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Chapter

1

Naming Your Steps: Common Table Expressions


Series 1 got you fluent in the clauses: select, filter, join, group, subquery. This series is about the queries you write once the questions stop being simple — the ones that arrive as several steps stacked on top of each other. “Rank the books within each genre.” “Show me each month next to the one before it.” “Give me the running total.” None of those fit in a single flat SELECT, and the tools that make them fit are the subject of the whole series: common table expressions, then window functions, then grouping sets.

We start with the one that changes how a query reads. A common table expression, written with WITH, lets you name a subquery and then use that name like a table. It sounds cosmetic. It isn’t. It’s the difference between a query you read inside-out and one you read top-to-bottom.

Naming a subquery

Here’s a two-step question: which months in 2025 had more than 1,850 orders? Step one is to count orders per month. Step two is to keep the busy months. In Series 1 you’d have nested step one inside a subquery in the FROM clause. A CTE pulls it out and gives it a name:

WITH monthly AS (
  SELECT date_trunc('month', order_date)::date AS month,
         count(*) AS orders
  FROM orders
  WHERE order_date >= '2025-01-01'
  GROUP BY 1
)
SELECT month, orders
FROM monthly
WHERE orders > 1850
ORDER BY month;

   month    | orders
------------+--------
 2025-01-01 |   1882
 2025-03-01 |   1855
 2025-04-01 |   1865
 2025-05-01 |   1862
 2025-08-01 |   1927
(5 rows)

Read it downward. WITH monthly AS (...) defines a temporary named result — the per-month counts — and the final SELECT treats monthly as if it were a real table, filtering it with an ordinary WHERE. Notice that the filter orders > 1850 refers to orders, the alias from inside the CTE. That’s the payoff: once a subquery has a name and named columns, the outer query talks to it in plain terms, with no aggregate re-stated. date_trunc('month', ...) collapses each date to the first of its month, and ::date trims off the time part Postgres would otherwise print.

The scope of a CTE is the single statement it’s attached to. monthly exists for the length of this query and is gone the moment it finishes. It is not a table you created; it’s a name that lives and dies with one statement.

Chaining CTEs, and referring back

One WITH can define several CTEs, separated by commas, and — this is the part that makes them powerful — a later CTE can reference an earlier one. That turns a query into a readable pipeline: each step names its input, does one thing, and hands a named result to the next.

Say you want each genre’s revenue and its share of the whole shop. That’s naturally two steps: total the revenue per genre, then compare each to the grand total. Written as one flat query you’d compute the grand total as a scalar subquery buried in the SELECT list. As a chain it reads like the sentence you’d say out loud:

WITH genre_rev AS (
  SELECT b.genre,
         round(sum(oi.quantity * oi.unit_price), 2) AS revenue
  FROM order_items oi
  JOIN books b ON b.book_id = oi.book_id
  GROUP BY b.genre
),
grand AS (
  SELECT sum(revenue) AS total FROM genre_rev
)
SELECT gr.genre,
       gr.revenue,
       round(100.0 * gr.revenue / g.total, 1) AS pct_of_total
FROM genre_rev gr
CROSS JOIN grand g
ORDER BY gr.revenue DESC;

   genre    |  revenue   | pct_of_total
------------+------------+--------------
 Sci-Fi     | 1567345.25 |         17.4
 History    | 1543230.51 |         17.1
 Children   | 1525966.72 |         16.9
 Nonfiction | 1504489.80 |         16.7
 Poetry     | 1485716.37 |         16.5
 Fiction    | 1390433.23 |         15.4
(6 rows)

Three named stages. genre_rev totals revenue per genre off the joined line items. grand reads from genre_rev — not from the base tables — and sums the six numbers into one. The final query joins the two: because grand is a single row, a CROSS JOIN staples that grand total onto every genre row, and the arithmetic gives each genre’s percentage. The 100.0 (not 100) keeps the division fractional, dodging the integer-division trap from Series 1.

You could write this without CTEs. grand could be (SELECT sum(...) FROM ...) inlined twice, or a window function, which is where we’re headed in two chapters. But the chained form is the one you can hand to someone else and have them understand in one read. Each CTE is a paragraph; the query is an essay with a beginning, middle, and end. When a query is doing real work, that readability is not a luxury.

The inlining rule: fences, and Postgres 12

Here’s a piece of Postgres history worth carrying, because the old advice is still repeated everywhere and it’s now wrong.

Before Postgres 12, a CTE was an optimization fence. Whatever was inside the WITH ran to completion and materialized into a temporary result, and only then did the outer query use it. The planner was forbidden from pushing the outer query’s filters down into the CTE. People exploited this deliberately to force a materialization, and people got bitten by it accidentally when a filter that would have used an index got stranded outside the fence.

Since Postgres 12, a CTE that’s referenced once and has no side effects is inlined by default. It’s folded into the outer query and optimized as a whole, exactly like a subquery. You can watch it happen. Here’s a CTE referenced once, with EXPLAIN showing the plan:

EXPLAIN
WITH cheap_books AS (
  SELECT book_id, title, price FROM books WHERE price < 10
)
SELECT * FROM cheap_books WHERE title LIKE 'Book Title 1%';

                                QUERY PLAN
--------------------------------------------------------------------------
 Seq Scan on books  (cost=0.00..15.00 rows=10 width=24)
   Filter: ((price < '10'::numeric) AND (title ~~ 'Book Title 1%'::text))
(2 rows)

There is no CTE in that plan at all. The planner dissolved cheap_books and merged both conditions — the inner price < 10 and the outer title LIKE ... — into a single scan with one combined filter. The fence is gone.

Add the keyword MATERIALIZED and you get the old behavior back on purpose:

EXPLAIN
WITH cheap_books AS MATERIALIZED (
  SELECT book_id, title, price FROM books WHERE price < 10
)
SELECT * FROM cheap_books WHERE title LIKE 'Book Title 1%';

                           QUERY PLAN
----------------------------------------------------------------
 CTE Scan on cheap_books  (cost=13.50..14.71 rows=10 width=50)
   Filter: (title ~~ 'Book Title 1%'::text)
   CTE cheap_books
     ->  Seq Scan on books  (cost=0.00..13.50 rows=54 width=24)
           Filter: (price < '10'::numeric)
(5 rows)

Now the CTE is its own node. The inner scan runs first, filtering price < 10 down to an estimated 54 rows, and only then does the outer title filter apply on top. That’s the fence, restored by request. NOT MATERIALIZED forces the opposite. Most of the time you want neither keyword, and the default is right. But knowing the fence exists — and that it’s now opt-in, not automatic — can turn a mysteriously slow query into a one-word fix. (A CTE referenced more than once is still materialized by default, because running it twice would usually be worse.)

MySQL 8 and SQLite both support WITH, and both may or may not inline depending on version and shape; the MATERIALIZED hint is a Postgres extension. If you’re portable, don’t rely on a specific materialization choice.

Final thoughts

A common table expression is a name for a step. Attach WITH name AS (...) to a statement and the rest of the query — including later CTEs — can use that name like a table. One CTE untangles a nested subquery; several chained together turn a gnarly query into a top-to-bottom pipeline you can actually read. And the one performance fact to keep: since Postgres 12 a single-use CTE is inlined, not fenced. It costs nothing over the equivalent subquery unless you write MATERIALIZED to ask for the fence back. That readability, for free, is why CTEs show up in almost every query for the rest of this series. Next we give a CTE the one power an ordinary subquery can never have — the ability to refer to itself.
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A Query That Calls Itself: Recursive CTEs


Every query so far reads its inputs once. A recursive CTE is the exception: it feeds its own output back into itself, over and over, until a condition tells it to stop. That’s the one thing plain SQL can’t otherwise do. It’s exactly what you need for questions that are really loops in disguise: generate the twelve months of a year, walk a category tree from root to leaf, or follow a chain of references. If you’ve ever wanted to write a for loop in SQL, this is the closest the language comes, and it’s more useful than it sounds.

The shape: anchor, then recursion

A recursive CTE always has the same three-part skeleton, joined by UNION ALL:


	An anchor — a non-recursive query that produces the starting rows.

	The recursive term — a query that references the CTE’s own name, run again and again on the rows the previous round produced.

	A termination condition — usually a WHERE in the recursive term that eventually returns nothing, ending the loop.



The simplest possible example generates the numbers 1 through 10:

WITH RECURSIVE nums AS (
  SELECT 1 AS n
  UNION ALL
  SELECT n + 1 FROM nums WHERE n < 10
)
SELECT n, n * n AS squared FROM nums;

 n  | squared
----+---------
  1 |       1
  2 |       4
  3 |       9
  4 |      16
  5 |      25
  6 |      36
  7 |      49
  8 |      64
  9 |      81
 10 |     100
(10 rows)

Read the mechanism. The anchor SELECT 1 seeds the CTE with a single row, n = 1. The recursive term takes the rows produced last round — just {1} to start — and computes n + 1 for each where n < 10, giving {2}. That feeds back in, producing {3}, and so on. When n reaches 10, the WHERE n < 10 filters it out, the recursive term returns zero rows, and the loop stops. UNION ALL stacks every round’s output into the final result. The keyword is WITH RECURSIVE, and it’s required even though only one of the CTEs is actually recursive.

Postgres has generate_series(1, 10) built in and you’d use it for a plain integer range. The point here isn’t the numbers; it’s the pattern, because the same skeleton generates things generate_series can’t.

Generating a date spine

A common real need is a date spine: one row per month (or day) across a range. You left-join your data onto it and get zeros for the empty periods instead of missing rows. Recursion builds one directly:

WITH RECURSIVE months AS (
  SELECT DATE '2025-01-01' AS month
  UNION ALL
  SELECT (month + INTERVAL '1 month')::date
  FROM months
  WHERE month < DATE '2025-09-01'
)
SELECT month FROM months;

   month
------------
 2025-01-01
 2025-02-01
 2025-03-01
 2025-04-01
 2025-05-01
 2025-06-01
 2025-07-01
 2025-08-01
 2025-09-01
(9 rows)

Same skeleton. The anchor is the first month. The recursive term adds one month with + INTERVAL '1 month', cast back to date so it stays a clean date and not a timestamp, and stops once it passes September. Now every month exists as a row whether or not any orders landed in it — the fix for the classic “my chart is missing April because April had no sales” bug. (Postgres also has generate_series('2025-01-01'::date, '2025-09-01', '1 month') for exactly this, and you’d usually reach for it. Recursion is the portable fallback, and the thing to understand underneath.)

Walking a hierarchy

The reason recursive CTEs actually earn their place is hierarchies — data that points at itself. A category tree, an org chart, a threaded comment list, a bill of materials. Each row names its parent, and to render the tree you have to follow the chain, which is a loop of unknown depth.

The bookshop’s tables are flat, so here’s a category tree built inline with VALUES, each row carrying its own id and its parent’s id:

WITH RECURSIVE
categories(id, name, parent_id) AS (
  VALUES (1, 'All Books', NULL),
         (2, 'Fiction',    1),
         (3, 'Nonfiction', 1),
         (4, 'Sci-Fi',     2),
         (5, 'Fantasy',    2),
         (6, 'History',    3),
         (7, 'Space Opera',4)
),
tree AS (
  SELECT id, name, parent_id, 1 AS depth, name::text AS path
  FROM categories
  WHERE parent_id IS NULL
  UNION ALL
  SELECT c.id, c.name, c.parent_id, t.depth + 1, t.path || ' > ' || c.name
  FROM categories c
  JOIN tree t ON c.parent_id = t.id
)
SELECT depth, repeat('  ', depth - 1) || name AS label, path
FROM tree
ORDER BY path;

 depth |       label       |                    path
-------+-------------------+--------------------------------------------
     1 | All Books         | All Books
     2 |   Fiction         | All Books > Fiction
     3 |     Fantasy       | All Books > Fiction > Fantasy
     3 |     Sci-Fi        | All Books > Fiction > Sci-Fi
     4 |       Space Opera | All Books > Fiction > Sci-Fi > Space Opera
     2 |   Nonfiction      | All Books > Nonfiction
     3 |     History       | All Books > Nonfiction > History
(7 rows)

This is the pattern worth memorizing. The anchor selects the root — the row whose parent_id IS NULL — and starts depth at 1 with path set to its own name. The recursive term joins categories to the rows found so far on c.parent_id = t.id: it finds every category whose parent was reached last round. Each step carries two accumulators down the tree — depth + 1 for indentation, and path || ' > ' || name building a breadcrumb string. Ordering by that path and indenting by depth prints the tree in the shape you’d draw it. Swap the inline VALUES for a real self-referencing table and this same query renders any hierarchy you’ve got.

The loop that never ends

Recursion’s gift is also its footgun: if the recursive term never returns zero rows, the query runs forever. The number generator stopped because n < 10 eventually failed. Remove a stopping condition, or point the data at itself in a cycle, and there’s nothing to end the loop. Postgres has no default recursion depth limit — it will happily keep going until it exhausts memory or you cancel it.

Here’s a three-node cycle, 1 → 2 → 3 → 1, with a timeout set so the demonstration is safe:

SET statement_timeout = '800ms';
WITH RECURSIVE edges(a, b) AS (
  VALUES (1, 2), (2, 3), (3, 1)
),
walk AS (
  SELECT a, b, 1 AS steps FROM edges WHERE a = 1
  UNION ALL
  SELECT e.a, e.b, w.steps + 1
  FROM edges e JOIN walk w ON e.a = w.b
)
SELECT count(*) FROM walk;

ERROR:  canceling statement due to statement timeout

It never finishes. The walk goes 1→2, 2→3, 3→1, 1→2 again, forever, because the graph loops back on itself and nothing prunes the revisit. The timeout is the only thing that saved us — in production, an unbounded recursive CTE is a way to take a database down.

The fix built into SQL is the CYCLE clause (Postgres 14 and up). You name the column that identifies a node, a flag column to mark when a repeat is seen, and a path column it uses to track where it’s been:

WITH RECURSIVE
edges(a, b) AS (
  VALUES (1, 2), (2, 3), (3, 1)
),
walk AS (
  SELECT a, b, 1 AS steps FROM edges WHERE a = 1
  UNION ALL
  SELECT e.a, e.b, w.steps + 1
  FROM edges e JOIN walk w ON e.a = w.b
) CYCLE a SET is_cycle USING cyclepath
SELECT a, b, steps, is_cycle FROM walk;

 a | b | steps | is_cycle
---+---+-------+----------
 1 | 2 |     1 | f
 2 | 3 |     2 | f
 3 | 1 |     3 | f
 1 | 2 |     4 | t
(4 rows)

The moment the walk revisits node 1, CYCLE sets is_cycle to true and refuses to recurse further, so the query terminates. Even without CYCLE, a defensive WHERE steps < 100 in the recursive term is a cheap seatbelt on any real hierarchy walk. It caps the depth, so a bad row can’t spin forever. MySQL 8 supports WITH RECURSIVE and enforces a cte_max_recursion_depth limit (1,000 by default) instead of running unbounded; SQLite supports it with no default limit, like Postgres.

Final thoughts

A recursive CTE is a loop written as a query: an anchor to start, a recursive term that reads its own output, and a condition that ends it. It generates sequences that plain SELECT can’t and, more importantly, walks any self-referencing hierarchy — trees, chains, graphs — from root to leaf in one statement. The discipline is the termination. Every recursive CTE needs a reason to stop, and when the data can loop back on itself you need CYCLE or a depth cap, because Postgres will not save you by default. Master the three-part skeleton and a whole class of “but that’s really a loop” problems collapses into a single query. Next we meet the other tool that computes across many rows without collapsing them — the window function, which will run the rest of this series.
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Seeing a Row and Its Neighbours: Window Functions


Aggregation, back in Series 1, has one property that is sometimes exactly wrong: it destroys rows. GROUP BY genre turns a hundred books into one summary line, and the hundred books are gone. But a huge class of real questions needs the summary and the rows at the same time. “Show me each book with its rank in its genre.” “Show me each order next to the customer’s running total.” You can’t answer those with GROUP BY, because the answer has one row per book, not one per genre.

Window functions are the fix, and they’re the single most useful thing in this series. A window function computes a value across a set of related rows — a window — and attaches it to each row without collapsing anything. Same number of rows out as in, plus a new column that saw the neighbours. This chapter introduces the idea and the ranking functions; the next two chapters push it much further.

The OVER clause

A window function is an ordinary function followed by OVER (...). The OVER clause defines the window — which rows this row gets to see. It has two optional parts:


	PARTITION BY splits the rows into groups, like GROUP BY, but the groups aren’t collapsed. The function restarts for each partition.

	ORDER BY orders the rows within each partition, which matters for anything rank- or position-based.



Rank the books in a genre by price, highest first:

WITH ranked AS (
  SELECT genre, title, price,
         ROW_NUMBER() OVER (PARTITION BY genre ORDER BY price DESC) AS rn
  FROM books
  WHERE genre IN ('Poetry', 'History')
)
SELECT genre, title, price, rn
FROM ranked
WHERE rn <= 3
ORDER BY genre, rn;

  genre  |     title      | price | rn
---------+----------------+-------+----
 History | Book Title 69  | 53.37 |  1
 History | Book Title 171 | 53.06 |  2
 History | Book Title 315 | 52.72 |  3
 Poetry  | Book Title 527 | 54.59 |  1
 Poetry  | Book Title 83  | 54.38 |  2
 Poetry  | Book Title 131 | 53.57 |  3
(6 rows)

ROW_NUMBER() OVER (PARTITION BY genre ORDER BY price DESC) reads as: for each genre, number the books 1, 2, 3… from most expensive down. The numbering restarts at each genre: History has its own 1, Poetry has its own 1. That’s because PARTITION BY genre gave each genre its own window. Every book keeps its row; the window just added a column. (I wrapped it in a CTE and filtered rn <= 3 because a window function can’t be used in the same query’s WHERE — it’s computed too late in the pipeline. That “filter the ranked rows in an outer query” move is the top-N-per-group pattern. Chapter 5 gives it its own treatment.)

Why this isn’t GROUP BY

The contrast is the whole point, so make it concrete. Ask the same underlying question with GROUP BY:

SELECT genre, max(price) AS top_price, count(*) AS books
FROM books
WHERE genre IN ('Poetry', 'History')
GROUP BY genre
ORDER BY genre;

  genre  | top_price | books
---------+-----------+-------
 History |     53.37 |   100
 Poetry  |     54.59 |   100
(2 rows)

Two rows. GROUP BY folded a hundred books per genre into a single summary. You get the top price, but you’ve lost every individual book: you can’t say which title it was, or what the second and third places were. The window version kept all hundred rows per genre and stamped each with its rank. That’s the trade: GROUP BY when you want the summary instead of the rows, a window function when you want the summary alongside the rows. Reach for a window whenever a question sounds like “each row, plus something about its group.”

Four ranking functions, and the tie

ROW_NUMBER is one of four ranking functions, and the difference between them only shows up on ties — rows the ORDER BY can’t tell apart. Book prices are nearly all distinct, so ties are hard to see there. Order counts per customer are integers, and plenty of customers tie. Here are the top twelve customers by lifetime order count, with three ranking functions side by side:

WITH cust_orders AS (
  SELECT customer_id, count(*) AS n_orders
  FROM orders GROUP BY customer_id
)
SELECT customer_id, n_orders,
       ROW_NUMBER() OVER w AS row_number,
       RANK()       OVER w AS rank,
       DENSE_RANK() OVER w AS dense_rank
FROM cust_orders
WINDOW w AS (ORDER BY n_orders DESC)
ORDER BY n_orders DESC
LIMIT 12;

 customer_id | n_orders | row_number | rank | dense_rank
-------------+----------+------------+------+------------
        3549 |       29 |          1 |    1 |          1
        2976 |       25 |          2 |    2 |          2
        4850 |       24 |          3 |    3 |          3
        1840 |       24 |          4 |    3 |          3
         409 |       24 |          5 |    3 |          3
        1820 |       24 |          6 |    3 |          3
        3247 |       24 |          7 |    3 |          3
         300 |       24 |          8 |    3 |          3
        2969 |       24 |          9 |    3 |          3
        4339 |       24 |         10 |    3 |          3
        4226 |       23 |         11 |   11 |          4
        1507 |       23 |         12 |   11 |          4
(12 rows)

Eight customers tie at 24 orders, and that’s where the three functions split:


	ROW_NUMBER never ties. It assigns 3, 4, 5, 6, 7, 8, 9, 10 to the eight tied customers: distinct numbers, in an order Postgres picks arbitrarily among the ties. Use it when you need a unique sequence and don’t care how ties break — deduplication, pagination, “give me exactly one per group.”

	RANK gives every tied row the same rank — all eight are 3 — and then skips. The next customer down is rank 11, not 4, because ranks 4 through 10 were “used up” by the tie. This is standings-style ranking: a leaderboard where eight people tie for third and the next is eleventh.

	DENSE_RANK also gives the ties the same rank (3) but does not skip: the next distinct value is rank 4. No gaps. Use it when you want “how many distinct values are above this one,” not “what position is this.”



That’s the entire distinction, and it’s worth committing: ROW_NUMBER breaks ties, RANK keeps ties and leaves gaps, DENSE_RANK keeps ties and closes gaps. (I also used a named WINDOW w AS (...) clause so all three functions share one window definition, instead of repeating OVER (ORDER BY n_orders DESC) three times. Pure convenience, and handy once several columns share a window.)

NTILE: cutting into buckets

The fourth ranking function, NTILE(n), splits the ordered rows into n roughly equal buckets and labels each row with its bucket number. It’s how you compute quartiles, deciles, or “top third.” Here are the nine months of 2025 by order volume, cut into three tiers:

WITH monthly AS (
  SELECT date_trunc('month', order_date)::date AS month, count(*) AS orders
  FROM orders WHERE order_date >= '2025-01-01'
  GROUP BY 1
)
SELECT month, orders,
       NTILE(3) OVER (ORDER BY orders DESC) AS tier
FROM monthly
ORDER BY orders DESC;

   month    | orders | tier
------------+--------+------
 2025-08-01 |   1927 |    1
 2025-01-01 |   1882 |    1
 2025-04-01 |   1865 |    1
 2025-05-01 |   1862 |    2
 2025-03-01 |   1855 |    2
 2025-07-01 |   1838 |    2
 2025-06-01 |   1784 |    3
 2025-02-01 |   1670 |    3
 2025-09-01 |   1641 |    3

Nine months, three tiers of three: the busiest three land in tier 1, the middle three in tier 2, the quietest three in tier 3. When the row count doesn’t divide evenly, NTILE makes the earlier buckets one row larger. Unlike RANK, NTILE ignores ties entirely — it fills buckets by position, so two rows with the same value can fall on either side of a boundary. It’s about equal-sized groups, not equal values.

All four ranking functions are standard SQL. They work in Postgres and in every other database that has window functions: SQL Server, Oracle, modern MySQL 8, and SQLite all support them. That portability is real, unlike a lot of SQL.

Final thoughts

A window function computes across a set of related rows and attaches the result to each row without collapsing it — the thing GROUP BY structurally cannot do. OVER (PARTITION BY … ORDER BY …) names the window: PARTITION BY restarts the function per group, ORDER BY sequences the rows inside it. The four ranking functions differ only on ties, and the difference is worth knowing cold. ROW_NUMBER forces uniqueness. RANK leaves gaps after a tie, DENSE_RANK doesn’t, and NTILE slices into buckets by position. So far we’ve only ranked, which uses the order of the window but not really its extent. Next we control exactly which rows the window spans — the frame — and that unlocks running totals and moving averages.
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Running Totals and Moving Averages: The Frame


The ranking functions in the last chapter used the order of a window but not its reach. Every one of them looked at where a row sat in the sequence, not at a band of rows around it. The frame is the part of the window that controls that reach — how far back and how far forward the function actually looks. It’s what turns window functions from “rank things” into “running totals, moving averages, cumulative sums.” It’s also home to one of the most quietly wrong-looking behaviors in all of SQL: a default that inflates your running total the moment two rows tie. We’ll build the useful thing first, then walk into the trap.

The running total

A running total is a sum() that accumulates down the rows. You express it with a frame — the ROWS BETWEEN ... AND ... part of the OVER clause — that spans from the start of the partition to the current row. Real monthly revenue for 2025, with a running total beside it:

WITH monthly AS (
  SELECT date_trunc('month', o.order_date)::date AS month,
         round(sum(oi.quantity * oi.unit_price), 2) AS revenue
  FROM orders o
  JOIN order_items oi ON oi.order_id = o.order_id
  WHERE o.order_date >= '2025-01-01'
  GROUP BY 1
)
SELECT month, revenue,
       sum(revenue) OVER (ORDER BY month
                          ROWS BETWEEN UNBOUNDED PRECEDING AND CURRENT ROW) AS running_total,
       round(avg(revenue) OVER (ORDER BY month
                                ROWS BETWEEN 2 PRECEDING AND CURRENT ROW), 2) AS moving_avg_3mo
FROM monthly
ORDER BY month;

   month    |  revenue  | running_total | moving_avg_3mo
------------+-----------+---------------+----------------
 2025-01-01 | 284938.88 |     284938.88 |      284938.88
 2025-02-01 | 251420.97 |     536359.85 |      268179.93
 2025-03-01 | 279193.61 |     815553.46 |      271851.15
 2025-04-01 | 280253.68 |    1095807.14 |      270289.42
 2025-05-01 | 278834.36 |    1374641.50 |      279427.22
 2025-06-01 | 271431.39 |    1646072.89 |      276839.81
 2025-07-01 | 273534.04 |    1919606.93 |      274599.93
 2025-08-01 | 289583.04 |    2209189.97 |      278182.82
 2025-09-01 | 243336.79 |    2452526.76 |      268817.96
(9 rows)

Two frames, two shapes of answer. ROWS BETWEEN UNBOUNDED PRECEDING AND CURRENT ROW means “every row from the first one up to and including this one.” So running_total accumulates: January’s revenue, then January plus February, and so on to a full-year total in the last row. The moving average uses a sliding frame. ROWS BETWEEN 2 PRECEDING AND CURRENT ROW is a three-row window — this month and the two before it — that slides down, smoothing the month-to-month bumps. The first two rows have fewer than three predecessors, so they average what’s available. Change the 2 to 11 and you have a trailing-twelve-month average. This is the everyday shape of the frame: pick how many rows back the window reaches, and the aggregate follows.

The default frame, and the tie that inflates it

Here’s the part that bites people. If you write ORDER BY in a window but leave the frame off entirely, you do not get “no frame.” You get a default frame, and it is RANGE BETWEEN UNBOUNDED PRECEDING AND CURRENT ROW — note RANGE, not ROWS. On distinct values those behave identically, which is exactly why the difference hides: the running total above would look the same with the frame omitted. The difference surfaces only when the ORDER BY column has ties.

Here are the top six customers by order count — and four of them tie at 24. Watch the same running sum under the default (RANGE) frame and an explicit ROWS frame:

WITH cust_orders AS (
  SELECT customer_id, count(*) AS n_orders
  FROM orders GROUP BY customer_id
),
top6 AS (
  SELECT customer_id, n_orders
  FROM cust_orders
  ORDER BY n_orders DESC, customer_id
  LIMIT 6
)
SELECT customer_id, n_orders,
       sum(n_orders) OVER (ORDER BY n_orders DESC) AS running_default_range,
       sum(n_orders) OVER (ORDER BY n_orders DESC
                           ROWS BETWEEN UNBOUNDED PRECEDING AND CURRENT ROW) AS running_rows
FROM top6
ORDER BY n_orders DESC, customer_id;

 customer_id | n_orders | running_default_range | running_rows
-------------+----------+-----------------------+--------------
        3549 |       29 |                    29 |           29
        2976 |       25 |                    54 |           54
         300 |       24 |                   150 |           78
         409 |       24 |                   150 |          102
        1820 |       24 |                   150 |          126
        1840 |       24 |                   150 |          150
(6 rows)

Look at the four tied rows under running_default_range: all four say 150. That is almost never what you want from a “running” total. The RANGE frame defines “current row” as the current value and every row that ties with it — the whole peer group. So each of the four 24-order customers sees the frame extend through all four of them. Every one reports the total through the end of the tie: 54 + 24 + 24 + 24 + 24 = 150. The running total doesn’t climb; it jumps to the group total and sits there.

The ROWS version is what you meant. ROWS counts physical rows — “everything up to and including this specific row.” So it climbs 78, 102, 126, 150, one customer at a time, ignoring whether the sort key ties. The rule to carry out of this chapter: for a running total, always write an explicit ROWS frame. The bare sum(x) OVER (ORDER BY k) is a latent bug that looks perfect right up until k has a duplicate.

ROWS vs RANGE vs GROUPS

There are three frame modes, and the tie is the only place they diverge:


	ROWS counts physical rows. 2 PRECEDING means the two rows immediately above this one, full stop. Predictable, tie-blind — the right default for running totals and moving averages.

	RANGE works on values. The frame includes every row whose ORDER BY value falls in a range of the current row’s value, so all peers (equal values) are pulled in together. That’s the behavior that produced the 150s.

	GROUPS counts whole peer-groups. 1 PRECEDING means “the current group of ties, plus one entire group before it.”



One query shows the last two apart, on the same tied data:

SELECT customer_id, n_orders,
       count(*) OVER (ORDER BY n_orders DESC
                      RANGE  BETWEEN CURRENT ROW AND CURRENT ROW) AS range_peers,
       count(*) OVER (ORDER BY n_orders DESC
                      GROUPS BETWEEN 1 PRECEDING AND CURRENT ROW) AS groups_1back
FROM top6
ORDER BY n_orders DESC, customer_id;

 customer_id | n_orders | range_peers | groups_1back
-------------+----------+-------------+--------------
        3549 |       29 |           1 |            1
        2976 |       25 |           1 |            2
         300 |       24 |           4 |            5
         409 |       24 |           4 |            5
        1820 |       24 |           4 |            5
        1840 |       24 |           4 |            5
(6 rows)

RANGE BETWEEN CURRENT ROW AND CURRENT ROW isn’t “just this row” — it’s this row’s whole peer group, so each of the four 24s reports range_peers = 4. GROUPS BETWEEN 1 PRECEDING AND CURRENT ROW counts the current peer group plus the one before it. For the 24s that’s the four 24s plus the single 25, giving 5. You’ll reach for GROUPS rarely. But knowing it exists explains why RANGE and ROWS behave the way they do: they’re the two ends of the same idea, with GROUPS in between. All three are standard SQL and supported by Postgres; support in other databases varies (GROUPS in particular is newer and not everywhere).

Final thoughts

The frame is the window’s reach. ROWS BETWEEN UNBOUNDED PRECEDING AND CURRENT ROW is a running total; a sliding ROWS BETWEEN n PRECEDING AND CURRENT ROW is a moving average; and the frame mode — ROWS, RANGE, or GROUPS — decides how ties are treated. The one fact worth pinning to the wall: an OVER (ORDER BY k) with no explicit frame defaults to RANGE. That folds tied rows together and turns a running total into a series of group totals. On unique keys you’ll never notice; on the day a duplicate appears, your numbers quietly inflate. Write ROWS and the surprise can’t happen. Next we use the window’s order differently — reaching to the specific row before or after this one, and pulling the top row out of each group.
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Reaching Across Rows: LEAD, LAG, and Top-N


The frame chapter taught the window to aggregate across rows. This one teaches it to point at them. A whole family of window functions doesn’t sum or average anything. They reach out and grab the value from a specific other row: the one before this, the one after, the first in the window, the last. That’s exactly what you need for questions that compare a row to its neighbours — month-over-month change, growth rates, “how does this order compare to the customer’s first.” It’s also the machinery behind top-N-per-group, the single most useful window pattern in day-to-day SQL. We finish the window arc here.

LAG and LEAD: the row before and after

lag(col) returns col from the previous row in the window; lead(col) returns it from the next one. That turns “compare each month to the one before it” from a self-join into a single column. Month-over-month order growth for 2025:

WITH monthly AS (
  SELECT date_trunc('month', order_date)::date AS month, count(*) AS orders
  FROM orders WHERE order_date >= '2025-01-01'
  GROUP BY 1
)
SELECT month, orders,
       lag(orders) OVER (ORDER BY month) AS prev_month,
       orders - lag(orders) OVER (ORDER BY month) AS change,
       round(100.0 * (orders - lag(orders) OVER (ORDER BY month))
             / lag(orders) OVER (ORDER BY month), 1) AS pct_change
FROM monthly
ORDER BY month;

   month    | orders | prev_month | change | pct_change
------------+--------+------------+--------+------------
 2025-01-01 |   1882 |            |        |
 2025-02-01 |   1670 |       1882 |   -212 |      -11.3
 2025-03-01 |   1855 |       1670 |    185 |       11.1
 2025-04-01 |   1865 |       1855 |     10 |        0.5
 2025-05-01 |   1862 |       1865 |     -3 |       -0.2
 2025-06-01 |   1784 |       1862 |    -78 |       -4.2
 2025-07-01 |   1838 |       1784 |     54 |        3.0
 2025-08-01 |   1927 |       1838 |     89 |        4.8
 2025-09-01 |   1641 |       1927 |   -286 |      -14.8
(9 rows)

lag(orders) gives each month the previous month’s count, sitting right there in the same row, so orders - lag(orders) is the raw change and the pct_change expression is the growth rate. Notice January’s prev_month is blank: there’s no earlier row, so lag returns NULL, and every arithmetic on NULL is NULL. That’s usually what you want: no prior month, no growth number. But if you’d rather show a zero, lag(orders, 1, 0) takes a third argument as the default when there’s no such row. lag(orders, 3) reaches three rows back instead of one, which is how you’d do year-over-year on monthly data (lag(orders, 12)). lead is the mirror image, pointing forward, useful for “days until the next order” style questions.

This is the window function that most often replaces a self-join. Before window functions, “each month next to the previous month” meant joining the table to itself on month = month - 1, which is fiddly and slow. lag is one word and reads like the sentence you’d say.

FIRST_VALUE, LAST_VALUE, and the frame trap

first_value(col) and last_value(col) return col from the first and last rows of the frame. And that phrase — of the frame — is the whole trap, because you learned in the last chapter that the default frame ends at the current row. Watch:

WITH monthly AS (
  SELECT date_trunc('month', order_date)::date AS month, count(*) AS orders
  FROM orders WHERE order_date >= '2025-01-01'
  GROUP BY 1
)
SELECT month, orders,
       first_value(orders) OVER (ORDER BY month) AS first_val,
       last_value(orders)  OVER (ORDER BY month) AS last_val_default,
       last_value(orders)  OVER (ORDER BY month
                                 ROWS BETWEEN UNBOUNDED PRECEDING
                                          AND UNBOUNDED FOLLOWING) AS last_val_fixed
FROM monthly
ORDER BY month;

   month    | orders | first_val | last_val_default | last_val_fixed
------------+--------+-----------+------------------+----------------
 2025-01-01 |   1882 |      1882 |             1882 |           1641
 2025-02-01 |   1670 |      1882 |             1670 |           1641
 2025-03-01 |   1855 |      1882 |             1855 |           1641
 2025-04-01 |   1865 |      1882 |             1865 |           1641
 2025-05-01 |   1862 |      1882 |             1862 |           1641
 2025-06-01 |   1784 |      1882 |             1784 |           1641
 2025-07-01 |   1838 |      1882 |             1838 |           1641
 2025-08-01 |   1927 |      1882 |             1927 |           1641
 2025-09-01 |   1641 |      1882 |             1641 |           1641
(9 rows)

first_value behaves as expected — 1882, January’s count, on every row — because the frame always starts at the first row. But last_value_default is useless: it just echoes each row’s own orders. The default frame ends at the current row, so the “last” row of the frame is always the current row. Almost nobody wants that. The fix is to state the full frame explicitly. ROWS BETWEEN UNBOUNDED PRECEDING AND UNBOUNDED FOLLOWING spans the whole partition, and last_val_fixed correctly reports 1641 (September) on every row. Remember this one: first_value is safe with the default frame, last_value is a bug with it. If you’re reaching for last_value, you almost always need the unbounded-following frame — or you flip the ORDER BY and use first_value instead.

Top-N-per-group

Now the pattern you’ll use more than any other window trick. “The most expensive book in each genre.” “The three biggest orders per customer.” “The latest row per group.” Every one of these is a top-N-per-group, and the recipe is always the same two moves: number the rows within each group with ROW_NUMBER, then keep the numbers you want.

The most expensive book in each genre:

WITH ranked AS (
  SELECT genre, title, price,
         ROW_NUMBER() OVER (PARTITION BY genre ORDER BY price DESC) AS rn
  FROM books
)
SELECT genre, title, price
FROM ranked
WHERE rn = 1
ORDER BY genre;

   genre    |     title      | price
------------+----------------+-------
 Children   | Book Title 88  | 54.57
 Fiction    | Book Title 240 | 53.59
 History    | Book Title 69  | 53.37
 Nonfiction | Book Title 61  | 54.50
 Poetry     | Book Title 527 | 54.59
 Sci-Fi     | Book Title 302 | 54.77
(6 rows)

Six genres, six winners. ROW_NUMBER() OVER (PARTITION BY genre ORDER BY price DESC) stamps a 1 on the priciest book in each genre, a 2 on the next, and so on — restarting per genre. Then the outer query keeps only rn = 1. Want the top three per genre instead of the top one? Change the filter to rn <= 3 and nothing else moves. That’s the flexibility of the pattern: ROW_NUMBER does the ranking, an ordinary WHERE on the result picks the cutoff.

Two details make it correct. First, the filter has to be in an outer query, here a CTE. A window function can’t appear in the same query’s WHERE, because windows are computed after WHERE runs. Second, the choice of ranking function is a real decision: ROW_NUMBER guarantees exactly one row at rn = 1 even if two books tie on price, breaking the tie arbitrarily. If you’d rather keep ties — return both books when two share the top price — swap in RANK() and filter rank = 1, and a tie yields two winners. That’s the ROW_NUMBER-versus-RANK distinction from the ranking chapter, now doing real work: it’s the knob for “exactly one per group” versus “everyone tied at the top.”

All of these — lag, lead, first_value, last_value, ROW_NUMBER — are standard SQL and present in every database with window support: Postgres, SQL Server, Oracle, MySQL 8, SQLite. The top-N-per-group idiom in particular is worth memorizing as muscle memory, because it comes up constantly and there’s no cleaner way to write it.

Final thoughts

These functions reach across rows instead of folding them. lag and lead read the previous and next rows — the clean way to do month-over-month change and growth rates without a self-join. first_value and last_value read the ends of the frame. The standing warning: last_value under the default frame returns the current row, not the last, and needs an explicit UNBOUNDED FOLLOWING to mean what you think. And ROW_NUMBER plus an outer filter is the top-N-per-group pattern, the workhorse you’ll reach for weekly. That closes the window arc: rank, frame, and reach are the three things a window can do, and between them they cover most analytical SQL. Next we go back to aggregation and ask for several levels of subtotal — by genre, by status, and the grand total — in a single pass.
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Subtotals Without the Spreadsheet: GROUPING SETS, ROLLUP, and CUBE


A plain GROUP BY genre, status gives you one row per combination and nothing else. But the report a human actually wants usually has more than that: the detail rows, and a subtotal per genre, and a grand total at the bottom. In a spreadsheet you’d add those by hand. The naive SQL approach is to run the query three times at three different grouping levels and stack the results with UNION ALL. That works, and it scans the table three times to do it.

GROUPING SETS collapses all of those into one query and one scan. ROLLUP and CUBE are shorthand for the two grouping patterns you reach for most. This chapter is the three of them, plus the one function you need to read their output without being fooled.

Several groupings in one query

GROUP BY GROUPING SETS (...) lets you list several groupings and get the union of all of them back. Each grouping is written as a parenthesized list of columns; () is the empty grouping, which is the grand total. Here is revenue by genre, by status, and overall, in a single statement. I’ve filtered to two genres to keep the output readable:

SELECT b.genre, o.status,
       round(sum(oi.quantity * oi.unit_price), 2) AS revenue
FROM order_items oi
JOIN books b  ON b.book_id = oi.book_id
JOIN orders o ON o.order_id = oi.order_id
WHERE b.genre IN ('Sci-Fi','Fiction')
GROUP BY GROUPING SETS ((b.genre), (o.status), ())
ORDER BY b.genre, o.status;

  genre  |  status   |  revenue
---------+-----------+------------
 Fiction |           | 1390433.23
 Sci-Fi  |           | 1567345.25
         | cancelled |  255799.03
         | delivered | 1226525.20
         | placed    |  481248.71
         | returned  |  497216.39
         | shipped   |  496989.15
         |           | 2957778.48
(8 rows)

Read the groupings off the query. (b.genre) produced the first two rows: revenue per genre, with status left NULL because status wasn’t part of that grouping. (o.status) produced the five status rows, with genre NULL. And () produced the last row, the grand total, with both columns NULL. One pass over the join, three grouping levels, stacked into one result. That NULL-means-”not grouped-by-here” convention is the whole reading trick, and we’ll deal with its one hazard at the end.

ROLLUP: running subtotals down a hierarchy

ROLLUP (a, b) is shorthand for a specific, common family of grouping sets: the full detail, then subtotals rolling up the list from right to left, then the grand total. ROLLUP (genre, status) expands to GROUPING SETS ((genre, status), (genre), ()). It’s the right tool when your columns form a hierarchy — genre contains statuses — and you want a subtotal at each level:

SELECT b.genre, o.status,
       round(sum(oi.quantity * oi.unit_price), 2) AS revenue
FROM order_items oi
JOIN books b  ON b.book_id = oi.book_id
JOIN orders o ON o.order_id = oi.order_id
WHERE b.genre IN ('Sci-Fi','Fiction')
GROUP BY ROLLUP (b.genre, o.status)
ORDER BY b.genre, o.status;

  genre  |  status   |  revenue
---------+-----------+------------
 Fiction | cancelled |  124512.62
 Fiction | delivered |  580680.54
 Fiction | placed    |  223735.49
 Fiction | returned  |  228651.54
 Fiction | shipped   |  232853.04
 Fiction |           | 1390433.23
 Sci-Fi  | cancelled |  131286.41
 Sci-Fi  | delivered |  645844.66
 Sci-Fi  | placed    |  257513.22
 Sci-Fi  | returned  |  268564.85
 Sci-Fi  | shipped   |  264136.11
 Sci-Fi  |           | 1567345.25
         |           | 2957778.48
(13 rows)

Ten detail rows, and after each genre’s block a subtotal row where status is NULL, and one grand-total row at the bottom where both are NULL. This is exactly the layout of a financial report: line items, a subtotal per section, a total at the end. Notice ROLLUP does not give you a subtotal per status across genres — rolling up is directional. If you want the status subtotals too, that’s what CUBE is for.

CUBE: every combination at once

CUBE (a, b) gives the full cross-product of groupings: detail, subtotals on a, subtotals on b, and the grand total. CUBE (genre, status) expands to GROUPING SETS ((genre, status), (genre), (status), ()) — everything ROLLUP gives you, plus the per-status subtotals it skips:

SELECT b.genre, o.status,
       round(sum(oi.quantity * oi.unit_price), 2) AS revenue
FROM order_items oi
JOIN books b  ON b.book_id = oi.book_id
JOIN orders o ON o.order_id = oi.order_id
WHERE b.genre IN ('Sci-Fi','Fiction')
GROUP BY CUBE (b.genre, o.status)
ORDER BY b.genre NULLS LAST, o.status NULLS LAST;

  genre  |  status   |  revenue
---------+-----------+------------
 Fiction | cancelled |  124512.62
 Fiction | delivered |  580680.54
 ...
 Fiction |           | 1390433.23
 Sci-Fi  | cancelled |  131286.41
 ...
 Sci-Fi  |           | 1567345.25
         | cancelled |  255799.03
         | delivered | 1226525.20
         | placed    |  481248.71
         | returned  |  497216.39
         | shipped   |  496989.15
         |           | 2957778.48
(18 rows)

Eighteen rows: the 10 detail combinations, 2 genre subtotals, 5 status subtotals, and the grand total. The row count grows fast — CUBE over n columns produces 2ⁿ grouping sets — so reach for it only when you genuinely want the full matrix. When your columns are a hierarchy, ROLLUP is both cheaper and more honest about intent.

GROUPING(): which NULLs are real?

Here’s the hazard. A subtotal row marks its rolled-up columns with NULL. But a real NULL in your data — a book with no genre, an order with no status — would land in a group that also shows NULL in that column. From the output alone, a genuine NULL and a subtotal marker look identical. You cannot tell them apart by eye, and neither can a downstream tool.

GROUPING(col) resolves it. It returns 1 when the column was rolled up (a subtotal marker) and 0 when the row carries a real grouped value (including a real NULL). Wrap it in CASE and your subtotals get readable labels instead of blank cells:

SELECT
  CASE WHEN GROUPING(b.genre) = 1 THEN 'ALL GENRES' ELSE b.genre END  AS genre,
  CASE WHEN GROUPING(o.status) = 1 THEN 'ALL STATUS' ELSE o.status END AS status,
  GROUPING(b.genre) AS g_genre,
  GROUPING(o.status) AS g_status,
  round(sum(oi.quantity * oi.unit_price), 2) AS revenue
FROM order_items oi
JOIN books b  ON b.book_id = oi.book_id
JOIN orders o ON o.order_id = oi.order_id
WHERE b.genre IN ('Sci-Fi','Fiction')
GROUP BY ROLLUP (b.genre, o.status)
ORDER BY b.genre, o.status;

   genre    |   status   | g_genre | g_status |  revenue
------------+------------+---------+----------+------------
 Fiction    | cancelled  |       0 |        0 |  124512.62
 Fiction    | delivered  |       0 |        0 |  580680.54
 Fiction    | placed     |       0 |        0 |  223735.49
 Fiction    | returned   |       0 |        0 |  228651.54
 Fiction    | shipped    |       0 |        0 |  232853.04
 Fiction    | ALL STATUS |       0 |        1 | 1390433.23
 Sci-Fi     | cancelled  |       0 |        0 |  131286.41
 ...
 Sci-Fi     | ALL STATUS |       0 |        1 | 1567345.25
 ALL GENRES | ALL STATUS |       1 |        1 | 2957778.48
(13 rows)

The g_status column reads 0 on detail rows and 1 on the genre subtotals — that’s the machine-readable flag. GROUPING() is also the clean way to ORDER BY so subtotals sort to the bottom of their group rather than wherever a NULL happens to fall. And it’s the way to filter (HAVING GROUPING(status) = 1) if you want only the subtotal rows. Whenever your grouped columns can hold real NULLs, label your subtotals with GROUPING(). Trusting a bare NULL to mean “subtotal” is how a report quietly double-reports a genuine gap.

One note on portability

This is a place where databases diverge. GROUPING SETS, ROLLUP, and CUBE are standard SQL, and Postgres, SQL Server, and Oracle all have the full set. MySQL has only WITH ROLLUP — appended to GROUP BY, not written as a function — and no GROUPING SETS or CUBE at all, so a genre-and-status matrix there means the old UNION ALL of separate queries. SQLite has none of them. If your SQL has to run on MySQL, ROLLUP is the one pattern that ports, and even then the syntax differs.

Final thoughts

Subtotals and grand totals are a reporting staple, and SQL builds them into GROUP BY rather than making you stack queries. GROUPING SETS names each grouping level explicitly; ROLLUP is the hierarchical subtotals-and-total shorthand; CUBE is every combination, at 2ⁿ rows. All three mark their rolled-up columns with NULL, and GROUPING() is what keeps those markers from being confused with real NULLs in your data. One scan, every level of summary, correctly labeled. Next we take the same conditional-aggregation idea and turn categories sideways, so each one becomes its own column.
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Rows Into Columns: Pivoting Without Leaving SQL


A pivot is the move where a category stops being a value living in one column and becomes a set of columns of its own. Instead of five rows — one per order status — you want one row with five status columns side by side, the shape a dashboard or a spreadsheet wants. Some databases ship a dedicated PIVOT keyword. Postgres does not, and it turns out you don’t need one: pivoting is just aggregation where each output column carries its own row filter. You already met the key ingredient in Series 1, the FILTER clause. This chapter puts it to work.

Pivoting is conditional aggregation

The idea: GROUP BY the thing you want on the rows — here, the month. Then, for each thing you want across the columns — here, each status — write an aggregate that only counts the rows matching that value. The FILTER (WHERE ...) clause attaches a per-aggregate row filter, so one count(*) FILTER (WHERE status = 'shipped') counts only shipped orders. You write one of those per status:

SELECT to_char(date_trunc('month', order_date), 'YYYY-MM') AS month,
       count(*) FILTER (WHERE status = 'placed')    AS placed,
       count(*) FILTER (WHERE status = 'shipped')   AS shipped,
       count(*) FILTER (WHERE status = 'delivered') AS delivered,
       count(*) FILTER (WHERE status = 'returned')  AS returned,
       count(*) FILTER (WHERE status = 'cancelled') AS cancelled,
       count(*)                                     AS total
FROM orders
WHERE order_date >= '2025-01-01' AND order_date < '2025-07-01'
GROUP BY date_trunc('month', order_date)
ORDER BY month;

  month  | placed | shipped | delivered | returned | cancelled | total
---------+--------+---------+-----------+----------+-----------+-------
 2025-01 |    318 |     310 |       768 |      331 |       155 |  1882
 2025-02 |    273 |     280 |       684 |      308 |       125 |  1670
 2025-03 |    291 |     308 |       776 |      343 |       137 |  1855
 2025-04 |    308 |     290 |       790 |      315 |       162 |  1865
 2025-05 |    308 |     341 |       768 |      273 |       172 |  1862
 2025-06 |    287 |     280 |       785 |      295 |       137 |  1784
(6 rows)

That is a pivot, built out of parts you already know. The GROUP BY date_trunc('month', ...) makes one row per month. Each FILTERed count fills one status column. And a plain count(*) with no filter gives the row total — a free sanity check, since the five status columns sum to it. The columns are fixed at write time, one per status you list. That’s the one real constraint of SQL pivoting: the column list is static. You have to know the categories when you write the query. If a sixth status appears in the data, this query silently ignores it until you add a column for it.

The portable form: sum(CASE …)

FILTER is standard SQL and clean, but it isn’t universal — MySQL doesn’t have it. The older, fully portable idiom does the same job with CASE inside the aggregate: emit a 1 (or the value to sum) when the row matches, else 0 or NULL, then aggregate. These two produce identical numbers:

SELECT to_char(date_trunc('month', order_date), 'YYYY-MM') AS month,
       sum(CASE WHEN status = 'placed'  THEN 1 ELSE 0 END) AS placed,
       sum(CASE WHEN status = 'shipped' THEN 1 ELSE 0 END) AS shipped
FROM orders
WHERE order_date >= '2025-01-01' AND order_date < '2025-04-01'
GROUP BY date_trunc('month', order_date)
ORDER BY month;

  month  | placed | shipped
---------+--------+---------
 2025-01 |    318 |     310
 2025-02 |    273 |     280
 2025-03 |    291 |     308
(3 rows)

Same 318 and 310 as the FILTER version. Use FILTER on Postgres for readability, and know the CASE form for anywhere else. The CASE trick generalizes past counting: sum(...) pivots revenue per status, not just a row count. Any aggregate works — avg, max, sum — because a pivot is nothing more than an aggregate that only sees the rows for its column. Here’s revenue rather than a count, pivoted by status with genre on the rows:

SELECT b.genre,
       round(sum(oi.quantity * oi.unit_price) FILTER (WHERE o.status = 'delivered'), 2) AS delivered_rev,
       round(sum(oi.quantity * oi.unit_price) FILTER (WHERE o.status = 'returned'),  2) AS returned_rev,
       round(sum(oi.quantity * oi.unit_price) FILTER (WHERE o.status = 'cancelled'), 2) AS cancelled_rev
FROM order_items oi
JOIN books b  ON b.book_id = oi.book_id
JOIN orders o ON o.order_id = oi.order_id
WHERE b.genre IN ('Sci-Fi','History','Poetry')
GROUP BY b.genre
ORDER BY b.genre;

  genre  | delivered_rev | returned_rev | cancelled_rev
---------+---------------+--------------+---------------
 History |     655045.34 |    260220.15 |     127934.07
 Poetry  |     616212.80 |    251257.39 |     125878.61
 Sci-Fi  |     645844.66 |    268564.85 |     131286.41
(3 rows)

Same skeleton, different aggregate — the columns now hold money instead of order counts. One subtlety worth internalizing: a count(*) FILTER (...) returns 0 for a cell with no matching rows, but a sum(...) FILTER (...) returns NULL, since summing zero rows is NULL, not zero. Wrap the sum in COALESCE(..., 0) if you need the empty cells to read as zero rather than blank.

The crosstab alternative

Postgres does ship a dedicated pivot, but it lives in an extension: the tablefunc module’s crosstab() function. After CREATE EXTENSION tablefunc;, crosstab() takes a query producing (row-key, category, value) triples and turns it into a pivoted result. It has one genuine advantage: it can build columns without you naming each one. But that comes at a cost. You must declare the output column types in a trailing AS (...) clause, the syntax is finicky, and it needs an extension installed — which you may not control on a managed database. For a fixed, known set of categories like our five statuses, conditional aggregation is simpler, needs no extension, and reads as ordinary SQL. Reach for crosstab() only when the categories are many and dynamic; otherwise FILTER wins on clarity.

Unpivoting: columns back into rows

The reverse operation shows up just as often. You have a wide row — several metric columns side by side — and you want it tall, one row per metric, so you can filter or aggregate over it. Postgres has no UNPIVOT keyword either, but LATERAL joined to an inline VALUES list does it cleanly. LATERAL lets the subquery on the right refer to columns from the row on the left. So for each source row, you emit one output row per (label, value) pair you write out:

WITH wide AS (
  SELECT
    count(*) FILTER (WHERE status = 'placed')    AS placed,
    count(*) FILTER (WHERE status = 'shipped')   AS shipped,
    count(*) FILTER (WHERE status = 'delivered') AS delivered
  FROM orders
  WHERE order_date >= '2025-06-01' AND order_date < '2025-07-01'
)
SELECT u.status, u.n
FROM wide
CROSS JOIN LATERAL (VALUES
  ('placed',    wide.placed),
  ('shipped',   wide.shipped),
  ('delivered', wide.delivered)
) AS u(status, n)
ORDER BY u.n DESC;

  status   |  n
-----------+-----
 delivered | 785
 placed    | 287
 shipped   | 280
(3 rows)

The single wide row from the CTE became three tall rows. Each VALUES tuple pairs a literal label with the matching column from wide, and the AS u(status, n) names the two output columns. This is the standard Postgres unpivot: a VALUES list of (name, column) pairs, cross-joined LATERAL so each pair can read the current row. For unpivoting many identically-typed columns, unnest() over two parallel arrays (unnest(ARRAY['placed','shipped'], ARRAY[wide.placed, wide.shipped])) does the same job more compactly.

Final thoughts

Pivoting in SQL isn’t a special keyword, it’s conditional aggregation with intent: GROUP BY what you want on rows, and write one filtered aggregate per column you want across the top — FILTER on Postgres, sum(CASE ...) everywhere. The catch: the columns are fixed when you write the query, so a new category is invisible until you add it. The trailing count(*) total is your check that nothing fell through. crosstab() exists for dynamic columns at the price of an extension and fussier syntax. And to go the other way, LATERAL (VALUES ...) folds a wide row back into tall rows. Both directions lean on the same building block — CASE — which is exactly what the next chapter is about.
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If-Then Inside a Query: CASE, and the Art of the Bucket


CASE is SQL’s conditional expression — its if-then-else. It has quietly powered the last two chapters: the sum(CASE ...) pivot, the GROUPING() labels. It deserves a chapter of its own because it is the single most useful tool for turning raw column values into the categories an analysis actually reasons about. Prices become tiers, dates become periods, statuses become “good” and “bad.” CASE is where a query stops reporting the data as stored and starts reporting it as you think about it. Crucially, it’s an expression, not a statement — it evaluates to a value, so it can go anywhere a value can: the SELECT list, WHERE, ORDER BY, GROUP BY, inside an aggregate.

The two forms

CASE comes in two shapes. The searched form lists independent boolean conditions and returns the value for the first that’s true:

CASE
  WHEN price < 20 THEN 'budget'
  WHEN price < 40 THEN 'standard'
  ELSE 'premium'
END

Conditions are tested top to bottom, and the first match wins — which is why the ranges don’t need explicit lower bounds. A price of 15 matches < 20 and stops; a price of 30 fails < 20, matches < 40, and stops. Order matters. If you wrote < 40 first, everything under 40 would grab the standard label and budget would never fire. The ELSE catches everything left over; omit it and unmatched rows return NULL, which is a common and quiet source of surprise NULLs.

The simple form compares one expression against a list of values, like a switch:

CASE status
  WHEN 'placed'  THEN 1
  WHEN 'shipped' THEN 2
  ELSE 99
END

It’s shorter when you’re testing one expression for equality against constants. The searched form is strictly more general — it handles ranges, IS NULL, compound conditions, comparisons between columns — so when in doubt, use it. One trap in the simple form: it compares with =, and NULL = anything is never true, so a WHEN NULL THEN ... branch never fires. To handle a NULL you must use the searched form with WHEN status IS NULL.

Two more things hold across both forms. All the THEN results must unify to a single type; mixing a number and a string is an error, since a column can hold only one type. And the branches evaluate lazily, left to right, so a later branch that would error — a division by zero, say — is never reached once an earlier one matches.

Bucketing: continuous values into labeled tiers

The most common analytical use of CASE is bucketing: cutting a continuous column into a handful of named bands so you can group by them. Book prices run from about 5 to 55; here they become three tiers, and grouping by the tier tells us how the catalog is distributed:

SELECT
  CASE
    WHEN price < 20 THEN 'budget'
    WHEN price < 40 THEN 'standard'
    ELSE 'premium'
  END AS tier,
  count(*)   AS books,
  min(price) AS lo,
  max(price) AS hi
FROM books
GROUP BY tier
ORDER BY min(price);

   tier   | books |  lo   |  hi
----------+-------+-------+-------
 budget   |   174 |  5.14 | 19.95
 standard |   235 | 20.20 | 39.89
 premium  |   191 | 40.01 | 54.77
(3 rows)

Two things are worth pausing on. First, GROUP BY tier reuses the SELECT alias. Postgres lets a GROUP BY name a select-list alias, so you don’t repeat the whole CASE block. (Not every database does; SQL Server, for one, makes you write the expression out again or wrap it in a subquery.) Second, the min/max per tier confirm the cuts landed where intended: budget tops out at 19.95, standard at 39.89, and premium starts at 40.01. The boundaries are clean because the < comparisons are exclusive on the upper end.

CASE in ORDER BY: a custom sort order

Order status has a natural lifecycle: placed, shipped, delivered, and then the exceptions. But sorting it alphabetically scrambles that into “cancelled, delivered, placed…” A CASE in the ORDER BY maps each status to a rank and sorts on that instead. You get a meaningful sequence with no extra table:

SELECT status, count(*) AS orders
FROM orders
GROUP BY status
ORDER BY CASE status
           WHEN 'placed'    THEN 1
           WHEN 'shipped'   THEN 2
           WHEN 'delivered' THEN 3
           WHEN 'returned'  THEN 4
           WHEN 'cancelled' THEN 5
         END;

  status   | orders
-----------+--------
 placed    |   9815
 shipped   |  10039
 delivered |  24944
 returned  |  10161
 cancelled |   5041
(5 rows)

The rows now read in lifecycle order rather than alphabetical. The same trick handles “put NULLs where I want them” or “pin one special value to the top.” It works anywhere the sort you want isn’t the sort the column’s type gives you.

Conditional aggregation, again

The idiom that keeps returning — a CASE (or FILTER) inside an aggregate — is worth naming as the workhorse it is. It computes several conditional summaries in one pass. Here it produces a per-genre return rate: for each genre, what fraction of its order lines belong to a returned order. count(*) FILTER (WHERE ...) counts the returned lines, NULLIF(count(*), 0) guards the division, and the 100.0 * keeps it out of integer division:

SELECT b.genre,
       round(100.0 * count(*) FILTER (WHERE o.status = 'returned')
             / NULLIF(count(*), 0), 1) AS return_pct
FROM orders o
JOIN order_items oi ON oi.order_id = o.order_id
JOIN books b        ON b.book_id = oi.book_id
GROUP BY b.genre
ORDER BY return_pct DESC;

   genre    | return_pct
------------+------------
 Nonfiction |       17.0
 Poetry     |       17.0
 Sci-Fi     |       17.0
 History    |       16.9
 Fiction    |       16.8
 Children   |       16.6
(6 rows)

Return rates are flat across genres, near 17% — which is itself a finding, that returns don’t track genre. The mechanics are the point: one grouped scan yielded a computed rate per category, with the ratio’s numerator conditionally counted.

COALESCE and NULLIF: CASE with a shorter name

Two functions you’ll reach for constantly are just CASE in disguise, and knowing that demystifies them. NULLIF(a, b) returns NULL when a = b, which is exactly CASE WHEN a = b THEN NULL ELSE a END — its one great use is guarding division, turning a would-be divide-by-zero into a clean NULL, as above. COALESCE(a, b, c) returns the first non-NULL of its arguments — CASE WHEN a IS NOT NULL THEN a WHEN b IS NOT NULL THEN b ELSE c END. It’s how you supply a default for a missing value. A left join that finds no match leaves NULLs, and COALESCE(..., 0) turns “no sales” into a real zero:

SELECT a.name,
       COALESCE(sum(oi.quantity * oi.unit_price), 0) AS scifi_revenue
FROM authors a
LEFT JOIN books b ON b.author_id = a.author_id AND b.genre = 'Sci-Fi'
LEFT JOIN order_items oi ON oi.book_id = b.book_id
GROUP BY a.author_id, a.name
ORDER BY scifi_revenue ASC
LIMIT 4;

   name    | scifi_revenue
-----------+---------------
 Author 21 |             0
 Author 27 |             0
 Author 25 |             0
 Author 8  |             0
(4 rows)

Authors with no Sci-Fi title show 0, not NULL, because COALESCE caught the empty sum. Both functions are standard SQL and work everywhere; they’re worth using over a hand-written CASE precisely because they announce intent in one word.

Final thoughts

CASE is how a query classifies. It reshapes raw values into the categories your analysis is actually about. It comes in two forms — searched for ranges and conditions, simple for equality against constants. And because it’s an expression, it drops into SELECT, ORDER BY, GROUP BY, and most valuably inside aggregates, where conditional aggregation lets one pass compute many summaries. Its exclusive-boundary bucketing gives clean tiers; NULLIF and COALESCE are the named shortcuts for the two CASE patterns you write most, guarding division and filling defaults. Remember the top-to-bottom, first-match rule and the silent NULL when ELSE is missing, and CASE becomes the most reliable lever you have for bending data into shape. Next we turn to the one data type with the most rules of all: time.
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Working With Time: Truncating, Intervals, and the Months That Went Missing


Time is the axis almost every report is drawn against — orders per month, growth per quarter, activity per week. It’s also the data type with the most rules: calendars are irregular, months have different lengths, and time zones make “the same instant” and “the same day” two different questions. Postgres has an unusually good set of date and time tools, and this chapter covers the handful you’ll use in nearly every analytical query. The last one, gap-filling, is the one people miss, and missing it produces reports that are quietly wrong.

date_trunc: bucketing time

date_trunc(unit, timestamp) chops a timestamp down to a boundary — the start of its month, week, day, hour — by zeroing everything finer. It’s the workhorse for putting rows into time buckets. Truncating every order_date to 'month' collapses the daily orders into monthly ones, and grouping by that truncated value gives the classic orders-per-month rollup:

SELECT date_trunc('month', order_date)::date AS month,
       count(*) AS orders
FROM orders
WHERE order_date >= '2023-01-01' AND order_date < '2023-05-01'
GROUP BY 1 ORDER BY 1;

   month    | orders
------------+--------
 2023-01-01 |   1841
 2023-02-01 |   1579
 2023-03-01 |   1879
 2023-04-01 |   1765
(4 rows)

Every date in January collapses to 2023-01-01, and grouping on that gives one row per month. The ::date cast just trims the 00:00:00 time that date_trunc leaves on; drop it and you’d see 2023-01-01 00:00:00. The unit can be 'week', 'day', 'quarter', 'year', and more — one function covers every calendar bucket you’ll want, which is why date_trunc shows up in almost every time-series query. (MySQL has no direct equivalent; you compose DATE_FORMAT(order_date, '%Y-%m-01') or similar, which is why porting time-series SQL is often the fiddliest part.)

extract, interval, and age: pulling time apart

Three more tools cover the rest of the everyday work. extract(field FROM ts) (also spelled date_part) pulls a numeric component out — the year, the quarter, the day-of-week. Grouping by two extracted parts gives a year-and-quarter breakdown:

SELECT extract(year FROM order_date)  AS yr,
       extract(quarter FROM order_date) AS qtr,
       count(*) AS orders
FROM orders
GROUP BY 1,2 ORDER BY 1,2;

  yr  | qtr | orders
------+-----+--------
 2023 |   1 |   5299
 2023 |   2 |   5426
 ...
 2025 |   3 |   5406
(11 rows)

Eleven quarters, from 2023 Q1 through 2025 Q3, which pins the data’s span. extract reaches finer components too. The dow field returns day-of-week as 0 (Sunday) through 6 (Saturday), which is how you test for a weekday effect — do orders cluster on any particular day?

SELECT extract(dow FROM order_date) AS dow,
       to_char(order_date, 'Dy')     AS day,
       count(*)                      AS orders
FROM orders
GROUP BY 1, 2
ORDER BY 1;

 dow | day | orders
-----+-----+--------
   0 | Sun |   8538
   1 | Mon |   8500
   2 | Tue |   8591
   3 | Wed |   8618
   4 | Thu |   8726
   5 | Fri |   8506
   6 | Sat |   8521
(7 rows)

Orders are flat across the week here — the seed spreads them evenly — but on real data this is the query that reveals the weekend dip or the Monday spike. to_char alongside gives the readable day name for the report; extract gives the number to sort on. (Watch out: extract(dow ...) counts Sunday as 0, but extract(isodow ...) counts Monday as 1 through Sunday as 7 — pick the one your week starts on.)

interval is the type for a duration. You add it to a date to do calendar math: + interval '30 days' lands you thirty days later, correctly crossing month and year boundaries. age(a, b) gives the gap between two dates as a human-readable interval of years, months, and days rather than a raw day count:

SELECT date '2025-09-27' + interval '30 days'  AS plus_30,
       age(date '2025-09-27', date '2023-01-01') AS span;

       plus_30       |          span
---------------------+------------------------
 2025-10-27 00:00:00 | 2 years 8 mons 26 days
(1 row)

Thirty days past September 27 is October 27, and the bookshop’s date range spans 2 years, 8 months, 26 days. Interval arithmetic is how you express windows like “orders in the last 30 days” (order_date >= current_date - interval '30 days') without hand-counting calendar days.

The months that went missing

Here’s the trap. The orders-per-month query above only returns months that have orders. If a month had none, there’s no row for it to aggregate, so it simply vanishes from the result. Your chart then draws a line straight from the month before to the month after, silently pretending the empty period didn’t happen. For a busy metric you might never notice; for anything sparse it’s a real defect. Watch it happen on a single customer’s orders:

SELECT date_trunc('month', order_date)::date AS month, count(*) AS orders
FROM orders
WHERE customer_id = 7
GROUP BY 1 ORDER BY 1;

   month    | orders
------------+--------
 2023-03-01 |      1
 2023-07-01 |      1
 2023-08-01 |      1
 2023-09-01 |      1
 ...

Customer 7 ordered in March, then not again until July — April, May, and June aren’t zero here, they’re absent. The count skipped straight from March to July. Any downstream code assuming twelve rows per year is now reading the wrong month against the wrong number.

The fix is to generate the complete set of months first and left-join the data onto it. generate_series(start, stop, interval) produces one row per month across the whole range, whether or not any order falls in it. The LEFT JOIN attaches counts where they exist and leaves NULL where they don’t. And count(o.order_id) turns those NULLs into a real 0 (recall from Series 1 that count of a column ignores NULLs):

SELECT m.month::date AS month,
       count(o.order_id) AS orders
FROM generate_series(date '2023-01-01', date '2023-12-01', interval '1 month') AS m(month)
LEFT JOIN orders o
  ON date_trunc('month', o.order_date) = m.month
 AND o.customer_id = 7
GROUP BY m.month
ORDER BY m.month;

   month    | orders
------------+--------
 2023-01-01 |      0
 2023-02-01 |      0
 2023-03-01 |      1
 2023-04-01 |      0
 2023-05-01 |      0
 2023-06-01 |      0
 2023-07-01 |      1
 2023-08-01 |      1
 2023-09-01 |      1
 2023-10-01 |      0
 2023-11-01 |      0
 2023-12-01 |      0
(12 rows)

Twelve rows, one per month, with the empty months now honestly showing 0. Note the customer_id = 7 filter sits in the join’s ON clause, not a WHERE. Put it in WHERE and it would test the NULL rows from unmatched months, discard them, and undo the entire point of the left join. This is the generate-series-left-join pattern, and it belongs in any time report where a period can legitimately be empty.

A word on time zones

The bookshop stores dates, which have no zone, so the queries above are unambiguous. Real event data usually lives in timestamptz — a timestamp that knows it’s an instant in time — and there “what day is this” depends on where you’re standing. date_trunc takes an optional third argument for exactly this: the zone to bucket in.

SELECT date_trunc('day', timestamptz '2025-09-27 23:30:00+00')                  AS utc_bucket,
       date_trunc('day', timestamptz '2025-09-27 23:30:00+00', 'America/New_York') AS ny_bucket;

       utc_bucket       |       ny_bucket
------------------------+------------------------
 2025-09-27 00:00:00+00 | 2025-09-27 04:00:00+00

The same instant — 23:30 UTC on the 27th — is 19:30 on the 27th in New York. So its NY day still starts at 2025-09-27, but that local midnight is 04:00 UTC. Bucket in UTC when your instant is late enough and the two calendars disagree about which day it lands on. Whenever a report crosses zones, decide explicitly which zone defines “a day,” and pass it.

Final thoughts

Time work is four tools and one discipline. date_trunc buckets instants into periods; extract/date_part pull components out; interval arithmetic and age do calendar math correctly across irregular month lengths. The discipline is gap-filling: a GROUP BY over dates only ever returns periods that had rows, so empty periods disappear and a chart lies by omission. Generate the full calendar with generate_series, left-join the data onto it, and count the NULLs to zero — with the entity filter in the ON clause, not WHERE. And when instants carry a zone, remember that “the same day” is a question with a location in it, and date_trunc’s zone argument is how you answer it. Next we take the same reshape-the-raw-value instinct to text.
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Text, Bent to Your Will: String Functions and Regular Expressions


A surprising amount of real analytical work is text wrangling. An email arrives as one string and you want the domain. A product code packs three fields into a dash-separated token. A title has a number buried in it that you need to sort on. You could pull the rows into application code and do it there, but that means moving data across the wire to run a loop the database could run in place. SQL has a deep bench of string functions, and above them a full regular-expression engine. This chapter walks the bench, from the plain functions you’ll reach for daily up to POSIX regex for the jobs nothing else can do.

Case, length, trimming

The simplest transforms change case or strip whitespace. lower and upper do what they say; initcap capitalizes the first letter of each word. length counts characters, and trim (with ltrim/rtrim variants) removes leading and trailing whitespace, or any characters you name.

SELECT city, lower(city) AS lo, upper(city) AS up,
       initcap(lower(city)) AS init, length(city) AS len
FROM customers
WHERE customer_id IN (1, 3, 9)
ORDER BY customer_id;

   city   |    lo    |    up    |   init   | len
----------+----------+----------+----------+-----
 New York | new york | NEW YORK | New York |   8
 Dublin   | dublin   | DUBLIN   | Dublin   |   6
 Leeds    | leeds    | LEEDS    | Leeds    |   5
(3 rows)

Case folding earns its keep in comparisons. Storage might be mixed-case, but if you group or join on lower(city) you fold “London”, “LONDON”, and “london” into one bucket. Trimming matters at import time, where a stray trailing space silently splits what should be one group. trim(both 'x' FROM 'xxfooxx') returns foo, so trim cleans more than spaces when you tell it what to strip.

Slicing: substring, left, right, split_part

To pull a piece out of a string, you have three tools. left(s, n) and right(s, n) take characters from an end. substring(s FROM start FOR len) takes a run from anywhere (positions are 1-indexed). And split_part(s, delim, n) splits on a delimiter and returns the nth piece, which is the cleanest way to parse structured text.

SELECT title, left(title, 4) AS l4, right(title, 3) AS r3,
       substring(title FROM 6 FOR 5) AS mid
FROM books
ORDER BY book_id
LIMIT 4;

    title     |  l4  | r3  |  mid
--------------+------+-----+-------
 Book Title 1 | Book | e 1 | Title
 Book Title 2 | Book | e 2 | Title
 Book Title 3 | Book | e 3 | Title
 Book Title 4 | Book | e 4 | Title
(4 rows)

split_part shines on emails. An address is a local part, an @, and a domain, so splitting on @ gives you either side by position:

SELECT email, split_part(email, '@', 1) AS local,
       split_part(email, '@', 2) AS domain
FROM customers
ORDER BY customer_id
LIMIT 4;

         email         |   local   |   domain
-----------------------+-----------+-------------
 customer1@example.com | customer1 | example.com
 customer2@example.com | customer2 | example.com
 customer3@example.com | customer3 | example.com
 customer4@example.com | customer4 | example.com
(4 rows)

Grouping on split_part(email, '@', 2) gives a customers-per-domain report with no regex at all. Reach for split_part first; it handles the great majority of “parse this token” jobs and it’s far more legible than a pattern.

Building strings: concat, ||, replace

Going the other direction, || concatenates and replace does literal find-and-replace. For joining several fields with a separator, concat_ws (with-separator) is the ergonomic choice, and it has one property worth committing to memory: it skips NULLs, whereas || propagates them.

SELECT concat_ws(' / ', 'a', NULL, 'c') AS joined,
       'a' || NULL || 'c'               AS via_pipes;

 joined | via_pipes
--------+-----------
 a / c  |
(1 row)

concat_ws dropped the NULL and joined the survivors; || saw a NULL operand and returned NULL for the whole expression. That NULL-propagation of || is the same three-valued-logic rule from the fundamentals series, and it bites when you build a label out of columns that might be NULL. Use concat_ws when any part might be missing, and replace for straightforward substitutions:

SELECT replace('Sci-Fi', '-', ' ') AS spaced,
       concat_ws(', ', 'Author 1', 'UK') AS byline;

 spaced | byline
--------+--------------
 Sci Fi | Author 1, UK
(1 row)

Pattern matching: LIKE, ILIKE, SIMILAR TO

Now to matching. LIKE is the portable workhorse, with % for “any run of characters” and _ for “one character”. ILIKE is Postgres’s case-insensitive LIKE. Cities starting with L:

SELECT DISTINCT city FROM customers WHERE city LIKE 'L%' ORDER BY 1;

  city
--------
 Lagos
 Leeds
 London
(3 rows)

ILIKE 'new%' matches “New York” without you having to case-fold either side. Above LIKE sits SIMILAR TO, which mixes SQL wildcards with a slice of regex syntax (alternation, grouping, quantifiers):

SELECT DISTINCT city FROM customers
WHERE city SIMILAR TO '(London|Lagos|Leeds)'
ORDER BY 1;

  city
--------
 Lagos
 Leeds
 London
(3 rows)

SIMILAR TO is an awkward middle rung. It’s more than LIKE but less than real regex, and its %-means-wildcard-but-also-regex-metacharacters mix confuses more than it helps. In practice you skip from LIKE straight to POSIX regex.

POSIX regular expressions: ~ and ~*

The real power is the POSIX operators. ~ matches a regular expression, ~* matches case-insensitively, and prefixing either with ! negates it. Full regex syntax applies: character classes, anchors, quantifiers, the lot. Cities that look like “Word Capital” (two capitalized words):

SELECT DISTINCT city FROM customers
WHERE city ~ '^[A-Z][a-z]+ [A-Z]'
ORDER BY 1;

   city
----------
 New York
(1 row)

Only “New York” has the internal capital after a space. And a case-insensitive count of emails shaped like customer<digits>@:

SELECT count(*) FROM customers WHERE email ~* 'CUSTOMER[0-9]+@';

 count
-------
  5000
(1 row)

All 5,000 match despite the uppercase pattern, because ~* folds case. The anchors (^, $), classes ([0-9], [A-Z]), and quantifiers (+, *, ?) are the standard regex vocabulary, and they behave the way they do in every other engine you know.

Extracting and rewriting: the regexp_ family

Matching answers yes/no. To pull the matched text out, regexp_matches(s, pattern) returns an array of the capturing groups. Every book title has a number in it; this grabs it:

SELECT title, (regexp_matches(title, '([0-9]+)'))[1] AS num
FROM books
ORDER BY book_id
LIMIT 3;

    title     | num
--------------+-----
 Book Title 1 | 1
 Book Title 2 | 2
 Book Title 3 | 3
(3 rows)

The [1] subscript picks the first capture group out of the returned array (arrays get their own chapter shortly). regexp_replace(s, pattern, replacement) rewrites matches, and the replacement can reference capture groups with \1, \2. A tidy privacy transform keeps the first letter of an email’s local part and masks the rest:

SELECT email, regexp_replace(email, '(.).*(@.*)', '\1***\2') AS obscured
FROM customers
ORDER BY customer_id
LIMIT 3;

         email         |     obscured
-----------------------+------------------
 customer1@example.com | c***@example.com
 customer2@example.com | c***@example.com
 customer3@example.com | c***@example.com
(3 rows)

Group 1 captured the first character, group 2 captured @ onward, and the middle was replaced with ***. To mask every match rather than the first, add the 'g' flag as a fourth argument. Finally, regexp_split_to_table splits one string into many rows, which is how you turn a delimited field into a set you can join or aggregate:

SELECT regexp_split_to_table('Fiction,Sci-Fi,History', ',') AS genre;

  genre
---------
 Fiction
 Sci-Fi
 History
(3 rows)

One string in, three rows out. That row-producing shape is what makes it a genuine set operation rather than a scalar transform, and it pairs naturally with the aggregation you already know.

One step further: full-text search

Regex finds patterns, but it doesn’t understand language. Searching prose for a word means dealing with stemming (refund, refunds, refunded), stop words, and ranking, and regex has no idea about any of that. Postgres has a dedicated feature for it: full-text search, built on the tsvector type and the @@ match operator.

SELECT to_tsvector('english', 'The Art of the Long Refund Policy')
       @@ to_tsquery('english', 'refund') AS matches;

 matches
---------
 t
(1 row)

to_tsvector reduced the sentence to normalized lexemes, to_tsquery parsed the search term, and @@ matched them with stemming and stop-word removal applied. Backed by a GIN index, this stays fast over large text columns where LIKE '%word%' would force a full scan. Full-text search is a chapter of its own; for now, know that when the job shifts from “match a pattern” to “search words,” this is the tool, not regex.

A note on portability

Case, trim, substring, ||, and LIKE are standard SQL and travel everywhere. Past that, dialects diverge. ILIKE and split_part are Postgres. The POSIX ~ operators are Postgres; MySQL spells the same idea REGEXP (and RLIKE), SQLite needs the REGEXP operator wired up by the host program. regexp_replace exists widely but its capture-group syntax and flags vary. When you lean on regex, you’re leaning on the engine, so pin the dialect in your head the way you pin a version.

Final thoughts

Text work climbs a ladder. At the bottom are the plain functions — case, trim, substring, split_part, concat_ws — which handle most jobs and read clearly, so reach for them first. split_part in particular parses more delimited fields than any regex you’ll write. Above them is pattern matching, from LIKE for simple wildcards straight up to POSIX ~ for real expressions, with the regexp_ family to extract, rewrite, and split. And past pattern matching, when you’re searching language rather than characters, full-text search takes over. Keep the ladder in mind and you’ll pick the lowest rung that does the job, which is almost always the right one. Next we leave flat text behind for structured documents living inside a single column.
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A Document in a Column: JSON and JSONB


The relational model wants every value to be scalar: one typed thing per cell, no lists, no nested structure. That rigidity is the source of most of SQL’s power. But real data doesn’t always arrive that way. An API returns a nested object, a webhook payload has optional fields that differ row to row, an event log carries a bag of attributes you can’t enumerate in advance. Postgres answers this with a JSON column type, so you can keep a whole document in one cell and still query into it with SQL. This chapter is about doing that well, which starts with picking the right type.

json vs jsonb: always jsonb

Postgres has two JSON types, and the choice is nearly always the same. json stores the exact text you gave it, whitespace and all. jsonb parses the document once, on the way in, and stores a binary representation. That parse has three visible consequences: keys get deduplicated (last value wins), key order is not preserved, and insignificant whitespace disappears. Watch the same literal become two different things:

SELECT '{"b":1, "a":2, "a":3}'::json  AS as_json,
       '{"b":1, "a":2, "a":3}'::jsonb AS as_jsonb;

        as_json        |     as_jsonb
-----------------------+------------------
 {"b":1, "a":2, "a":3} | {"a": 3, "b": 1}
(1 row)

json kept the text verbatim, duplicate a and all. jsonb dropped the duplicate ("a": 3 won), reordered the keys, and normalized the spacing. The binary form costs a little more to write but far less to read, because querying it doesn’t re-parse text every time. And only jsonb can be indexed for containment and existence. Use jsonb unless you have a specific reason to preserve the original bytes exactly, which is rare. Everything below uses jsonb.

Reaching in: the access operators

There are four operators for pulling values out, and the split that trips people up is object-versus-text. -> returns a jsonb value; ->> returns text. The path forms #> and #>> do the same, but take an array path so they can dig several levels deep in one step.

SELECT j ->  'title'              AS arrow,
       j ->> 'title'              AS arrow_text,
       j #>  '{author,country}'   AS path,
       j #>> '{author,country}'   AS path_text
FROM (SELECT '{"title":"Dune","author":{"name":"Herbert","country":"USA"}}'::jsonb AS j) t;

 arrow  | arrow_text | path  | path_text
--------+------------+-------+-----------
 "Dune" | Dune       | "USA" | USA
(1 row)

Notice arrow came back as "Dune" with quotes (it’s still jsonb, a JSON string) while arrow_text is bare Dune (plain text). That distinction matters the moment you compare or cast: to test country = 'USA' you want ->>, the text form. To keep drilling deeper, you want ->, so the result is still jsonb you can subscript again. The path operators save you from chaining: j #>> '{author,country}' is j -> 'author' ->> 'country' written flat.

Shredding a document into rows

A document with an array inside it is the classic mismatch: one row holds many things. To bring those things back into the relational world you shred the array into rows with jsonb_array_elements (or _text for text output). Here’s a small scratch table of book documents, each with a tags array:

CREATE SCHEMA scratch;
CREATE TABLE scratch.docs (id int, doc jsonb);
INSERT INTO scratch.docs VALUES
 (1, '{"title":"Dune","genre":"Sci-Fi","price":42,"tags":["epic","desert","spice"]}'),
 (2, '{"title":"Emma","genre":"Fiction","price":19,"tags":["classic","romance"]}'),
 (3, '{"title":"Sapiens","genre":"Nonfiction","price":28,"tags":["history","epic"]}');

SELECT d.id, tag
FROM scratch.docs d,
     jsonb_array_elements_text(d.doc -> 'tags') AS tag
ORDER BY d.id, tag;

 id |   tag
----+---------
  1 | desert
  1 | epic
  1 | spice
  2 | classic
  2 | romance
  3 | epic
  3 | history
(7 rows)

Three documents became seven rows, one per tag, each still carrying its document’s id. That comma-join to a set-returning function is an implicit LATERAL join — the next chapter covers it in full. For now, read it as “for each row, expand its array into rows.” Once shredded, the data is ordinary rows, so ordinary aggregation applies. Tag frequency across the corpus:

SELECT tag, count(*) AS docs
FROM scratch.docs, jsonb_array_elements_text(doc -> 'tags') AS tag
GROUP BY tag
ORDER BY docs DESC, tag;

   tag   | docs
---------+------
 epic    |    2
 classic |    1
 desert  |    1
 history |    1
 romance |    1
 spice   |    1
(6 rows)

To walk an object’s keys instead of an array’s elements, jsonb_each yields one (key, value) row per top-level field:

SELECT key, value FROM scratch.docs, jsonb_each(doc) WHERE id = 2 ORDER BY key;

  key  |         value
-------+------------------------
 genre | "Fiction"
 price | 19
 tags  | ["classic", "romance"]
 title | "Emma"
(4 rows)

Querying without shredding: containment and paths

Sometimes you don’t need to expand the array, you just need to ask whether it contains something. The containment operator @> tests whether the left document contains the right one, arrays included. Documents tagged epic:

SELECT id, doc ->> 'title' AS title
FROM scratch.docs
WHERE doc -> 'tags' @> '["epic"]'
ORDER BY id;

 id |  title
----+---------
  1 | Dune
  3 | Sapiens
(2 rows)

No jsonb_array_elements, no join, just “does this array contain epic.” For richer queries there’s the SQL/JSON path language via jsonb_path_query. In it, $ is the document root, .key navigates, and ? (@ > 25) filters:

SELECT id, jsonb_path_query(doc, '$.price ? (@ > 25)') AS price
FROM scratch.docs
ORDER BY id;

 id | price
----+-------
  1 | 42
  3 | 28
(2 rows)

Only the two documents whose price cleared 25 produced a row. Path queries get expressive quickly (wildcards, array slices, arithmetic), and they read cleanly for the deep, conditional lookups that would otherwise be a stack of ->.

Building rows back into JSON

The reverse direction is just as useful: take relational rows and assemble a JSON document, usually to hand to an API. jsonb_build_object(k, v, ...) makes one object, and jsonb_agg folds many objects into an array, honoring ORDER BY inside the aggregate.

SELECT jsonb_agg(
         jsonb_build_object('title', doc ->> 'title',
                            'price', (doc ->> 'price')::int)
         ORDER BY (doc ->> 'price')::int
       ) AS catalog
FROM scratch.docs;

                                               catalog
-----------------------------------------------------------------------------------------------------
 [{"price": 19, "title": "Emma"}, {"price": 28, "title": "Sapiens"}, {"price": 42, "title": "Dune"}]
(1 row)

Three rows collapsed into one JSON array, price-ascending. This works over the real tables too. jsonb_object_agg(key, value) builds a single object from a two-column result, which turns a grouped summary into an API-ready payload in one shot:

SELECT jsonb_object_agg(genre, n) AS by_genre
FROM (SELECT genre, count(*) AS n FROM books GROUP BY genre) g;

                                              by_genre
----------------------------------------------------------------------------------------------------
 {"Poetry": 100, "Sci-Fi": 100, "Fiction": 100, "History": 100, "Children": 100, "Nonfiction": 100}
(1 row)

The whole genre breakdown, one object. Between jsonb_agg, jsonb_build_object, and jsonb_object_agg, you can shape query output into whatever document a caller expects, without leaving SQL.

Indexing, and a note on portability

On performance: a WHERE doc @> '...' filter over a large table can use a GIN index on the jsonb column (CREATE INDEX ON t USING gin (doc)). That turns containment and key-existence lookups into fast index probes instead of a scan over every document. That indexability is the strongest practical reason to prefer jsonb over json.

On portability, JSON support is the most dialect-specific corner of SQL. The binary jsonb type, the @> containment operator, GIN indexing, and jsonb_path_query are Postgres. MySQL has a single JSON type (already binary, no separate jsonb) and uses ->/->> plus functions like JSON_EXTRACT and JSON_CONTAINS; SQLite has json1 functions such as json_extract. The concepts carry over, but assume every function name and operator here needs translating when you leave Postgres.

Final thoughts

JSON in the database is the pressure valve for data that won’t sit still in columns. The discipline is to use it deliberately, not as a dumping ground. Choose jsonb for the binary storage and the index. Then learn the two directions. Shred documents into rows with jsonb_array_elements and jsonb_each when you want to filter, join, and aggregate. Build documents from rows with jsonb_build_object and jsonb_agg when you need to hand structure back out. And when you only need to test membership, @> and the path language answer without expanding anything. The relational model and the document model aren’t enemies here; jsonb is the seam where they meet. Next we take the array type seriously in its own right, and meet the join that lets a subquery see the row it’s attached to.
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Arrays and the Join That Sees the Row: LATERAL


Two features that feel unrelated turn out to be a natural pair. Arrays let a single column hold an ordered list of values, breaking the one-scalar-per-cell rule on purpose. LATERAL lets a subquery in the FROM clause see the columns of the rows beside it, which is the one thing a plain subquery cannot do. They meet because expanding an array is a per-row operation, and per-row operations in the FROM clause are exactly what LATERAL is for. This chapter takes each in turn, then lands on the pattern that justifies the whole chapter: a clean top-N per group.

Arrays are real values

Postgres arrays are first-class. Any type can be an array, you can store one in a column, and you can build one on the fly. The most common way you’ll meet arrays is array_agg, the aggregate that collects a group’s values into a list instead of folding them to a scalar. It takes ORDER BY and DISTINCT just like the other aggregates. Genres per author:

SELECT a.name, array_agg(DISTINCT b.genre ORDER BY b.genre) AS genres
FROM authors a JOIN books b ON b.author_id = a.author_id
WHERE a.author_id IN (1, 2)
GROUP BY a.name
ORDER BY a.name;

   name   |                       genres
----------+-----------------------------------------------------
 Author 1 | {Fiction,History,Nonfiction,Poetry,Sci-Fi}
 Author 2 | {Children,Fiction,History,Nonfiction,Poetry,Sci-Fi}
(2 rows)

Each author’s genres, gathered into one array value per row. The literal syntax is ARRAY[...], and the single most important thing to remember is that Postgres arrays are 1-indexed, not 0-indexed like nearly every programming language you know. array_length(a, 1) gives the length along the first dimension:

SELECT (ARRAY['a','b','c'])[1] AS first,
       (ARRAY['a','b','c'])[3] AS third,
       array_length(ARRAY['a','b','c'], 1) AS len;

 first | third | len
-------+-------+-----
 a     | c     |   3
(1 row)

Subscript [1] returned the first element. This catches every newcomer once, so file it away now: the first element is [1], and subscripting past the end returns NULL rather than erroring.

unnest: arrays back to rows

If array_agg folds rows into an array, unnest does the reverse, expanding an array into one row per element. It’s the array counterpart to the JSON shredding from the last chapter:

SELECT unnest(ARRAY['Sci-Fi','Fiction','History']) AS genre;

  genre
---------
 Sci-Fi
 Fiction
 History
(3 rows)

One array in, three rows out. That round trip moves data between two shapes: “list in a cell” and “row per value.” array_agg collects into the first, unnest expands into the second — reach for whichever a query needs.

ANY, ALL, and overlap

Arrays plug into comparisons through ANY and ALL. x = ANY(arr) is true if x equals any element, which is the array spelling of IN. x > ALL(arr) is true only if x beats every element. Orders in a set of statuses:

SELECT count(*) FROM orders WHERE status = ANY(ARRAY['shipped','delivered']);

 count
-------
 34983
(1 row)

SELECT 42 > ALL(ARRAY[10,20,30]) AS bigger_than_all;

 bigger_than_all
-----------------
 t
(1 row)

ANY/ALL matter beyond being a wordier IN because the array can be a value, not just a hardcoded list: a column, a parameter, the result of array_agg. And to ask whether two arrays share any element, the overlap operator &&:

SELECT ARRAY['epic','desert'] && ARRAY['spice','epic'] AS overlaps,
       ARRAY['a','b']         && ARRAY['c','d']         AS no_overlap;

 overlaps | no_overlap
----------+------------
 t        | f
(1 row)

The first pair shares epic, so it overlaps; the second shares nothing. &&, @> (contains), and <@ (is contained by) give you set relationships between arrays directly.

LATERAL: the join that sees the row

Now the second half. A subquery in the FROM clause is normally sealed off from the other tables in that clause. It’s computed independently, and it cannot reference a column from the table next to it. LATERAL removes that seal: a LATERAL subquery can reference columns of the tables that appear before it. That turns it into a per-row computation running inside the FROM clause, which is precisely the capability arrays and set-returning functions want.

The move that makes it worth learning is top-N per group. You’ve seen this before with a window function: ROW_NUMBER() OVER (PARTITION BY genre ORDER BY price DESC), then keep rows where the number is 3 or less. That approach scans and ranks every row. LATERAL expresses the same question differently: for each genre, run a small ordered LIMIT 3 subquery that can see that genre. Top three books by price in each genre:

SELECT g.genre, t.title, t.price
FROM (SELECT DISTINCT genre FROM books) g
CROSS JOIN LATERAL (
  SELECT b.title, b.price
  FROM books b
  WHERE b.genre = g.genre
  ORDER BY b.price DESC, b.book_id
  LIMIT 3
) t
ORDER BY g.genre, t.price DESC;

   genre    |     title      | price
------------+----------------+-------
 Children   | Book Title 88  | 54.57
 Children   | Book Title 484 | 54.56
 Children   | Book Title 346 | 53.92
 Fiction    | Book Title 240 | 53.59
 Fiction    | Book Title 192 | 52.45
 Fiction    | Book Title 204 | 51.72
 History    | Book Title 69  | 53.37
 History    | Book Title 171 | 53.06
 History    | Book Title 315 | 52.72
 Nonfiction | Book Title 61  | 54.50
 Nonfiction | Book Title 169 | 53.62
 Nonfiction | Book Title 205 | 53.34
 Poetry     | Book Title 527 | 54.59
 Poetry     | Book Title 83  | 54.38
 Poetry     | Book Title 131 | 53.57
 Sci-Fi     | Book Title 302 | 54.77
 Sci-Fi     | Book Title 20  | 54.31
 Sci-Fi     | Book Title 332 | 53.54
(18 rows)

Six genres, three books each, eighteen rows. The WHERE b.genre = g.genre inside the subquery is the whole trick: g.genre comes from the outer FROM item, and only LATERAL lets the subquery reach it. Read it as a loop the database runs for you: for each genre g, fetch its three priciest books. Except you described it as a set, so it stayed a single query. The CROSS JOIN LATERAL runs the subquery once per outer row and unions the results.

LATERAL versus the window approach

Both the window function (the ranking chapter) and LATERAL give correct top-N-per-group results, and the choice is about fit. The window approach ranks every row and then filters, which is clean when you also want the rank number itself or you’re already windowing. LATERAL fetches only N rows per group, and with an index on (genre, price DESC) it can stop after three per genre instead of sorting the whole table. So LATERAL tends to win when N is small relative to group size and the right index exists. The window form wins when you want the rank exposed, or you’re avoiding a correlated subquery. Knowing both, and why each fits where it does, is the point.

LATERAL also pairs with set-returning functions. The implicit-LATERAL comma joins from the last chapter (FROM docs, jsonb_array_elements(...)) are LATERAL under the hood. Writing LATERAL explicitly lets a function’s arguments reference the outer row: FROM books b, LATERAL unnest(...), where the unnest argument depends on b.

A note on portability

This chapter is the least portable in the series, and it’s worth being blunt about why. Arrays are a Postgres (and SQL-standard) type that MySQL does not have at all — no ARRAY type, no array_agg, no unnest. MySQL fakes the “list in a cell” need with JSON arrays or GROUP_CONCAT into a delimited string, both weaker. LATERAL itself is standard SQL and travels better: MySQL 8 supports LATERAL, SQL Server spells the same idea CROSS APPLY / OUTER APPLY, and Oracle has both LATERAL and APPLY. So the top-N-per-group LATERAL pattern ports; the array machinery around it mostly does not.

Final thoughts

Arrays and LATERAL are the two features that most bend SQL toward general-purpose computation without breaking its set-based soul. Arrays let a column carry an ordered list, with array_agg/unnest to move between list-shape and row-shape and ANY/ALL/&& to compare them — just remember the 1-indexing. LATERAL lets a FROM-clause subquery see the row beside it, which unlocks per-row computations, correlated set-returning functions, and the tidy top-N-per-group that fetches only what it needs. Both trade a little portability for real expressive power, so lean on them where Postgres is home and reach for the portable equivalent when it isn’t. Next we put the whole series to work in one report, the kind you’d actually ship.
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One Report, Everything at Once: An Analytical Capstone


Every chapter of this series taught one tool. This one uses them together, because that’s how real analysis works: a question worth answering rarely fits a single feature. We’ll build the report an analyst is actually asked for, over the bookshop’s real orders. It carries monthly revenue, with a running total, month-over-month growth, a returns rate, and the top author each month. The point isn’t any one clause; it’s the shape of assembling them. We’ll grow the query one layer at a time, run each layer, and only combine once each piece stands on its own. That incremental habit is the real lesson.

Start with the grain

Every analytical query begins with a decision about grain: one output row per what? Here it’s one row per month. date_trunc('month', order_date) snaps every date down to the first of its month, which turns 60,000 scattered orders into a handful of monthly buckets. Revenue lives in order_items (quantity times unit price), so we join orders to their line items and sum. Scoped to 2025 to keep the output readable:

SELECT date_trunc('month', o.order_date)::date AS month,
       round(sum(oi.quantity * oi.unit_price), 2) AS revenue,
       count(DISTINCT o.order_id) AS orders
FROM orders o
JOIN order_items oi ON oi.order_id = o.order_id
WHERE o.order_date >= '2025-01-01'
GROUP BY 1
ORDER BY 1;

   month    |  revenue  | orders
------------+-----------+--------
 2025-01-01 | 284938.88 |   1882
 2025-02-01 | 251420.97 |   1670
 2025-03-01 | 279193.61 |   1855
 2025-04-01 | 280253.68 |   1865
 2025-05-01 | 278834.36 |   1862
 2025-06-01 | 271431.39 |   1784
 2025-07-01 | 273534.04 |   1838
 2025-08-01 | 289583.04 |   1927
 2025-09-01 | 243336.79 |   1641
(9 rows)

Nine months, nine rows. The count(DISTINCT o.order_id) is grain-awareness from the joins chapter. The join fans each order out to one row per line item, so a plain count(*) would count line items, not orders. This is the base of the report, and everything else layers on top of it.

Layer on the window calculations

The base gives per-month numbers in isolation. The questions an analyst actually asks are comparative: how does the total accumulate, and how does each month move against the one before? Both are window functions over the ordered months. A running total is sum(...) OVER (ORDER BY month), which sums every row up to and including the current one. Month-over-month growth needs the previous month’s value, which is lag(revenue) OVER (ORDER BY month), turned into a percentage.

Rather than repeat the base query, we stage it in a CTE and window over the result. This is the CTEs chapter earning its keep: name the intermediate result, then treat it as a table.

WITH monthly AS (
  SELECT date_trunc('month', o.order_date)::date AS month,
         round(sum(oi.quantity * oi.unit_price), 2) AS revenue
  FROM orders o
  JOIN order_items oi ON oi.order_id = o.order_id
  WHERE o.order_date >= '2025-01-01'
  GROUP BY 1
)
SELECT month, revenue,
       sum(revenue) OVER (ORDER BY month) AS running_total,
       round(100.0 * (revenue - lag(revenue) OVER (ORDER BY month))
             / lag(revenue) OVER (ORDER BY month), 1) AS mom_pct
FROM monthly
ORDER BY month;

The first month’s mom_pct is blank, because lag has no prior row to reach and returns NULL, and arithmetic on NULL is NULL. That’s correct, not a bug: there is no month-over-month figure for the first month. The 100.0 * is the integer-division sidestep from the types chapter, keeping the ratio fractional.

Split each month with FILTER

Next the business wants a returns signal: how much of each month’s revenue came from orders that were later returned? That’s a conditional aggregate, and FILTER (WHERE ...) gives it to us in the same pass as the total, no self-join, no second query. We add one column to the monthly CTE:

round(sum(oi.quantity * oi.unit_price)
      FILTER (WHERE o.status = 'returned'), 2) AS returned_rev

Then 100.0 * returned_rev / revenue turns it into a percentage in the outer select. FILTER is the readable form of the portable sum(CASE WHEN status = 'returned' THEN ... END) trick, and it keeps the intent legible: same sum, narrowed to returned orders.

Rank the authors within each month

The last piece is the top author per month, which is a top-N-per-group with N=1. We compute each author’s revenue per month, then rank within the month with row_number() OVER (PARTITION BY month ORDER BY author_rev DESC) and keep rank 1. This is the ranking pattern from earlier, staged in its own pair of CTEs so it stays readable. Because it needs the author, this branch carries the extra joins to books and authors that the revenue base didn’t.

Keeping it separate matters: the revenue base is at order grain, but the author ranking is at (month, author) grain. Mixing two grains in one GROUP BY is how reports quietly double-count. Two CTEs, two grains, joined at the end on month.

The whole report

Now everything composes. Four CTEs stage the pieces: monthly revenue with its returns split, per-author monthly revenue, and the author ranking. The final SELECT joins them and adds the window calculations:

WITH monthly AS (
  SELECT date_trunc('month', o.order_date)::date AS month,
         round(sum(oi.quantity * oi.unit_price), 2) AS revenue,
         round(sum(oi.quantity * oi.unit_price)
               FILTER (WHERE o.status = 'returned'), 2) AS returned_rev
  FROM orders o
  JOIN order_items oi ON oi.order_id = o.order_id
  WHERE o.order_date >= '2025-01-01'
  GROUP BY 1
),
author_rev AS (
  SELECT date_trunc('month', o.order_date)::date AS month, a.name AS author,
         sum(oi.quantity * oi.unit_price) AS arev
  FROM orders o
  JOIN order_items oi ON oi.order_id = o.order_id
  JOIN books b   ON b.book_id = oi.book_id
  JOIN authors a ON a.author_id = b.author_id
  WHERE o.order_date >= '2025-01-01'
  GROUP BY 1, a.name
),
top_author AS (
  SELECT month, author,
         row_number() OVER (PARTITION BY month ORDER BY arev DESC) AS rn
  FROM author_rev
)
SELECT m.month,
       m.revenue,
       sum(m.revenue) OVER (ORDER BY m.month) AS running_total,
       round(100.0 * (m.revenue - lag(m.revenue) OVER (ORDER BY m.month))
             / lag(m.revenue) OVER (ORDER BY m.month), 1) AS mom_pct,
       round(100.0 * m.returned_rev / m.revenue, 1) AS pct_returned,
       t.author AS top_author
FROM monthly m
JOIN top_author t ON t.month = m.month AND t.rn = 1
ORDER BY m.month;

   month    |  revenue  | running_total | mom_pct | pct_returned | top_author
------------+-----------+---------------+---------+--------------+------------
 2025-01-01 | 284938.88 |     284938.88 |         |         18.5 | Author 38
 2025-02-01 | 251420.97 |     536359.85 |   -11.8 |         18.3 | Author 15
 2025-03-01 | 279193.61 |     815553.46 |    11.0 |         18.1 | Author 38
 2025-04-01 | 280253.68 |    1095807.14 |     0.4 |         17.7 | Author 15
 2025-05-01 | 278834.36 |    1374641.50 |    -0.5 |         15.6 | Author 15
 2025-06-01 | 271431.39 |    1646072.89 |    -2.7 |         15.8 | Author 15
 2025-07-01 | 273534.04 |    1919606.93 |     0.8 |         16.3 | Author 11
 2025-08-01 | 289583.04 |    2209189.97 |     5.9 |         15.9 | Author 15
 2025-09-01 | 243336.79 |    2452526.76 |    -16.0 |         16.7 | Author 38
(9 rows)

One statement, one pass, and a report you could paste into a monthly review. Read across a row: August peaked at 289,583, up 5.9% on July, with 15.9% of revenue on later-returned orders and Author 15 on top. Read down running_total and the year accumulates to 2.45M by September. Every number came from a tool this series covered, and nothing here loops or leaves the database.

How to read a query like this

The trick to writing one of these is that you don’t write it top to bottom in one go. You build the base, run it, confirm the grain, then wrap it in a CTE and add a layer, and run again. Each CTE is a checkpoint you can SELECT * from in isolation while debugging. When a number looks wrong, you bisect: which CTE first shows it? That layered, runnable structure is why CTEs matter beyond mere tidiness — they make a big query a stack of small, testable ones. If you take one working habit from this series, take that.

Final thoughts — closing Series 2

That’s the analytical toolbox. Series 1 taught you to retrieve data: select, filter, join, group. This series taught you to analyze it. CTEs to stage a query as readable layers, and recursion to walk hierarchies. Window functions to rank, to run totals across rows, and to look forward and back with lead/lag while keeping every row. date_trunc and the date functions to bucket time. CASE, FILTER, and grouping sets to split and pivot. Strings and regex to reshape text, jsonb to query documents in place, and arrays with LATERAL to bend the row model where you need to. Individually they’re features. Together, as this capstone showed, they’re a language for asking a business almost anything and getting the answer in one query.

There’s a question this series carefully avoided: how does the database actually run all this? When you write a nine-month report with four CTEs, three joins, and a stack of window functions, what does Postgres do with it? In what order, using which access paths — and why is one phrasing fast while an equivalent one crawls? That’s the subject of the next series, How Databases Run Your Query. We’ll read EXPLAIN output and learn what a query plan is telling you. We’ll see how indexes turn a full scan into a lookup, and when the planner ignores the one you built. And we’ll meet MVCC, the concurrency model that lets many people read and write the bookshop at once without stepping on each other. You’ve learned to describe the answer. Next, we learn how the machine finds it.






Versions and Verification


These are the versions the examples in this book were run against, not a claim
about what is current. A pinned baseline is what makes a printed result
reproducible; software released after this edition may behave differently.


What was run, and what was not

What each chapter established, and what it did not, in its own words.

Chapter 7 — Rows Into Columns: Pivoting Without Leaving SQL

Not run. crosstab was not run: installing the extension modifies the database, and this bookshop is read-only.
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