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1

The Database Shows Its Work: Reading a Query Plan


The first two series taught you to describe a result and let the database find it. This one is about the finding. When you hand Postgres a query, it doesn’t run your text; it compiles your text into a plan — a concrete sequence of physical operations — and runs that. Two queries that return the same rows can take a millisecond or a minute depending on the plan the database picked. Learning to read the plan is how you stop guessing about performance and start seeing it.

The tool is one keyword. Put EXPLAIN in front of any query and Postgres prints the plan it would run, without running it. That distinction matters: plain EXPLAIN costs nothing and touches no data. It shows you the strategy. The next chapter runs the query and measures reality; this one is about reading the strategy.

A plan is a tree

Start with the simplest useful shape, the per-genre summary from Series 1:

EXPLAIN SELECT genre, count(*), round(avg(price),2) FROM books GROUP BY genre;

                          QUERY PLAN
---------------------------------------------------------------
 HashAggregate  (cost=16.50..16.59 rows=6 width=48)
   Group Key: genre
   ->  Seq Scan on books  (cost=0.00..12.00 rows=600 width=14)

Two nodes, and the indentation is the whole grammar. A plan is a tree of operations, and each -> is a child feeding its parent. You read it bottom-up and inside-out: the deepest, most-indented node runs first, and its rows flow upward to the node above it.

Here the bottom node is a Seq Scan on books — a sequential scan, reading every row of the table in storage order. Those 600 rows flow up into the HashAggregate, which builds a hash table keyed by genre, accumulates the count and average per key, and emits one row per group. The reading order is the opposite of the printing order: the child at the bottom is where execution begins.

That inversion trips up everyone at first. The top line is the last thing that happens and the thing that produces your final rows. Everything below it is machinery feeding it.

The numbers on every node

Each node carries a parenthesized tag, and it is the same four numbers every time:

(cost=0.00..12.00 rows=600 width=14)


	cost is two numbers, not one. The first is the startup cost: the estimated work before the node can emit its first row. The second is the total cost: the work to emit its last row. For a sequential scan startup is 0.00, because it can return a row as soon as it reads one. For the HashAggregate startup is 16.50, nearly its total, because an aggregate has to consume all its input before it knows a single group’s count.

	rows is how many rows the node expects to emit. The scan expects 600 (the whole table); the aggregate expects 6 (one per genre).

	width is the estimated average row size in bytes.



The cost unit is arbitrary. It is not milliseconds and not any real-world quantity. By convention one unit is roughly the cost of reading one page sequentially from disk, and everything else is priced relative to that. What matters is not the absolute value but the comparison: the planner generates several candidate plans, prices each one, and keeps the cheapest. The cost is the currency it shops in. When you tune a query, you are trying to make the planner find a cheaper plan than the one it has.

Every number here is an estimate, computed from stored table statistics, before a single row is touched. Whether the estimates match reality is the subject of the next chapter, and the gap between them is where most performance bugs live.

The node types you will see constantly

The bookshop plans use a small vocabulary. Ask for a single row by primary key:

EXPLAIN SELECT * FROM orders WHERE order_id = 42;

                                QUERY PLAN
---------------------------------------------------------------------------
 Index Scan using orders_pkey on orders  (cost=0.29..8.31 rows=1 width=21)
   Index Cond: (order_id = 42)

An Index Scan walks a B-tree index to jump straight to matching rows instead of reading the whole table. The Index Cond is the condition the index itself resolves. Total cost 8.31 against one row: cheap, and the subject of chapter 3.

Join two tables and a new node appears:

EXPLAIN SELECT b.title, a.name FROM books b JOIN authors a ON a.author_id = b.author_id;

                              QUERY PLAN
-----------------------------------------------------------------------
 Hash Join  (cost=1.90..15.64 rows=600 width=23)
   Hash Cond: (b.author_id = a.author_id)
   ->  Seq Scan on books b  (cost=0.00..12.00 rows=600 width=18)
   ->  Hash  (cost=1.40..1.40 rows=40 width=13)
         ->  Seq Scan on authors a  (cost=0.00..1.40 rows=40 width=13)

A Hash Join has two children. Read it bottom-up: the 40 authors are scanned and loaded into an in-memory Hash table keyed on author_id. Then the 600 books are scanned, and each book’s author_id is looked up in that hash to find its author. Building the hash from the smaller table and probing it with the larger is the classic strategy, and it has a whole chapter later in this series.

Sorting shows up as its own node:

EXPLAIN SELECT * FROM books ORDER BY price DESC;

                          QUERY PLAN
---------------------------------------------------------------
 Sort  (cost=39.69..41.19 rows=600 width=40)
   Sort Key: price DESC
   ->  Seq Scan on books  (cost=0.00..12.00 rows=600 width=40)

The Sort node’s startup cost (39.69) is almost its total, because a sort must see every input row before it can emit the first one in order. That startup-heavy signature is how a sort announces itself in the numbers.

Those five — Seq Scan, Index Scan, Hash Join, Sort, and an Aggregate node like HashAggregate — cover the large majority of everyday plans. Learn to spot them and most plans become readable.

When a full scan is the right answer

A sequential scan has a bad reputation it only half deserves. Reading every row is exactly correct when you want most of the rows. Count the whole orders table:

EXPLAIN SELECT count(*) FROM orders;

                            QUERY PLAN
------------------------------------------------------------------
 Aggregate  (cost=1133.00..1133.01 rows=1 width=8)
   ->  Seq Scan on orders  (cost=0.00..983.00 rows=60000 width=0)

There is no index that helps here. To count every row you must visit every row, and reading them in storage order is the fastest way to do that. An index would be slower: it would bounce between the index and the table for all 60,000 rows, doing more work, not less.

The same holds for a filter that keeps a large fraction of the table:

EXPLAIN SELECT * FROM orders WHERE status = 'placed';

                         QUERY PLAN
-------------------------------------------------------------
 Seq Scan on orders  (cost=0.00..1133.00 rows=9940 width=21)
   Filter: (status = 'placed'::text)

About 9,940 of 60,000 orders are placed, roughly one in six. That is still too many for an index to pay off. The planner priced an index-based plan against this sequential scan and the scan won, so it chose the scan. A Filter line means “read the row, then test this condition and maybe discard it,” which is different from the Index Cond you saw earlier, where the index avoided reading non-matching rows at all.

The lesson worth carrying: a Seq Scan is not a symptom. On a small table, or a query that wants a big slice of a table, it is the planner making the right call. Panic is reserved for a Seq Scan on a large table where you expected only a handful of rows. Spotting that is what the rest of the series builds toward.

One portability note. Every database has an EXPLAIN, but the output is engine-specific. MySQL prints a table of rows rather than a tree (and EXPLAIN FORMAT=TREE gets you closer to this shape); SQLite’s EXPLAIN QUERY PLAN is terser still. The idea — the database compiling your query into a plan of physical operators — is universal. The exact words are Postgres’s.

Final thoughts

EXPLAIN prints the plan without running it: a tree of physical operators read from the bottom up, each tagged with cost=startup..total rows width. Costs are estimates in an arbitrary unit, used only to compare candidate plans and pick the cheapest. You now know the core node types and, just as important, that a sequential scan is often correct. What you have not seen yet is whether those estimates are any good. That is the difference between the plan the database thinks it will run and what actually happens when it does.
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Estimates Versus Reality: EXPLAIN ANALYZE


Plain EXPLAIN shows the plan the database intends to run, priced entirely from estimates. Estimates can be wrong, and a plan built on a wrong estimate is a slow plan. To see the truth you have to run the query and measure it. That is what EXPLAIN ANALYZE does: it executes the query and prints the plan annotated with what actually happened, next to what it predicted. Add BUFFERS and it also tells you how much of the work hit memory versus disk.

One caution before the first example: EXPLAIN ANALYZE runs your query for real. On a SELECT that is harmless. On an UPDATE or DELETE it will modify data, so wrap those in a transaction you can roll back. For the read-only bookshop queries here, we just run them.

Estimated next to actual

Take the sequential scan on order status from the last chapter and measure it:

EXPLAIN (ANALYZE, BUFFERS) SELECT status, count(*) FROM orders GROUP BY status;

                                     QUERY PLAN
-------------------------------------------------------------------------------------
 HashAggregate  (cost=1283.00..1283.05 rows=5 width=17)
                (actual time=13.943..13.945 rows=5.00 loops=1)
   Group Key: status
   Batches: 1  Memory Usage: 32kB
   Buffers: shared hit=383
   ->  Seq Scan on orders  (cost=0.00..983.00 rows=60000 width=9)
                           (actual time=0.016..3.154 rows=60000.00 loops=1)
         Buffers: shared hit=383
 Planning Time: 0.387 ms
 Execution Time: 14.073 ms

Every node now carries a second parenthesis, the actual one, sitting right beside the estimate. Read them as a pair. The scan estimated rows=60000 and actually emitted rows=60000.00: a perfect match, because the whole table is 60,000 rows and Postgres knows it. The aggregate estimated 5 groups and got 5: there are five distinct statuses. When estimate and actual agree this closely, the planner was working from good information, and you can trust the plan it chose.

The actual time is two numbers with the same meaning as cost but in real milliseconds: time to the first row, then time to the last. The scan’s 0.016..3.154 says it produced its first row almost instantly and finished reading all 60,000 in about 3 ms. The aggregate’s 13.943..13.945 says it emitted nothing until 13.9 ms in, because it had to consume the entire scan before it knew any group’s count. At the very bottom, Execution Time is the real wall-clock total, and Planning Time is what the planner spent choosing the plan before execution even began.

One subtlety that saves confusion later: actual time is per-loop, and so is the actual row count. A node that runs many times reports its average time and rows, and you multiply by loops to get the true total. With loops=1 there is nothing to multiply, but that changes the moment a join is involved.

Loops, and multiplying them out

Join two tables on a small range of keys and the inner side runs repeatedly:

EXPLAIN (ANALYZE, BUFFERS)
SELECT o.order_id, c.name
FROM orders o JOIN customers c ON c.customer_id = o.customer_id
WHERE o.order_id BETWEEN 1 AND 20;

                                      QUERY PLAN
---------------------------------------------------------------------------------------
 Nested Loop  (cost=0.57..147.33 rows=22 width=17)
              (actual time=0.022..0.083 rows=20.00 loops=1)
   Buffers: shared hit=63
   ->  Index Scan using orders_pkey on orders o  (cost=0.29..8.73 rows=22 width=8)
                                                 (actual time=0.007..0.010 rows=20.00 loops=1)
         Index Cond: ((order_id >= 1) AND (order_id <= 20))
         Buffers: shared hit=3
   ->  Index Scan using customers_pkey on customers c  (cost=0.28..6.30 rows=1 width=17)
                                                       (actual time=0.003..0.003 rows=1.00 loops=20)
         Index Cond: (customer_id = o.customer_id)
         Buffers: shared hit=60
 Planning Time: 0.705 ms
 Execution Time: 0.125 ms

A Nested Loop join takes each row from its first child and, for that row, runs its second child. The outer scan finds 20 orders. The inner scan on customers shows loops=20: it ran once per order, looking up that order’s customer by primary key. Its actual time=0.003 is the time for one lookup, not all twenty. Its rows=1.00 is one customer per loop. The real work of the inner side is 0.003 ms × 20 loops, and its buffer total confirms it: shared hit=60, which is roughly 3 buffers per lookup across 20 lookups. Forgetting the loops multiplier is the single most common misreading of an ANALYZE plan. A node that looks instant at 0.003 ms can dominate a query if it loops a hundred thousand times.

Buffers: cache versus disk

The BUFFERS option adds the line that turns a timing into an explanation. A buffer is one 8 KB page of a table or index. The line distinguishes two kinds:


	shared hit — the page was already in Postgres’s cache (shared_buffers), served from RAM.

	shared read — the page was not cached and had to be fetched from the operating system, meaning disk or the OS page cache.



Every plan above showed shared hit only, because the bookshop is small and warm from earlier queries. To see a read, you need a cold cache. Immediately after restarting the server, the first scan of the largest table pays full price:

EXPLAIN (ANALYZE, BUFFERS) SELECT count(*) FROM order_items WHERE quantity >= 5;

 Aggregate  (actual time=14.904..14.905 rows=1.00 loops=1)
   Buffers: shared read=956
   ->  Seq Scan on order_items  (actual time=14.901..14.901 rows=0.00 loops=1)
         Filter: (quantity >= 5)
         Rows Removed by Filter: 149942
         Buffers: shared read=956
 Execution Time: 15.089 ms

shared read=956: 956 pages fetched cold, and the whole thing took 15 ms. Run the identical query a second time and those pages are now cached:

   Buffers: shared hit=956
   ->  Seq Scan on order_items  (actual time=7.744..7.744 rows=0.00 loops=1)
 Execution Time: 7.796 ms

Same 956 pages, now every one a hit, and the time roughly halves. That difference — read on the first run, hit on the second — is the cache warming up. It is also why a query “feels slow the first time and fast after.” When you benchmark, run a query twice and compare the warm numbers, or you are measuring your disk, not your query. And notice Rows Removed by Filter: 149942: the scan read all 149,942 rows and threw every one away, because no order line has a quantity of 5. Work done to produce nothing is exactly the kind of thing an index exists to avoid.

When the estimate lies

So far estimate and actual have agreed. The interesting cases are when they don’t. Hide a column’s value from the planner behind a function:

EXPLAIN (ANALYZE, BUFFERS) SELECT * FROM customers WHERE upper(city) = 'LONDON';

 Seq Scan on customers  (cost=0.00..127.00 rows=25 width=52)
                        (actual time=0.091..1.979 rows=500.00 loops=1)
   Filter: (upper(city) = 'LONDON'::text)
   Rows Removed by Filter: 4500

Estimated rows=25, actual rows=500.00: off by twentyfold. Postgres keeps statistics on the column city, and it knows London is a common value. But upper(city) is an expression it has no statistics for, so it falls back to a blind default guess of about 0.5% of the table (5000 × 0.005 = 25). Compare the plain-column version, where the stats apply:

EXPLAIN (ANALYZE) SELECT * FROM customers WHERE city = 'London';

 Seq Scan on customers  (cost=0.00..114.50 rows=500 width=52)
                        (actual time=0.012..0.502 rows=500.00 loops=1)
   Filter: (city = 'London'::text)

Estimated rows=500, actual 500: dead on. Same data, same 500 rows returned, but wrapping the column in upper() blinded the planner. Here the mistake is cheap, because both plans are a scan of a small table. On a larger query it is not cheap at all. A twentyfold underestimate is exactly how the planner talks itself into a nested loop that runs five hundred times instead of a hash join that runs once. A large gap between estimated and actual rows is the first thing to look for in a slow plan. It means the planner chose its strategy from bad information, and no strategy is reliable on bad information. Fixing the estimate — better statistics, or not hiding the column behind a function — often fixes the plan for free.

A note across engines: MySQL’s EXPLAIN ANALYZE (8.0.18 and later) prints a similar actual-versus-estimated tree, and SQLite has no direct equivalent. The Postgres habit of reading rows estimated against actual is the transferable skill; the exact syntax is not.

Final thoughts

EXPLAIN ANALYZE runs the query and annotates every node with actual time, rows, and loops, and BUFFERS splits the work into cached hit and cold read. Read actual against estimated on every node, remember that per-loop numbers multiply by loops, and treat a big estimate/actual gap as the prime suspect in a slow query. You have now seen the diagnosis. The rest of the series is treatment, and it starts with the single most effective one: the index that turns a full-table scan into a direct jump to the rows you asked for.
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The B-tree That Finds a Row


An index is the single biggest lever you have over query speed, and it is worth understanding what one actually is before reaching for it. The default index in every relational database is a B-tree: a balanced tree, sorted by the indexed column. It lets the database find a value in a handful of steps instead of scanning the whole table. Think of the index at the back of a book. To find every mention of “mitochondria” you do not read all 400 pages; you flip to M, read off the page numbers, and turn straight to them. A B-tree is that index, kept sorted and shallow so any lookup takes only a few hops from root to leaf.

The best way to feel what an index does is to measure the same query with and without one. We start from a table with no index where it matters, watch a query crawl, add the index, and watch it fly.

Before: the selective scan

The orders table has a primary-key index on order_id and nothing else. Asking for one customer’s orders means filtering on customer_id, which is unindexed:

EXPLAIN (ANALYZE, BUFFERS) SELECT * FROM orders WHERE customer_id = 42;

                                   QUERY PLAN
--------------------------------------------------------------------------------
 Seq Scan on orders  (cost=0.00..1133.00 rows=12 width=21)
                     (actual time=0.710..3.026 rows=8.00 loops=1)
   Filter: (customer_id = 42)
   Rows Removed by Filter: 59992
   Buffers: shared hit=383
 Execution Time: 3.062 ms

Customer 42 placed 8 orders. To find them, Postgres read all 60,000 rows and threw away 59,992 (Rows Removed by Filter). It touched all 383 pages of the table to return eight rows. This is the query that gives sequential scans their bad name: a tiny, selective result — a small fraction of the table — fetched by reading everything. The work is wildly out of proportion to the answer, and that disproportion is exactly what an index removes.

After: create the index

One statement builds the B-tree, and one ANALYZE refreshes the statistics so the planner costs it with current information:

CREATE INDEX idx_orders_customer ON orders(customer_id);
ANALYZE orders;

Now run the identical query:

EXPLAIN (ANALYZE, BUFFERS) SELECT * FROM orders WHERE customer_id = 42;

                                     QUERY PLAN
------------------------------------------------------------------------------------
 Bitmap Heap Scan on orders  (cost=4.38..46.16 rows=12 width=21)
                            (actual time=0.032..0.054 rows=8.00 loops=1)
   Recheck Cond: (customer_id = 42)
   Heap Blocks: exact=8
   Buffers: shared hit=8 read=2
   ->  Bitmap Index Scan on idx_orders_customer  (cost=0.00..4.38 rows=12 width=0)
                                                 (actual time=0.019..0.020 rows=8.00 loops=1)
         Index Cond: (customer_id = 42)
         Buffers: shared hit=8 read=2
 Execution Time: 0.096 ms

From 3.062 ms to 0.096 ms, about thirtyfold, and the buffer count fell from 383 to 10. The query now touches ten pages instead of every page in the table. That is the index earning its keep.

The plan is not quite the plain “Index Scan” you might expect, and the reason is worth a moment. Postgres chose a Bitmap Heap Scan fed by a Bitmap Index Scan. The bottom node walks the B-tree, collects the locations of all eight matching rows, and builds a bitmap of the pages that hold them. The top node then reads those pages in physical order. Postgres picks this variant when the matching rows are scattered across several pages, as they are here: eight rows in eight different Heap Blocks. Reading those pages in disk order is cheaper than bouncing back and forth. The Recheck Cond is bookkeeping for that bitmap. It is still an index-driven plan; it just adds a sorting-of-pages step on top.

To see a plain Index Scan, ask for something the index can satisfy in its own sorted order:

EXPLAIN (ANALYZE, BUFFERS) SELECT * FROM orders ORDER BY customer_id LIMIT 5;

                                        QUERY PLAN
------------------------------------------------------------------------------------------
 Limit  (cost=0.29..0.51 rows=5 width=21) (actual time=0.067..0.085 rows=5.00 loops=1)
   ->  Index Scan using idx_orders_customer on orders
                (cost=0.29..2700.28 rows=60000 width=21) (actual time=0.066..0.083 rows=5.00 loops=1)
 Execution Time: 0.161 ms

Here the index is walked in order and the LIMIT stops it after five rows. No sort, no filter, no scanning 60,000 rows to find the smallest five. This is the second thing an index buys you, and it is easy to miss. Because a B-tree is sorted, it can satisfy an ORDER BY on the indexed column for free. It can also answer a range query like customer_id BETWEEN 40 AND 50 by walking a contiguous stretch of leaves. An index is not only for equality lookups. Selective equality, ranges, and sorts are all its home turf.

When the planner ignores the index

An index is an option, not an obligation. The planner uses it only when its cost model says the index is cheaper, and for a query that wants most of the table, it is not. Ask for every order from the first 4,000 customers:

EXPLAIN (ANALYZE, BUFFERS) SELECT * FROM orders WHERE customer_id < 4000;

                                    QUERY PLAN
-----------------------------------------------------------------------------------
 Seq Scan on orders  (cost=0.00..1133.00 rows=48076 width=21)
                     (actual time=0.008..4.515 rows=48014.00 loops=1)
   Filter: (customer_id < 4000)
   Rows Removed by Filter: 11986
 Execution Time: 6.051 ms

The index still exists. The planner ignored it and chose a sequential scan, because this filter keeps 48,014 of 60,000 rows — 80% of the table. Using the index would mean walking almost the entire B-tree and then fetching almost every page anyway, which is more work than reading the table straight through. The planner priced both and the scan won. This is the mirror image of the first query: same table, same index, but a non-selective predicate flips the right answer back to a full scan.

The principle underneath both cases is selectivity. An index pays off when the query wants a small fraction of the rows, and stops paying somewhere in the low tens of percent. The exact crossover depends on how the rows are physically clustered, which is why you let the planner decide from statistics rather than forcing an index by hand. When a query that should be selective still scans, the usual culprit is stale statistics or a predicate the index can’t serve. That is the kind of estimate gap the previous chapter showed.

What the index costs

An index is not free, and the price is easy to forget because it is paid elsewhere. First, space:

SELECT pg_size_pretty(pg_relation_size('idx_orders_customer')) AS idx_size,
       pg_size_pretty(pg_relation_size('orders'))              AS table_size;

 idx_size | table_size
----------+------------
 536 kB   | 3064 kB

The index is a real, separate structure on disk, about a sixth of the table here and larger on wider keys. Second, and more important, write cost. Every INSERT into orders, and every UPDATE that changes customer_id, must now also update this B-tree to keep it sorted and balanced. An index speeds reads by slowing writes. On a table that is written far more than it is read, or indexed on a column nobody filters by, that trade goes the wrong way. The discipline is to index the columns your queries actually filter, join, and sort on, and no others. An unused index is pure overhead: it costs space and slows every write while helping no query.

The syntax is standard across engines. MySQL and SQL Server both spell it CREATE INDEX, and both default to a B-tree, though the plan output and the exact clustering rules differ. The mental model transfers cleanly: a sorted side structure that trades write speed and space for fast selective reads.

Final thoughts

A B-tree index turns a selective lookup from a full-table scan into a direct jump. We watched customer_id = 42 drop from 3 ms and 383 pages to a tenth of a millisecond and 10 pages the moment the index existed. And we watched the planner correctly decline the index when a query wanted 80% of the table. Index the columns you filter, range, join, and sort on; pay for it in write speed and space; and let the planner choose when to use it. A single-column B-tree is the foundation. Next we make indexes do more with less: covering several columns at once, carrying extra columns to skip the table entirely, and indexing only the rows you care about.
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Indexes That Do More: Composite, Covering, Partial


A single-column B-tree is the workhorse, but three variations on it solve most of the problems that a plain index cannot. A composite index spans several columns at once. A covering index carries extra columns so the query never touches the table. A partial index covers only the rows matching a condition. Each is a small change to CREATE INDEX, and each has a rule that decides exactly when it applies. This chapter shows all three as real plans, because the rules are precise and the plans are how you check you got them right.

Composite indexes and the leftmost prefix

A composite index sorts by more than one column, in the order you list them. Build one on (customer_id, order_date):

CREATE INDEX idx_orders_cust_date ON orders(customer_id, order_date);
ANALYZE orders;

The mental model is a phone book sorted by last name, then first name. It is trivially useful for “everyone named Patel,” and for “Patel, Anjali.” It is useless for “everyone named Anjali,” because first names are scattered throughout. A composite B-tree works the same way: it is sorted by the first column, and only sorted by the second within a fixed value of the first. This gives the leftmost-prefix rule: the index serves a query that constrains a leading run of its columns, and only that.

Filter on the first column alone, and the index applies:

EXPLAIN (ANALYZE) SELECT * FROM orders WHERE customer_id = 42;

 Bitmap Heap Scan on orders  (actual time=0.036..0.060 rows=8.00 loops=1)
   Recheck Cond: (customer_id = 42)
   ->  Bitmap Index Scan on idx_orders_cust_date
         Index Cond: (customer_id = 42)

Filter on both columns, and it applies even better, using both as an Index Cond:

EXPLAIN (ANALYZE) SELECT * FROM orders WHERE customer_id = 42 AND order_date >= '2025-01-01';

 Bitmap Heap Scan on orders  (actual time=0.028..0.037 rows=4.00 loops=1)
   Recheck Cond: ((customer_id = 42) AND (order_date >= '2025-01-01'::date))
   ->  Bitmap Index Scan on idx_orders_cust_date
         Index Cond: ((customer_id = 42) AND (order_date >= '2025-01-01'::date))

Both conditions are resolved by the index. But filter on the second column alone, skipping the first, and watch it fall apart:

EXPLAIN (ANALYZE) SELECT * FROM orders WHERE order_date >= '2025-09-01';

 Seq Scan on orders  (cost=0.00..1133.00 rows=1673 width=20)
                     (actual time=0.011..3.219 rows=1641.00 loops=1)
   Filter: (order_date >= '2025-09-01'::date)
   Rows Removed by Filter: 58359

A sequential scan, despite the query being highly selective (1,641 of 60,000 rows, under 3%) and despite order_date sitting right there in the index. The index cannot help, because order_date is only sorted within each customer_id, and this query fixes no customer_id. The dates are smeared across the whole index in no usable order. This is the rule that catches people: a composite index on (a, b) accelerates WHERE a, and WHERE a AND b, but not WHERE b alone. Column order in a composite index is a design decision, not a formality. Put the column you always filter on first.

Covering indexes and the index-only scan

Even a perfect index scan usually does two steps: find the row’s location in the index, then fetch the full row from the table (the “heap”) to get the other columns. That second step is the Bitmap Heap Scan or the heap fetch inside an Index Scan. If every column the query needs is already in the index, the second step is unnecessary. Postgres can answer from the index alone.

The INCLUDE clause adds columns to an index as payload — stored in the leaves, but not part of the sort key:

CREATE INDEX idx_orders_cust_incl ON orders(customer_id) INCLUDE (order_date, status);
VACUUM ANALYZE orders;

Now a query that selects only customer_id, order_date, and status needs nothing from the table:

EXPLAIN (ANALYZE, BUFFERS)
SELECT customer_id, order_date, status FROM orders WHERE customer_id = 42;

 Index Only Scan using idx_orders_cust_incl on orders
        (cost=0.41..4.62 rows=12 width=17) (actual time=0.075..0.077 rows=8.00 loops=1)
   Index Cond: (customer_id = 42)
   Heap Fetches: 0
   Buffers: shared hit=1 read=3

The node type is now Index Only Scan, and the line that proves it worked is Heap Fetches: 0. Not one trip to the table. Every value came from the index leaves. Contrast a SELECT * of the same rows, which needs columns the index doesn’t carry and so must visit the heap:

EXPLAIN (ANALYZE, BUFFERS) SELECT * FROM orders WHERE customer_id = 42;

 Bitmap Heap Scan on orders  (actual time=0.029..0.056 rows=8.00 loops=1)
   Recheck Cond: (customer_id = 42)
   Heap Blocks: exact=8

That one reads the table. The covering version does not.

Two things to know about Heap Fetches. First, watch it: if it is not zero, the index-only scan is still dipping into the table and you are getting less benefit than you think. Second, it depends on VACUUM. Postgres can skip the heap only for rows it knows are visible to every transaction, which it tracks in a visibility map that VACUUM maintains. That is why the VACUUM ANALYZE above was not decoration. On a table with lots of recent writes and no vacuum, an index-only scan quietly reverts to fetching from the heap to check visibility, and Heap Fetches climbs. Covering indexes and vacuum are linked, a thread this series picks up again later.

Partial indexes

The last variation indexes fewer rows, not more columns. A partial index has a WHERE clause, and it stores entries only for rows that match. If your queries always target a small, well-defined slice of a table, there is no reason to index the rest.

Orders that are still placed — not yet shipped — are the ones an operations dashboard queries constantly, and they are about a sixth of the table. Index just those:

CREATE INDEX idx_orders_placed ON orders(order_date) WHERE status = 'placed';
ANALYZE orders;

The first payoff is size. Against a full index on the same column:

       relname        | pg_size_pretty
----------------------+----------------
 idx_orders_date_full | 432 kB
 idx_orders_placed    | 112 kB

Roughly a quarter the size, because it holds a quarter the rows. A smaller index is faster to scan, cheaper to cache, and lighter on every write that doesn’t touch a placed row. A query whose filter matches the partial condition uses it:

EXPLAIN (ANALYZE) SELECT * FROM orders WHERE status='placed' AND order_date >= '2025-09-01';

 Bitmap Heap Scan on orders  (actual time=0.087..0.437 rows=278.00 loops=1)
   Recheck Cond: ((order_date >= '2025-09-01'::date) AND (status = 'placed'::text))
   ->  Bitmap Index Scan on idx_orders_placed
         Index Cond: (order_date >= '2025-09-01'::date)

Notice the Index Cond is only order_date: the status = 'placed' part is implied by the index’s own definition, so it costs nothing at query time. But a query for a different status cannot use this index at all, because those rows simply are not in it:

EXPLAIN (ANALYZE) SELECT * FROM orders WHERE status='delivered' AND order_date >= '2025-09-01';

 Seq Scan on orders  (actual time=0.011..3.360 rows=651.00 loops=1)
   Filter: ((order_date >= '2025-09-01'::date) AND (status = 'delivered'::text))
   Rows Removed by Filter: 59349

Back to a sequential scan. The partial index knows nothing about delivered orders, which is precisely the point. You built it to serve one class of query cheaply, and it does, while staying out of the way of everything else. Partial indexes are also the standard tool for indexing “active” rows, or enforcing uniqueness on a subset (a unique partial index on WHERE deleted_at IS NULL).

A portability note: composite and partial indexes exist across the major engines, but INCLUDE is younger. Postgres has had it since 11 and SQL Server longer. MySQL has no INCLUDE, though its clustered primary key means secondary indexes implicitly carry the key columns, achieving something similar by a different route.

Final thoughts

Three moves take a plain B-tree a long way. Composite indexes serve a leftmost run of their columns, so column order is a real decision — put the always-filtered column first. Covering indexes with INCLUDE turn a lookup into an Index Only Scan with Heap Fetches: 0, as long as vacuum keeps the visibility map current. Partial indexes cover only the rows you query, trading generality for a smaller, faster, cheaper structure. All three are B-trees underneath. Next we leave the B-tree behind for the index types that handle what it cannot: documents, arrays, full text, and ranges.
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Beyond the B-tree: GIN, GiST, and BRIN


A B-tree indexes a value: one row, one key, sorted. That covers most columns, but not all of them. Some columns hold values with many keys inside — a JSONB document with a dozen fields, an array of tags, a paragraph of searchable text. You cannot sort a document into a B-tree in a way that answers “which rows contain the tag signed,” because that question is about the document’s contents, not its order. Postgres has index types built exactly for this. GIN indexes the many keys inside a value. GiST indexes things with extent, like ranges and shapes. And BRIN indexes enormous naturally-ordered tables for a rounding error of space. This chapter shows each turning a full scan into an index scan, against real data.

GIN: many keys per row

GIN stands for Generalized Inverted Index, and “inverted” is the important word. A B-tree maps a row to its value. An inverted index does the reverse: it maps each key back to the rows that contain it, the way a book index maps each term to its pages. That is precisely what you want for a document column.

Build a scratch table of 80,000 book events, each with a JSONB payload of genre, tags, and rating. Seed a rare tag misprint on a couple hundred rows — the realistic case of hunting for a scarce attribute:

SELECT count(*) FROM book_events WHERE payload @> '{"tags":["misprint"]}';
-- 200

The @> operator asks “does the left JSONB contain the right one.” Without an index, answering it means deserializing and checking all 80,000 documents:

EXPLAIN (ANALYZE, BUFFERS)
SELECT event_id, book_id FROM book_events WHERE payload @> '{"tags":["misprint"]}';

 Seq Scan on book_events  (cost=0.00..4221.00 rows=208 width=12)
                          (actual time=0.012..32.307 rows=200.00 loops=1)
   Filter: (payload @> '{"tags": ["misprint"]}'::jsonb)
   Rows Removed by Filter: 79800
   Buffers: shared hit=3221
 Execution Time: 32.349 ms

32 ms, 3,221 pages, to return 200 rows. Now index the column with GIN:

CREATE INDEX idx_be_payload ON book_events USING gin (payload);
ANALYZE book_events;

EXPLAIN (ANALYZE, BUFFERS)
SELECT event_id, book_id FROM book_events WHERE payload @> '{"tags":["misprint"]}';

 Bitmap Heap Scan on book_events  (cost=51.17..724.41 rows=213 width=12)
                                 (actual time=0.119..0.189 rows=200.00 loops=1)
   Recheck Cond: (payload @> '{"tags": ["misprint"]}'::jsonb)
   Heap Blocks: exact=6
   Buffers: shared hit=13
   ->  Bitmap Index Scan on idx_be_payload  (cost=0.00..51.12 rows=213 width=0)
                                            (actual time=0.104..0.104 rows=200.00 loops=1)
         Index Cond: (payload @> '{"tags": ["misprint"]}'::jsonb)
 Execution Time: 0.236 ms

From 32.3 ms to 0.236 ms, and from 3,221 pages to 13. The GIN index stored an entry for every distinct key and value across all 80,000 documents, so it can jump straight to the 200 rows carrying misprint. Note the node is a Bitmap Index Scan, always. GIN never produces a plain index scan the way a B-tree does. It returns a set of matching row locations with no useful ordering, and those always feed a bitmap heap scan. Seeing a bitmap here is correct, not a fallback.

GIN for full text

The same index type powers full-text search. Text search matches a tsvector (a document reduced to normalized lexemes) against a tsquery using the @@ operator. Over the event descriptions, searching for “railways” without an index means computing to_tsvector on every row:

EXPLAIN (ANALYZE)
SELECT count(*) FROM book_events WHERE to_tsvector('english', descr) @@ to_tsquery('english', 'railways');

 Finalize Aggregate  (actual time=269.553..271.849 rows=1.00 loops=1)
   ->  Gather (Workers Launched: 2)
         ->  Parallel Seq Scan on book_events  (actual time=1.247..262.431 rows=5333.33 loops=3)
               Filter: (to_tsvector('english'::regconfig, descr) @@ '''railway'''::tsquery)
 Execution Time: 271.899 ms

272 ms, and Postgres even threw two parallel workers at it. An expression GIN index — one built on the to_tsvector expression itself — precomputes the vector once per row and indexes its lexemes:

CREATE INDEX idx_be_fts ON book_events USING gin (to_tsvector('english', descr));
ANALYZE book_events;

 Finalize Aggregate  (actual time=12.764..13.221 rows=1.00 loops=1)
   ->  Parallel Bitmap Heap Scan on book_events  (actual time=1.697..4.745 rows=5333.33 loops=3)
         Recheck Cond: (to_tsvector('english'::regconfig, descr) @@ '''railway'''::tsquery)
         ->  Bitmap Index Scan on idx_be_fts (actual time=4.716..4.717 rows=16000.00 loops=1)
 Execution Time: 13.271 ms

272 ms down to 13 ms. The lexemes are precomputed and indexed, so the query looks up railway instead of tokenizing 80,000 strings. (The query term railways stems to railway, which is why the index condition shows the stem.) One rule to internalize: the index expression must match the query’s expression exactly. Index to_tsvector('english', descr) and query with the same call, or the index will not be used.

GiST: ranges, geometry, nearest-neighbour

GiST — Generalized Search Tree — is a framework for indexing data that has extent rather than a single sortable value: ranges, geometric shapes, IP networks, and full-text with ranking. Its natural home is the overlap and containment questions a B-tree can’t express.

Build 50,000 promotions, each a daterange of when it ran, and ask which were active on a given day. The @> operator here means “does this range contain this date.” Without an index it is a full scan:

EXPLAIN (ANALYZE) SELECT count(*) FROM promotions WHERE during @> DATE '2025-06-15';

 Aggregate  (actual time=6.349..6.349 rows=1.00 loops=1)
   ->  Seq Scan on promotions  (actual time=0.033..6.261 rows=1946.00 loops=1)
         Filter: (during @> '2025-06-15'::date)
         Rows Removed by Filter: 48054

A GiST index on the range column changes that:

CREATE INDEX idx_promo_during ON promotions USING gist (during);
ANALYZE promotions;

 Aggregate  (actual time=0.833..0.833 rows=1.00 loops=1)
   ->  Bitmap Heap Scan on promotions  (actual time=0.304..0.756 rows=1946.00 loops=1)
         Recheck Cond: (during @> '2025-06-15'::date)
         ->  Bitmap Index Scan on idx_promo_during  (actual time=0.278..0.278 rows=1946.00 loops=1)
               Index Cond: (during @> '2025-06-15'::date)
 Execution Time: 0.888 ms

6.4 ms to 0.888 ms. Each GiST tree node stores a bounding box covering its children, so a search descends only into subtrees whose box could contain the target date, skipping the rest. That bounding-box idea generalizes. The same structure answers “which shapes overlap this rectangle” for the PostGIS spatial types. And it uniquely supports nearest-neighbour search: ORDER BY location <-> point LIMIT 10 returns the ten closest rows using the index, which no B-tree can do. GiST also backs exclusion constraints, the clean way to say “no two promotions for the same genre may overlap in time.” A related type, SP-GiST, handles data that partitions naturally (quadtrees, IP prefixes); reach for it when the docs point you there.

One extension note. Indexing a scalar column and a range together — say (genre, during) in one GiST index — needs the btree_gist extension (CREATE EXTENSION btree_gist). It teaches GiST to handle ordinary types alongside ranges, and ships with Postgres but is not installed by default.

BRIN: enormous and ordered, for almost nothing

The last type is the specialist. BRIN — Block Range Index — does not store row locations at all. It stores, for each block range of the table, the min and max of the indexed column. If your query wants order_id BETWEEN 1000 AND 2000 and BRIN knows block range 5 holds ids 40,000–41,000, it skips that range entirely. This only works when the column’s values track physical storage order — a timestamp on an append-only log, an auto-incrementing id — but when they do, the size is astonishing. On the naturally-ordered order_items:

   relname    | pg_size_pretty
--------------+----------------
 idx_oi_brin  | 24 kB
 idx_oi_btree | 2392 kB

The BRIN index is 24 kB against the B-tree’s 2.4 MB, a hundredfold smaller. It stores a summary per block range instead of an entry per row. BRIN trades precision for size: it narrows the scan to candidate block ranges, then rechecks each row. On a billion-row time-series table where a B-tree would be gigabytes, a BRIN is megabytes and still prunes most of the table. The catch is the ordering requirement; on a randomly-ordered column, BRIN’s ranges all overlap and it prunes nothing.

A portability note to close the index tour. GIN, GiST, SP-GiST, and BRIN are largely Postgres-specific names. Other engines reach the same goals by other routes: MySQL has FULLTEXT indexes and spatial R-tree indexes; SQLite has FTS5 as a separate module. The concepts — inverted indexing for many-keyed values, tree-of-bounding-boxes for extents, block summaries for ordered bulk — travel further than the syntax.

Final thoughts

When a B-tree can’t help, the shape of the data tells you which index can. Many keys inside one value — JSONB, arrays, full text — want GIN, which always drives a bitmap scan. Ranges, geometry, and nearest-neighbour want GiST and its bounding boxes. Huge naturally-ordered tables want BRIN, which indexes for almost nothing by summarizing block ranges. We have now covered how the database finds rows. The other half of a query’s cost is combining rows from different tables, and that comes down to which of three join algorithms the planner picks.
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Three Ways to Meet in the Middle: How Joins Actually Run


You’ve written hundreds of joins by now, and every one of them looked the same: JOIN ... ON. The word JOIN is a request, not an instruction. It says match these rows by this key, and leaves the how to the database, exactly like the rest of SQL. But underneath, there are only three real ways to match two sets of rows. The difference between them is the difference between a query that returns in 4 milliseconds and the same query taking 400. This chapter is about those three algorithms, when each one wins, and how to watch the planner choose.

The three algorithms

Nested loop. For each row on the outer side, look up the matching rows on the inner side. If the inner side has an index on the join key, each lookup is cheap, and the whole join costs about (outer rows) × (one index lookup). This is the join you want when the outer side is small, or highly filtered, and the inner side is indexed. It is terrible when both sides are large, because you pay an inner lookup for every single outer row.

Hash join. Build a hash table on the smaller side, keyed by the join column, then scan the larger side and probe the hash table once per row. Building the hash costs a full scan of the small side; probing costs a full scan of the big side. No index needed, no sorting needed. This is the workhorse for joining two large, unsorted tables, and it’s usually what you get when neither side is selective.

Merge join. Sort both sides by the join key, then walk them in lockstep like a zipper. If both inputs arrive already sorted — say, from an index scan in key order — the sort is free and this is the cheapest option of all. If they don’t, you pay to sort them first, which can spill to disk.

Three strategies, three cost shapes. The planner’s job is to estimate the row counts and pick the cheapest. Let’s watch it.

The planner picks a hash join

Here is a join across the whole shop: every line item matched to its book, grouped by genre. About 150,000 line items, 600 books, nothing filtered.

EXPLAIN ANALYZE
SELECT b.genre, sum(oi.quantity)
FROM order_items oi
JOIN books b ON b.book_id = oi.book_id
GROUP BY b.genre;

 HashAggregate  (cost=3621.01..3621.07 rows=6) (actual time=59.840..59.843 rows=6.00 loops=1)
   ->  Hash Join  (cost=19.50..2871.30 rows=149942) (actual time=0.185..35.543 rows=149942.00 loops=1)
         Hash Cond: (oi.book_id = b.book_id)
         ->  Seq Scan on order_items oi  (cost=0.00..2455.42 rows=149942) (actual time=0.012..7.371 rows=149942.00)
         ->  Hash  (cost=12.00..12.00 rows=600) (actual time=0.157..0.158 rows=600.00 loops=1)
               Buckets: 1024  Batches: 1  Memory Usage: 35kB
               ->  Seq Scan on books b  (cost=0.00..12.00 rows=600) (actual time=0.006..0.062 rows=600.00)
 Execution Time: 59.982 ms

Read it inside out. The planner built a hash table on books — the small side, 600 rows, 35kB of memory, one batch. Then it seq-scanned all 149,942 line items and probed the hash once per row. Total: 60 milliseconds. This is the textbook case for a hash join: two unsorted inputs, one much smaller than the other, no useful index on the join column of the big side. Hashing 600 books is nearly free, and after that every line item is a single hash probe.

Forcing the alternatives

The planner chose hash. Was it right? Postgres lets us disable a join method per session, so we can force the other two and measure. This is a debugging tool, not something you’d ship, but it’s the clearest way to see the trade-off.

Turn off hash join and the planner falls back to a nested loop:

SET enable_hashjoin = off;
-- same query

 HashAggregate  (actual time=420.354..420.357 rows=6.00 loops=1)
   ->  Nested Loop  (cost=0.29..6376.16 rows=149942) (actual time=0.054..313.751 rows=149942.00 loops=1)
         ->  Seq Scan on order_items oi  (actual time=0.020..37.834 rows=149942.00 loops=1)
         ->  Memoize  (actual time=0.001..0.001 rows=1.00 loops=149942)
               Cache Key: oi.book_id
               Hits: 149342  Misses: 600  Evictions: 0  Memory Usage: 67kB
               ->  Index Scan using books_pkey on books b  (actual time=0.011..0.011 rows=1.00 loops=600)
                     Index Cond: (book_id = oi.book_id)
 Execution Time: 420.582 ms

420 milliseconds — seven times slower. Look at loops=149942 on the inner side: the nested loop drove one lookup per line item. Postgres even wrapped the inner scan in a Memoize cache, which is genuinely clever here. There are only 600 distinct books, so after the first 600 misses every probe is a cache hit (Hits: 149342). Even with that caching, running the loop 150,000 times loses badly to a single hash build. The nested loop is the wrong tool when the outer side is huge.

Now force a merge join by disabling nested loop too:

SET enable_hashjoin = off;
SET enable_nestloop = off;

 HashAggregate  (actual time=251.664..251.676 rows=6.00 loops=1)
   ->  Merge Join  (actual time=103.418..193.129 rows=149942.00 loops=1)
         Merge Cond: (oi.book_id = b.book_id)
         ->  Sort  (actual time=103.175..144.820 rows=149942.00 loops=1)
               Sort Key: oi.book_id
               Sort Method: external merge  Disk: 2648kB
               ->  Seq Scan on order_items oi  (actual time=0.020..22.130 rows=149942.00)
         ->  Sort  (actual time=0.233..0.426 rows=600.00 loops=1)
               Sort Key: b.book_id
               Sort Method: quicksort  Memory: 43kB
               ->  Seq Scan on books b
 Execution Time: 253.621 ms

254 milliseconds. The merge join is faster than the nested loop but far slower than the hash join, and the plan shows exactly why. It had to Sort 149,942 rows by book_id, and that sort didn’t fit in memory: Sort Method: external merge  Disk: 2648kB. It spilled to disk. Merge join is only cheap when the inputs come pre-sorted; here neither did, so we paid a disk sort just to line them up. The planner avoided all of this by hashing instead. Its instinct was correct.

Where the nested loop wins

Don’t take the wrong lesson. The nested loop lost above because the outer side was 150,000 rows. Shrink the outer side and it becomes the best choice. Here’s one customer’s orders joined to their line items:

EXPLAIN ANALYZE
SELECT o.order_id, o.order_date, oi.book_id, oi.quantity
FROM orders o
JOIN order_items oi ON oi.order_id = o.order_id
WHERE o.customer_id = 42;

 Nested Loop  (cost=0.42..1277.03 rows=30) (actual time=0.768..4.084 rows=17.00 loops=1)
   ->  Seq Scan on orders o  (actual time=0.742..3.919 rows=8.00 loops=1)
         Filter: (customer_id = 42)
         Rows Removed by Filter: 59992
   ->  Index Scan using order_items_pkey on order_items oi  (actual time=0.017..0.018 rows=2.12 loops=8)
         Index Cond: (order_id = o.order_id)
 Execution Time: 4.232 ms

Customer 42 has 8 orders. The planner chose a nested loop: scan those 8 orders, and for each one do an index scan into order_items on the primary key. loops=8 — eight cheap index lookups, and the whole thing finishes in 4 milliseconds. A hash join here would have to build a hash over one of the tables for the sake of matching 17 rows; the nested loop just does 8 pinpoint lookups. When one side is a handful of rows and the other side is indexed on the join key, nothing beats a nested loop. (The seq scan on orders is a separate story — there’s no index on customer_id, which is exactly the kind of thing the indexing chapters were about.)

Which one, and why you rarely choose

So the rule of thumb:


	Nested loop — small or highly-filtered outer side, indexed inner side. Cost scales with outer rows.

	Hash join — two large unsorted inputs, no useful index, enough memory to hold the smaller one. The default for big joins.

	Merge join — both inputs already sorted on the join key (often from index scans), or you need the output sorted anyway.



The thing worth carrying out of this chapter: you almost never pick. You write JOIN, and the planner reads its row-count estimates and chooses. When it chose hash for the shop-wide join and nested loop for the single customer, it was right both times. It was right because its estimates were right: 149,942 rows here, 8 rows there. Every one of these decisions rests on the planner guessing how many rows each side will produce. When those guesses are good, the plans are good. When they’re wrong, it reaches for the wrong algorithm and your query falls off a cliff.

Which raises the obvious question: where do those guesses come from?
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The Planner Is Guessing, and It Shows Its Work


The planner picks a join algorithm from how many rows it thinks each side will produce, and it picks badly when those guesses are wrong. So where do the guesses come from? Not from running your query — that would defeat the purpose. They come from a small statistical summary of each table, one Postgres keeps current in the background and reads at planning time. This chapter opens that summary up, watches a stale one wreck a plan, and fixes a blind spot it has by design.

The estimate-versus-actual gaps below are real EXPLAIN ANALYZE output.

Where the numbers live

Run ANALYZE on a table and Postgres samples it, then stores a compact statistical profile in the system catalog pg_statistic. You read it through the friendlier view pg_stats. Three columns carry most of the weight.

n_distinct — how many distinct values a column has. Here’s the status column on orders:

SELECT attname, n_distinct, most_common_vals, most_common_freqs
FROM pg_stats WHERE tablename='orders' AND attname='status';

attname          | status
n_distinct       | 5
most_common_vals | {delivered,shipped,returned,placed,cancelled}
most_common_freqs| {0.41323334,0.1703,0.16776666,0.1652,0.0835}

Five distinct statuses, and the most-common-values list pairs each with its frequency: 41% of orders are delivered, 17% shipped, and so on. Now the planner can answer “how many rows match status = 'shipped'?” without touching the table — 17% of 60,000, about 10,200. That’s how a WHERE estimate gets made.

For a column with too many distinct values to list, Postgres keeps a histogram instead. Book prices:

SELECT attname, n_distinct, histogram_bounds
FROM pg_stats WHERE tablename='books' AND attname='price';

attname          | price
n_distinct       | -0.945
histogram_bounds  | {5.14,5.58,6.13,6.57,7.02,8.22,8.51,9.09,...}

Two things. The histogram bounds carve the values into buckets, each holding roughly the same number of rows. So the planner can estimate a range like price BETWEEN 20 AND 30 by counting buckets. And n_distinct is negative — that’s a ratio, not a count. -0.945 means “distinct values ≈ 94.5% of the row count,” i.e. prices are nearly unique. Postgres stores it as a ratio when distinctness scales with table size, so the estimate stays sane as the table grows.

Stale stats, bad plan

The statistics are only as good as the last ANALYZE. Autovacuum runs it periodically, but between a big data change and the next ANALYZE, the planner is working from an out-of-date picture. Let’s manufacture that gap. A scratch table of 100,000 rows, all one value:

CREATE TABLE events (id int, kind text, payload text);
INSERT INTO events SELECT g, 'common', 'x' FROM generate_series(1,100000) g;
CREATE INDEX events_kind_idx ON events(kind);
ANALYZE events;                        -- stats now say: kind is always 'common'

Now pour in 40,000 rows of a new value and, crucially, do not analyze:

INSERT INTO events SELECT g, 'rare', 'y' FROM generate_series(100001,140000) g;
EXPLAIN (ANALYZE, BUFFERS) SELECT count(*) FROM events WHERE kind='rare';

 Aggregate  (cost=4.32..4.33 rows=1) (actual time=9.443..9.444 rows=1.00 loops=1)
   ->  Index Only Scan using events_kind_idx on events
         (cost=0.29..4.31 rows=1) (actual time=0.023..7.643 rows=40000.00 loops=1)
         Index Cond: (kind = 'rare'::text)

Look at the estimate against the reality: rows=1 planned, rows=40000 actual. The planner has never heard of 'rare' — its stats still say the column is 100% 'common' — so it assumed the value barely exists and estimated a single row. A forty-thousand-fold miss. On this query the damage is mild. But an estimate this wrong is exactly what makes the join planner reach for a nested loop over 40,000 rows, or skip an index it should have used.

Now run ANALYZE and ask again:

ANALYZE events;
SELECT n_distinct, most_common_vals, most_common_freqs
  FROM pg_stats WHERE tablename='events' AND attname='kind';

 n_distinct | most_common_vals | most_common_freqs
------------+------------------+-------------------------
          2 | {common,rare}    | {0.71243334,0.28756666}

 Index Only Scan ... (cost=0.29..1065.83 rows=40259) (actual rows=40000.00 loops=1)

The estimate is now 40,259 against 40,000 actual — dead on. ANALYZE re-sampled, found 'rare' making up 29% of the table, and the guess snapped into place. Nothing about the data changed; only the planner’s knowledge of it did.

When a bad estimate flips the whole plan

The count query above kept the same plan shape. Here’s one where the stale estimate changes the strategy. A skewed table joined to a tiny lookup:

CREATE TABLE kind_dim (kind text PRIMARY KEY, label text);
INSERT INTO kind_dim VALUES ('a','Alpha'),('b','Beta');
CREATE TABLE skew (id int, kind text);
INSERT INTO skew SELECT g, 'a' FROM generate_series(1,1000) g;
ANALYZE skew;                          -- stats say: 1000 rows, all 'a'
INSERT INTO skew SELECT g,'b' FROM generate_series(1001,81000) g;  -- 80k 'b', not analyzed

With stale stats, the planner thinks kind='b' matches essentially nothing:

 Nested Loop  (cost=0.00..1257.54 rows=1) (actual time=0.070..83.344 rows=80000.00 loops=1)
   ->  Seq Scan on skew s (rows=1 planned) (actual rows=80000.00 loops=1)
         Filter: (kind = 'b'::text)
   ->  Seq Scan on kind_dim d (actual rows=1.00 loops=80000)
 Execution Time: 86.683 ms

It put skew on the outside of a nested loop, expecting one row, and drove 80,000 loops through the inner scan. 86 milliseconds, and it read 80,359 buffer pages doing it. Now ANALYZE skew and rerun:

 Nested Loop  (cost=0.00..2172.53 rows=80001) (actual time=0.069..11.501 rows=80000.00 loops=1)
   ->  Seq Scan on kind_dim d (actual rows=1.00 loops=1)
   ->  Seq Scan on skew s (rows=80001 planned) (actual rows=80000.00 loops=1)
 Execution Time: 15.055 ms

Same join, reshaped completely. Now that it knows skew returns 80,000 rows, the planner flips the sides. It scans the tiny kind_dim once as the outer, and reads skew a single time as the inner. loops collapsed from 80,000 to 1, buffer reads from 80,359 to 360, and the time from 86ms to 15ms. The only thing that changed was a fresh ANALYZE.

The blind spot: correlated columns

There’s one class of misestimate that a fresh ANALYZE won’t fix, because the statistics we’ve seen are per-column. Postgres keeps a profile for each column independently, and to estimate A AND B it multiplies their individual selectivities — which is correct only if A and B are independent. Often they aren’t. Consider a table where city fully determines region:

CREATE TABLE shipments AS
SELECT g AS id, 'city_'||(g%100) AS city, 'region_'||(g%100) AS region
FROM generate_series(1,100000) g;
ANALYZE shipments;
EXPLAIN ANALYZE
SELECT * FROM shipments WHERE city='city_7' AND region='region_7';

 Seq Scan on shipments  (cost=0.00..2140.00 rows=10) (actual rows=1000.00 loops=1)
   Filter: ((city = 'city_7') AND (region = 'region_7'))

rows=10 estimated, 1000 actual — a hundred-fold miss, on freshly analyzed data. The planner reasoned: city_7 is 1 in 100, region_7 is 1 in 100, so together 1 in 10,000, times 100,000 rows equals 10. But city_7 always comes with region_7 — the second condition filters out nothing. The columns are perfectly correlated, and multiplying their selectivities double-counts the filter.

The fix is extended statistics: tell Postgres to track the two columns together.

CREATE STATISTICS shipments_city_region (dependencies, ndistinct) ON city, region FROM shipments;
ANALYZE shipments;
EXPLAIN ANALYZE
SELECT * FROM shipments WHERE city='city_7' AND region='region_7';

 Seq Scan on shipments  (cost=0.00..2140.00 rows=997) (actual rows=1000.00 loops=1)

rows=997 against 1000 actual. The estimate went from 10 to 997 the moment Postgres knew the columns were linked. You can see the dependency it learned:

SELECT stxname, stxddependencies FROM pg_statistic_ext s
  JOIN pg_statistic_ext_data d ON d.stxoid = s.oid
  WHERE stxname='shipments_city_region';

 shipments_city_region | {"2 => 3": 1.000000, "3 => 2": 1.000000}

"2 => 3": 1.000000 reads as “column 2 (city) fully determines column 3 (region)” — dependency degree 1.0. With that recorded, the planner stops multiplying and estimates correctly. Reach for CREATE STATISTICS whenever two columns in a WHERE are related — city/region, country/currency, make/model — and the plans start blaming a bad estimate.

Final thoughts

The planner is a guessing machine, and pg_stats is what it guesses from. Two failure modes cover most bad plans: the statistics are stale, so re-run ANALYZE; or the statistics are per-column and your predicate spans correlated columns, so add extended statistics. A slow query with a wildly wrong row estimate in its plan is almost never a query problem. It’s a statistics problem wearing a query’s clothes. Next we go one layer down, to how a row even exists while other transactions are reading and writing it.
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Every Row Is a Stack of Ghosts: MVCC Explained


Here is a question that sounds simple and isn’t. One session runs a long report over the orders table. Halfway through, another session updates a row that report is reading. What happens? In a naive database, one of them waits: either the reader blocks the writer, or the writer blocks the reader. Postgres does neither. Both run at full speed, and both get a consistent answer. The mechanism that makes this possible is MVCC — Multi-Version Concurrency Control — and once you see it, half of Postgres’s behavior stops being mysterious.

An UPDATE doesn’t update

Start with the claim that gives MVCC its name. When you UPDATE a row, Postgres does not overwrite it in place. It writes a new version of the row and leaves the old one sitting on disk. Every row carries two hidden system columns that record which transactions it’s visible to. xmin is the transaction ID that created this version; xmax is the one that deleted or superseded it (0 means still live). There’s also ctid, the physical (page, slot) address. Let’s watch them.

CREATE TABLE acct (id int PRIMARY KEY, owner text, bal numeric);
INSERT INTO acct VALUES (1,'Ada',100),(2,'Bo',100);
SELECT xmin, xmax, ctid, id, bal FROM acct ORDER BY id;

 xmin | xmax | ctid  | id | bal
------+------+-------+----+-----
 1084 |    0 | (0,1) |  1 | 100
 1084 |    0 | (0,2) |  2 | 100

Both rows were created by transaction 1084, neither is superseded (xmax=0), and they sit at slots 1 and 2 of page 0. Now update one:

UPDATE acct SET bal = bal + 50 WHERE id = 1;
SELECT xmin, xmax, ctid, id, bal FROM acct ORDER BY id;

 xmin | xmax | ctid  | id | bal
------+------+-------+----+-----
 1085 |    0 | (0,3) |  1 | 150
 1084 |    0 | (0,2) |  2 | 100

Row 1 is now a different physical row: ctid moved from (0,1) to (0,3), and xmin advanced to 1085, the transaction that did the update. The old version at (0,1) didn’t vanish. It’s still on the page, now marked with an xmax pointing at 1085 — invisible to anyone starting after that commit, but still readable by any transaction old enough to predate it. The UPDATE appended; it didn’t overwrite.

The version chain, seen directly

You can see all the versions on the page at once with the pageinspect extension. Two updates in a row, so three versions of one logical row:

CREATE TABLE ver (id int, bal int) WITH (autovacuum_enabled=false);
INSERT INTO ver VALUES (1,100);
UPDATE ver SET bal=150 WHERE id=1;
UPDATE ver SET bal=200 WHERE id=1;
SELECT lp AS slot, t_xmin AS xmin, t_xmax AS xmax, t_ctid AS ctid
FROM heap_page_items(get_raw_page('ver',0));

 slot | xmin | xmax | ctid
------+------+------+-------
    1 | 1134 | 1135 | (0,2)
    2 | 1135 | 1136 | (0,3)
    3 | 1136 |    0 | (0,3)

Read it as a linked list. Slot 1 was created by 1134 and killed by 1135, and its ctid points forward to (0,2) — the next version. Slot 2 was created by 1135, killed by 1136, points to (0,3). Slot 3 was created by 1136, has xmax=0, and points at itself: it’s the live one, bal=200. Three physical rows for a single logical row, chained oldest to newest by xmax and ctid. Only the tail of the chain is alive; the rest are corpses that haven’t been cleaned up yet.

A snapshot is what you can see

Now the payoff. Every transaction runs against a snapshot: a fixed idea of which transaction IDs had committed at the moment the snapshot was taken. When a transaction reads a row, it walks the version chain and picks the one version visible to its snapshot — created by a transaction it can see, not yet superseded by one it can see. Two transactions reading the same logical row at the same instant can legitimately see two different physical versions, and both are correct.

This is why readers and writers don’t block each other. A writer creating a new version doesn’t disturb the old one, so a reader on an older snapshot reads straight through. Let’s prove it with two sessions. Session A opens a REPEATABLE READ transaction — one fixed snapshot for its whole life — reads the balance, waits three seconds, and reads again. One second into that wait, session B updates the same row and commits.

# Session A (background): one snapshot, two reads three seconds apart
BEGIN ISOLATION LEVEL REPEATABLE READ;
SELECT 'A first read', bal FROM acct WHERE id=1;   -- t=0
SELECT pg_sleep(3);
SELECT 'A second read', bal FROM acct WHERE id=1;  -- t=3
COMMIT;

# Session B (t≈1): update and commit while A is mid-transaction
UPDATE acct SET bal = bal + 100 WHERE id=1;

Session A:

 A first read  | 100
 ...
 A second read | 100

Session B:

UPDATE 1
Time: 2.256 ms
 B sees | 200

Two things happened at once. Session B’s UPDATE completed in 2.3 milliseconds — it was not blocked for even an instant by A’s open transaction. And session A, reading the same row B had just changed, saw 100 both times, because its snapshot was fixed at BEGIN and B’s new version isn’t visible to it. B wrote a new version; A kept reading the old one. Nobody waited. That is the whole promise of MVCC delivered in one interleaving: readers don’t block writers, and writers don’t block readers.

(A detail for later: whether A’s second read sees B’s change depends on A’s isolation level. Under REPEATABLE READ, as here, the snapshot is frozen and it sees 100. Under the default READ COMMITTED, each statement takes a fresh snapshot and the second read would see 200. That difference is the next chapter.)

The price: dead tuples

MVCC isn’t free. Every UPDATE and DELETE leaves old versions on disk — dead tuples — and they pile up until something cleans them out. Watch them accumulate. A table with autovacuum turned off, and 5,000 updates to its two rows:

CREATE TABLE acct2 (id int PRIMARY KEY, bal numeric) WITH (autovacuum_enabled = false);
INSERT INTO acct2 VALUES (1,100),(2,100);
DO $$ BEGIN FOR i IN 1..5000 LOOP UPDATE acct2 SET bal=bal+1 WHERE id IN (1,2); END LOOP; END $$;
SELECT n_live_tup, n_dead_tup FROM pg_stat_user_tables WHERE relname='acct2';

 n_live_tup | n_dead_tup
------------+------------
          2 |      10000

Two live rows. Ten thousand dead ones — 5,000 iterations times two rows, every prior version still on disk. The table’s heap grew from a handful of kilobytes to 440 kB to hold versions that no transaction will ever read again. That’s bloat, and it’s the standing cost of never overwriting anything.

The cleanup crew is VACUUM, which finds dead tuples no snapshot can still see and reclaims their space:

VACUUM acct2;
SELECT n_live_tup, n_dead_tup FROM pg_stat_user_tables WHERE relname='acct2';

 n_live_tup | n_dead_tup
------------+------------
          2 |          0

Dead count back to zero. (The heap stays 440 kB — vacuum frees the space for reuse inside the table but doesn’t hand it back to the operating system, which is a distinction worth its own chapter.) In normal operation you don’t call this by hand; autovacuum runs it automatically, and on the earlier acct table it had already fired before I could even catch the dead tuples growing. That background reaping is the invisible tax that buys you lock-free reads.

Final thoughts

MVCC is one idea with large consequences: a row is not a cell you overwrite but a chain of versions, and each transaction sees the version its snapshot allows. From that single decision flows everything — readers and writers that never block, xmin/xmax bookkeeping on every row, and dead tuples that VACUUM exists to sweep. The concept to hold onto is the snapshot: what you can see is fixed by when you looked. And that immediately raises the question the demo above hinted at — how fixed, exactly? What is one transaction allowed to see of another’s work? That’s isolation, and it’s next.
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What Your Transaction Is Allowed to See of Mine


Last chapter established that every transaction reads against a snapshot. This one asks the follow-up: how fixed is that snapshot, and what can leak through it? That’s the question isolation levels answer. An isolation level is a contract about which of another transaction’s effects you’re allowed to see mid-flight. Loosen it and you get more concurrency but more anomalies; tighten it and the anomalies vanish but transactions start colliding. The SQL standard names the anomalies; Postgres gives you three practical levels to trade against them.

Every anomaly below was produced live, two real psql sessions interleaved with pg_sleep, against PostgreSQL 18. Nothing here is a thought experiment — the outputs are pasted as they came back, including the abort at the end.

The default is looser than you think

Postgres defaults to READ COMMITTED, and its rule is simple: each statement sees all data committed before that statement began. Not before the transaction began — before the statement. So within one transaction, two identical queries can return different answers if someone commits in between. That’s called a non-repeatable read, and it’s allowed at this level. Here it is. Session A reads a balance, waits, reads again; session B commits a change in the gap.

# Session A (background): READ COMMITTED, two reads
BEGIN ISOLATION LEVEL READ COMMITTED;
SELECT 'A first read', bal FROM acct WHERE id=1;   -- t=0
SELECT pg_sleep(3);
SELECT 'A second read', bal FROM acct WHERE id=1;  -- t=3
COMMIT;

# Session B (t≈1): commit a change between A's two reads
UPDATE acct SET bal = bal + 100 WHERE id=1;

 A first read  | 100
 A second read | 200

A read 100, then 200, inside a single transaction, without changing anything itself. Each statement took a fresh snapshot, so the second one saw B’s committed update. For most work this is fine and it’s why it’s the default — it maximizes concurrency, and each statement is at least consistent with a real committed state. But if your transaction reads a value, makes a decision, and reads it again expecting stability, READ COMMITTED will not give you that.

Freezing the snapshot: REPEATABLE READ

REPEATABLE READ takes one snapshot at the first statement and holds it for the entire transaction. Every read sees the database as of that instant, no matter what commits later. Run the exact same interleaving, only change A’s isolation level:

# Session A (background): REPEATABLE READ this time
BEGIN ISOLATION LEVEL REPEATABLE READ;
SELECT 'A first read', bal FROM acct WHERE id=1;
SELECT pg_sleep(3);
SELECT 'A second read', bal FROM acct WHERE id=1;
COMMIT;

# Session B (t≈1): same update, same timing
UPDATE acct SET bal = bal + 100 WHERE id=1;

 A first read  | 100
 A second read | 100

Same timing, same committed update by B — and now A reads 100 both times. The non-repeatable read is gone. A’s snapshot froze at BEGIN, and B’s later commit is simply invisible to it for its whole life. (B still succeeded instantly, exactly as in the MVCC chapter; its change is real, A just can’t see it yet.) One knob, and a whole class of anomaly disappears.

MySQL’s InnoDB defaults to REPEATABLE READ, so a developer moving from MySQL to Postgres inherits the looser default without noticing. Worth knowing which floor you’re standing on.

Phantoms: when new rows appear

A non-repeatable read is about a row changing under you. Its cousin is the phantom read. You run a range query; someone inserts a new row that matches your range; you run the query again, and a row appears that wasn’t there before. Under READ COMMITTED it happens:

# Session A (background): count a range twice, READ COMMITTED
BEGIN ISOLATION LEVEL READ COMMITTED;
SELECT count(*), sum(amount) FROM ledger WHERE amount >= 0;   -- t=0
SELECT pg_sleep(3);
SELECT count(*), sum(amount) FROM ledger WHERE amount >= 0;   -- t=3
COMMIT;

# Session B (t≈1): insert a row inside the range
INSERT INTO ledger (amount) VALUES (999);

 A count #1 |     3 |    60
 A count #2 |     4 |  1059

Three rows became four, and the sum jumped, because B’s new row materialized inside A’s range mid-transaction. Switch A to REPEATABLE READ and rerun with a fresh insert:

 A count #1 |     4 |  1059
 A count #2 |     4 |  1059

The count holds at four across both reads — B’s newly inserted row is outside A’s frozen snapshot, so the phantom never appears. In Postgres, REPEATABLE READ stops phantom reads too, which is stronger than the SQL standard strictly requires. (The standard permits phantoms at this level; Postgres’s snapshot mechanism happens to prevent them.)

The anomaly REPEATABLE READ can’t stop: write skew

You’d think a frozen snapshot handles everything. It doesn’t. There’s a subtler anomaly called write skew, and it slips right through REPEATABLE READ. The setup: two accounts, each holding 100, and a business rule that their combined balance must never drop below 100. Two transactions run at once. Each reads the combined total, sees 200, concludes it can safely withdraw 100 from its own account, and does. Neither transaction, on its own, breaks the rule. Together they do.

# Session A (background): REPEATABLE READ, withdraw from account 1
BEGIN ISOLATION LEVEL REPEATABLE READ;
SELECT sum(bal) FROM acct;          -- reads 200
SELECT pg_sleep(2);
UPDATE acct SET bal = bal - 100 WHERE id = 1;
COMMIT;

# Session B (t≈1): REPEATABLE READ, withdraw from account 2
BEGIN ISOLATION LEVEL REPEATABLE READ;
SELECT sum(bal) FROM acct;          -- also reads 200
UPDATE acct SET bal = bal - 100 WHERE id = 2;
COMMIT;

Both read sum = 200. Both committed. The final state:

 id | bal
----+-----
  1 |   0
  2 |   0

 combined | 0

Combined balance: zero. The invariant is broken, and both transactions committed cleanly with no error. This is why write skew is dangerous — each transaction updated a different row, so there was no direct write conflict for REPEATABLE READ to catch. They each acted correctly on a snapshot that was true when they read it and false by the time they committed. A snapshot protects what you read; it can’t protect an invariant that spans rows nobody else touched.

SERIALIZABLE catches it, by refusing to commit

SERIALIZABLE is the strongest level. Its guarantee: the result of running the transactions concurrently is identical to running them one after another in some order. Postgres implements this with Serializable Snapshot Isolation. It tracks the read/write dependencies between live transactions, and if it detects a cycle that no serial order could produce, it aborts one of them. Run the identical write-skew scenario with both transactions at SERIALIZABLE:

# both sessions: BEGIN ISOLATION LEVEL SERIALIZABLE; ... same reads and writes as above

Session B commits first, fine. Then session A tries its UPDATE:

ERROR:  could not serialize access due to read/write dependencies among transactions
DETAIL:  Reason code: Canceled on identification as a pivot, during write.
HINT:  The transaction might succeed if retried.

 id | bal
----+-----
  1 | 100
  2 |   0

 combined | 100

Postgres detected that A and B had each read what the other was about to change — a dependency cycle with no equivalent serial order — and aborted A rather than let the invariant break. The combined balance stayed at 100. That error carries SQLSTATE 40001, a serialization failure, and the HINT says exactly what to do: retry. This is the contract you accept with SERIALIZABLE. It guarantees correctness, but it can abort a transaction that did nothing locally wrong, and your application must be ready to catch a 40001 and run the transaction again. In practice that’s a small retry loop around the transaction. The database gives you serializable correctness; you give it the willingness to retry.

Which level, when


	READ COMMITTED (default) — statement-level snapshots, allows non-repeatable and phantom reads. The right choice for most OLTP, where each statement operating on committed data is enough.

	REPEATABLE READ — one snapshot per transaction, stops non-repeatable and (in Postgres) phantom reads. Reach for it when a transaction reads the same data more than once and needs stability — reports, multi-step reads, exports.

	SERIALIZABLE — full serializability, stops write skew and everything else, at the cost of possible 40001 aborts you must retry. Use it when an invariant spans multiple rows and correctness is non-negotiable — inventory, ledgers, booking systems.



The one idea to carry: isolation is a dial between concurrency and anomalies, and you set it per transaction. Most of your transactions want the loose, fast default. The few that guard a cross-row invariant want SERIALIZABLE and a retry loop, and now you’ve seen exactly why — a snapshot alone let two well-behaved transactions zero out an account. Isolation decides what one transaction may see; the next chapter is about what happens when two transactions want to change the same row, and one of them has to wait.
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When Two Writers Want the Same Row: Locking and Deadlocks


The last chapter showed how Postgres lets many transactions read the same data at once without blocking. MVCC hands every reader its own snapshot, so readers never wait. Writes are different. Two transactions can read the same row simultaneously, but they cannot both change it and each pretend the other didn’t. Something has to give. That something is a lock, and this chapter is about what locks do, the trouble two of them can get into together, and how to stay out of it.

An UPDATE locks the row

When a transaction updates a row, Postgres takes a row-level lock on it, held until the transaction ends. Any other transaction that tries to update the same row has to wait for the lock to be released, which happens at COMMIT or ROLLBACK. Readers are unaffected; they see the old version until the writer commits. Only a competing writer waits.

You can watch it happen with two sessions. I made a small scratch table to keep the demo clean:

CREATE TABLE acct(id int primary key, owner text, bal numeric);
INSERT INTO acct VALUES (1,'Ada',100),(2,'Grace',100);

Session A opens a transaction, updates row 1, then sits for three seconds before committing:

BEGIN;
UPDATE acct SET bal = bal - 10 WHERE id = 1;
SELECT pg_sleep(3);
COMMIT;

One second later, session B tries to update the same row, with timing on:

UPDATE acct SET bal = bal - 20 WHERE id = 1;
Time: 2091.117 ms (00:02.091)

Two seconds. Session B didn’t fail and it didn’t overwrite anything blindly. It waited for A to commit, then applied its own change on top of the committed result. The final balance is 70: a hundred, minus A’s ten, minus B’s twenty. Neither update was lost. That waiting is the whole point of a write lock. Without it, both sessions would read 100, both would compute their own answer, and whichever wrote last would erase the other, a classic lost update.

The lock is on the row, not the table. While A held row 1, any session was free to update row 2 without waiting. Postgres locks as narrowly as it can, so unrelated writes proceed in parallel.

Locking a row you’re only reading

Sometimes you want that lock before you write, or even without writing at all. The pattern is read-decide-write: read a row, make a decision based on its value, then update it. Between the read and the write, someone else could change the row out from under you. SELECT ... FOR UPDATE closes that gap by locking the rows the moment you read them:

BEGIN;
SELECT bal FROM acct WHERE id = 1 FOR UPDATE;   -- locked now, not at UPDATE time
-- ... application logic decides the new balance ...
UPDATE acct SET bal = 90 WHERE id = 1;
COMMIT;

Any other transaction that tries to FOR UPDATE or UPDATE that row now waits for you, exactly as if you’d already written it. There is a gentler sibling, FOR SHARE. It lets other readers take a share lock too, but blocks anyone trying to update. Reach for it when you need a row to stay put while you do related work but aren’t the one changing it. Use FOR UPDATE when you intend to write, FOR SHARE when you only need the row frozen.

The deadlock

Locks make single-row contention safe. Two locks, acquired in the wrong order, create a new problem. A deadlock is a cycle: A holds a lock B wants, and B holds a lock A wants. Neither can proceed, and neither will give up, because giving up means rolling back.

It’s easy to cause by accident. Here are two sessions that each move money between the same two accounts, but in opposite order. Session A touches row 1 then row 2; session B touches row 2 then row 1:

-- Session A
BEGIN;
UPDATE acct SET bal = bal - 10 WHERE id = 1;   -- locks row 1
SELECT pg_sleep(2);
UPDATE acct SET bal = bal + 10 WHERE id = 2;   -- wants row 2

-- Session B (started right after A)
BEGIN;
UPDATE acct SET bal = bal - 20 WHERE id = 2;   -- locks row 2
SELECT pg_sleep(2);
UPDATE acct SET bal = bal + 20 WHERE id = 1;   -- wants row 1

A locks row 1, B locks row 2, both sleep, then each reaches for the row the other is holding. The cycle is closed. Postgres runs a deadlock detector, notices the loop, and breaks it by killing one of the two transactions. Session B got the axe:

ERROR:  deadlock detected
DETAIL:  Process 3308 waits for ShareLock on transaction 990; blocked by process 3309.
Process 3309 waits for ShareLock on transaction 989; blocked by process 3308.
HINT:  See server log for query details.
CONTEXT:  while updating tuple (0,5) in relation "acct"
ROLLBACK

B was rolled back whole; none of its changes survived. A, unblocked, finished cleanly. The final table showed row 1 at 90 and row 2 at 110, exactly A’s two changes and nothing of B’s. The database didn’t corrupt anything and it didn’t hang forever. It picked a victim, aborted it, and moved on. But that victim is your transaction, and now your application has to notice the error and retry.

The fix is boring, and that’s good

The cause of that deadlock wasn’t the accounts or the amounts. It was the order. A grabbed 1 then 2; B grabbed 2 then 1. If both sessions had locked the lower id first, there would have been no cycle: whoever got row 1 would also get row 2, and the other would simply wait, then proceed. The blocking demo from the top of this chapter is what a well-ordered contention looks like: a short wait, then success.

So the rule that prevents almost every application deadlock is consistent lock ordering. Whenever a transaction touches multiple rows or tables, acquire them in the same agreed order everywhere in your codebase. Order by primary key, by table name, by whatever total order is convenient, as long as it’s the same one every time. Deadlocks come from disagreement about order. Remove the disagreement and you remove the cycle.

Two more knobs are worth knowing. By default a blocked statement waits indefinitely. SET lock_timeout = '500ms' makes it give up instead:

SET lock_timeout = '500ms';
UPDATE acct SET bal = bal - 5 WHERE id = 1;   -- while another session holds row 1
ERROR:  canceling statement due to lock timeout
Time: 502.955 ms

It failed at half a second rather than waiting out the holder. And if you’d rather not wait at all, FOR UPDATE NOWAIT errors the instant the row is already locked:

SELECT * FROM acct WHERE id = 1 FOR UPDATE NOWAIT;   -- row held elsewhere
ERROR:  could not obtain lock on row in relation "acct"

Both turn an unbounded wait into a fast, catchable error, which a responsive service usually prefers over a request that hangs.

MySQL’s InnoDB behaves much the same: row locks, SELECT ... FOR UPDATE, an automatic deadlock detector that rolls back the cheaper transaction, and an innodb_lock_wait_timeout. SQLite is the outlier: it locks at the level of the whole database file. Writers are serialized, so there’s no row-level deadlock to speak of, at the cost of concurrency.

Final thoughts

Locks are how a database keeps concurrent writers from clobbering each other: an UPDATE holds its rows until it commits, and a competing writer waits its turn. That waiting is safety, not a bug. The one genuinely dangerous case is the deadlock, and it is entirely of your own making, born from two transactions disagreeing about the order to grab their locks. Lock in a consistent order and the cycle can’t form. When contention is heavy, lock_timeout and NOWAIT let you fail fast instead of hanging. Next we turn from the rows a transaction locks to the rows it leaves behind: the dead versions MVCC accumulates, and the maintenance that cleans them up.
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The Rows That Won't Leave: VACUUM and Bloat


Back in the MVCC chapter you learned the surprising fact that Postgres never changes a row in place. An UPDATE writes a new version of the row and marks the old one as expired; a DELETE just marks the row expired without writing anything new. This is what lets readers keep seeing a consistent snapshot while writers work. But it has a cost that MVCC alone doesn’t pay off: those expired versions, called dead tuples, physically stay in the table. They sit there taking up space until something comes along to clean them out. That something is VACUUM, and understanding it is the difference between a table that stays lean and one that quietly swells to ten times its necessary size.

Watching dead tuples pile up

Let me make the problem visible. I copied the 60,000-row orders table into a scratch table called churn, and turned off autovacuum on it so nothing cleans up behind my back:

CREATE TABLE churn AS SELECT * FROM orders;
ALTER TABLE churn SET (autovacuum_enabled = false);

Fresh, it holds 60,000 live rows and about 3.3 MB. Now I update every row, five times over. Each pass rewrites all 60,000 rows, and each rewrite leaves the previous version behind as a dead tuple:

UPDATE churn SET status = status;   -- run five times

Postgres tracks the fallout in a system view, pg_stat_user_tables. After the five passes:

 n_live_tup | n_dead_tup
------------+------------
      60000 |     299879

Sixty thousand live rows, and nearly 300,000 dead ones, five expired versions of every row, exactly as five full-table updates would produce. And the table on disk grew right along with them:

 size
-------
 18 MB

From 3.3 MB to 18 MB, with the same 60,000 rows of real data. That fivefold swell is bloat: space occupied by tuples no live query can see. Bloat isn’t just wasted disk. Every sequential scan now has to read past all those dead versions, so a bloated table is a slower table even when its live row count never changed.

VACUUM: reclaim the space, keep the file

VACUUM is the cleanup. It scans the table, finds tuples that are dead to every open transaction, and marks their space as free for reuse. Run it on the churned table:

VACUUM churn;

 n_live_tup | n_dead_tup
------------+------------
      60000 |          0

The dead tuples are gone from the accounting: n_dead_tup dropped to zero. But look at the size:

 size
-------
 18 MB

Still 18 MB. This is the part that surprises people. Plain VACUUM does not return space to the operating system. It reclaims the dead space inside the file and marks it reusable, so the next inserts and updates fill those holes instead of extending the file. The table stops growing, but it doesn’t shrink. For most tables that’s exactly what you want. The free space gets recycled, and a steady workload reaches an equilibrium size without ever handing memory back and forth with the OS.

VACUUM does one more quietly important job: it updates the planner’s statistics (its full name for this is VACUUM ANALYZE, and autovacuum runs the analyze half too). The statistics chapter showed how much the planner leans on accurate row estimates. A table that’s never vacuumed has stale stats, and stale stats make bad plans.

VACUUM FULL: rewrite and shrink

When you genuinely need the space back, because a table bloated badly after a one-time mass delete, say, there’s VACUUM FULL. It doesn’t reclaim in place. It writes a brand-new, compact copy of the table with only the live rows, then swaps it in and drops the old one:

VACUUM FULL churn;

 size
-------
 3072 kB

18 MB down to 3 MB, back to roughly the original size. The dead space is truly gone, returned to the OS. So why not always use VACUUM FULL? Because it takes an ACCESS EXCLUSIVE lock on the table for the entire rewrite: no reads, no writes, nothing, until it finishes. On a large production table that can mean minutes of downtime. It also needs enough free disk to hold a second full copy while it runs. VACUUM FULL is a maintenance-window tool, not a routine one. The routine tool is plain VACUUM, and better still, the one that runs itself.

Note that the size I measured with pg_total_relation_size counts the indexes too, and indexes bloat right alongside the table: every dead tuple leaves a dead index entry pointing at it. Plain VACUUM cleans dead index entries so their slots can be reused, but like the table it doesn’t shrink the index files. VACUUM FULL rebuilds the indexes as part of its rewrite, which is why our whole-relation size dropped so cleanly. To shrink just an index without touching the table, REINDEX rebuilds it, and REINDEX ... CONCURRENTLY does so without the exclusive lock, at the cost of running longer.

Autovacuum does this for you

You will rarely type VACUUM in production, because Postgres runs it for you. Autovacuum is a background process that watches every table and vacuums it when the dead tuples cross a threshold. The threshold is computed, not fixed. The two settings that drive it default to:

 autovacuum_vacuum_threshold  = 50
 autovacuum_vacuum_scale_factor = 0.2

The formula is threshold + scale_factor × n_live_tup. For our 60,000-row table that’s 50 + 0.2 × 60000 = 12,050 dead tuples. Cross that and autovacuum wakes up and cleans the table. That 20% default is fine for medium tables and too lazy for large, hot ones: a billion-row table would accumulate 200 million dead tuples before autovacuum stirred. For such tables you lower scale_factor per-table so cleanup happens sooner. The reason I disabled autovacuum on churn at the start was precisely so it wouldn’t clean up mid-demo and hide the bloat.

Autovacuum is also why the “Postgres needs constant manual VACUUM” folklore is out of date. On any modern install, tuning autovacuum for your biggest, busiest tables is the real job; typing the command by hand is the exception.

The other thing VACUUM does: freezing

There’s a second reason VACUUM is not optional, and it has nothing to do with space. Every row carries the transaction id (xid) that created it, and that counter is 32 bits, so it wraps around. To keep old rows readable forever, VACUUM freezes them, stamping them as permanently visible so their xid no longer matters. The distance a table has drifted since its oldest unfrozen row shows up as age(relfrozenxid):

SELECT relname, age(relfrozenxid) FROM pg_class WHERE relname = 'orders';

 relname | age
---------+-----
 orders  | 248

A few hundred is nothing. The danger zone is around two billion, where Postgres starts refusing new writes to force a freeze and protect your data from wraparound corruption. Autovacuum handles this automatically with its own anti-wraparound runs, so you almost never think about it. But a very high age(relfrozenxid) on a huge table is a genuine alarm worth monitoring.

MySQL’s InnoDB has the same undo-versioning idea but a different cleanup story. A background purge thread removes old row versions, and its equivalent of bloat lives partly in the undo logs. There’s no xid wraparound to freeze against. SQLite, single-writer and simpler, reclaims space with VACUUM too, but the concurrency pressures that make it a constant concern in Postgres don’t apply.

Final thoughts

Dead tuples are the tax MVCC charges for never blocking readers. Every update and delete leaves an old version behind, and left alone they bloat a table well past the size of its real data: our churned copy swelled fivefold to 18 MB. VACUUM reclaims that dead space for reuse and refreshes the planner’s statistics, but it does not shrink the file. VACUUM FULL does shrink, by rewriting the whole table under an exclusive lock you can’t afford casually. In practice autovacuum runs the routine cleanup for you. Tuning it for your hottest tables, plus watching relfrozenxid age on your largest, is the real maintenance work. Next we take a different approach to keeping big tables manageable: instead of cleaning one enormous table, we split it into many.
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One Table, Many Pieces: Partitioning


The last chapter fought bloat by cleaning one big table. This chapter takes a different tack: don’t keep one big table at all. Partitioning splits a logically single table into many physical pieces, each holding a slice of the rows, while queries and inserts still address it as one table. Done well, it buys three things. The database can skip whole slices that can’t contain your answer. It can delete a slice of old data in milliseconds. And each piece stays small enough that its indexes and vacuum stay cheap. The classic case is time-series data like our orders table, split by month.

Declaring a partitioned table

Postgres has had built-in declarative partitioning since version 10, and it’s the approach to use. You declare a parent table with a partitioning strategy and key, then attach child partitions that each own a range of that key. The parent holds no data itself; it’s a routing layer. I built a partitioned copy of orders in a scratch schema, keyed by order_date:

CREATE TABLE part.orders (
    order_id    int,
    customer_id int,
    order_date  date not null,
    status      text not null
) PARTITION BY RANGE (order_date);

That parent can’t store a single row yet, because no range is defined. Each partition claims a half-open interval, [from, to). Our data spans January 2023 through September 2025, so I created one partition per month, thirty-three of them. By hand each looks like this:

CREATE TABLE part.orders_2025_03
  PARTITION OF part.orders
  FOR VALUES FROM ('2025-03-01') TO ('2025-04-01');

The upper bound is exclusive, which is why adjacent months meet cleanly at the first of the month with no overlap and no gap. Creating thirty-three of these by hand is tedious, so in practice you generate them in a loop. A small DO block that walks a date forward a month at a time, issuing a dynamic CREATE TABLE ... PARTITION OF per iteration, is all it takes. That same loop, scheduled ahead, is how you provision next month’s partition before the data arrives. Then a single insert into the parent routes every row to the right child automatically:

INSERT INTO part.orders SELECT * FROM orders;   -- INSERT 0 60000

All 60,000 rows landed, each filed into its month’s partition by its order_date. You query part.orders exactly as you would any table; the partitioning is invisible to the SQL. What changes is what the planner does underneath.

Partition pruning: skipping the pieces

Here’s the payoff. When a query filters on the partition key, the planner can prove that most partitions can’t possibly match and refuse to even look at them. This is partition pruning. Ask for a single month, and after ANALYZE, the plan reads exactly one partition:

EXPLAIN (ANALYZE, COSTS OFF, TIMING OFF)
SELECT count(*) FROM part.orders
WHERE order_date >= '2025-03-01' AND order_date < '2025-04-01';

 Aggregate (actual rows=1.00 loops=1)
   ->  Seq Scan on orders_2025_03 orders (actual rows=1855.00 loops=1)
         Filter: ((order_date >= '2025-03-01') AND (order_date < '2025-04-01'))

One Seq Scan, on orders_2025_03 alone. The other thirty-two partitions weren’t scanned, weren’t opened, don’t appear in the plan. The planner did the interval arithmetic and pruned them before execution. A query spanning two months prunes to exactly two:

EXPLAIN (COSTS OFF)
SELECT count(*) FROM part.orders
WHERE order_date >= '2025-08-01' AND order_date < '2025-10-01';

 Aggregate
   ->  Append
         ->  Seq Scan on orders_2025_08 orders_1
         ->  Seq Scan on orders_2025_09 orders_2

The Append node stitches the surviving partitions together; here only August and September made the cut. Contrast that with a query that doesn’t filter on the key at all, such as one that filters only on status:

EXPLAIN (COSTS OFF) SELECT count(*) FROM part.orders WHERE status = 'shipped';

The plan is an Append over all thirty-three partitions, each with its own Seq Scan. With nothing to prune on, partitioning bought you nothing for this query, and arguably cost you a little overhead. That’s the central lesson: partitioning helps precisely when your queries filter on the partition key. Choose the key to match how you actually query, which for time-series data almost always means the date.

The other win: instant data lifecycle

Partitioning changes more than reads. Consider the common task of dropping old data, deleting every order before 2023. On a single table that’s a DELETE of thousands of rows, which writes just as many dead tuples for VACUUM to chase later, per the last chapter. On a partitioned table, the old month is its own table, so you drop the whole thing:

DROP TABLE part.orders_2023_01;   -- Time: 2.611 ms

Under three milliseconds, no dead tuples, no VACUUM aftermath. It’s a metadata operation, not a row-by-row delete. If you want to keep the data but remove it from the live set, perhaps to archive it, DETACH turns a partition back into a free-standing table:

ALTER TABLE part.orders DETACH PARTITION part.orders_2023_02;

After detaching February, the parent’s count dropped from 58,159 to 56,580. part.orders_2023_02 lived on as a standalone 1,579-row table you can archive or drop at leisure. This “roll off the oldest month, roll on a new one” rhythm is why partitioning and time-series data are such a natural fit. Rolling on is the mirror image: create next month’s partition ahead of time, and inserts start landing in it automatically.

Range isn’t the only strategy

RANGE is the workhorse, but two siblings round it out. PARTITION BY LIST assigns partitions by an explicit set of values, one partition per region or per status, say, rather than by an interval. PARTITION BY HASH spreads rows evenly across a fixed number of partitions by hashing the key. You reach for it when there’s no natural range or list but you still want to cap each partition’s size, say partitioning customers into eight buckets by customer_id. Range for time and ordered data, list for discrete categories, hash for even spread.

A few sharp edges worth knowing before you partition in anger. A UNIQUE constraint on a partitioned table must include the partition key, because Postgres enforces uniqueness per-partition, not globally. You can’t declare book_id alone unique across a table partitioned by date. Every partition inherits the parent’s indexes, but you create them on the parent and Postgres cascades them down. And partitioning adds planning overhead that grows with the partition count, so hundreds of partitions are fine and tens of thousands start to hurt. Keep the granularity sane: monthly or daily, not by the minute.

MySQL has its own PARTITION BY RANGE/LIST/HASH syntax baked into CREATE TABLE, similar in spirit though different in detail. SQLite has no native partitioning at all; the nearest idiom is separate tables glued together with a UNION ALL view, without the automatic routing or pruning.

Final thoughts

Partitioning turns one unwieldy table into many right-sized ones that still behave, to your SQL, as a single table. Two wins carry it. The planner prunes partitions a filter can’t match, so a one-month query scanned one partition out of thirty-three. And data lifecycle becomes a metadata operation, so dropping a month took under three milliseconds instead of a mass delete’s bloat. The catch is that pruning only fires when your queries filter on the partition key, so the key must match your access pattern. It’s the last of the structural tools in this series. Next we shift from restructuring data to reusing computed answers, and then to the query mistakes that quietly defeat everything you’ve learned.
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Cache the Query, Unlearn the Traps: Materialized Views and Anti-Patterns


We close the performance series with two ideas that meet in the middle. The first is what to do when a query is unavoidably expensive and you’d rather not pay for it on every request: cache the result. The second is the opposite problem, queries that look cheap but quietly refuse to use the indexes you built for them, the anti-patterns. Both come down to the same skill this whole series has been teaching: reading a plan and knowing why it’s shaped the way it is.

Materialized views: pay once, read many

A regular VIEW is just a stored query; it re-runs every time you select from it. A materialized view runs the query once, stores the result as a physical table, and hands you that stored answer on every read until you refresh it. It’s the right tool for an expensive aggregate that many readers need but that doesn’t have to be up-to-the-second.

Our bookshop has a natural one: revenue per book, which joins the ~150,000-row order_items table to books and groups. Run raw, it costs real time:

SELECT b.book_id, b.title, count(*) AS times_ordered,
       round(sum(oi.quantity * oi.unit_price), 2) AS revenue
FROM order_items oi JOIN books b ON b.book_id = oi.book_id
GROUP BY b.book_id, b.title;
-- Time: 63.011 ms

Sixty-three milliseconds, every time anyone asks. Materialize it once:

CREATE MATERIALIZED VIEW book_revenue AS
SELECT b.book_id, b.title, count(*) AS times_ordered,
       round(sum(oi.quantity * oi.unit_price), 2) AS revenue
FROM order_items oi JOIN books b ON b.book_id = oi.book_id
GROUP BY b.book_id, b.title;

Now reads hit the stored 600-row result, not the 150,000-row join:

SELECT book_id, title, revenue FROM book_revenue ORDER BY revenue DESC LIMIT 5;
-- Time: 1.594 ms

From 63 ms to 1.6 ms, a fortyfold cut, because the join and aggregation already happened. The trade is staleness: the stored answer doesn’t change when order_items does. You bring it up to date with REFRESH MATERIALIZED VIEW book_revenue, which re-runs the query and replaces the contents. Refresh on whatever cadence your data tolerates: hourly, nightly, after a batch load.

Plain REFRESH, though, takes an exclusive lock: readers are blocked for the duration. For a view people query continuously, that’s a problem, and Postgres offers REFRESH ... CONCURRENTLY to refresh without blocking readers. It comes with one firm requirement, which it enforces:

REFRESH MATERIALIZED VIEW CONCURRENTLY book_revenue;

ERROR:  cannot refresh materialized view "public.book_revenue" concurrently
HINT:  Create a unique index with no WHERE clause on one or more columns.

Concurrent refresh works by computing the new result and diffing it against the old, which it can only do if every row is uniquely identifiable. Give it a unique index and the refresh succeeds:

CREATE UNIQUE INDEX book_revenue_pk ON book_revenue (book_id);
REFRESH MATERIALIZED VIEW CONCURRENTLY book_revenue;   -- succeeds

That unique index is not optional decoration; it’s the price of a non-blocking refresh. Build it when you build the view.

The anti-patterns: how to disable your own index

The rest of this chapter is a rogues’ gallery. Each is a common way to write a WHERE clause that looks reasonable and quietly forces a full scan of a table you’d carefully indexed. The fix in every case comes from reading the plan.

A function on the indexed column. A B-tree index on email stores email values, so it can find one by equality instantly:

EXPLAIN: SELECT * FROM customers WHERE email = 'customer2500@example.com';
 Index Scan using customers_email_key on customers

Wrap the column in a function, though, and the index is useless, because the index holds email, not lower(email):

EXPLAIN ANALYZE: WHERE lower(email) = 'customer2500@example.com';
 Seq Scan on customers (actual rows=1.00 loops=1)
   Filter: (lower(email) = 'customer2500@example.com')
   Rows Removed by Filter: 4999
   Execution Time: 7.204 ms

A full scan of all 5,000 rows to find one. The database can’t use the index because it has no index on the expression. So build one:

CREATE INDEX customers_lower_email ON customers (lower(email));

 Bitmap Index Scan on customers_lower_email
   Execution Time: 0.089 ms

From 7.2 ms and a full scan to 0.089 ms. An expression index stores the computed value, so a query that computes the same expression can use it. The rule generalizes: any function or arithmetic on an indexed column, date(created_at), col + 1, upper(name), defeats a plain index unless you index that exact expression.

Leading-wildcard LIKE. A prefix search can use an index (with the right operator class); a search that starts with a wildcard cannot. With a text_pattern_ops index on email:

WHERE email LIKE 'customer250%'   ->  Index Only Scan   (prefix is bounded)
WHERE email LIKE '%2500@%'        ->  Seq Scan          (leading % is unbounded)

A B-tree is sorted, so it can seek to a known prefix, but %2500@% could match anywhere in any string, and there’s no way to seek to “somewhere in the middle.” Leading-wildcard search needs a different index type entirely, a trigram GIN index, which the indexing chapters covered.

SELECT * when you need three columns. Selecting only indexed columns can be answered from the index alone, an index-only scan that never touches the table:

SELECT order_date FROM orders WHERE order_date = '2025-08-15';
 Index Only Scan using orders_order_date on orders
   Heap Fetches: 0
   Execution Time: 0.055 ms

Ask for * and the database must visit the heap for every matching row to fetch the other columns:

SELECT * FROM orders WHERE order_date = '2025-08-15';
 Bitmap Heap Scan on orders
   Heap Blocks: exact=57
   Execution Time: 0.269 ms

Heap Fetches: 0 versus 57 heap blocks read. SELECT * isn’t always wrong, but selecting only what you need is what makes covering and index-only scans possible.

OR across two columns. Here’s one where the folklore is wrong, and only running it shows why. The old advice is that OR defeats indexes. Against Postgres 18, with both columns indexed:

WHERE customer_id = 42 OR order_date = '2025-08-15';
 Bitmap Heap Scan on orders
   ->  BitmapOr
         ->  Bitmap Index Scan on orders_customer_id
         ->  Bitmap Index Scan on orders_order_date

Postgres builds a BitmapOr, scans both indexes, and unions the results. OR across two indexed columns is fine here. The trap is different: OR where one side isn’t indexed. Then the unindexed side needs every row, so the whole query falls back to a sequential scan:

WHERE customer_id = 42 OR status = 'shipped';   -- status has no index
 Seq Scan on orders (Rows Removed by Filter: 49954)

The customer lookup, which had a perfectly good index, got dragged into a full scan by the un-indexed partner. Rewriting as UNION of two separate queries lets the indexed arm use its index independently. The real lesson isn’t “avoid OR,” it’s that every branch of an OR needs its own usable index, or none of them get used.

Final thoughts, and where we’ve been

That closes the performance series. We started by learning to read what the planner decided with EXPLAIN. Then we built the indexes it chooses between, watched it pick join algorithms and lean on statistics, and traced how MVCC lets readers and writers coexist. From there the tools got more structural: locks and the deadlocks to avoid, VACUUM and the bloat it fights, partitioning to keep big tables small, and now caching and the anti-patterns. The thread through all of it is a single habit: don’t guess, look at the plan. Every claim in these chapters was run against PostgreSQL 18. The surprises, the random load balancing, the OR that indexes just fine, the SELECT * that costs you an index-only scan, are exactly the things you’d never learn by reasoning alone. Reach for EXPLAIN (ANALYZE, BUFFERS) whenever a query is slow, and the database will tell you what it’s actually doing.

That’s also the end of thinking about SQL as performance. The final series of this track, SQL in the Real World, steps back out to the questions you meet once a database leaves your laptop. How do you design a schema that won’t fight you later? How do you evolve it with migrations without breaking what’s running? How does SQL fit into application code, from connection pools to the ORM that’s writing your queries for you? You’ve learned how the database runs your query. Next is how to live with one.






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.
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	Chapter	Run against


	Chapter 6	PostgreSQL 18 on the bookshop, and the plans are pasted in as they came back.

	Chapter 7	PostgreSQL 18.

	Chapter 8	PostgreSQL 18, including the two-session demo at the end.
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