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Abstract. Relational database tuning traditionally relies on specialized heuris-
tics and expert intuition, making the process difficult to scale, audit, and re-
produce. While recent research has explored autonomic and AI-based systems
to assist Database Administrators, the emergence of Large Language Models
introduces a new paradigm for automated tuning. This paper investigates the
extent to which LLMs can augment or replace traditional DBA expertise in com-
plex, knowledge-dependent tuning tasks. We evaluate tuning recommendations
generated by two distinct LLMs across three model variants each, comparing
zero-shot performance against ontology-driven prompting. Using a PostgreSQL
environment with a TPC-H-like workload, we measure the power, throughput,
and storage footprint of the recommended structures. Our results indicate that
expert knowledge—whether from an experienced DBA or a formal ontology—is
not merely a source of domain vocabulary. Ultimately, the ontology acts as a
critical precision mechanism that codifies the ’rules of thumb’ inherent to expert
tuning, effectively grounding the LLM’s generative capacity and optimizing the
trade-off between performance and storage footprint.

1. Introduction

Relational database tuning remains a cornerstone of performance for both analytical and
transactional applications. Despite decades of advancement in query optimizers and self-
managing features, the selection of optimal physical structures—such as indexes and ma-
terialized views—still relies heavily on domain-expert knowledge. This expertise com-
prises nuanced heuristics and rules of thumb that are highly sensitive to the specific
database engine, version, and shifting workload patterns.

The recent emergence of Large Language Models (LLMs) has sparked a new fron-
tier in database research, centering on the potential for these models to augment or even
replace traditional Database Administrator (DBA) expertise. While LLMs show remark-
able generative capabilities, it remains unclear whether they can replicate the specialized
logic and cost-benefit intuition of established experts, whether those experts are seasoned
human DBAs or automated, heuristic-based support systems. To bridge the gap between
an LLM’s general linguistic patterns and specialized domain knowledge, formal structures
such as ontologies can serve as a grounding mechanism.
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This paper investigates the extent to which LLMs can replicate or surpass tra-
ditional expert intervention in complex tuning tasks. We conduct an extensive experi-
mental study across 96 distinct scenarios, evaluating three model variants against estab-
lished expert-knowledge benchmarks. By comparing standard LLM prompting against
ontology-driven inputs across this broad experimental space, we measure the models’
ability to approximate expert-level decisions. The evaluation is conducted using a repre-
sentative real-world Database Management System (DBMS) and a TPC-H-like workload,
measuring results through multiple lenses: throughput, storage footprint, and efficiency.

The primary contributions of this work are threefold. First, we provide a large-
scale experimental evaluation of LLM-generated tuning recommendations under different
prompt and ontology conditions. Second, we present a comparative analysis of model
scale, investigating how different model capacities use structured domain knowledge. Fi-
nally, we conduct an efficiency analysis showing how ontology-guided prompting affects
the trade-off between performance gains and storage footprint.

The remainder of this article is organized as follows: after this brief introduction,
Section 2 presents related research work, and Section 3 formulates our main hypothesis,
which will be discussed throughout this manuscript. Then, Section 4 describes the ex-
perimental analysis and metrics, as well as some research questions. Finally, Section 5
presents our practical experiments, Section 6 discusses the results obtained, and Section 7
presents conclusions and possible future work.

2. Related Work
The literature on automated physical database design shows that choosing parti-
tions, indexes, knobs, and other tuning strategies is far from trivial [Liu et al. 2026,
Wu et al. 2024, Zhao et al. 2023]. The complexity of the problem arises from interactions
among queries, predicate selectivity, update costs, overlap among candidate structures, in-
teractions among multiple knobs, and internal optimizer behavior.

Previous work on database tuning, either autonomous or not, has highlighted two
central points. First, database tuning should be driven by the overall workload rather than
by isolated heuristics applied to individual queries. Second, the quality of a recommenda-
tion depends on the balance between read performance gains and associated costs, such
as storage and maintenance. In other words, a larger set of structures is not necessarily
better than a smaller and more carefully selected one.

The authors in [Mozaffari et al. 2024] present a systematic literature review on
automatic database schema design and tuning, which the interested reader can refer to
for a detailed study of these issues. There are many researchers in the Brazilian com-
munity who have published interesting works concerning database tuning issues, e.g.
[de Araújo et al. 2014, Alencar et al. 2019, Fuentes et al. 2018].

Some authors have explored conceptual models in the relational database domain
[Metamodel 2003, Calero et al. 2006, Ouared et al. 2016, de Aguiar et al. 2018]. These
works describe objects in relational databases (e.g., tables, columns, data types, data struc-
tures), providing greater knowledge and transparency into the relationships among these
objects.

The second group of studies addresses the use of conceptual models for database
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tuning [Almeida et al. 2019, Almeida et al. 2021, Perciliano et al. 2021]. This group
complements the previous one by formalizing database tuning concepts through an on-
tological representation and inference rules for the knowledge representation of tuning
actions.

This research line has evolved toward broader problems, such as the combina-
tion and selection of tuning actions [Oliveira et al. 2022] and cost-benefit-guided tuning
decisions [Souza and Lifschitz 2022]. These works reinforce an important point for this
paper: tuning should not be viewed merely as the generation of candidate structures, but
as a reasoning process that must account for utility, interaction, and constraints.

LLMs have recently been investigated for several database tasks. For example,
an LLM-Driven Index Tuning approach [Wang et al. 2026]. DB-GPT [Xue et al. 2024]
presents a systems-oriented view in which LLMs can be used with prompting, fine-tuning,
and specialized mechanisms for query rewriting and index tuning. In parallel, there are
several studies that use LLMs to recommend database tuning knobs [Dou et al. 2026,
Giannakouris and Trummer 2025, Lao et al. 2025, Li et al. 2025, Li et al. 2024]. Some
works use knowledge of DBMS manuals and forum discussions to enrich tuning decisions
with LLM [Lao et al. 2025].

However, an important gap remains: there are still few studies that isolate the
effect of structured domain knowledge, in this case, an ontology or knowledge from an
experienced DBA, on physical tuning recommendations, from those suggestions gener-
ated by LLMs. Our work is positioned exactly at this intersection. Rather than studying
either LLMs or ontology-driven modeling, we evaluate the effect of combining the two
to explore whether human- or systems-based DBA can already be replaced by AI mecha-
nisms, or whether there is still a long way to go in this direction.

3. Proposed Approach

The central hypothesis of this work is that a tuning ontology can function as a grounding
mechanism for LLMs, reducing redundant, weakly selective, or poorly workload-aligned
recommendations. More specifically, we expect the ontology to help the model:

1. prioritize recurring join and filtering patterns;
2. avoid suggestions that are redundant with already existing indexes;
3. distinguish when simple, composite, and partial indexes are more appropriate; and
4. reduces the tendency to suggest structures for small tables or low-selectivity predi-

cates.

This hypothesis does not imply that the ontology will always improve every
model. On the contrary, its effect may depend on the LLM’s ability to use the knowl-
edge it receives correctly. For this reason, the experiment was designed as an ablation
study.

3.1. Experimental pipeline

Figure 1 summarizes the pipeline adopted in this work. The process receives schema
metadata, workload information, task instructions, and, optionally, the OnDBTuning on-
tology. The LLM generates candidate structures. These structures are then converted
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into concrete tuning definitions and evaluated in PostgreSQL against a TPC-H-like work-
load. The experiment measures performance (power, throughput, and QphH) together
with storage cost.

Inputs: schema metadata + SQL workload + prompt condition + ontology condition
Step 1: the LLM generates tuning recommendations (indexes, partial predicates, composite
structures)
Step 2: recommendations are normalized and evaluated in PostgreSQL
Step 3: the TPC-H-like workload is executed and power, throughput, QphH, and storage are
collected
Output: comparison across scenarios with and without ontology, with and without prompt,
and across different model sizes.

Figure 1. Overview of the experimental pipeline.

3.2. Experimental factors
The evaluation combines four factors:

• Model: GPT-5.4, GPT-5.4-mini, GPT-5.4-nano, Gemini 2.5 Pro, Gemini 2.5 Flash,
and Gemini 2.5 Flash-Lite;

• Scale factor: SF = 0.01, 0.02, 0.05, and 0.10;
• Prompt: with an explicit prompt versus without an explicit prompt;
• Knowledge: with ontology versus without ontology.

This yields 96 experimental scenarios, in addition to a baseline without extra tun-
ing structures. The design enables separation of the effects of model capacity, task fram-
ing, and structured knowledge.

3.3. Role of the ontology
The ontology used in this work was originally proposed by Perciliano et al.
[Perciliano et al. 2021]. In practice, it provides the model with a formalized vocabulary
for reasoning about columns, tables, access patterns, and types of tuning actions. In the
best-performing scenarios observed in this study, the ontology was associated with rules
that favor:

• simple indexes for join keys and recurring filters;
• composite indexes when pairs of columns appear jointly in joins or filters; and
• partial indexes when a specific, reusable predicate appears consistently in the work-

load.

4. Experimental Methodology
The experiments were executed on PostgreSQL 14.22 on Ubuntu 22.04, with an Intel Core
i5-1235U processor, 4 CPUs visible to the system, 5.8 GiB of RAM, and 1 TB of storage.
The workload was TPC-H-like, with scale factors SF = 0.01, SF = 0.02, SF = 0.05,
SF = 0.1 and four streams.

4.1. Evaluated structures
The structures generated in the experiments correspond exclusively to indexes, which fall
into three main categories: simple indexes, composite indexes, and partial indexes.
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4.2. Metrics

We use four main measures:

• Power: measures system performance in isolated execution, being computed from
the time required to execute the full set of workload queries and refresh functions
sequentially. In general, the lower the total execution time, the higher the Power. Its
formula can be expressed as:

Power =
3600

Geometric Mean Time
× SF

where Geometric Mean Time is the geometric mean of the sequential execution times
of the workload queries and updates, and SF is the benchmark scale factor.

• Throughput: measures the system’s ability under concurrent execution, considering
multiple parallel streams running the same workload. Its computation relates the total
number of operations executed to the total elapsed time in the parallel scenario, so
that higher values indicate better simultaneous processing capacity. In general terms:

Throughput =
Total Number of Operations × 3600

Total Time in Seconds
× SF

where the total number of operations depends on both the number of parallel streams
and the workload per stream.

• QphH: is a composite metric that combines Power and Throughput through the geo-
metric mean, aiming to jointly reflect system performance in both isolated and con-
current scenarios. Its formula is:

QphH =
√

Power × Throughput

• Tuning space (MB): corresponds to the total storage consumed by the structures
recommended and effectively considered in the experiment, allowing the physical
cost associated with performance gains to be analyzed. In general:

Tuning space =
n∑

i=1

size of structurei

where each structure corresponds to an index generated and materialized in the
database.

In addition to these metrics, we use an auxiliary efficiency measure:

Storage efficiency =
QphH

MB of additional structures
.

This measure does not replace QphH, but it helps discuss the cost-benefit trade-off of the
recommendations.

This research work enables us to explore the following and possibly other research
questions, such as:

• RQ1: Does the ontology improve performance as measured by QphH?
• RQ2: Does the ontology improve the performance-to-space ratio?
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• RQ3: Does the effect of the ontology depend on model capacity and on the use of a
prompt?

• RQ4: To what extent can LLMs approximate DBA-like decision quality in relational
index tuning?

All experimental material is available at: https://github.com/
EricRLeao1311/Test_LLM_Ontology.

5. Results
Tables 1 and 2 present the consolidated results for all evaluated models (GPT and
Gemini-based, respectively), conditions, and scale factors, in addition to the baseline
without extra tuning structures. For each scale factor (SF = 0.01, 0.02, 0.05, and 0.10), the
tables report QphH, tuning size in MB, and storage efficiency (Eff. = QphH/MB) for the
four conditions: P+O (prompt + ontology), P (prompt only), O (ontology only), and None
(neither prompt nor ontology). In total, the tables cover the baseline and 24 LLM-based
configurations distributed across the evaluated models.

Table 1. Results for GPT-based models across all conditions and scale factors.
Each configuration reports QphH, tuning size (MB), and efficiency (Eff. =
QphH/MB). Boldface indicates the best overall QphH and best overall Eff.
for each scale factor.

Model Cond. SF = 0.01 SF = 0.02 SF = 0.05 SF = 0.10

QphH MB Eff. QphH MB Eff. QphH MB Eff. QphH MB Eff.

Baseline – 25.28 0.00 – 13.81 0.00 – 4.88 0.00 – 2.28 0.00 –

5.4 P+O 4551.60 2.01 2266.95 3442.25 3.86 891.92 2726.94 9.44 288.95 3286.47 18.73 175.42
P 3320.22 4.19 792.89 2103.14 8.24 255.17 2430.17 20.34 119.46 3008.82 40.59 74.13
O 3519.33 7.75 454.11 1566.09 14.65 106.91 1916.70 35.03 54.71 2516.98 68.98 36.49
None 4475.04 11.73 381.36 5491.20 23.08 237.94 4536.95 56.93 79.69 2430.90 113.57 21.40

5.4 mini P+O 90.21 2.84 31.81 41.98 5.34 7.87 14.53 12.73 1.14 6.45 25.16 0.26
P 1169.43 3.63 321.91 629.16 7.20 87.44 388.18 17.70 21.93 217.67 35.34 6.16
O 1148.01 3.88 295.66 677.23 7.48 90.49 450.81 18.09 24.91 226.47 35.82 6.32
None 537.02 3.41 157.66 372.61 6.52 57.19 234.68 15.88 14.78 225.15 31.77 7.09

5.4 nano P+O 63.79 3.67 17.37 35.03 7.27 4.82 12.78 17.94 0.71 5.62 35.89 0.16
P 74.07 3.62 20.48 37.62 7.01 5.37 12.56 16.70 0.75 5.82 32.88 0.18
O 871.27 8.62 101.11 846.70 16.48 51.39 3199.90 40.17 79.66 585.59 79.80 7.34
None 603.11 6.52 92.45 755.74 12.53 60.31 634.73 30.05 21.12 353.14 59.50 5.94

Abbreviations: P+O, prompt + ontology; P, prompt only; O, ontology only; Eff., efficiency.

The central question of the paper is whether the ontology provides useful ground-
ing for LLM-based tuning. The three measures used: QphH, storage footprint (MB), and
storage efficiency (QphH/MB) make it possible to inspect the complete result set per scale
factor, preserving the relationship between raw performance and physical cost.

Four high-level patterns emerge from the analysis of the Tables 1 and 2 together.
First, the best raw QphH is not uniformly ontology-driven. At SF = 0.01, the best
overall result is obtained by Gemini 2.5 Flash-Lite in the None condition, with QphH
= 5711.79 and 7.95 MB (Table 2). At SF = 0.02 and SF = 0.05, the best overall
result is obtained by GPT-5.4 in the None condition, with QphH = 5491.20 and 4536.95,
respectively (Table 1). Only at SF = 0.10 does the ontology-driven condition achieve the
best overall QphH: Gemini 2.5 Pro with P+O reaches QphH = 4072.11 with 16.84 MB.
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Table 2. Results for Gemini 2.5-based models across all conditions and scale
factors. Each configuration reports QphH, tuning size (MB), and efficiency
(Eff. = QphH/MB). Boldface indicates the best overall QphH and best over-
all Eff. for each scale factor.

Model Cond. SF = 0.01 SF = 0.02 SF = 0.05 SF = 0.10

QphH MB Eff. QphH MB Eff. QphH MB Eff. QphH MB Eff.

Flash P+O 912.46 4.87 187.47 910.90 9.36 97.33 3756.31 22.52 166.83 2877.42 43.30 66.46
P 882.26 6.02 146.47 3365.64 11.66 288.74 2292.42 28.56 80.26 3600.67 56.81 63.38
O 2679.37 36.23 73.95 2926.53 70.52 41.50 2070.91 171.89 12.05 3361.51 339.27 9.91
None 3316.12 29.34 113.01 3576.36 57.58 62.11 1730.17 141.84 12.20 809.37 283.27 2.86

Flash-Lite P+O 967.12 11.15 86.75 957.63 21.54 44.46 3717.06 52.59 70.67 1888.38 104.37 18.09
P 3664.95 16.97 215.98 2584.11 33.03 78.23 3612.65 81.21 44.48 1664.81 161.80 10.29
O 1015.17 4.01 253.30 579.82 7.48 77.55 332.58 17.95 18.53 234.12 35.48 6.60
None 5711.79 7.95 718.18 3407.90 15.27 223.13 2767.09 36.66 75.49 2021.35 72.15 28.02

Pro P+O 4493.14 1.79 2511.45 3234.06 3.45 936.56 2450.35 8.48 288.81 4072.11 16.84 241.76
P 985.61 2.28 432.05 966.02 4.45 216.93 2616.00 11.01 237.65 3306.97 21.90 151.01
O 996.76 3.82 260.91 582.62 7.54 77.28 325.17 18.59 17.50 158.09 37.13 4.26
None 85.57 3.81 22.45 42.84 7.50 5.71 18.54 18.45 1.00 9.01 36.82 0.24

Abbreviations: P+O, prompt + ontology; P, prompt only; O, ontology only; Eff., efficiency.

Second, although the absolute QphH winner is non-ontology-driven in the first
three scale factors, the best ontology-driven configuration is consistently much more com-
pact. At SF = 0.01, the best ontology-driven result is GPT-5.4 with P+O, reaching QphH
= 4551.60 with only 2.01 MB, which is 74.75% less storage than the best non-ontology
result at that scale. At SF = 0.02, GPT-5.4 with P+O reaches QphH = 3442.25 with
3.86 MB, an 83.28% reduction in extra storage relative to the best non-ontology result.
At SF = 0.05, Gemini 2.5 Flash with P+O reaches QphH = 3756.31 with 22.52 MB,
still using 60.45% less storage than the best non-ontology result. At SF = 0.10, the
best ontology-driven configuration is also the best overall one, and still uses 70.35% less
storage than the best non-ontology competitor in that scale factor.

Third, the gains over the baseline remain extremely large even when the ontology
is not the absolute raw-performance winner. The best ontology-driven QphH is about
180.02× the baseline at SF = 0.01, 249.24× at SF = 0.02, 770.31× at SF = 0.05, and
1787.79× at SF = 0.10. In other words, ontology-driven grounding is never associated
with a marginal result in this dataset: even in the scales where it does not produce the
single largest QphH, it still produces very strong and practically relevant tuning outcomes.

Fourth, the effect of ontology grounding is strongly model-dependent. In larger
models, the combination of prompt and ontology tends to be highly beneficial, whereas
in smaller models, the same combination often degrades performance, suggesting that the
additional semantic structure increases task complexity beyond what weaker models can
reliably integrate.
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5.1. Recommendation profile

Table 3. Profile of the generated recommendations.

Scenario Total Simple Composite Partial

P+O / GPT-5.4 5 2 2 1
P / GPT-5.4 9 3 6 0
O / GPT-5.4 21 8 9 4
None / GPT-5.4 24 5 16 3
P+O / Mini 8 2 6 0
P / Mini 7 0 7 0
O / Mini 11 0 8 3
None / Mini 10 0 7 3
P+O / Nano 4 0 3 1
P / Nano 4 0 4 0
O / Nano 26 24 0 2
None / Nano 15 1 13 1
P+O / Gemini 2.5 Flash 20 13 4 3
P / Gemini 2.5 Flash 23 13 10 0
O / Gemini 2.5 Flash 109 36 33 40
None / Gemini 2.5 Flash 49 27 21 1
P+O / Gemini 2.5 Flash-Lite 31 13 15 3
P / Gemini 2.5 Flash-Lite 42 20 20 2
O / Gemini 2.5 Flash-Lite 23 17 2 4
None / Gemini 2.5 Flash-Lite 20 4 14 2
P+O / Gemini 2.5 Pro 6 3 2 1
P / Gemini 2.5 Pro 6 3 2 1
O / Gemini 2.5 Pro 6 2 2 2
None / Gemini 2.5 Pro 6 1 4 1

Table 3 shows a large variation in recommendation volume across scenarios, from only
4 structures in P+O / Nano and P / Nano to 109 in O / Gemini 2.5 Flash. Intermediate
cases also differ substantially: the GPT-5.4 family ranges from 5 to 24 recommendations,
the Mini family from 7 to 11, the Nano family from 4 to 26, and the Gemini families from
compact sets of 6 indexes in all Gemini 2.5 Pro settings to much larger sets in Gemini 2.5
Flash and Gemini 2.5 Flash-Lite. Quantitatively, this indicates that the scenarios differ
not only in performance, but also in how broadly they explore the space of candidate
structures.

The distribution by index type also reveals distinct recommendation styles. Com-
posite indexes dominate many scenarios, such as P / GPT-5.4, P+O / Mini, P / Mini,
None / GPT-5.4, and None / Nano, suggesting a preference for access paths that combine
join and filter attributes. In contrast, O / Nano is almost entirely driven by simple indexes,
with 24 out of 26 recommendations in this category, while O / Gemini 2.5 Flash combines
high volume with high heterogeneity, including 36 simple, 33 composite, and 40 partial
indexes. The Gemini 2.5 Pro cases are the most stable, always producing 6 structures
with only small changes in composition.

Partial indexes appear unevenly across the scenarios. In some cases, they are ab-
sent, such as P / GPT-5.4, P+O / Mini, P / Mini, P / Nano, and P / Gemini 2.5 Flash; in
others, they play a more visible role, especially in O / Gemini 2.5 Flash, where they ac-
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count for 40 recommendations. This suggests two distinct behaviors: some settings favor
more general-purpose structures, whereas others are more willing to encode workload-
specific predicates directly into the recommended design. Overall, the table shows that
prompt, ontology, and model size affect not only how many structures are generated but
also the type of physical design logic favored.

A qualitative look at the indices themselves reinforces this differ-
ence. Some recommendations appear repeatedly across many scenarios, es-
pecially indexes on lineitem(l orderkey), orders(o custkey)
or orders(o custkey, o orderdate), partsupp(ps partkey,
ps suppkey), and lineitem(l partkey, l suppkey), which indicates a
shared emphasis on the main join paths of the workload. At the same time, a few
scenarios introduce much more specialized structures, such as partial indexes on
o orderstatus = ’F’, l returnflag = ’R’, c phone prefixes, PROMO-type
filters, or highly specific predicates over brand, container, ship mode, and region values.
There are also signs of redundancy in some larger recommendation sets, especially when
a scenario suggests both simple and composite variants over the same leading columns, or
multiple composites with very similar prefixes, which is particularly visible in the larger
Gemini outputs. This suggests that larger recommendation sets are not necessarily more
refined: they often capture more workload details, but they may also include overlapping
or overly specialized structures.

5.2. Storage efficiency and compactness

Table 4. Best storage-efficiency results with and without ontology across scale
factors.

SF Best w/ ontology Best w/o ontology ∆ Eff.

0.01 Gemini 2.5 Pro (P+O) GPT-5.4 (P) +216.75%
0.02 Gemini 2.5 Pro (P+O) Gemini 2.5 Flash (P) +224.36%
0.05 GPT-5.4 (P+O) Gemini 2.5 Pro (P) +21.59%
0.10 Gemini 2.5 Pro (P+O) Gemini 2.5 Pro (P) +60.09%

The clearest pattern in favor of ontology-driven grounding emerges when storage cost
is explicitly incorporated into the analysis. As shown in Table 4, the highest storage-
efficiency result at every evaluated scale factor is achieved by an ontology-driven config-
uration. At SF = 0.01, Gemini 2.5 Pro with P+O reaches QphH/MB = 2511.45, with
QphH = 4493.14 and only 1.79 MB of recommended structures. The same configuration
remains the most efficient at SF = 0.02, reaching QphH/MB = 936.56. At SF = 0.05,
the best ratio is obtained by GPT-5.4 with P+O, with QphH/MB = 288.95. At SF = 0.10,
Gemini 2.5 Pro with P+O again leads, with QphH/MB = 241.76.

This advantage remains clear when the best ontology-driven configuration is com-
pared with the best configuration that does not use ontology. The gains in storage effi-
ciency are substantial at all scales: +216.75% at SF = 0.01, +224.36% at SF = 0.02,
+21.59% at SF = 0.05, and +60.09% at SF = 0.10. Importantly, these gains are not ex-
plained by larger physical designs. On the contrary, the ontology-driven winners are also
compact, using only 1.79, 3.45, 9.44, and 16.84 MB, respectively. In three of the four
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scale factors, the ontology-driven winner also delivers higher raw QphH than the best
no-ontology alternative; at SF = 0.02, its QphH is slightly lower, but this difference is
more than compensated by a much smaller storage footprint, yielding the highest overall
cost-performance ratio.

Taken together, these results provide the strongest evidence for the ontology as
a grounding mechanism. For RQ2, the answer is clearly positive: once storage is
treated as a first-class evaluation criterion, ontology-driven configurations dominate the
performance-to-space frontier in all four scale factors. This pattern also refines the an-
swers to RQ1 and RQ3: the ontology does not uniformly maximize raw QphH across all
models and conditions, but it consistently improves the trade-off between performance
and footprint, with effects that vary according to model capacity and prompt use. This
behavior is consistent with grounding, since the ontology appears to steer the models to-
ward more compact and better-targeted recommendations rather than merely adding more
information. For RQ4, the results suggest that LLMs can approximate DBA-like decision
quality only to a limited extent: while some strong configurations produce useful recom-
mendations, their behavior is not stable enough to support autonomous DBA replacement.
The consistent gains in storage efficiency further indicate that LLMs alone do not reliably
achieve the same compactness and cost-effectiveness without external structured guid-
ance.

6. Discussion

6.1. Why does the ontology help in the best case?

The results indicate that the ontology’s benefit is not limited to a single, isolated con-
figuration. Instead, the strongest outcomes across scale factors tend to occur when the
ontology is combined with prompt guidance in the most capable models. This suggests
that, in the best cases, the ontology serves as a semantic grounding mechanism, making
the recommendations more precise and better aligned with the workload.

Rather than simply expanding the set of candidate structures, the ontology appears
to help the model select structures more precisely, reducing redundancies and avoiding
low-impact recommendations. This interpretation is reinforced by the fact that the best-
performing ontology-driven configurations are also among the most storage-efficient, in-
dicating that the gain is not just due to recommending more indexes but to recommending
better ones.

Therefore, the main contribution of the ontology, in the best cases, seems to be
its ability to guide the model toward structures that are both effective and economically
optimal. In this sense, the ontology does not function merely as additional context, but as
a semantic constraint that improves recommendation quality.

6.2. Why do prompt and ontology + prompt make things harder for smaller
models?

In the smaller models, the results suggest that combining prompt and ontology may in-
crease task complexity. Unlike the strongest models, these variants appear to have greater
difficulty in stably integrating textual instructions, workload evidence, schema informa-
tion, and semantic relationships. As a consequence, the additional guidance does not
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always function as support and may instead reduce the coherence of the recommenda-
tions.

At the same time, the evidence suggests a more nuanced interpretation than simply
assuming that ontology is harmful in weaker models. The difficulty seems to arise less
from the ontology itself and more from the model’s limited ability to absorb and prioritize
multiple sources of guidance simultaneously. In this setting, prompt engineering and
ontology can cease to be complementary and start competing for the model’s limited
inferential capacity.

This indicates that for smaller models, more context does not necessarily lead to
better decisions. When reasoning capacity is constrained, the accumulation of instruc-
tions and structured knowledge may make it harder to identify the truly relevant workload
signals, which helps explain the instability observed in weaker configurations.

6.3. Implications for DBA support systems
For DBA support systems, the results reinforce the idea that ontologies can be useful,
but their incorporation should not be applied uniformly. Their value depends on model
capacity, on the way the knowledge is presented, and on whether the system is optimizing
only raw performance or also structural economy. In stronger models, the ontology can
substantially improve recommendation quality; in weaker ones, it may be preferable to
translate ontology knowledge into simpler intermediate heuristics or rules.

More broadly, the results reinforce that tuning-support tools should evaluate not
only QphH in isolation, but also storage efficiency, structural compactness, and workload
alignment. Some of the most interesting ontology-driven outcomes are precisely those
that remain on the efficiency frontier, showing that better semantic grounding can improve
not only effectiveness but also the cost-benefit profile of the recommendations.

In this context, the ontology remains promising, but its integration with LLMs
should be treated as part of a carefully designed architecture rather than as an automatic
addition of context. The practical implication is that DBA support systems may benefit
from adaptive strategies, in which the form of ontology use depends on the reasoning
capacity of the selected model.

6.4. When does the ontology help the LLM?
The results suggest that the ontology helps the LLM in two main situations. The first
is when the model is sufficiently robust to exploit both semantic structure and prompt
guidance simultaneously. In these cases, the best results tend to emerge in P+O con-
figurations, especially for the strongest models, indicating that the ontology works as a
precision layer that improves structure selection rather than merely adding more context.

The second situation is when the objective is not limited to faster query perfor-
mance but also includes broader database concerns such as maintainability, scalability,
and structural economy. In these cases, ontology-driven knowledge may be useful be-
cause it can guide the model toward recommendations that are not only effective for the
workload but also more selective and less redundant. This is particularly important in
tuning scenarios where the cost of additional structures matters, since every extra index
may increase storage consumption and maintenance overhead during updates, insertions,
and deletions.
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Taken together, these patterns indicate that the ontology is not beneficial for a
single reason. In stronger models, it helps by refining and constraining an already capable
reasoning process; in broader tuning scenarios, it helps by steering the model toward
recommendations that better balance performance with structural cost. This also helps
explain why the ontology should not be interpreted as a uniformly additive resource:
its contribution is comparative, model-dependent, and closely tied to how the semantic
knowledge is integrated into the recommendation process.

7. Conclusions
This paper investigated whether a domain ontology can improve database tuning rec-
ommendations generated by Large Language Models. Overall, the results show that the
ontology has a positive effect, but one that is strongly dependent on model capacity and on
the way the task is framed. In the strongest configurations, the combination of the prompt
and the ontology yielded the best outcomes, indicating that structured domain knowledge
can serve as a semantic grounding mechanism to improve recommendation quality.

At the same time, the results do not support the idea that LLMs can replace the
DBA in relational tuning tasks. Although some configurations achieved strong raw per-
formance, the models’ overall behavior was not sufficiently stable or consistently efficient
across conditions to justify autonomous replacement. In this sense, the importance of the
ontology lies precisely in showing that LLMs do not reliably reproduce DBA-like tuning
decisions on their own: structured knowledge is often necessary to constrain the model
and steer it toward more compact, selective, and cost-effective recommendations.

From a practical perspective, these findings suggest that ontologies are a promis-
ing component for DBA support systems, especially when tuning must balance perfor-
mance, structural economy, maintainability, and long-term scalability.

As future work, this study can be extended in five main directions: evaluating
additional LLMs, including local and open-weight models; comparing ontology-guided
LLM recommendations against traditional index advisors and DBMS tuning tools; ex-
tending the analysis beyond indexes to other physical design actions, especially mate-
rialized views; replicating the experiments with larger scale factors and real, dynamic
workloads beyond the TPC-H-like setting used in this paper; and analyzing the gener-
ated index sets more deeply in terms of redundancy, selectivity, overlap, and workload
alignment.
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