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1

One Fact, One Place: Normalization Without the Fear


The bookshop you’ve queried for three series is split across five tables, and that split is not an accident. It is the result of a design discipline called normalization. Here’s why it’s there. A table that stores the same fact in more than one place will, eventually, store two different versions of that fact — with no way to tell you which is right. Normalization is the set of rules that stops that from happening. It sounds like theory. It is actually the most practical thing in schema design, and the fastest way to feel why is to build a table that gets it wrong.

The flat table, and the anomaly it invites

Imagine we’d designed the bookshop as one wide table instead of five. Every order line carries everything about that line: the order, the customer, the book, the author, all in one row. We can build exactly that from the real data:

CREATE TABLE scratch.orders_flat AS
SELECT o.order_id, o.order_date, o.status,
       c.customer_id, c.name AS customer_name, c.email AS customer_email, c.city,
       oi.book_id, b.title, b.genre, oi.unit_price, oi.quantity,
       a.author_id, a.name AS author_name, a.country AS author_country
FROM orders o
JOIN customers c    ON c.customer_id = o.customer_id
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;

SELECT 149942

One hundred and forty-nine thousand rows, and look at what’s now repeated in them. Customer 1’s email is not stored once. It’s stored in every row for every line of every order they ever placed:

SELECT customer_id, customer_email, count(*) AS rows_holding_this_email
FROM scratch.orders_flat
WHERE customer_id = 1
GROUP BY customer_id, customer_email;

 customer_id |    customer_email     | rows_holding_this_email
-------------+-----------------------+-------------------------
           1 | customer1@example.com |                      13

Thirteen copies of one fact. Now the customer changes their email, and you write the update. But your WHERE clause is a shade too narrow — it misses the returned orders:

UPDATE scratch.orders_flat
SET customer_email = 'new.address@example.com'
WHERE customer_id = 1 AND status <> 'returned';

UPDATE 8

Eight rows updated. Five left behind. Ask the table what customer 1’s email is now, and it gives two different answers:

SELECT customer_email, count(*) AS rows
FROM scratch.orders_flat
WHERE customer_id = 1
GROUP BY customer_email ORDER BY rows DESC;

     customer_email      | rows
-------------------------+------
 new.address@example.com |    8
 customer1@example.com   |    5

That is an update anomaly, and it’s the whole argument in one screen. The table now holds a contradiction, no constraint was violated, no error was raised, and there is no correct answer to “what is this customer’s email.” It has two, because the fact was stored in two kinds of place at once. The flat design carries two more anomalies from the same flaw. There’s an insertion anomaly: you can’t record a new customer until they’ve bought something, because a customer only exists as part of an order line. And a deletion anomaly: delete a customer’s last order line and you erase their email and city along with it. Same root cause every time: one fact living in more than one place.

Functional dependencies, plainly

The tool that makes this precise is the functional dependency. Write A → B and read it as “A determines B”: if you know A, there is exactly one B that goes with it. In the flat table, customer_id → customer_email — a given customer has one email. Likewise book_id → title, book_id → author_id, author_id → author_country. And the whole row is identified by the pair (order_id, book_id), because that’s what makes a line unique: one book, one order.

Normalization is just the exercise of lining up every functional dependency and insisting that each one live in a table whose key is its left-hand side. When a dependency’s left-hand side is not the table’s key, the fact on the right gets duplicated — once per row that repeats the left. That duplication is the anomaly, waiting.

The normal forms, as one idea

The normal forms are a graded checklist for exactly this. They read as jargon and mean something simple.

First normal form (1NF): every value is atomic. No arrays in a cell, no "comma,separated,list" pretending to be one field, no repeating phone1, phone2, phone3 columns. The flat table is already in 1NF, and so is anything the relational model lets you build cleanly, because a column holds one typed value by definition.

Second normal form (2NF): no column depends on only part of a composite key. Our key is (order_id, book_id). But customer_email depends on order_id alone (through the customer), and title depends on book_id alone. Those are partial dependencies, and they’re why the email repeats. It’s pinned to order_id, but the row’s key drags book_id along too, so it copies once per book in the order. The fix is to split off each partial dependency into its own table.

Third normal form (3NF): no column depends on another non-key column. In the flat table author_country depends on author_id, which depends on book_id. That’s a transitive dependency — book_id → author_id → author_country — and it’s why an author’s country repeats in every row for every book they wrote. The fix, again, is a table: authors get their own, keyed by author_id.

Boyce-Codd normal form (BCNF): a stricter 3NF. Every determinant — every left-hand side of a dependency — must be a candidate key of its table. In practice, if you’ve chased every dependency into a table whose key is that dependency’s left side, you’re already at BCNF. The higher forms (4NF, 5NF) exist for multi-valued oddities you’ll rarely meet; BCNF is the working ceiling.

You do not memorize these. You do the one thing they all describe: put every fact in a table keyed by the thing it’s a fact about. Facts about a customer go in customers, keyed by customer_id. Facts about a book go in books. Facts about a line go in order_items, keyed by (order_id, book_id). That decomposition is the five-table bookshop. The normal forms are the receipts.

The fix, and why it can’t go wrong

Once the email lives in exactly one place, the anomaly is not fixed, it’s impossible. There is no second row to fall out of sync with. The real bookshop is already there:

SELECT count(*) AS rows_holding_email FROM customers WHERE customer_id = 1;

 rows_holding_email
--------------------
                  1

One row. So changing the email is a single-row write, and no WHERE clause slip can leave two versions behind:

UPDATE customers SET email = 'one.true.address@example.com' WHERE customer_id = 1
RETURNING customer_id, email;

 customer_id |            email
-------------+------------------------------
           1 | one.true.address@example.com

The 149,942-row flat table needed a careful, error-prone bulk update to change one fact. The normalized schema needs one row. That gap is the entire return on normalizing, and it compounds with every fact you store.

When to denormalize on purpose

So why does anyone ever store a fact twice? Because normalization optimizes for writes and for truth, and sometimes you’re optimizing for reads. A normalized query for “revenue per genre per month” has to join order_items to books to orders and aggregate, every single time it runs. If that query powers a dashboard a thousand people load an hour, re-deriving it from normalized tables is wasteful.

That’s when you denormalize deliberately: you copy or pre-aggregate a fact so reads get cheaper, and you accept the cost — now you own keeping the copy in sync. The disciplined version of this is a star schema, where a central fact table carries foreign keys out to dimension tables and pre-joined, pre-cleaned attributes sit ready for slicing. That’s a design choice with its own rules, not an accident of a lazy schema, and the whole Dimensional Modeling series is about doing it well. The line to hold in your head: normalize until it hurts, then denormalize until it works. And only ever with your eyes open, knowing exactly which fact you’ve chosen to duplicate and who’s now responsible for the copies. The flat table above duplicated by accident, and that’s the version that corrupts.

Final thoughts

Normalization has a fearsome reputation and one honest rule underneath it: store every fact once, in a table keyed by the thing it describes. The update anomaly we triggered — one customer, two emails, no error — is what you’re buying insurance against. The normal forms from 1NF to BCNF are just increasingly precise ways of naming the same insurance. Decompose along your functional dependencies and the bookshop’s five tables fall out on their own. Denormalize later if reads demand it, but do it on purpose, in the open, with a plan for the copies. And the moment you split one fact across many tables, you inherit a new obligation: the pointers between them have to stay honest. That’s the job of a key, and it’s next.
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Keys That Keep Their Word


Normalization split the bookshop into tables that point at each other, and the previous chapter closed on the obligation that split creates: the pointers have to stay honest. A foreign key is how the database keeps them honest. You met it in the fundamentals series as the constraint that refuses a dangling pointer. This chapter is about the part that’s easy to skip and expensive to get wrong: what the database does to the children when you delete their parent. That single choice, made once in the schema, is the difference between a clean delete and a wall of foreign-key errors. Or worse: a pile of orphaned rows nobody notices for a year.

Keys, recapped

A primary key uniquely identifies a row. It’s UNIQUE and NOT NULL together, and every table should have exactly one. A foreign key is a column (or set of columns) in a child table whose values must match a primary key in a parent table. order_items.order_id references orders.order_id; that reference is a promise the engine keeps, so a join from a line to its order can never come back empty by accident.

The promise runs in both directions. You can’t insert a child pointing at a parent that doesn’t exist. And you can’t delete a parent out from under its children without telling the database what should happen to them. That second direction is this chapter’s subject.

The default: refuse

Set up a parent and a child with a plain foreign key, no action specified:

CREATE TABLE scratch.ord (
    ord_id integer GENERATED ALWAYS AS IDENTITY PRIMARY KEY,
    label  text NOT NULL
);
CREATE TABLE scratch.line_na (
    line_id integer GENERATED ALWAYS AS IDENTITY PRIMARY KEY,
    ord_id  integer NOT NULL REFERENCES scratch.ord(ord_id),  -- NO ACTION, the default
    item    text NOT NULL
);

Insert an order and a line, then try to delete the order:

DELETE FROM scratch.ord WHERE ord_id = 4;

ERROR:  update or delete on table "ord" violates foreign key constraint "line_na_ord_id_fkey" on table "line_na"
DETAIL:  Key (ord_id)=(4) is still referenced from table "line_na".

This is NO ACTION, the default when you say nothing. The delete is refused because a child still points at the row. It’s the safe choice, and it forces you to decide deliberately what else you might have wanted. There are three other answers, and each is a phrase you add to the foreign key.

ON DELETE CASCADE: take the children with it

ON DELETE CASCADE means: when the parent goes, the children go too. Declare it on the child’s foreign key:

CREATE TABLE scratch.line (
    line_id integer GENERATED ALWAYS AS IDENTITY PRIMARY KEY,
    ord_id  integer NOT NULL REFERENCES scratch.ord(ord_id) ON DELETE CASCADE,
    item    text NOT NULL
);

With three lines across two orders, delete order 1:

DELETE FROM scratch.ord WHERE ord_id = 1;
SELECT * FROM scratch.line ORDER BY line_id;

 line_id | ord_id |  item
---------+--------+--------
       3 |      2 | book z

Both of order 1’s lines are gone, order 2’s line survives. This is exactly right for a true parent/child relationship where the child cannot exist without the parent. Order lines are meaningless without their order, so deleting the order should sweep them up. Use it where the child is part of the parent. Be very careful using it anywhere else: CASCADE deletes are silent and they chain, so a single DELETE can quietly remove rows three tables away.

ON DELETE SET NULL: cut the tie, keep the child

Sometimes the child should outlive the parent, just without the link. ON DELETE SET NULL blanks the foreign key instead of deleting the row. The column has to be nullable for this to work:

CREATE TABLE scratch.line_sn (
    line_id integer GENERATED ALWAYS AS IDENTITY PRIMARY KEY,
    ord_id  integer REFERENCES scratch.ord(ord_id) ON DELETE SET NULL,  -- nullable
    item    text NOT NULL
);

Delete the parent, and the child stays with a null pointer:

DELETE FROM scratch.ord WHERE ord_id = 2;
SELECT * FROM scratch.line_sn ORDER BY line_id;

 line_id | ord_id |  item
---------+--------+--------
       1 |        | book z

The line is still there; ord_id is now null. This fits a soft relationship — a book whose author record is removed can keep existing as an orphan attributed to nobody, rather than vanishing. Postgres 15 added a companion, ON DELETE SET DEFAULT, which sets the column to its column default instead of null.

RESTRICT vs NO ACTION: two ways to refuse

ON DELETE RESTRICT also blocks the delete, and its error even names the setting:

DELETE FROM scratch.ord WHERE ord_id = 3;

ERROR:  update or delete on table "ord" violates RESTRICT setting of foreign key constraint "line_r_ord_id_fkey" on table "line_r"
DETAIL:  Key (ord_id)=(3) is referenced from table "line_r".

So what’s the difference from NO ACTION, which we saw refuse the same way? Timing. NO ACTION checks the constraint at the end of the statement (or transaction, if deferred), which leaves room for another action earlier in the same transaction to fix things up first. RESTRICT checks immediately and cannot be deferred. For most schemas they behave identically, and NO ACTION (the default) is the one you’ll write; reach for RESTRICT only when you specifically want the check to be un-deferrable.

ON UPDATE: when the parent’s key itself changes

Everything so far was about deleting a parent. ON UPDATE governs the rarer case where the parent’s key value changes. With a surrogate identity key you’ll almost never do this, but with a natural key it happens. Give shelves a text code and let books reference it with ON UPDATE CASCADE:

CREATE TABLE scratch.shelf (
    code text PRIMARY KEY,
    name text NOT NULL
);
CREATE TABLE scratch.shelf_book (
    book       text NOT NULL,
    shelf_code text NOT NULL REFERENCES scratch.shelf(code) ON UPDATE CASCADE ON DELETE CASCADE,
    PRIMARY KEY (book, shelf_code)
);

Rename the shelf code from SCI to SFF, and the children follow automatically:

UPDATE scratch.shelf SET code = 'SFF' WHERE code = 'SCI';
SELECT * FROM scratch.shelf_book ORDER BY book;

    book    | shelf_code
------------+------------
 Dune       | SFF
 Foundation | SFF

Both rows re-pointed with one update. That shelf_book table also shows a composite key: its primary key is the pair (book, shelf_code), because neither column is unique alone but the combination is. Composite keys are how you model a many-to-many link, and the bookshop’s order_items uses exactly one, keyed on (order_id, book_id).

Natural vs surrogate keys

The shelf example used a natural key — code, a value with meaning in the real world. Most of the bookshop uses surrogate keys — GENERATED ALWAYS AS IDENTITY integers with no meaning beyond identifying a row. The trade is straightforward. A surrogate key never changes, so ON UPDATE is moot and joins are cheap integer comparisons. The cost is an extra opaque column and a lookup to find the id you want. A natural key is human-readable and needs no lookup. The cost is that real-world identifiers change — an ISBN gets reassigned, an email is updated — and when they do you need ON UPDATE CASCADE and you pay for it across every child. The common default, and the bookshop’s, is a surrogate primary key everywhere, with a UNIQUE constraint on the natural identifier alongside it.

DEFERRABLE, in one breath

By default a foreign key is checked at the end of each statement. A DEFERRABLE INITIALLY DEFERRED key waits until COMMIT, which lets you insert a child before its parent inside one transaction — useful for loading circularly-referencing data:

BEGIN;
INSERT INTO scratch.child_d VALUES (1, 100);   -- parent 100 doesn't exist yet
INSERT INTO scratch.parent_d VALUES (100);      -- now it does
COMMIT;                                          -- check runs here, passes

That commits cleanly; the constraint is satisfied by the time the transaction ends, which is all a deferred check asks.

Final thoughts

A foreign key is a promise, and the referential action is the fine print on what happens when the promised-to row is deleted or its key changes. NO ACTION and RESTRICT refuse; CASCADE propagates; SET NULL (and SET DEFAULT) cuts the tie and keeps the child. The choice isn’t cosmetic — it decides whether deleting a customer wipes their orders, blocks you cold, or leaves a trail of orphans. Pick it deliberately per relationship, lean on CASCADE only where the child truly belongs to the parent, and prefer surrogate keys so ON UPDATE rarely comes up at all. With the tables normalized and the keys keeping their word, you have a schema worth building interfaces on top of. The next one is the simplest and most useful of those: a query you can give a name.
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A Query With a Name: Views


You now have a schema that’s normalized and wired together with honest keys. The catch is that a well-normalized schema is often inconvenient to query. The fact you want lives split across four tables, and the join to reassemble it is the same twelve lines every time. A view fixes that without denormalizing anything. It’s a query you give a name to, and from then on you can SELECT from that name as if it were a table. Think of a view as an interface: a stable, readable surface over the schema. The people and code using it never have to know how the tables underneath are shaped.

A view is a named SELECT

The syntax is exactly that. CREATE VIEW name AS <query>:

CREATE VIEW scratch.affordable_books AS
SELECT book_id, title, genre, price
FROM books
WHERE price < 20;

Now scratch.affordable_books behaves like a table you can query:

SELECT count(*) AS affordable_count FROM scratch.affordable_books;

 affordable_count
------------------
              174

SELECT * FROM scratch.affordable_books ORDER BY price LIMIT 3;

 book_id |     title      | genre  | price
---------+----------------+--------+-------
     218 | Book Title 218 | Sci-Fi |  5.14
     113 | Book Title 113 | Poetry |  5.19
      77 | Book Title 77  | Poetry |  5.23

Nothing was copied. The view stores no rows. It’s a saved query that runs against books every time you touch it, and you’ll see the proof of that at the end. What it bought you is a name and a boundary: callers say affordable_books and never write the price < 20 filter themselves, so the definition of “affordable” lives in one place. Change the threshold once, in the view, and every caller updates.

Views over joins and aggregates

The real payoff is hiding a complicated query behind a simple name. The per-author revenue figure needs a three-table join and a group-by. Wrap it once:

CREATE VIEW scratch.author_revenue AS
SELECT a.author_id, a.name AS author,
       count(DISTINCT oi.order_id) AS orders,
       round(sum(oi.unit_price * oi.quantity), 2) AS revenue
FROM authors a
JOIN books b        ON b.author_id = a.author_id
JOIN order_items oi ON oi.book_id = b.book_id
GROUP BY a.author_id, a.name;

And from then on, “top authors by revenue” is a one-liner anybody can write:

SELECT * FROM scratch.author_revenue ORDER BY revenue DESC LIMIT 5;

 author_id |  author   | orders |  revenue
-----------+-----------+--------+-----------
        15 | Author 15 |   5582 | 401290.12
        38 | Author 38 |   5237 | 371682.05
        11 | Author 11 |   4937 | 347047.70
        34 | Author 34 |   4967 | 326048.98
        23 | Author 23 |   4757 | 308125.44

This is the view as a contract. Application code, a dashboard, a reporting tool — they all read author_revenue and never learn how the join is built or which tables it touches. Refactor the underlying schema later, keep the view’s columns the same, and every consumer is untouched. That decoupling is why views are the front door to a database that more than one team queries.

Updatable views, and the guardrail they need

A view built from a single table, with no aggregation or DISTINCT, is often updatable. You can INSERT, UPDATE, and DELETE through it, and Postgres rewrites the change onto the base table. That’s handy, and it hides a trap. Here’s a scratch table and a view over its cheap rows:

CREATE VIEW scratch.cheap_books AS
SELECT book_id, title, price FROM scratch.books_copy
WHERE price < 20
WITH CHECK OPTION;

Inserting a row that belongs in the view works fine:

INSERT INTO scratch.cheap_books (title, price) VALUES ('Bargain', 12.00) RETURNING *;

 book_id |  title  | price
---------+---------+-------
       3 | Bargain | 12.00

Now the trap. What happens if you insert through the view a row that does not satisfy the view’s WHERE? The row would land in the base table but immediately fall outside the view — you’d insert something you can’t then see. WITH CHECK OPTION is the clause that forbids exactly this:

INSERT INTO scratch.cheap_books (title, price) VALUES ('Too Expensive', 99.00);

ERROR:  new row violates check option for view "cheap_books"
DETAIL:  Failing row contains (4, Too Expensive, 99.00).

Rejected, because 99.00 fails the view’s price < 20. To see why the clause earns its keep, drop it and run the same shape of insert through a view with no check:

CREATE VIEW scratch.cheap_nocheck AS
SELECT book_id, title, price FROM scratch.books_copy WHERE price < 20;

INSERT INTO scratch.cheap_nocheck (title, price) VALUES ('Ghost', 88.00) RETURNING *;
SELECT * FROM scratch.cheap_nocheck WHERE title = 'Ghost';

 book_id | title | price
---------+-------+-------
       5 | Ghost | 88.00        -- the RETURNING from the insert

 book_id | title | price
---------+-------+-------
(0 rows)                        -- ...but the view can't see it

The insert succeeded — the row is really in books_copy — but it’s invisible through the view, because 88.00 isn’t < 20. That’s the silent surprise WITH CHECK OPTION exists to prevent: a write that reports success and then can’t be found where you wrote it. Any view you allow writes through should almost always carry the check.

A view is a rewrite, not storage

The one idea that makes views click: a view stores nothing. When you query it, Postgres substitutes the view’s definition into your query and plans the whole thing against the base tables. You can watch it happen. Query the view with an extra filter on top:

EXPLAIN SELECT * FROM scratch.affordable_books WHERE genre = 'Sci-Fi';

 Seq Scan on books  (cost=0.00..15.00 rows=29 width=32)
   Filter: ((price < '20'::numeric) AND (genre = 'Sci-Fi'::text))

There is no affordable_books in the plan at all. The view dissolved into a scan of books, and its price < 20 merged with your genre = 'Sci-Fi' into a single filter. That’s the whole mechanism: a view is textual substitution the planner does before it optimizes. Which is why a view over an indexed table still uses the index, and why a view is never “stale” — it re-derives from live data on every read.

That last point is the sharp contrast with the materialized view from the performance series. A materialized view does store its result, on disk, and you REFRESH it on a schedule. So a plain view is always current but pays the full query cost every read; a materialized view is instant to read but only as fresh as its last refresh. Reach for the materialized kind when the underlying query is expensive and slightly-stale data is acceptable. Reach for a plain view — the default — when you want a clean, always-current interface and the query is cheap enough to run each time.

Because a view is just a rewrite, its column list is baked in at creation. If you later ALTER a base table to add a column, a SELECT * view won’t pick it up until you recreate it. Naming columns explicitly in the view, as we did, is the stable choice. (When you do need to change a view’s definition, CREATE OR REPLACE VIEW edits it in place — as long as you keep the existing columns and only add new ones at the end.)

A view is also a permission boundary

There’s a second reason views are the front door to a shared database, and it’s about access, not convenience. You can grant a user SELECT on a view while granting them nothing on the underlying tables. Because the view is a fixed query, it can expose a subset — some columns, some rows — and the user sees exactly that and no more. A support team can get a customers_public view with name and city but not email or payment details. They read from that view alone, with no direct rights to the customers table at all. The view becomes the only window onto the data, and its WHERE and column list define the window’s shape. That makes views a natural partner to the roles and row-level security we’ll get to later in the series. The view narrows what is visible; the permission system controls who gets to look through it.

Final thoughts

A view is a query with a name, and that turns out to be one of the highest-leverage tools in the schema. It gives you a stable interface over a normalized design, so callers read simple names instead of writing complicated joins, and a refactor underneath leaves them untouched. It can hide a three-table aggregate behind a one-line SELECT. It’s updatable when it’s simple enough, and WITH CHECK OPTION is the guardrail that stops you writing rows the view can’t see. And under it all, a plain view is pure rewrite: no storage, never stale, planned straight against the base tables. That’s exactly what separates it from its materialized cousin. Views reshape how a query reads. The next tools reshape the columns themselves: values a table computes for you, and types you define with their own rules.
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Columns That Compute Themselves


Constraints reject bad data. These three tools go further: they let the schema itself carry logic. A value gets computed for you. A rule travels with a type instead of being retyped on every column. Generated columns, domains, and enums all push correctness down into the table definition, where it’s enforced once and no caller can forget it. And PostgreSQL 18 changed the default on the first of them — a good reason to check what actually happens rather than trust an older tutorial.

Generated columns: a value the table derives

A generated column is defined by an expression over the row’s other columns. You never write it; the database computes it. The classic case is a line total that must always equal quantity times price:

CREATE TABLE scratch.invoice_line (
    id integer GENERATED ALWAYS AS IDENTITY PRIMARY KEY,
    quantity   integer NOT NULL,
    unit_price numeric(6,2) NOT NULL,
    line_total numeric(10,2) GENERATED ALWAYS AS (quantity * unit_price) STORED
);

Insert only the source columns, and line_total fills itself in:

INSERT INTO scratch.invoice_line (quantity, unit_price) VALUES (3, 12.50), (1, 99.99);
SELECT * FROM scratch.invoice_line ORDER BY id;

 id | quantity | unit_price | line_total
----+----------+------------+------------
  1 |        3 |      12.50 |      37.50
  2 |        1 |      99.99 |      99.99

The value can never drift out of sync with its inputs, because it is its inputs. Change quantity and the total follows in the same statement:

UPDATE scratch.invoice_line SET quantity = 5 WHERE id = 1;
SELECT * FROM scratch.invoice_line WHERE id = 1;

 id | quantity | unit_price | line_total
----+----------+------------+------------
  1 |        5 |      12.50 |      62.50

37.50 became 62.50 with no code to keep them consistent. That’s the point of a generated column over a plain one you update by hand: consistency isn’t a discipline you have to maintain, it’s a property of the schema.

And because the column is the expression, you’re not allowed to write it directly. Try to supply it on insert:

INSERT INTO scratch.invoice_line (quantity, unit_price, line_total) VALUES (2, 10.00, 999.00);

ERROR:  cannot insert a non-DEFAULT value into column "line_total"
DETAIL:  Column "line_total" is a generated column.

And on update:

UPDATE scratch.invoice_line SET line_total = 0 WHERE id = 1;

ERROR:  column "line_total" can only be updated to DEFAULT
DETAIL:  Column "line_total" is a generated column.

Both refused. There is no way to store a line_total that disagrees with quantity * unit_price, which is exactly the guarantee you want from a derived value.

STORED vs VIRTUAL, and what PostgreSQL 18 changed

A generated column comes in two flavors. STORED computes the value on write and keeps it on disk like an ordinary column. It costs space, reads for free, and can be indexed. VIRTUAL computes the value on read and stores nothing. It costs nothing on disk but recomputes every time you select it.

Before Postgres 18, STORED was the only option and you had to spell it out. Postgres 18 added VIRTUAL and made it the default when you write neither keyword. That’s a real behavior change, so check it directly rather than trust the docs. A virtual column works as you’d expect:

CREATE TABLE scratch.gen_virtual (
    id integer GENERATED ALWAYS AS IDENTITY PRIMARY KEY,
    qty integer NOT NULL,
    price numeric(6,2) NOT NULL,
    total numeric(10,2) GENERATED ALWAYS AS (qty * price) VIRTUAL
);
INSERT INTO scratch.gen_virtual (qty, price) VALUES (4, 5.00);
SELECT * FROM scratch.gen_virtual;

 id | qty | price | total
----+-----+-------+-------
  1 |   4 |  5.00 | 20.00

And when you omit the keyword entirely, Postgres 18 makes it virtual — you can confirm the storage kind in the catalog (v = virtual, s = stored):

CREATE TABLE scratch.gen_default (
    id integer GENERATED ALWAYS AS IDENTITY PRIMARY KEY,
    qty integer NOT NULL,
    total integer GENERATED ALWAYS AS (qty * 2)   -- no keyword
);
SELECT attname, attgenerated AS kind FROM pg_attribute
WHERE attrelid = 'scratch.gen_default'::regclass AND attname = 'total';

 attname | kind
---------+------
 total   | v

So on Postgres 18 a bare GENERATED ALWAYS AS (...) is now virtual: not stored on disk, not indexable. That reverses the pre-18 assumption. If you want it materialized and indexable, write STORED explicitly. (MySQL has had both STORED and VIRTUAL for years, with VIRTUAL its default too; SQLite supports both as well.)

DOMAINs: a type with its rule attached

A domain is a named type built from an existing one plus its own constraints. It bottles up “a base type and the rules that always apply to it” so you can reuse it across many columns without retyping the CHECK each time. Two useful ones — a price that must be positive, and a text value shaped like an email:

CREATE DOMAIN scratch.positive_price AS numeric(6,2)
    CHECK (VALUE > 0);
CREATE DOMAIN scratch.email AS text
    CHECK (VALUE ~ '^[^@]+@[^@]+\.[^@]+$');

VALUE is the keyword for the value being checked. Now use them like any type:

CREATE TABLE scratch.product (
    id integer GENERATED ALWAYS AS IDENTITY PRIMARY KEY,
    price   scratch.positive_price NOT NULL,
    contact scratch.email
);
INSERT INTO scratch.product (price, contact) VALUES (19.99, 'shop@example.com') RETURNING *;

 id | price |     contact
----+-------+------------------
  1 | 19.99 | shop@example.com

A valid row goes in. A bad one is rejected by the domain. The error names the domain’s constraint, so the same message appears everywhere the type is used, not per-table:

INSERT INTO scratch.product (price, contact) VALUES (-1.00, 'a@b.com');

ERROR:  value for domain scratch.positive_price violates check constraint "positive_price_check"

INSERT INTO scratch.product (price, contact) VALUES (5.00, 'not-an-email');

ERROR:  value for domain scratch.email violates check constraint "email_check"

The payoff over a repeated column CHECK is one definition, reused: write positive_price once, apply it to every money column, change the rule in a single place. It’s the type-level version of the instinct behind normalization — one fact, one definition. (Domains are Postgres and standard-SQL; MySQL doesn’t support them, so there you repeat the CHECK per column.)

ENUMs: a fixed set of labels, in order

CREATE TYPE ... AS ENUM defines a type whose values are a fixed list of labels. It’s the right tool when a column may hold only one of a small, closed set — an order status, a size, a tier:

CREATE TYPE scratch.order_status AS ENUM ('placed', 'shipped', 'delivered', 'returned', 'cancelled');

CREATE TABLE scratch.o (
    id integer GENERATED ALWAYS AS IDENTITY PRIMARY KEY,
    status scratch.order_status NOT NULL
);
INSERT INTO scratch.o (status) VALUES ('delivered'), ('placed'), ('shipped');

One detail people get wrong: an enum sorts by declaration order, not alphabetically. We declared placed before shipped before delivered, so that’s how they sort — exactly what you want for a status with a natural progression:

SELECT id, status FROM scratch.o ORDER BY status;

 id |  status
----+-----------
  2 | placed
  3 | shipped
  1 | delivered

Alphabetically that would be delivered, placed, shipped. It isn’t, because the enum remembers the order you defined it in. And a value outside the set is rejected at the type level:

INSERT INTO scratch.o (status) VALUES ('refunded');

ERROR:  invalid input value for enum scratch.order_status: "refunded"

The trade-off: enums are compact and self-documenting, but changing one is awkward. You can ALTER TYPE ... ADD VALUE to append a label, but removing or reordering labels means rebuilding the type. So when the allowed values shift often, a lookup table with a foreign key is more flexible — that’s the referential pattern from chapter 2. When the set is genuinely fixed, an enum is tidier. (MySQL has an inline ENUM('a','b') column type, similar in spirit but not a reusable named type the way Postgres’s is.)

Final thoughts

These three features move logic out of your application and into the schema, where it’s enforced once and can’t be bypassed. A generated column derives a value from its neighbors and won’t let you contradict it. On Postgres 18, remember the default is now VIRTUAL, so add STORED when you want it on disk and indexable. A domain packages a base type with its rule so the same constraint, and the same error, apply everywhere the type is used. An enum pins a column to a fixed, ordered set of labels. Each one is the schema doing work you’d otherwise trust every caller to do correctly. But some logic is too complex for a column expression or a CHECK — it needs to run a whole procedure when a row changes. That’s the next tool, and the most powerful one in the schema’s kit.
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Triggers: The Code That Runs When You Weren't Looking


So far the database has done exactly what you told it, when you told it. A trigger changes that. A trigger is a piece of code you attach to a table that the database runs by itself whenever a row is inserted, updated, or deleted. You never call it. You write an ordinary UPDATE, and something else fires alongside it. That is the whole appeal, and the whole danger. Logic lives in the schema and runs on every write, no matter which application or script did the writing.

This chapter builds two real triggers against the bookshop and watches them work: an updated_at column that touches itself, and an audit log that records every change to a table. Both run in a scratch schema, because triggers are easy to get subtly wrong and you want a table you can drop.

Two pieces: a function, then the trigger

A trigger in Postgres is always two objects. First a trigger function — an ordinary function whose return type is the special word trigger. Second a CREATE TRIGGER that binds that function to a table and says when to run it. The function holds the logic; the trigger holds the timing. You can point many triggers at one function, or give each its own.

Inside a trigger function you get special variables the database fills in for you. NEW is the row as it will be after the write (for an insert or update). OLD is the row as it was before (for an update or delete). TG_OP is the operation as a string: 'INSERT', 'UPDATE', or 'DELETE'. Those three are most of what you ever use.

BEFORE: the trigger that can rewrite the row

Here is a small inventory table and a trigger that keeps updated_at honest:

CREATE TABLE scratch.inventory (
    sku        text PRIMARY KEY,
    stock      integer NOT NULL,
    updated_at timestamptz NOT NULL DEFAULT now()
);

CREATE FUNCTION scratch.touch_updated_at() RETURNS trigger AS $$
BEGIN
    NEW.updated_at := now();
    NEW.sku := upper(NEW.sku);
    RETURN NEW;
END;
$$ LANGUAGE plpgsql;

CREATE TRIGGER inventory_touch
    BEFORE UPDATE ON scratch.inventory
    FOR EACH ROW
    EXECUTE FUNCTION scratch.touch_updated_at();

Read the CREATE TRIGGER as a sentence: before each update, for each row, run touch_updated_at. The word BEFORE is doing real work. A BEFORE trigger runs before the row is written, and whatever it puts in NEW and returns is what actually gets stored. That is the only kind of trigger that can change the data being written. Ours does two things: it overwrites updated_at with the current time, and — to prove the point — it forces the SKU to uppercase.

Insert two rows, then update one:

INSERT INTO scratch.inventory (sku, stock) VALUES ('a-100', 5), ('b-200', 12);
UPDATE scratch.inventory SET stock = stock - 1 WHERE sku = 'a-100';
SELECT sku, stock, updated_at FROM scratch.inventory ORDER BY sku;

  sku  | stock |          updated_at
-------+-------+-------------------------------
 A-100 |     4 | 2026-08-03 00:56:11.93144+00
 b-200 |    12 | 2026-08-03 00:56:07.606398+00

Look at what the trigger did to the row we touched and only that row. a-100 came back as A-100 (the trigger rewrote NEW.sku), its stock dropped to 4, and its updated_at jumped forward. b-200, which we never updated, kept its original lowercase SKU and its original timestamp. The trigger fired for the row the UPDATE matched, changed the row on its way to disk, and left everything else alone. RETURN NEW is what makes the edit stick; return NULL from a BEFORE ... FOR EACH ROW trigger and the write is silently skipped for that row.

AFTER: the trigger that records what happened

The other timing is AFTER. An AFTER trigger runs once the row is already written, so changing NEW there does nothing. What it is good for is reacting to a change: writing a log, updating a summary table, sending a notification. The classic use is an audit trail. Here is one that records every insert, update, and delete against inventory:

CREATE TABLE scratch.inventory_audit (
    audit_id   bigint GENERATED ALWAYS AS IDENTITY PRIMARY KEY,
    action     text NOT NULL,
    sku        text,
    old_stock  integer,
    new_stock  integer,
    changed_at timestamptz NOT NULL DEFAULT now()
);

CREATE FUNCTION scratch.audit_inventory() RETURNS trigger AS $$
BEGIN
    IF TG_OP = 'INSERT' THEN
        INSERT INTO scratch.inventory_audit (action, sku, old_stock, new_stock)
        VALUES (TG_OP, NEW.sku, NULL, NEW.stock);
    ELSIF TG_OP = 'UPDATE' THEN
        INSERT INTO scratch.inventory_audit (action, sku, old_stock, new_stock)
        VALUES (TG_OP, NEW.sku, OLD.stock, NEW.stock);
    ELSIF TG_OP = 'DELETE' THEN
        INSERT INTO scratch.inventory_audit (action, sku, old_stock, new_stock)
        VALUES (TG_OP, OLD.sku, OLD.stock, NULL);
    END IF;
    RETURN NULL;  -- an AFTER trigger's return value is ignored
END;
$$ LANGUAGE plpgsql;

CREATE TRIGGER inventory_audit
    AFTER INSERT OR UPDATE OR DELETE ON scratch.inventory
    FOR EACH ROW
    EXECUTE FUNCTION scratch.audit_inventory();

One trigger covers all three operations, and TG_OP lets the function branch on which one fired. NEW and OLD show up exactly where they make sense. An insert has no OLD, a delete has no NEW, and an update has both, so the log records the before and after stock. Now exercise it:

INSERT INTO scratch.inventory (sku, stock) VALUES ('C-300', 20);
UPDATE scratch.inventory SET stock = 99 WHERE sku = 'b-200';
DELETE FROM scratch.inventory WHERE sku = 'A-100';
SELECT audit_id, action, sku, old_stock, new_stock FROM scratch.inventory_audit ORDER BY audit_id;

 audit_id | action |  sku  | old_stock | new_stock
----------+--------+-------+-----------+-----------
        1 | INSERT | C-300 |           |        20
        2 | DELETE | A-100 |         4 |
        3 | UPDATE | B-200 |        12 |        99

Three writes, three audit rows, written by nobody. The application issued a plain insert, update, and delete; the audit table filled itself. The DELETE row captured the stock that was about to vanish, which is exactly the value you can no longer get any other way once the row is gone. This is the honest strength of triggers: the log cannot drift from the data, because there is no code path that writes the table without also writing the log.

ROW versus STATEMENT

Both triggers above said FOR EACH ROW, and they fire once per affected row. The alternative is FOR EACH STATEMENT, which fires once per statement regardless of how many rows it touched — even zero. A statement-level trigger has no NEW or OLD, because there is no single row to point at. It is for coarse reactions like “something changed in this table, refresh the cache.” Watch it fire exactly once for a two-row update:

CREATE TRIGGER inventory_bulk
    AFTER UPDATE ON scratch.inventory
    FOR EACH STATEMENT
    EXECUTE FUNCTION scratch.note_bulk();

UPDATE scratch.inventory SET stock = stock + 1;  -- touches 2 rows

NOTICE:  inventory changed (statement-level, fires once)
UPDATE 2

Two rows changed, one notice. A row-level trigger on the same statement would have run twice.

The case against triggers

Everything above is a reason to like triggers. Here is the reason to be wary of them: they are invisible. A developer reading the application code sees an ordinary UPDATE and has no way to know that it also rewrote a column, wrote an audit row, and refreshed a cache. The logic runs, but it runs offstage. When an updated_at value is wrong, or a row mysteriously uppercases itself, the cause is in a schema object nobody thought to look at. Triggers also run inside your transaction. A slow or failing trigger makes every write slow or failing, and a trigger that writes to another table can deadlock against one that writes back.

The rule of thumb: use triggers for things that must be true no matter who writes, and that are genuinely about the data’s integrity. Think audit logs, updated_at, derived columns you can’t express as a generated column. Keep business logic that a reader would expect to find in the application in the application. A trigger is a promise the database keeps for you; make sure the promise is one you’d want kept even when you’ve forgotten it exists.

The other databases differ here. MySQL supports BEFORE/AFTER row triggers with NEW/OLD but has no statement-level triggers and allows only limited multiples per timing; SQLite has triggers but no stored-procedure language to speak of. The Postgres model in this chapter is the fullest of the three.

Final thoughts

A trigger is two objects and three questions. The objects: a function returning trigger, and a CREATE TRIGGER that binds it. The questions: BEFORE or AFTER (can it change the row, or only react to it), ROW or STATEMENT (once per row, or once per statement), and which of NEW/OLD/TG_OP the logic needs. Get those right and you have data guarantees that no application can bypass, which is the point. Just remember that the code runs where nobody is looking, so reserve it for the things that truly belong to the data itself. Triggers are the smallest unit of logic living in the database; next we meet the larger units.
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Functions and Procedures: Teaching the Database New Verbs


A trigger runs your code when the database decides. A function runs it when you decide, by name, wherever a value or a query can go. Functions are how you give the database new verbs: order_total(42), customer_tier(7). They live in the schema, every client can call them, and they run next to the data instead of shuttling rows to your application and back. This chapter builds three of them against the bookshop: a plain SQL function, a richer PL/pgSQL one, and a procedure — a close cousin with one power a function lacks. Then it explains the one-word label that decides whether the planner will let you build an index on your function at all.

The plain SQL function

The simplest function is a SQL query with a name and some parameters. Here is the total value of an order, straight from the line items:

CREATE FUNCTION order_total(p_order_id integer) RETURNS numeric AS $$
    SELECT COALESCE(sum(quantity * unit_price), 0)
    FROM order_items
    WHERE order_id = p_order_id;
$$ LANGUAGE sql STABLE;

LANGUAGE sql means the body is a SQL statement; the parameter p_order_id stands in for a value the caller supplies. Once it exists, it is a verb you can use anywhere an expression is allowed, including in the SELECT list of another query, once per row:

SELECT order_id, order_total(order_id) AS total
FROM orders
ORDER BY order_id
LIMIT 5;

 order_id | total
----------+--------
        1 | 179.99
        2 |  53.31
        3 | 188.58
        4 | 176.02
        5 |  30.03

That is the payoff of a function: the messy join-and-sum is named once and reads like a column everywhere else. (Ignore the STABLE word for now; it gets its own section, and it matters more than it looks.)

PL/pgSQL: variables, branches, loops

A SQL function is one statement. When you need real control flow — a variable, an IF, a loop — you switch languages to PL/pgSQL, Postgres’s procedural language. The body then lives between BEGIN and END, with a DECLARE block for locals. Here is a function that classifies a customer by lifetime spend:

CREATE FUNCTION customer_tier(p_customer_id integer) RETURNS text AS $$
DECLARE
    lifetime numeric;
BEGIN
    SELECT COALESCE(sum(oi.quantity * oi.unit_price), 0)
      INTO lifetime
      FROM orders o
      JOIN order_items oi ON oi.order_id = o.order_id
     WHERE o.customer_id = p_customer_id;

    IF lifetime >= 3000 THEN
        RETURN 'gold';
    ELSIF lifetime >= 1500 THEN
        RETURN 'silver';
    ELSE
        RETURN 'bronze';
    END IF;
END;
$$ LANGUAGE plpgsql STABLE;

Three things that are new versus a SQL function: DECLARE lifetime numeric is a local variable; SELECT ... INTO lifetime runs a query and stashes its single result in that variable; and IF / ELSIF / ELSE branches on it before RETURNing. Call it across the customer table:

SELECT customer_id, customer_tier(customer_id) AS tier
FROM customers ORDER BY customer_id LIMIT 6;

 customer_id |  tier
-------------+--------
           1 | bronze
           2 | silver
           3 | silver
           4 | bronze
           5 | bronze
           6 | bronze

Loops work too. A FOR loop over a numeric range reads exactly as you’d guess:

CREATE FUNCTION running_factorial(n integer) RETURNS bigint AS $$
DECLARE
    result bigint := 1;
    i integer;
BEGIN
    FOR i IN 2..n LOOP
        result := result * i;
    END LOOP;
    RETURN result;
END;
$$ LANGUAGE plpgsql IMMUTABLE;

SELECT running_factorial(5) AS fact_5, running_factorial(10) AS fact_10;

 fact_5 | fact_10
--------+---------
    120 | 3628800

You now have the whole toolkit: variables, assignment, IF, LOOP, and RETURN. PL/pgSQL has more (FOR row IN SELECT ... to iterate query results, WHILE, exception handling with BEGIN ... EXCEPTION), but this is the shape of all of it.

Procedures, and the one thing they can do

A procedure looks almost identical to a function, with two differences. You invoke it with CALL instead of putting it in a query, and it does not return a value into an expression. The reason procedures exist at all is a single capability: a procedure can COMMIT in the middle of its own body. A function cannot, ever. That difference is the whole point of the feature.

Why would you want it? For long batch work you don’t want to do in one giant transaction. Archive a million rows a thousand at a time, committing each batch, so a failure halfway doesn’t roll back everything already done. Here is the shape:

CREATE PROCEDURE archive_in_batches() LANGUAGE plpgsql AS $$
DECLARE
    b integer;
BEGIN
    FOR b IN 1..3 LOOP
        INSERT INTO scratch.batch_log (note) VALUES ('batch ' || b);
        COMMIT;   -- durable after each batch
    END LOOP;
END;
$$;

CALL archive_in_batches();
SELECT id, note FROM scratch.batch_log ORDER BY id;

 id |  note
----+---------
  1 | batch 1
  2 | batch 2
  3 | batch 3

Each iteration committed, so the three rows landed in three separate transactions. Now try the same COMMIT inside a function:

CREATE FUNCTION try_commit() RETURNS void LANGUAGE plpgsql AS $$
BEGIN
    INSERT INTO scratch.batch_log (note) VALUES ('from function');
    COMMIT;
END;
$$;

SELECT try_commit();

ERROR:  invalid transaction termination
CONTEXT:  PL/pgSQL function try_commit() line 4 at COMMIT

invalid transaction termination. A function runs inside whatever transaction called it — it is part of a larger statement, and a statement cannot commit half of itself. A procedure called with CALL owns its transaction boundary and can. That is the entire functional difference between the two; everything else is the same language.

Volatility: the label the planner reads

Look back at the function definitions. Each ended in STABLE, IMMUTABLE, or nothing. That word is the function’s volatility, and it is a promise you make to the planner about how the function behaves:


	IMMUTABLE — same inputs always give the same output, forever, with no reads of the database. lower('ABC') is immutable. The planner may evaluate it once and reuse the result, and it may build an index on it.

	STABLE — same inputs give the same output within a single statement, but may read the database. order_total is stable: it reads order_items, which could differ between statements, but won’t change under one query.

	VOLATILE — anything goes; may return a different value on every call. random() and now()-style clock reads are volatile. This is the default if you say nothing, which is the safe-but-slow choice.



Mislabeling is not cosmetic. The planner uses volatility to decide whether it can skip re-evaluating your function, and — the sharp edge — whether it can put your function in an index. A functional index only makes sense if the function’s output never changes for a given input. So Postgres flatly refuses to index anything not marked IMMUTABLE:

CREATE FUNCTION lower_email(t text) RETURNS text LANGUAGE sql IMMUTABLE AS $$ SELECT lower(t) $$;
CREATE INDEX ON customers (lower_email(email));   -- fine

CREATE FUNCTION vol_tag(t text) RETURNS text LANGUAGE sql VOLATILE AS $$ SELECT t || random()::text $$;
CREATE INDEX ON customers (vol_tag(email));

ERROR:  functions in index expression must be marked IMMUTABLE

The immutable function indexed without complaint; the volatile one was rejected outright. So volatility is not a formality you tack on at the end. Label a genuinely immutable function VOLATILE and you lose the ability to index it and force needless re-evaluation. Label a volatile one IMMUTABLE and you get wrong answers — the planner will cache a value that was supposed to change. Mark each function as strictly as is true, and no stricter.

One line on other languages

PL/pgSQL is the default procedural language, but not the only one. Postgres can run function bodies in PL/Python (plpython3u), PL/Perl, PL/Tcl, and more, once the extension is installed — handy when a function needs a library that SQL doesn’t have. The volatility rules and the function-versus-procedure split are the same whichever language the body is written in. MySQL and SQL Server have their own procedural dialects (SQL/PSM and T-SQL); SQLite has none, and pushes this logic back into the application.

Final thoughts

A function names logic and returns a value you can drop into any query; a procedure names logic you CALL, and its one superpower is committing mid-body for batch work. Reach for plain LANGUAGE sql when the body is a single query, and PL/pgSQL when you need variables, branches, or loops. Then set the volatility honestly: IMMUTABLE, STABLE, or VOLATILE. That one word decides whether the planner trusts your function enough to fold it, skip it, or index it. Logic in the database is powerful precisely because every client inherits it; the next chapter is about changing the schema those clients depend on without breaking them.
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Migrations: Changing the Floor While People Are Walking on It


The schema in Chapter 13 of the first series was created once and left alone. Real schemas are never left alone. Columns get added, types get widened, tables get split, and all of it has to happen to a database that already holds data and is serving live traffic. That process — evolving a schema in controlled, reviewable, reversible steps — is a migration. This chapter is about doing it without losing data and without taking the application down. Every ALTER here runs against a scratch schema, because the whole subject is changing tables that already exist.

A migration is a script in version control

The core discipline is simple and non-negotiable. Every schema change is a script: checked into the repository alongside the application code, applied in order, and never edited once it has run anywhere. Each migration comes in two halves: a forward script that makes the change, and a rollback script that undoes it. They are the schema equivalent of a commit and its revert.

-- 014_add_locale.up.sql   (forward)
ALTER TABLE account ADD COLUMN locale text DEFAULT 'en';

-- 014_add_locale.down.sql (rollback)
ALTER TABLE account DROP COLUMN locale;

The numbering matters because migrations must run in a fixed order; migration 15 may depend on a column 14 added. A small table in the database records which migrations have already run, so a deploy applies only the new ones. You do not have to build this yourself. Flyway, Liquibase, and Alembic — along with Rails, Django, and most ORMs — are migration runners. They track applied versions and apply the pending scripts for you. What they all share is the shape above — ordered, versioned, forward-and-back.

Idempotency: safe to run twice

Deploys get retried. A migration that half-applied, or ran once and then ran again because a pipeline hiccuped, should not blow up on the second pass. Postgres gives you IF NOT EXISTS and IF EXISTS for exactly this:

ALTER TABLE scratch.account ADD COLUMN IF NOT EXISTS locale text DEFAULT 'en';
ALTER TABLE scratch.account ADD COLUMN IF NOT EXISTS locale text DEFAULT 'en';  -- run twice

ALTER TABLE
NOTICE:  column "locale" of relation "account" already exists, skipping
ALTER TABLE

The second run noticed the column was already there, said so, and succeeded anyway. An idempotent migration turns “did this already run?” from a question you have to answer correctly into one that doesn’t matter.

DDL in a transaction — and the one that refuses

Here is a genuine Postgres superpower that many databases lack: DDL is transactional. You can wrap several schema changes in BEGIN ... COMMIT. If any of them fails, ROLLBACK undoes all of them, and the schema snaps back as if the migration never started. No half-applied migration, ever. Watch two ALTERs vanish on rollback:

BEGIN;
ALTER TABLE scratch.mig_demo ADD COLUMN note text;
ALTER TABLE scratch.mig_demo ADD COLUMN qty int;
ROLLBACK;
\d scratch.mig_demo

             Table "scratch.mig_demo"
 Column |  Type   | Collation | Nullable | Default
--------+---------+-----------+----------+---------
 id     | integer |           |          |

Both columns are gone. This is why a good migration runner wraps each migration in a transaction by default: a failure leaves the database untouched, not stranded halfway. (MySQL, notably, does not do this. Most DDL there is auto-committed and cannot be rolled back, which is why MySQL migrations lean much harder on the expand/contract discipline below.)

There is one important exception, and it bites people. CREATE INDEX CONCURRENTLY builds an index without locking the table against writes — the only form you’d use on a live production table. And it cannot run inside a transaction block:

BEGIN;
CREATE INDEX CONCURRENTLY mig_demo_id_idx ON scratch.mig_demo (id);
ROLLBACK;

ERROR:  CREATE INDEX CONCURRENTLY cannot run inside a transaction block

It manages its own multi-phase locking and has to own the transaction boundary itself. The practical consequence: a concurrent index build must be its own migration, run outside the automatic transaction wrapper. Every serious migration tool has a flag to mark a migration as “no transaction” for exactly this. (A few other commands share the restriction, VACUUM and ALTER TYPE ... ADD VALUE among them, but the concurrent index is the one you’ll hit first.)

The fast default: ADD COLUMN with a value

There is a piece of folklore that adding a column with a default to a big table is slow, because every existing row must be rewritten. That was true a decade ago. In modern Postgres, adding a column with a constant default is a metadata-only change — the default is recorded once and applied virtually on read, with no table rewrite. Time it on a 150,000-row table:

CREATE TABLE scratch.big AS SELECT * FROM order_items;   -- 149,942 rows
\timing on
ALTER TABLE scratch.big ADD COLUMN status text NOT NULL DEFAULT 'active';

ALTER TABLE
Time: 2.029 ms

Two milliseconds for a NOT NULL column with a default across 150,000 rows, and every row reads back 'active'. That is not a rewrite; that is a catalog entry. The reason to know this precisely is the flip side: a non-constant default still forces a full rewrite, because each row needs its own value. Add a column defaulted to random() to the same table:

ALTER TABLE scratch.big ADD COLUMN token double precision NOT NULL DEFAULT random();

ALTER TABLE
Time: 106.382 ms

Fifty times slower, because Postgres had to visit all 149,942 rows to give each a distinct value. So “add a column with a default” is cheap when the default is a constant and expensive when it isn’t. On a large, busy table that distinction is the difference between an instant migration and one that locks the table for the length of a rewrite.

Expand/contract: changing a column without downtime

The hardest migrations are the ones where the old and new application code must both keep working during the deploy, because you can’t update every server at the same instant. Renaming or retyping a column in one step breaks this: the moment you RENAME, the still-running old code queries a column that no longer exists. The pattern that solves it is expand/contract (also called parallel change), and it trades one risky step for four safe ones.

Say we want to rename full_name to display_name. Walk it:

-- 1. EXPAND: add the new column, nullable, no rewrite. Old code unaffected.
ALTER TABLE scratch.account ADD COLUMN display_name text;

-- 2. BACKFILL: copy existing data across (in batches on a real table).
UPDATE scratch.account SET display_name = full_name WHERE display_name IS NULL;

-- 3. (Deploy app code that writes BOTH columns and reads display_name.)
--    Then tighten the constraint now that every row has a value.
ALTER TABLE scratch.account ALTER COLUMN display_name SET NOT NULL;

-- 4. CONTRACT: once nothing reads the old column, drop it.
ALTER TABLE scratch.account DROP COLUMN full_name;

                           Table "scratch.account"
    Column    |  Type  | Collation | Nullable |           Default
--------------+--------+-----------+----------+------------------------------
 id           | bigint |           | not null | generated always as identity
 display_name | text   |           | not null |

The table now has display_name, populated and NOT NULL, and full_name is gone. The point is the ordering. Each step is safe against a mix of old and new code running at once. Step 1 adds something no one reads yet. Step 2 fills it. The app deploy switches over while both columns exist, and step 4 removes the old column only after nothing references it. Contrast a single ALTER TABLE ... RENAME COLUMN, which is atomic in the database but detonates in the fleet, where old and new binaries briefly coexist. Expand/contract is the general answer to every “change a column while the app is live” problem: never break the contract both versions rely on at the same time.

Final thoughts

Migrations are how a schema stays alive without falling over. Keep every change as an ordered, versioned pair of forward and rollback scripts in the repository, and make them idempotent so a retry is harmless. Lean on transactional DDL so a failed migration rolls back cleanly, and remember the one command — CREATE INDEX CONCURRENTLY — that must stand outside the transaction. Know that adding a column with a constant default is nearly free while a computed default rewrites the table. And when a change has to happen under live traffic, reach for expand/contract: add, backfill, switch, drop, so old and new code never disagree about what the table looks like. The database now changes safely. The last two chapters turn to the code on the other side of the connection: the application that sends these statements. We start with the oldest way it can go wrong.
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Little Bobby Tables: SQL Injection, and the One Habit That Stops It


Everything so far has treated SQL as something you write. In a real application, most SQL is assembled at runtime from values a user typed: a search box, a login form, a URL parameter. The moment you build a query by pasting user input into a string, you have opened the door to SQL injection. The attacker stops supplying data and starts supplying SQL. It is the oldest serious bug in web software, it still tops the vulnerability lists decades on, and it has one correct fix that has never changed. This chapter shows the attack working against the bookshop, then shows the fix making the exact same attack do nothing.

How a query becomes a weapon

Picture the naive way to look a customer up by email. The application has the address as a string and builds the query by concatenation: "... WHERE email = '" + input + "'". To make that concrete in the database itself, here is a function that does precisely that gluing — it is standing in for careless application code:

CREATE FUNCTION find_customer_unsafe(input text)
RETURNS TABLE(customer_id int, name text, email text) AS $$
BEGIN
    RETURN QUERY EXECUTE
        'SELECT customer_id, name, email FROM customers WHERE email = ''' || input || '''';
END;
$$ LANGUAGE plpgsql;

Used honestly, it does what you’d expect — one address, one customer:

SELECT count(*) FROM find_customer_unsafe('customer1@example.com');

 count
-------
     1

Now the attack. Instead of an email, the “input” is the string x' OR '1'='1. Watch what happens when that gets glued into the query:

SELECT count(*) FROM find_customer_unsafe($$x' OR '1'='1$$);

 count
-------
  5000

Every customer in the table. The $$...$$ is just psql’s way of quoting the literal input so we can type it; the input itself is x' OR '1'='1. Glued into the template, the query the database actually ran was:

SELECT customer_id, name, email FROM customers WHERE email = 'x' OR '1'='1'

The attacker’s single quote closed the string early, and everything after it became SQL, not data. WHERE email = 'x' OR '1'='1' is true for every row, because '1'='1' always is. The filter is gone. A login form built this way lets anyone in; a “show my orders” page built this way shows everyone’s.

From bypass to breach

Returning all rows of the same table is bad. Reading a different table is worse, and injection allows it through UNION, which staples a second query’s rows onto the first. Here is an equally naive book-title search:

CREATE FUNCTION search_books_unsafe(term text)
RETURNS TABLE(a text, b text) AS $$
BEGIN
    RETURN QUERY EXECUTE
        'SELECT title, genre FROM books WHERE title ILIKE ''%' || term || '%''';
END;
$$ LANGUAGE plpgsql;

It returns two text columns. An attacker who notices that can supply a term that closes the string. It adds a UNION selecting two columns from a table they were never meant to touch, then comments out the rest of the query with --:

SELECT * FROM search_books_unsafe($$zzz%' UNION SELECT name, email FROM customers WHERE customer_id <= 3 --$$);

     a      |           b
------------+-----------------------
 Customer 1 | customer1@example.com
 Customer 2 | customer2@example.com
 Customer 3 | customer3@example.com

A book search just returned customer names and email addresses. Nothing about the search page mentioned customers; the attacker reached them by writing SQL through the input box. Swap customers for a table of password hashes or payment tokens and you have the breach that makes the news. The database did nothing wrong — it faithfully ran the query it was handed. The bug is that the query was built out of a string.

The fix: keep data as data

The cure is not to escape quotes by hand, or to blocklist the word UNION, or to strip apostrophes. Those are leaky and endless. The cure is structural: never let user input become part of the query text. Send the query and the data to the database separately, with a placeholder marking where the value goes. Then the database parses the query first, with the placeholder still empty, and only afterward drops the value into the already-parsed plan. The value can no longer change the query’s structure, because the structure was decided before the value ever arrived. This is a parameterized query (also called a prepared statement).

In raw SQL, PREPARE names a statement with typed placeholders ($1, $2, …), and EXECUTE supplies the values:

PREPARE find_customer(text) AS
    SELECT customer_id, name, email FROM customers WHERE email = $1;

EXECUTE find_customer('customer1@example.com');

 customer_id |    name    |         email
-------------+------------+-----------------------
           1 | Customer 1 | customer1@example.com

Honest input, honest result. Now feed it the very same attack string that returned all 5,000 rows a moment ago:

EXECUTE find_customer($$x' OR '1'='1$$);

 customer_id | name | email
-------------+------+-------
(0 rows)

Zero rows. The attack string was treated as one thing: a literal email address that happens to contain punctuation. The database looked for a customer whose email is exactly x' OR '1'='1, found none, and returned nothing. The quotes never closed a string, because the string was never being reparsed. Same input, same database, opposite outcome — and the only change was moving the value out of the query text and into a parameter.

Every driver does this for you

You will almost never write PREPARE by hand. Every real database driver exposes parameters through placeholders, and using them is the fix. In Python’s psycopg, you pass the SQL with %s placeholders and the values as a separate tuple, and the driver keeps them apart:

# Application code — psycopg 3. Shown for illustration; not run in psql.
cur.execute(
    "SELECT customer_id, name, email FROM customers WHERE email = %s",
    ("x' OR '1'='1",),          # the malicious input, passed as a parameter
)
# → 0 rows. The value is bound as data; it can never become SQL.

The rule is one sentence and it is the whole chapter: the query string must be a constant in your code; every value goes through a placeholder. JDBC’s PreparedStatement with ?, Go’s database/sql with $1, Ruby, PHP, .NET — every one of them has this, and the vulnerability exists only when a programmer bypasses it to build SQL with string formatting. The critical distinction: WHERE email = %s with a parameter is safe; WHERE email = '{email}' built with an f-string or + is the find_customer_unsafe we started with, just in another language.

The rare exception, done safely

Sometimes you genuinely must build SQL dynamically — a table or column name chosen at runtime, which cannot be a parameter (placeholders stand in for values, not identifiers). For that narrow case Postgres gives you format() with %L (quote a literal) and %I (quote an identifier), and the standalone quote_literal(). These escape correctly so the value can’t break out:

SELECT format('WHERE email = %L', $$x' OR '1'='1$$);

             format
----------------------------------
 WHERE email = 'x'' OR ''1''=''1'

%L doubled every quote, so the entire attack string is trapped inside one literal — a function using it returns the same zero rows. Use format('%L')/quote_literal() only when a parameter genuinely cannot do the job, and reach for a real parameter every other time. Building the string yourself is the risk; these functions are how you take responsibility for it when you have no choice.

Final thoughts

SQL injection is not exotic and it is not hard to prevent. It happens for exactly one reason: user input was concatenated into query text, so the input could redefine the query. We watched that turn a customer lookup into a full-table dump and a book search into an email leak. The fix is not vigilance or escaping or clever filters; it is a structural habit. Keep the query text constant and pass every value as a parameter, and the attacker’s cleverest string is just a value that matches nothing. Your driver already supports this. The only way to be vulnerable is to go out of your way to build the query as a string. Don’t, and Little Bobby Tables goes home empty-handed. The application is now talking to the database safely; the last chapter is about talking to it efficiently, across many requests at once.
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One Connection, Many Requests: Pooling, Transactions, and the N+1 Trap


So far in this series the database has answered you at a psql prompt. In production it answers an application: a web server that takes a request, runs some SQL, and returns a response, thousands of times a minute. The gap between “a query at a prompt” and “a query inside a request handler” is where a surprising number of production problems live. Crossing it well comes down to three habits. Hold a connection efficiently, wrap work in a short transaction, and avoid the one pattern that makes the database do a hundred times more work than it needs to.

Opening a connection is expensive

Connecting to Postgres is not free. The client opens a TCP socket, the two sides negotiate TLS, Postgres authenticates the role, and the server forks a whole backend process to serve that session. That handshake can cost several milliseconds, which dwarfs the sub-millisecond queries most requests actually run. Do it once per request and the connection setup, not your SQL, becomes the bottleneck. Worse, each connection is a live server process holding memory, so a burst of traffic that opens a connection per request can exhaust the server’s max_connections and start refusing everyone.

The fix is a connection pool: open a handful of connections once, keep them alive, and lend them out. A request borrows a connection, runs its queries, and returns it to the pool instead of closing it. The next request reuses the same warm connection. You pay the handshake a few times at startup, not on every request.

In a Python app with psycopg 3, the pool is a small object you create once and share:

from psycopg_pool import ConnectionPool

# created once, at application startup
pool = ConnectionPool(
    "postgresql://app:app_secret@db.internal/bookshop",
    min_size=4,      # keep at least 4 warm connections open
    max_size=20,     # never exceed 20 (stay well under server max_connections)
)

def get_customer_orders(customer_id):
    with pool.connection() as conn:           # borrow one from the pool
        with conn.cursor() as cur:
            cur.execute(
                "SELECT order_id, status FROM orders WHERE customer_id = %s",
                (customer_id,),
            )
            return cur.fetchall()
    # leaving the `with` returns the connection to the pool, not closes it

max_size is the important knob. Every pooled connection is a backend process on the server, so the sum of max_size across all your app instances must stay comfortably under the server’s max_connections. Ten app servers with max_size=20 each is 200 connections, and a default Postgres allows 100. When the pool is exhausted, pool.connection() blocks until one frees up, which is the pressure valve you want rather than an out-of-connections crash.

For fleets bigger than one app, a dedicated pooler like PgBouncer sits between the app and Postgres as a separate process. It multiplexes many client connections onto a small set of real server connections. It is most useful in transaction pooling mode: a server connection is assigned to a client only for the duration of one transaction, then handed to the next client the moment that transaction ends. That mode is what lets hundreds of app connections share a dozen backends. It comes with a rule. A connection can change hands between statements, so session-scoped state does not survive across transactions: no relying on SET, session-level advisory locks, or plain prepared statements.


A transaction per unit of work

Inside a request, the queries that must succeed or fail together belong in one transaction. Charge the card, insert the order, decrement the stock: either all three land or none do. You draw that boundary with BEGIN and COMMIT, and psycopg draws it for you. The connection context manager above commits when the block exits cleanly and rolls back if it raises. The mental model is one transaction per request, opened when work starts and closed when the response is ready.

The discipline that matters is keep them short. Series 3 showed what a long transaction costs. It holds its locks until commit. It pins a snapshot that stops VACUUM from cleaning up the dead rows behind it. And it makes everyone waiting on those locks wait longer. A transaction should wrap the database work and nothing else. The classic mistake is opening the transaction, then calling a slow payment API or waiting on user input while it stays open. Do the slow, non-database work outside the transaction; open it only when you are ready to write, and commit as soon as you are done.

The pathological version has a name Postgres reports directly. A connection that runs BEGIN, then sits waiting on the client without committing, is idle in transaction, and you can watch one from another session. Here one connection opened a transaction, wrote a row, and then went quiet:

SELECT pid, state, wait_event_type,
       round(extract(epoch FROM now() - state_change),1) AS idle_secs,
       left(query,45) AS last_query
FROM pg_stat_activity
WHERE datname='bookshop_r3' AND state='idle in transaction';

 pid  |        state        | wait_event_type | idle_secs |               last_query
------+---------------------+-----------------+-----------+---------------------------------------
 1636 | idle in transaction | Client          |       2.0 | UPDATE orders SET status = status WHERE order

That session is holding a row lock and pinning a snapshot while doing nothing. A leaked transaction like this, multiplied across a busy app, is a leading cause of bloat and lock pileups. Postgres gives you a guard: set idle_in_transaction_session_timeout and it will terminate any session that idles too long inside a transaction. With it set to two seconds, the offending session was killed rather than allowed to hold its lock forever:

SET
BEGIN
UPDATE 1
FATAL:  terminating connection due to idle-in-transaction timeout
server closed the connection unexpectedly

Blunt, but it caps the damage. Set it in production, and treat a session that hits it as a bug in your code, not a tuning problem.

The N+1 problem

Here is the mistake that hides best, because each query it runs is fast. Say a page needs five customers and their orders. The natural object-by-object code fetches the customers, then loops and fetches each customer’s orders:

1 query:   SELECT customer_id, name FROM customers WHERE customer_id <= 5;
then, per customer:
   SELECT order_id, status FROM orders WHERE customer_id = 1;   -- round trip 2
   SELECT order_id, status FROM orders WHERE customer_id = 2;   -- round trip 3
   ...                                                          -- 4, 5, 6

That is 1 + N round trips: one for the parents, then one more for each of the N parents. Five customers is six queries; a page of a hundred rows is a hundred and one. Every one is a network hop and a parse, and the latency stacks up even though each query is trivial. This is the N+1 problem, and an ORM produces it silently the moment you touch a related collection inside a loop.

The database was built to do this in one query. A single JOIN reassembles exactly the same rows, all children for all parents, in one round trip:

SELECT c.customer_id, c.name, o.order_id, o.status
FROM customers c
JOIN orders o ON o.customer_id = c.customer_id
WHERE c.customer_id <= 5
ORDER BY c.customer_id, o.order_id;

 customer_id |    name    | order_id |  status
-------------+------------+----------+-----------
           1 | Customer 1 |    23871 | returned
           1 | Customer 1 |    27508 | returned
   ...
           5 | Customer 5 |    56067 | delivered
(54 rows)

Six round trips collapse to one, and the result carries the same fifty-four rows the loop would have assembled by hand. If your access pattern really is “look up children for a known set of parent ids,” the set-based form of the same idea is a single IN:

SELECT customer_id, count(*) AS orders
FROM orders WHERE customer_id IN (1,2,3,4,5)
GROUP BY customer_id ORDER BY customer_id;

 customer_id | orders
-------------+--------
           1 |      6
           2 |     17
           3 |     16
           4 |      9
           5 |      6

One query, all five answered. This is the set-based stance from the very first chapter of the track, now with a production edge. The loop is not just less elegant. It is N extra round trips the database never needed to make. When you see an ORM issue the same SELECT ... WHERE parent_id = ? over and over in your query log, that is N+1. The fix is to fetch the related data in one join or one IN. Most ORMs call it eager loading or a JOIN fetch.

Final thoughts

An application talks to Postgres through three habits worth making automatic. Pool your connections so you pay the expensive handshake once, not per request. Wrap each unit of work in a short transaction, and never let one sit idle holding locks. And watch your query log for the N+1 pattern, because the database can almost always answer in one set-based query what your loop is asking one row at a time. None of this is new SQL. It is the same set-based thinking, applied at the seam where the query meets the request. Next we look at who is allowed to run that query at all, and which rows they get to see.
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Who Can See Which Rows: Roles and Row-Level Security


Every query so far ran as postgres, the superuser who can do anything to anything. That is fine at a learning prompt and wrong in production. The application that serves your requests should be able to do exactly what it needs and nothing more, and some rows it should not be able to see at all. Postgres enforces both at the database level, below your application code, where a bug in the app cannot talk its way around them. This chapter is fully runnable, and we run all of it against the bookshop.

Roles and least privilege

A role in Postgres is a user or a group; the two are the same object. The app connects as its own role, granted only the privileges it needs. Create a login role for the bookshop app:

CREATE ROLE app LOGIN PASSWORD 'app_secret';

CREATE ROLE

By default this role can do almost nothing. It cannot even read a table until you GRANT it access. The app reads and writes orders and reads customers, so grant exactly that and no more:

GRANT SELECT, INSERT ON orders    TO app;
GRANT SELECT          ON customers TO app;

Notice what is missing: no DELETE, no UPDATE, no DROP, no superuser. This is least privilege. If the app never deletes orders, its role should not be able to delete orders, so that a SQL-injection hole or a logic bug simply cannot. We can prove the role is what we think it is:

SELECT rolname, rolsuper, rolcanlogin FROM pg_roles WHERE rolname='app';

 rolname | rolsuper | rolcanlogin
---------+----------+-------------
 app     | f        | t

Not a superuser, can log in. Now step into its shoes. A superuser can SET ROLE to become any role for the rest of the session, which is the easiest way to test permissions without opening a second connection. As app, the granted read works:

SET ROLE app;
SELECT count(*) FROM orders;

 count
-------
 60000

And the ungranted delete is refused by the database itself, before it touches a single row:

SET ROLE app;
DELETE FROM orders WHERE order_id = 23871;

ERROR:  permission denied for table orders

That error is your safety net. It does not depend on the application remembering to check anything; the privilege was never granted, so the operation is impossible for this role. Give the app a role scoped to its job, and a whole class of “the code accidentally deleted production” incidents stops being possible.

Row-level security: filtering the table itself

Privileges are all-or-nothing per table: app can read every row of orders or none. Often that is too coarse. In a multi-tenant app, tenant 1 must never see tenant 2’s orders, yet both go through the same app role running the same query. You could bolt a WHERE tenant_id = ? onto every query and pray no one forgets. Row-level security (RLS) moves that filter into the table, where it cannot be forgotten.

Turn it on for orders and add a policy that says which rows a query may see. We key it on a session variable the app sets per request, app.tenant_id:

ALTER TABLE orders ENABLE ROW LEVEL SECURITY;
CREATE POLICY orders_tenant_isolation ON orders
  USING (customer_id = current_setting('app.tenant_id')::int);

The USING expression is a filter Postgres silently ANDs onto every query against the table for a restricted role. current_setting('app.tenant_id') reads a session variable the application sets right after it borrows a connection, from the authenticated user’s identity, never from user input. A row is visible only when its customer_id matches. (Some teams key the policy on current_user instead, one database role per tenant; the session-variable form scales to many tenants on one role.)

Now the payoff. Here is the whole trick of RLS in two runs of the same query. As app with the session set to tenant 1:

SET ROLE app;
SET app.tenant_id = '1';
SELECT order_id, customer_id, status FROM orders ORDER BY order_id;

 order_id | customer_id |  status
----------+-------------+-----------
    23871 |           1 | returned
    27508 |           1 | returned
    29004 |           1 | shipped
    38038 |           1 | cancelled
    47274 |           1 | placed
    53048 |           1 | delivered
(6 rows)

Six rows, all customer 1. Change one session variable to tenant 2 and run the identical SELECT:

SET ROLE app;
SET app.tenant_id = '2';
SELECT order_id, customer_id, status FROM orders ORDER BY order_id;

 order_id | customer_id |  status
----------+-------------+-----------
     5611 |           2 | returned
    10014 |           2 | returned
    ...
    59423 |           2 | delivered
(17 rows)

Seventeen rows, all customer 2, and not one of customer 1’s is anywhere in the result. The query text never mentioned customer_id. There is no WHERE clause to forget, because the filter lives in the table. Every SELECT, UPDATE, and DELETE the app runs is scoped automatically to the tenant whose id is in the session. The policy applies to writes too, so tenant 2 physically cannot update tenant 1’s row.

The owner exemption, and FORCE

There is a sharp edge here that only running reveals. RLS does not apply to superusers, and it does not apply to a table’s owner, both of which bypass every policy by default. That is why, as postgres, SELECT count(*) FROM orders still returns all 60,000 even with the policy in place. Postgres is superuser and owner. The isolation you just saw only bites the restricted app role, and that is exactly the point. Your migrations and admin scripts run as the owner and see everything, while the app sees its slice.

But if your app connects as the role that also owns its tables, RLS would silently do nothing, because the owner is exempt. FORCE ROW LEVEL SECURITY closes that gap by making the policy apply to the owner too. With a non-superuser owner reading its own table, the policy is bypassed at first, then enforced once forced:

-- owner, default: sees every row
 tenant_id |    note
-----------+------------
         1 | note for 1
         2 | note for 2
         3 | note for 3

-- after ALTER TABLE ... FORCE ROW LEVEL SECURITY, with app.tenant_id = '1'
 tenant_id |    note
-----------+------------
         1 | note for 1

Three rows down to one, from the same owner running the same query. The rule to carry: superusers always bypass RLS, a table’s owner bypasses it unless you FORCE it, and everyone else is subject to the policy. Design so the app connects as a restricted role, not the owner, and use FORCE as a belt-and-braces guard when it might.

A note across databases: row-level security this way is a PostgreSQL feature (SQL Server has a similar Security Policy mechanism). MySQL and SQLite have no built-in RLS. There the per-tenant filter has to live in the application or in views. That is exactly the fragility RLS exists to remove.

Final thoughts

Two ideas, both enforced by the database rather than trusted to your code. Give the application a role with least privilege, so an action it should never take is not merely un-called but impossible. You saw the permission denied that proves it. Then let row-level security filter the rows, so tenant isolation is a property of the table, not a WHERE clause every query has to remember. You saw one policy return different rows for different tenants from identical SQL. Both live below the application, and that is what makes them trustworthy: a bug in the app cannot grant a privilege it was never given, or read a row a policy forbids. Next we bring the whole track together on the bookshop one last time.
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From Your First SELECT to Production


We opened this track with five tables and a single SELECT. Fifty-odd chapters later, it is the same five tables. But you now know enough to make it a database you would trust in production, not a toy you query at a prompt. This last chapter is short and practical. We take the bookshop as it stands and apply a handful of ideas from across the four series, running each one so you can see the payoff. Then we close the whole track.

A constraint that deletes a bug class

Start with data integrity, the theme of this fourth series. A line item with a quantity of zero is nonsense, but nothing has stopped one so far. Watch it slip in:

INSERT INTO order_items (order_id, book_id, quantity, unit_price)
VALUES (23871, 1, 0, 10.00);

INSERT 0 1

The database accepted it, and now every revenue query that multiplies quantity by price silently includes a zero-value phantom. You could hunt for these in application code, in every insert path, forever. Or you can state the rule once, where the data lives, and let the database enforce it for all writers:

ALTER TABLE order_items ADD CONSTRAINT quantity_positive CHECK (quantity > 0);

Now the same insert is not caught and logged, it is impossible:

INSERT INTO order_items (order_id, book_id, quantity, unit_price)
VALUES (23871, 1, 0, 10.00);

ERROR:  new row for relation "order_items" violates check constraint "quantity_positive"
DETAIL:  Failing row contains (23871, 1, 0, 10.00).

One line of DDL removed an entire category of bad data, permanently, for every application that will ever connect. This is the argument the whole track has been building toward: a rule enforced by the database holds no matter what the code above it does.

An index that turns a scan into a lookup

The app looks up a customer’s orders constantly, and there is no index on orders.customer_id. Series 3 taught us to look at the plan rather than guess, so we look:

EXPLAIN (ANALYZE, COSTS OFF, TIMING OFF, SUMMARY OFF)
SELECT order_id, order_date, status FROM orders WHERE customer_id = 2;

 Seq Scan on orders (actual rows=17.00 loops=1)
   Filter: (customer_id = 2)
   Rows Removed by Filter: 59983
   Buffers: shared hit=383

To find seventeen rows, Postgres read all sixty thousand and threw away 59,983 of them. Build the index:

CREATE INDEX orders_customer_id ON orders (customer_id);

 Bitmap Heap Scan on orders (actual rows=17.00 loops=1)
   Heap Blocks: exact=17
   Buffers: shared hit=17 read=2
   ->  Bitmap Index Scan on orders_customer_id (actual rows=17.00 loops=1)
         Index Cond: (customer_id = 2)

From 383 buffers to nineteen, from reading the whole table to reading the seventeen rows we asked for. The same index also speeds the row-level security policy from the last chapter, whose customer_id = ... filter now has an index to ride. One structure, two payoffs.

A view as the app’s interface

An order summary joins orders to order_items, sums the line items, and groups. Making every caller write that join is how two teams end up computing “order total” two different ways. Series 4 taught the view as an interface: define the shape once, and let the app select a business object instead of reassembling one.

CREATE OR REPLACE VIEW order_summaries AS
SELECT o.order_id, o.customer_id, o.order_date, o.status,
       sum(oi.quantity)                          AS items,
       round(sum(oi.quantity * oi.unit_price),2) AS order_total
FROM orders o
JOIN order_items oi ON oi.order_id = o.order_id
GROUP BY o.order_id;

SELECT * FROM order_summaries WHERE customer_id = 1 ORDER BY order_id;

 order_id | customer_id | order_date |  status   | items | order_total
----------+-------------+------------+-----------+-------+-------------
    23871 |           1 | 2025-01-03 | returned  |     7 |      186.87
    27508 |           1 | 2023-12-21 | returned  |     3 |       61.96
    29004 |           1 | 2023-02-27 | shipped   |     4 |      187.75
    38038 |           1 | 2025-06-27 | cancelled |     5 |       80.77
    47274 |           1 | 2023-03-15 | placed    |     2 |      106.12
    53048 |           1 | 2024-07-29 | delivered |     8 |      271.11
(6 rows)

The app now asks for order_total and gets one definition of it, forever. The join lives in the database, the “total” means one thing across every team, and the interface stays stable even if the tables behind it change.

And the fourth piece is already in place from the previous chapter: the row-level security policy on orders. It scopes the app role to the one tenant whose id is in the session. Put the four together and the bookshop has become a system with edges: bad data cannot enter, common lookups are fast, the read shape is defined once, and each tenant is walled off from the others. None of it lives in application code. All of it lives in the database, where it holds for every client that connects.

Final thoughts — closing the whole track

That is the arc of these four series, and it is worth seeing whole.

Series 1, the fundamentals, taught you the language. Everything is a table. You describe the set you want rather than the loop that would collect it. SELECT, WHERE, JOIN, and GROUP BY are how you say it. The one idea under all of it was the set-based stance, and every chapter since has been a way to describe a set more precisely.

Series 2, the analytical toolkit, taught you to think in questions, not just rows. CTEs to stage a query as readable layers. Window functions to rank, run totals, and look forward and back. Date bucketing, FILTER, and grouping sets to pivot. jsonb and arrays to bend the row model. That series ended by assembling a real monthly business report in a single statement. That is the payoff of the whole toolkit: you can ask a business almost anything and get the answer without leaving the database.

Series 3, how the database runs your query, taught you what happens underneath. You learned to read EXPLAIN and to build the indexes the planner chooses between. You learned MVCC and the isolation levels, and how to spot locks, bloat, and the anti-patterns that quietly disable an index. The habit that series drilled — don’t guess, look at the plan — is the one you just used to justify an index a few paragraphs ago.

Series 4, this one, taught you to live with a database in production. Normalize so each fact lives in one place. Then use keys, constraints, generated columns, views, triggers, and functions to push correctness into the schema. Evolve it with migrations that never break what is running. And connect to it well from application code: parameterize every query to shut out injection, pool your connections, keep transactions short, avoid N+1, and hand the app a least-privilege role behind a row-level security policy.

Put the four together and you have the shape of the whole thing. The language lets you ask. The analytical toolkit lets you ask hard questions. The performance series explains how the machine answers and how to help it answer fast. And this last series is about everything around the query: the schema that keeps the data honest, the migrations that let it change, and the application seam where SQL meets the rest of your system.

There is a lot more Postgres than a track can hold: replication, extensions, full-text search, the vast provider-specific corners. You are now equipped to go read about any of it, because you know how to do the one thing that matters most: run it, look at what actually happened, and believe the output over the folklore. Every query in every chapter of this track was run against PostgreSQL 18, its result pasted back exactly as it came. That is the only way to know a thing is true rather than merely plausible. Take that habit with you. Open a psql prompt against your own data, ask it a question, and read the answer. That was the whole point, from the first SELECT to here.






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 9 — One Connection, Many Requests: Pooling, Transactions, and the N+1 Trap

Not run. The pooling code and PgBouncer configuration above are not exercised at a psql prompt.

They are application architecture, written against the documented psycopg_pool and PgBouncer APIs. Everything below the line is run against PostgreSQL 18.
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