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Abstract
Secondary indexes are the main tool for speeding up relational queries, but every index also costs storage and slows down writes. This study measures that trade-off in SQLite 3.45.1 using a synthetic orders table of 10,000, 100,000, and 1,000,000 rows. Three index configurations were compared (no secondary index, single-column indexes, and composite or covering indexes) across five query types: point lookup, range aggregation, multi-predicate filtering, a join with grouping, and a top-k query. Without secondary indexes every query was a full table scan, and latency grew roughly in proportion to table size; at one million rows the point lookup took 46.1 ms. Single-column indexes cut this to 0.04 ms, a speedup of about 1,155 times, yet they improved the 30-day range aggregation by only 1.3 times. Composite and covering indexes improved the same query by 26.6 times and the multi-predicate query by 127 times. The join query gained 3.6 to 4.1 times under both indexed configurations. These gains came at a price: at one million rows the database grew from 34.0 MB to 71.9 MB and 95.7 MB, and sustained insert throughput fell from about 673,000 rows/s to 34,000 and 17,000 rows/s. The results show that index benefit depends on how well an index matches a query's predicates and projected columns, not merely on whether an index exists, and that write-heavy workloads need to weigh these costs carefully.
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1. Introduction
Relational database systems answer queries by choosing an access path, which is either a scan of the whole table or a lookup through an index (Selinger et al., 1979). The B-tree and its variants remain the standard structure for ordered indexes because they keep lookups logarithmic in table size while supporting range scans (Bayer & McCreight, 1972; Comer, 1979; Graefe, 2011). Choosing which indexes to create is a well-known tuning problem, and automated tools for it have been studied for decades (Chaudhuri & Narasayya, 1997). More recent work even proposes replacing B-trees with learned models for some workloads (Kraska et al., 2018), which shows that index design is still an active question.
SQLite is probably the most widely deployed database engine, embedded in mobile applications, browsers, and desktop software (Gaffney et al., 2022). Developers using it often add indexes by habit, one column at a time, following the columns that appear in WHERE clauses. That habit is cheap to apply but may leave performance on the table, because a single-column index does not help every predicate shape, and it can hurt when the application also writes a lot of data.
This paper asks three practical questions. First, how much does each index configuration reduce query latency as the table grows? Second, which query shapes benefit little from simple single-column indexes? Third, what do the indexes cost in storage, build time, and insert throughput? We answer them with a controlled benchmark that is small enough to repeat on any laptop, and we report the query plans so the measured differences can be tied to the access paths the engine actually chose.
2. Methods
2.1 Schema and data
The benchmark uses two tables. The customers table has an integer primary key and a region label drawn from ten values. The orders table has an integer primary key, a customer identifier, a status (one of five values), an amount, a creation day expressed as an integer from 0 to 1,094 (about three years), and a category identifier. Tables were generated with fixed random seeds at three sizes of 10,000, 100,000, and 1,000,000 orders. The number of customers was one tenth of the number of orders, so each customer had about ten orders on average. All attributes were drawn uniformly at random. This is a simplification: real data are usually skewed, and Section 4.2 discusses what that implies.
2.2 Index configurations
Configuration A kept only the primary keys. Configuration B added one single-column index on each of customer_id, created_at, and status. Configuration C added three composite indexes: (customer_id, created_at), (created_at, amount), and (status, created_at, amount). The third and second of these were designed to cover the multi-predicate and range-aggregation queries respectively, so that those queries could be answered from the index alone. After each index set was created, ANALYZE was run so the query planner had up-to-date statistics.
2.3 Query workload
Five queries were used. Q1 retrieves all orders of one customer (about 10 rows). Q2 counts orders and sums their amounts over a 30-day window (about 2.7% of the table). Q3 selects the identifier and amount of orders with a given status inside a 7-day window (about 0.13% of the table). Q4 joins orders to customers over a 7-day window and counts orders per region. Q5 returns the five most recent orders of one customer. Query parameters were drawn at random for each repetition so that results do not depend on one lucky value.
2.4 Measurement protocol
Each query was run 30 times per configuration and table size, preceded by three warm-up executions, and the median latency is reported. Timing used a monotonic clock around execution and full retrieval of the result set, in a single process with one database connection. The cache was therefore warm, and the numbers describe in-memory-cached performance rather than cold disk reads. Index build time was measured as the time to create all secondary indexes on the loaded table. Write cost was measured by inserting batches of 5,000 new rows, each batch in a single transaction with default journaling and synchronization settings. Seven batches were inserted per configuration and size, the first was discarded as warm-up, and the median throughput of the remaining six is reported. Database file size was read from disk after loading and index creation.
2.5 Environment
All experiments ran on a Linux virtual machine with two virtual CPUs, using SQLite 3.45.1 through the Python 3.13 standard library. Absolute timings will differ on other hardware; the relative comparisons are the focus of this study. The query plan for each query was captured with EXPLAIN QUERY PLAN at the largest table size.
3. Results
3.1 Query latency at one million rows
Table 1 and Figure 1 show median latency at the largest table size. Without secondary indexes all five queries took between 44.7 and 67.9 ms, which is the cost of scanning the full table. The query plans confirm this: every query in configuration A used a full scan of the orders table.
Table 1. Median query latency at 1,000,000 rows (A: no secondary index; B: single-column indexes; C: composite/covering indexes) and speedup relative to A
	Query
	A (ms)
	B (ms)
	C (ms)
	B speedup
	C speedup

	Q1 point lookup (customer)
	46.1
	0.040
	0.040
	1,155×
	1,164×

	Q2 range aggregate (30 days)
	50.5
	37.8
	1.90
	1.3×
	26.6×

	Q3 multi-predicate
	67.9
	9.06
	0.534
	7.5×
	127×

	Q4 join + group
	55.7
	13.7
	15.4
	4.1×
	3.6×

	Q5 top-5 per customer
	44.7
	0.032
	0.017
	1,417×
	2,621×



The two selective lookups, Q1 and Q5, improved by three orders of magnitude. Q1 dropped from 46.1 ms to 0.04 ms under both B and C, a speedup of roughly 1,155 times. For Q5, the composite index on (customer_id, created_at) was better than the single-column index (0.017 ms against 0.032 ms) because it returns rows already ordered by date. The plan for configuration B shows a temporary B-tree built for the ORDER BY step, whereas the plan for C does not.
The range and multi-predicate queries separated the two index designs more clearly. For Q2, single-column indexes reduced latency only from 50.5 ms to 37.8 ms (1.3 times). The plan shows that the engine did use the index on created_at, but because amount is not stored in that index, each of the roughly 27,000 matching rows still required a lookup in the table. The covering index on (created_at, amount) removed those lookups, and the latency fell to 1.9 ms (26.6 times). For Q3, B reached 9.1 ms and C reached 0.53 ms, which is 7.5 and 127 times faster than the scan. In configuration B the planner chose the index on created_at rather than the one on status, so only one of the two predicates narrowed the search; the composite index handled the equality on status and the range on created_at together.
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Figure 1. Median latency at 1,000,000 rows by query and index configuration (logarithmic vertical axis)
Q4, the join with grouping, benefited least and equally from both indexed configurations (4.1 times for B and 3.6 times for C). In both cases the plan filters orders through an index on created_at, looks up each customer by primary key, and groups the result in a temporary B-tree. Configuration C's covering index does not contain customer_id, so the table lookups remained.
3.2 Scaling with table size
Table 2 gives the speedup over configuration A at each size. Without secondary indexes, latency grew about linearly with the table: Q1 went from 0.36 ms to 4.28 ms to 46.1 ms as the table grew from 10⁴ to 10⁵ to 10⁶ rows. With an index on customer_id the same query went from 0.018 ms to 0.031 ms to 0.040 ms, so the index speedup itself grew from about 20 times to more than 1,100 times. The benefit of an index therefore increases with table size for selective queries. For Q2, in contrast, the advantage of single-column indexes shrank from 5.1 times at 10⁴ rows to 1.3 times at 10⁶ rows, while the covering index kept a speedup of between 18 and 27 times at every size.
Table 2. Speedup relative to configuration A for B and C at each table size (10⁴, 10⁵, and 10⁶ rows)
	Query
	10⁴ B
	10⁴ C
	10⁵ B
	10⁵ C
	10⁶ B
	10⁶ C

	Q1 point lookup (customer)
	20.6×
	19.8×
	140×
	157×
	1,155×
	1,164×

	Q2 range aggregate (30 days)
	5.1×
	18.7×
	2.3×
	26.1×
	1.3×
	26.6×

	Q3 multi-predicate
	27.4×
	72.5×
	13.6×
	126×
	7.5×
	127×

	Q4 join + group
	14.4×
	13.7×
	7.2×
	6.4×
	4.1×
	3.6×

	Q5 top-5 per customer
	32.1×
	58.5×
	298×
	522×
	1,417×
	2,621×



3.3 Storage, build time, and write throughput
Table 3 summarizes the costs. At one million rows the database file grew from 34.0 MB without secondary indexes to 71.9 MB with single-column indexes (2.1 times) and 95.7 MB with composite indexes (2.8 times). Building the indexes on the loaded table took 1.40 s and 2.45 s respectively.
Table 3. Storage, index build time, and sustained insert throughput by table size and configuration (batches of 5,000 rows; median of six batches)
	Rows
	Config.
	DB size (MB)
	Index build (s)
	Insert (rows/s)

	10,000
	A
	0.3
	—
	626,647

	
	B
	0.7
	0.02
	201,893

	
	C
	0.9
	0.02
	94,251

	100,000
	A
	3.3
	—
	635,162

	
	B
	7.0
	0.15
	108,909

	
	C
	9.4
	0.22
	46,442

	1,000,000
	A
	34.0
	—
	673,211

	
	B
	71.9
	1.40
	34,194

	
	C
	95.7
	2.45
	16,572



Write throughput was affected much more strongly than storage. With no secondary index, inserting 5,000 rows ran at roughly 627,000 to 673,000 rows/s regardless of table size. With single-column indexes throughput fell to about 202,000 rows/s at 10⁴ rows, 109,000 at 10⁵, and 34,000 at 10⁶, and with composite indexes to 94,000, 46,000, and 17,000 rows/s. At one million rows this is a drop of about 20 times for B and about 41 times for C. Because the indexed columns hold random values, each insert touches different parts of several B-trees, and at the largest size those trees are probably larger than SQLite's default page cache, which would explain why the penalty grows with table size. We did not vary the cache size, so this explanation remains a hypothesis.
4. Discussion
4.1 Practical implications
The main lesson is that an index helps in proportion to how well it matches a query. A single-column index is enough for equality lookups on a selective column. It is much less effective for a range that returns many rows and then needs more columns from the table, which is the situation in Q2 at large sizes. There, adding the projected column to the index turned a modest improvement into a large one. For queries that filter on an equality column and a range column, a composite index with the equality column first is the natural choice, as Q3 shows. These observations agree with the general guidance in the SQLite documentation on how the query planner uses indexes (SQLite Consortium, n.d.), and the plans we captured make the mechanism visible.
The costs are equally important. A read-mostly application with a large table gains a great deal from composite indexes, whereas an application that ingests data continuously may find a 20- to 40-fold drop in insert rate unacceptable. Our single-transaction batches are favorable to writes, so single-row transactions would show the penalty differently. In practice the choice should come from a measured workload, and indexes that no query uses should be removed.
4.2 Threats to validity
Several limitations apply. The data are uniform and synthetic, so skewed distributions, which are common in real systems, could change selectivity and plan choices. Only one machine and one SQLite version were used, and the virtual machine's disk and CPU sharing may add noise, although medians over repeated runs reduce its influence (Jain, 1991). The workload contains five queries and no updates or deletes, and we did not vary the page cache, journal mode, or synchronization setting. Index configurations were fixed by hand and not searched exhaustively; for Q4 in particular, an index on (created_at, customer_id) might have covered the query, but we did not test this. Finally, we did not apply statistical tests, and the figures describe the measured medians only.
5. Conclusion
In a controlled SQLite benchmark with up to one million rows, secondary indexes reduced the latency of selective queries by more than three orders of magnitude, and the benefit grew with table size. The type of index mattered: single-column indexes gave only a 1.3-fold improvement for a wide range aggregation, while a covering composite index gave 26.6 times, and a composite index with an equality prefix gave 127 times on a multi-predicate query. The join query gained about four times regardless of the design. The cost side was equally clear, with up to 2.8 times larger files and insert throughput that fell by about 20 to 41 times at one million rows. Index design should therefore be driven by the actual mix of reads and writes, and it should be checked with query plans and measurements rather than assumed. Future work should test skewed data, additional index types such as partial and expression indexes, other engines, and mixed read-write workloads.
Data Availability
The data are synthetic and generated with fixed random seeds (data seed 1, query seed 99). The schema, index definitions, and queries are fully described in Section 2, so the experiment can be reproduced with the Python standard library and SQLite.
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