’s TARGET_LAG are modeling decisions now, not tuning knobs.

What doesn’t change is worth being loudest about. A streaming fact table is still a fact table: one declared grain, foreign keys that are never null, measures whose additivity you had better have thought about. Because the one thing streaming does with total reliability is deliver a wrong number faster. The star holds. It just has to be built by someone who knows which of its parts were assuming the warehouse got to sleep.





Beyond Kimball: Does Any of This Still Matter?

Kimball wrote The Data Warehouse Toolkit in 1996, when a join was expensive, storage was precious, and a nightly batch that finished before the analysts arrived was a genuine engineering achievement. Sixteen chapters into building star schemas, it’s fair to ask the uncomfortable question: on a warehouse that shrugs off a billion-row join, with storage that costs less than the meeting to discuss it, does any of this discipline still pay for itself?

That’s the right question to end on, and it deserves a real answer rather than a loyal one. To get there, you have to know what Kimball was always competing with — because dimensional modeling was never the only way to build a warehouse, and the alternatives each make a case worth hearing. Some of them are older than Kimball’s front-end popularity; some were born on the columnar warehouses that made this book’ whole toolchain possible. We’ll build the two that matter most — One Big Table and Data Vault — in dbt against the bookshop you already know, so the tradeoffs are concrete rather than folklore, and then look at the newer event-shaped and lakehouse-shaped answers before rendering a verdict.

Inmon: build the foundation first

Bill Inmon, often called the father of the data warehouse, argued the opposite of Kimball from the start. His model is top-down: build a single, normalized, enterprise-wide warehouse in third normal form — the integrated, non-redundant source of truth for the whole business — and then spin dimensional data marts off it for each department to query.

The appeal is integration. Every entity is defined once, reconciled across every source system, before anyone builds a report. Finance and marketing can’t disagree about what a “customer” is because there’s exactly one normalized customer table upstream of both. The cost is time and patience: you’re modeling the entire enterprise before you ship a dashboard, and 3NF is not what a BI tool wants to query. Inmon-versus-Kimball was the warehouse-design holy war for two decades.

In practice most teams landed on a blend — an integrated, normalized core feeding dimensional marts — which, notice, is Inmon’s architecture with Kimball’s front end. The marts are still stars. That blend is worth holding in mind, because it’s exactly the shape the decision matrix at the end of this chapter keeps returning to: a governed core in one physical style, a presentation layer in another. Inmon’s contribution to the modern stack isn’t a table you’ll build; it’s the insistence that conformance happens somewhere upstream of the dashboard, which is the same instinct the bus matrix and conformed dimensions encode.

One Big Table: just flatten it

The alternative you’re most likely to actually meet in a modern stack is the least academic. One Big Table — OBT, or “wide table” modeling — throws out the star at the presentation layer. Instead of a fact joined to a dozen dimensions, you denormalize the whole thing into a single very wide table: every order line with its customer attributes, book attributes, date attributes, and flags all flattened onto one row. No joins at query time. The BI tool selects from one table and flies.

This exists because the economics flipped. Columnar warehouses like Snowflake, BigQuery, and Redshift only read the columns a query touches, store data cheaply, and compress redundant values well — so the two things that made denormalization a sin in 1996, storage cost and read cost, mostly evaporated. dbt made the rebuild-on-demand cheap enough that the redundancy stopped being scary: your wide table is just another model, regenerated every run.

Here’s the part the OBT enthusiasts sometimes skip, and it’s the whole thesis of this section: a good OBT is a star schema that got flattened at the last step, not a star schema that never got built. You design dimensionally — declare the grain, conform the dimensions, sort out additivity — and then you denormalize. Watch how the build makes that literal.

-- models/marts/obt_sales.sql
{{ config(materialized='table') }}

-- grain: one row per order item — inherited unchanged from fct_order_items
select
    f.order_item_sk,
    f.order_id,                       -- degenerate dimension, carried through

    -- date attributes, flattened out of dim_date
    d.date_day,
    d.calendar_year,
    d.calendar_month,
    d.day_of_week,
    d.is_weekend,

    -- customer attributes, flattened out of dim_customer
    c.customer_id,
    c.customer_name,
    c.segment,
    c.country,

    -- book attributes, flattened out of dim_book
    b.book_id,
    b.title,
    b.author,
    b.genre,
    b.list_price,

    -- measures, straight off the fact
    f.quantity,
    f.extended_price,
    f.margin_amount

from {{ ref('fct_order_items') }} as f
join {{ ref('dim_date') }}     as d using (date_sk)
join {{ ref('dim_customer') }} as c using (customer_sk)
join {{ ref('dim_book') }}     as b using (book_sk)

Notice what this model is. It’s fct_order_items with its three dimensions pre-joined and the descriptive columns spread out onto every row. The grain is still one order line — the OBT inherits it from the fact and doesn’t invent a new one. The measures are the same additive quantity, extended_price, and margin_amount you were careful about back in the fact-table chapter; there is still, deliberately, no margin_pct column, because flattening the dimensions onto the row doesn’t make a ratio safe to average. The whole star is still in there. It’s just been pressed flat.

That framing also tells you exactly where the footguns are, because they’re all consequences of the flattening — not of the star underneath it.

The grain is baked in, and only one grain fits. The star let dim_date serve fct_order_items, an inventory snapshot, and a returns fact all at once. obt_sales serves questions at the order-line grain and nothing else. A question the shape didn’t anticipate — “sessions per customer,” “on-hand stock by day” — isn’t a different GROUP BY; it’s a different wide table you have to design and build. You’ve traded one flexible model for several rigid ones.

Additivity gets easier to get wrong, not harder. In a star, nobody accidentally sums a customer attribute — it lives in the dimension, one row per customer. In obt_sales, country and segment are repeated on every order line that customer ever placed, so a naive count(*) where segment = 'trade' counts order lines, not customers, and count(distinct customer_id) is now mandatory where a dimension query would have been obvious. The grain still governs additivity; the flattening just hides the grain from anyone reading the table.

SCD becomes a live wire. This is the subtle one, and it’s where a flattened model quietly loses something a star keeps.

Recall the design this book actually chose (chapter 09): customer_sk is a durable key — generate_surrogate_key(['customer_id']) — which is identical across every version of a customer. That was a deliberate call, and it means the fact does not carry a pointer to “the customer as they were at order time.” It carries a pointer to the customer, full stop. The version is recovered at query time, by a temporal join against valid_from/valid_to.

Which is exactly what the OBT throws away. Flatten dim_customer — the current-only view — onto every order line, and each line now carries today’s segment, not the segment that was true when the order was placed. Your 2024 revenue silently re-attributes itself every time a customer changes tier. Nobody gets an error; the numbers just quietly stop being reproducible, and last quarter’s board deck no longer regenerates the numbers that were in last quarter’s board deck.

The star didn’t protect you by magic either — a naive join to the current-only view has the same problem. What the star gives you is the option: the versioned dimension is still sitting there, and the temporal join is available when you need it. The OBT has already collapsed the choice. So if you flatten a Type 2 dimension, you must decide, explicitly and in writing, which of two tables you are building: a point-in-time OBT (join dim_customer_history temporally, carry the as-of attributes, and the table is a historical record) or a current-state OBT (carry today’s attributes, and the table is a snapshot that must never be used for period-over-period comparison). Both are legitimate. Shipping one while your stakeholders assume the other is how a dashboard becomes a liability.

Storage and re-computation are real, just cheap. Every customer attribute is repeated on every one of their order lines; every book attribute on every line that sold it. Columnar compression eats most of that redundancy, so the storage bill is smaller than it looks — but materialized='table' here means a full rebuild of the whole wide table every run. On the bookshop’s volumes that’s nothing; on a billion-line fact it’s a reason to switch to materialized='incremental' and rebuild only the recent grain, exactly as you would for the fact itself.

None of these are arguments against OBT. They’re arguments that OBT is a materialization of a dimensional design, and that you pay for skipping the design in exactly the currencies above. Build the star’s thinking, ship the wide table.

The semantic layer: the other answer to rigidity

OBT solves query speed and simplicity by freezing one shape. The semantic layer solves the same “make the star easy to query” problem from the opposite direction — instead of flattening the model into a table, it puts a governed layer above the star that knows how to assemble the join and compute the metric on demand.

The trade is the mirror image of OBT’s. Where a wide table pre-joins everything and locks the grain, a semantic layer keeps the normalized star and generates the right query per question — so gross_sales is defined once, and asking for it by month, by genre, or by customer segment is three different generated queries against the same conformed dimensions, no new table required. You get OBT’s single-definition consistency without OBT’s single-grain rigidity, at the cost of a query-time join the wide table paid for at build time. Many production stacks run both: wide tables for the handful of hot, known dashboards, and a semantic layer over the star for everything open-ended. That whole chapter is on the semantic layer; the point here is only that it and OBT are two answers to the same complaint, and that both of them still require the underlying dimensional model to have a declared grain and conformed dimensions to be correct.

Data Vault: model for audit and change

Data Vault, from Dan Linstedt, answers a question the other approaches mostly ignore: how do you load an enterprise warehouse that changes constantly, from dozens of sources, without rework every time one of them shifts? Its answer is to decompose everything into three insert-only building blocks — hubs (the business keys), links (the relationships between them), and satellites (the descriptive attributes and their history). Nothing is ever updated; new facts arrive as new rows.

Sketch it against the bookshop and the shape gets concrete. A hub is just the distinct business keys, hashed, with load metadata — no attributes, no relationships:

-- hub_customer.sql — one row per customer business key, insert-only
select distinct
    {{ dbt_utils.generate_surrogate_key(['customer_id']) }} as customer_hk,
    customer_id,                                     -- the natural business key
    current_timestamp()  as load_ts,
    'bookshop_oltp'      as record_source
from {{ ref('stg_customers') }}

-- hub_book.sql is the same shape, keyed on book_id -> book_hk

A link carries the relationships — an order connecting a customer to a book — and again holds nothing descriptive, only the hash keys it ties together:

-- link_order.sql — one row per (order, customer, book) association
select distinct
    {{ dbt_utils.generate_surrogate_key(['oi.order_id', 'o.customer_id', 'oi.book_id']) }} as order_hk,
    {{ dbt_utils.generate_surrogate_key(['o.customer_id']) }} as customer_hk,
    {{ dbt_utils.generate_surrogate_key(['oi.book_id']) }}    as book_hk,
    oi.order_id,
    current_timestamp() as load_ts,
    'bookshop_oltp'     as record_source
from {{ ref('stg_order_items') }} as oi
join {{ ref('stg_orders') }}      as o using (order_id)

A satellite hangs the descriptive attributes off a hub, historized — one row per change, never updated, tagged with a hashdiff so a load can tell whether anything actually changed:

-- sat_customer.sql — descriptive history for a customer, insert-only
select
    {{ dbt_utils.generate_surrogate_key(['customer_id']) }} as customer_hk,
    {{ dbt_utils.generate_surrogate_key(
        ['customer_name', 'segment', 'country']) }}          as hashdiff,
    customer_name,
    segment,
    country,
    current_timestamp() as load_ts,
    'bookshop_oltp'     as record_source
from {{ ref('stg_customers') }}

Read those four models and the promise is obvious. Loading is relentlessly agile: a new source system is new satellites, not a schema migration; the customer’s attributes changing is a new sat_customer row, not an UPDATE; the whole thing is insert-only and therefore perfectly auditable — you can reconstruct exactly what the warehouse knew at any past load. This is genuinely the right tool for a large, regulated, multi-source warehouse where ingestion churn and audit are the dominant problems.

Now try to answer a business question from it: current name and segment for every customer who bought a given book. You join hub_book to link_order to hub_customer to sat_customer, and because the satellite is insert-only history you also have to filter each hub’s satellite down to its latest load_ts — a window function per satellite, on top of a chain of hash-key joins no BI tool was ever built to write. That’s the trade Data Vault makes on purpose: flexible to load, a nightmare to query. It doesn’t replace Kimball; it sits underneath it. You build dimensional marts — stars, or OBTs flattened from stars — on top of the Vault for anyone to actually query, and the Vault hands those marts clean, historized, auditable inputs. The sat_customer history above is, in fact, exactly the raw material a Type 2 dim_customer is built from.

Activity schema and the event stream

The event-oriented shops model differently again. An activity schema collapses the whole warehouse toward a single, very tall event stream: one table, roughly (entity, activity, timestamp, attributes) — customer 4102 placed an order at this time, viewed a book at that time, returned an item later. Instead of many facts at many grains, you have one uniform stream of things-that-happened, and analysis is done by relating activities to each other in time (“the order that followed a search within ten minutes”), typically through a specialized set of temporal join patterns.

The appeal is uniformity and sequence. Funnels, retention, time-to-next-event, and behavioral cohorts fall out naturally because the model is about sequence, where a star has to reconstruct sequence by joining facts. The cost is that ordinary aggregate reporting — revenue by genre by month — gets harder, not easier: you’re deriving measures and dimensions back out of a generic attribute bag at query time, which is precisely the work a fact table did once, at load. Activity schemas shine for product-analytics and behavioral questions and struggle at exactly the financial roll-ups stars were built for, which is why in practice they tend to feed dimensional marts rather than replace them — the stream is the source, the star is the report.

Wide events and the lakehouse

The lakehouse shifts the ground under all of this. On Iceberg or Delta tables, the “warehouse” is open columnar files with a table format over them, and the reigning pattern is medallion: a bronze layer of raw ingested data, a silver layer of cleaned and conformed entities, and a gold layer of business-facing aggregates. Read those three layers honestly and they are Inmon’s argument in new clothing — bronze/silver is a normalized, conformed core; gold is the presentation layer — and the gold layer, overwhelmingly, is built as stars or OBTs. Medallion tells you where transformation happens; it stays silent on the shape of the final tables, and dimensional modeling is what fills that silence.

Alongside it runs the wide-event movement, loudest in observability: don’t pre-aggregate into narrow metrics, emit one enormously wide event per unit of work — hundreds of columns, every attribute of the request captured — and slice it at query time. It’s OBT’s philosophy pushed to its limit (denormalize everything, decide the questions later) and it thrives for the same reason on the same columnar engines. But it inherits OBT’s exact liability: a wide event is still at a grain, its repeated attributes still fan out if you count them naively, and someone still has to know what one row means. The technology is new. The discipline it needs is the one this book has been teaching.

Choosing a shape: a decision matrix

Put the physical shapes side by side against the things that actually decide between them — the workload, the team, and the warehouse:
















































	Shape	Best when…	Team size	Warehouse fit	Main cost
	Star schema	Mixed, open-ended BI; many facts sharing dimensions	Any	Any (columnar or row)	Query-time joins; more models to maintain
	OBT (wide table)	A known set of hot dashboards at one grain	Small to mid	Columnar only (needs cheap wide scans)	Rigid grain; SCD/additivity footguns; rebuild cost
	Data Vault core	Many volatile sources; audit and regulation dominate	Larger, dedicated	Any; shines where ingestion churns	Brutal to query — needs marts on top
	Inmon / medallion core	Enterprise conformance must precede reporting	Larger	Any; native to lakehouses	Slow to first dashboard; 3NF isn’t query-facing
	Activity schema	Behavioral, sequential, product-analytics questions	Small to mid	Columnar	Weak at classic aggregate reporting


Read down that table and the pattern is hard to miss: the “core” rows and the “presentation” rows aren’t competitors — they stack. A serious warehouse is frequently a Data Vault or a medallion core feeding dimensional marts materialized as stars, OBTs, or both, with a semantic layer over the top. The choice is rarely star versus the field; it’s which shape at which layer, and the answer follows the workload and the team more than any doctrine.

And notice the one thing every row of that table needs to be filled in correctly. To build a good OBT you declare a grain and respect additivity. To hang a satellite you decide what a business key is. To conform a silver layer you make dimensions mean one thing. To derive a report from an activity stream you reconstruct measures and dimensions. Grain, conformance, additivity, and slowly changing history are the inputs to every column of the matrix — the physical shape changes; the questions you have to answer to get it right do not.

The verdict

So: with cheap storage, fast joins, and dbt, do you still need strict star schemas? Here’s the stance this book has been walking toward.

The physical rigidity of dimensional modeling has genuinely loosened, and pretending otherwise is nostalgia. Plenty of good teams now materialize their presentation layer as wide OBTs because their warehouse and their BI tool are happier that way, and they’re right to. Others ship a Data Vault core, or a medallion lakehouse, or an activity stream, and never draw a literal star at all. The strict, normalized-to-the-star, join-at-query-time physical model is no longer a mandate. If that’s what “Kimball” means to you, then yes — it has loosened its grip, and it should have.

But that was never the valuable part. The valuable part is the concepts, and they haven’t aged a day. Declaring the grain — what exactly one row means — before you write a line of SQL. Conformed dimensions, so “customer” means the same thing in every mart, every satellite, every layer of the medallion. Additivity, knowing which measures you can safely sum and which you can’t. Slowly changing dimensions, so history doesn’t quietly overwrite itself. These are not artifacts of 1996 hardware. They’re how you reason about analytical data at all, and every one of them survives being flattened into a wide table, decomposed into a Vault, or streamed as events — intact. When you build an OBT well, you’re making grain and additivity decisions the whole time; when you build one badly, it’s precisely because nobody declared the grain.

That’s the resolution. Star schema as a physical mandate has loosened. Star schema as a design discipline has not. You still model dimensionally even when you ship a wide table, because dimensional thinking is what tells you the table is correct. The flattening — or the Vault, or the medallion — is a materialization choice; the grain, the conformance, the additivity are the design, and the design is the durable part.

Which is the note to end the book on. The rest of the Data track is about the how — how to run dbt, what Snowflake does under your queries, how the modern data stack fits together. Powerful machinery, all of it. But machinery runs whatever you feed it, correct or not, and a fast pipeline that computes the wrong number is just a wrong number arriving sooner. Dimensional modeling is the what underneath all that how — the discipline that decides what one row means before the tools race off to build a million of them. Learn the tools; they’ll change. Learn to think in grain and conformed dimensions and additivity, and you’ll model well on whatever warehouse comes next — flattened, starred, vaulted, streamed, or something nobody’s named yet.
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The bookshop's OLTP schema — third normal form
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