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DECISION-MAKING APPROACH USING
LARGE LANGUAGE MODELS IN SOFTWARE
DEVELOPMENT PROJECTS

Abstract. The relevance of the study is determined by the rapid development
of Artificial Intelligence (Al) tools, which are increasingly used in software
development projects. Choosing the best Al tools is a complex problem that requires
formalized approaches to evaluating such tools. The object of the study is the process
of decision-making support regarding the choice of Al tools in software development
projects. The subject of the study is a method based on the use of Large Language
Models (LLMs) as sources of expert judgments as part of the Saaty’s pairwise
comparison procedure instead of human experts. The goal of the study is to automate
decision-making in software development projects based on the use of LLMs to
formulate pairwise comparisons, aggregation, and evaluation of the obtained results.
The study considers the use of Al-based code generation tools such as GitHub
Copilot, Amazon Q Developer, Tabnine, and Windsurf, for which pairwise
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comparison matrices are created using GPT-5, Gemini-2.5-Pro, Claude-Sonnet-4,
and DeepSeek-R1. The CR < 0.1 coefficient confirmed the consistency of the
judgments of both individual LLMs and aggregated judgments obtained based on the
geometric mean method.

The calculated weights demonstrate the prevalence of GitHub Copilot (0.58)
over other Al-based code generation tools. Comparison of the obtained results with
analytical sources Gartner Magic Quadrant for Al Coding Assistants and Gartner Peer
Insights indicates the efficiency of the approach based on the use of LLMs to
automate expert judgment and increase the objectivity of decision-making when
choosing Al tools for automated code generation in software development projects.

Keywords: software development, artificial intelligence, decision-making,
large language model, pairwise comparison.
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NIIXIT JTO NPUAHATTS PINIEHB HA OCHOBI BEJIMKHUX
MOBHUX MOJEJIENA ¥ MPOEKTAX 3 PO3POEKH
INPOI'PAMHOI'O 3ABE3IIEYEHHSA

AHoTamisi. AKTyaJbHICTh JOCIIKCHHS BU3HAYAETHCS IIBUIKHUM PO3BUTKOM
IHCTpYMEHTIB Ha OCHOBI mty4Horo iHTenekty (L), ski Bce wacrime 3acToco-
BYIOTBCSI y TIPOEKTAX 3 PO3POOKH MpOrpaMHOro 3ade3mneueHHs. Bubip Halkpaimx
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[I1-3aco6iB € CcKIagHUM 3aBJaHHSAM, sIKe BUMarae (opmaiaizoBaHUX MIIXOJIB 0
OIIIHIOBaHHS TaKuX 1HCTpyMeHTIB. OO0’€KT MOCHIKEHHS — TpoIecC IiATPUMKH
NPUUHATTS pilieHb moA0 BubOopy II-iHCTpyMeHTIB B MNpoeKTax 3 Po3poOKHU
nporpamMHoro 3abesneuyeHHs. l[IpenMer pocnipkeHHS — METOJ Ha OCHOBI
3aCTOCYBaHHS BETUKUX MOBHHX Mojeneit (BMM) sik mxepen eKCnepTHUX CYKEHb
y mporenypl momapHoro mopiBHsAHHA (CaaTi 3aMiCTh €KCHEpTiB-roAeH. MeToro
JOCIIJKEHHSI € aBTOMAaTH3allisi NPUUHATTS PIlleHb y TMPOEKTaX 3 pO3pOOKH
pOrpaMHOTo 3a0e3MeyueHHsT Ha OCHOBI 3acTtocyBaHHsS BMM s gopmyBaHHS
MOTIAPHUX TIOPIBHSAHB, arperaimii Ta OI[IHIOBaHHS OTPUMAaHHWX pe3yJbTaTiB. Y
JOCTIKEHH1 PO3TJISIA€ThCSl BUKOPUCTAHHS IHCTPYMEHTIB TeHepallii Koy Ha OCHOBI
LI, Takux sk GitHub Copilot, Amazon Q Developer, Tabnine Ta Windsurf, qs sikux
MaTpUIll TOMApHUX TMOPIBHIHB CTBOpeHi 3a jgomomoror GPT-5, Gemini-2.5-Pro,
Claude-Sonnet-4 ta DeepSeek-R1. Koedirient CR < 0,1 miaTBepAUB y3r0HKEHICTh
CyIKeHb sk okpemux BMM, Tak 1 arperoBaHux CyJK€Hb, OTPUMaHUX Ha OCHOBI
METOJy TC€OMETPHYHOr0  cepeaHboro. Po3paxoBaHi BaroBi  Koedilli€HTH
neMoHcTpytoTh mnepeBary GitHub Copilot (0,58) wag 1HIIMMH 1HCTPYMEHTAMH
reHepaitii Koy Ha ocHOBI II. [TopiBHSHHS OTpUMaHUX PE3YNIbTATIB 3 AHATITUYHUMHI
mxepenamu Gartner Magic Quadrant for Al Coding Assistants ta Gartner Peer
Insights cBigumMTh MO Mpale31aTHICTh MiAX0Ay Ha OCHOBI BUKopucTanus BMM nms
aBTOMAaTH3allll eKCIIEPTHOIO OILIIHIOBAHHS Ta IABUILCHHSA 00’ €KTUBHOCTI MPUHHITTS
pimieHs npu BuOOpi LI-iHCTpyMEHTIB a1 aBTOMAaTH30BaHOI T'eHepalii Kooy B
MPOEKTAX 3 PO3POOKU MPOTPAMHOTO 3a0€3MEUEHHS.

KuarwouoBi ciioBa: po3poOka mporpaMHOro 3a0e3nedyeHHs, ITYYHUN 1HTEJICKT,
MIPUIHSATTS PIllIeHb, BEJIMKA MOBHA MO/IE/b, IIOTIAPHE TIOPIBHIHHS.

Problem statement. Recent studies demonstrate a growing interest in the use
of Artificial Intelligence tools (Al) to support decision-making in complex projects,
in particular in the field of software development projects. Multi-criteria analysis
methods, such as the Saaty’s pairwise comparison method and the Analytic Hierarchy
Process (AHP), traditionally rely on expert assessments and subjective judgments.
However, the emergence of powerful language models, such as GPT-4, opened
opportunities to automate the pairwise comparison process and reduce dependence
on the human factor [1]. Despite this, most existing approaches are based on a single
integrated agent, which limits the diversity of expert positions and does not take into
account the potential of multi-agent systems for forming coordinated decisions [2].

The integration of generative Al into decision-making raises new questions
about the interaction between automated assessments and traditional expert
judgment. In this context, it remains important to define the role of models in the
Saaty’s numerical scale, where the comparison of alternatives can reflect both human-
alike judgments and computational logic [3]. A comparison of the results of AHP
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assessments made by humans and Al shows a difference in priorities and thinking
patterns, which creates a basis for finding mechanisms to achieve consensus between
different agents [4].

Previous studies also demonstrate the successful use of Al for multi-criteria
evaluation in hybrid systems, where some decisions are still left to humans, while
computational models play a supporting or analytical role [5]. The application of
fuzzy AHP in combination with artificial intelligence algorithms confirms the
potential for automation, but largely retains human control over the formation of
initial judgments [6].

Individual studies demonstrate the possibility of replacing or supporting
experts in pairwise comparison processes, for example, in urban planning tasks,
which emphasizes the breadth of applications of this approach [7].

Thus, a relevant scientific and practical task is to develop an approach to using
multiple Al assistants as sources of expert judgments within the Saaty’s pairwise
comparison method and, further, the AHP. The proposed approach assumes the
coordination between decision-making Al assistants, increasing the objectivity of
assessments, and the reproducibility of results when selecting Al tools to support
software development projects.

Recent studies analysis. Recent studies indicate active development in the
fields that combine the AHP with Al technologies, creating hybrid or fully automated
decision support systems.

A number of studies have proposed the use of fuzzy AHP for weighting criteria
in combination with neural networks for predictive assessment, demonstrating the
effectiveness of integrating Al and multi-criteria decision-making methods [8].

Other approaches use AHP together with machine learning algorithms, which
increases the scalability and speed of data processing in large decision-making
systems [9].

Some studies have used Al assistants to collect and summarize expert
judgments, modeling the pairwise comparison process in the style of human experts
[10]. At the same time, the development of Python libraries with built-in AHP
methods and other multi-criteria decision-making approaches confirms the potential
of language models in creating automated decision-support systems [11].

The use of fuzzy AHP in combination with estimates generated by Large
Language Models (LLMs) has proven effective in medical tasks where stability and
interpretability of results are required [12].

Other works demonstrate the application of LLMs for forming pairwise
comparisons in the context of security, highlighting the ability of Al to support risk
assessment and critical indicators [13]. Practical examples of using GPT-4 to directly
generate pairwise comparison matrices within AHP prove the technical feasibility of
this approach [14].
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An in-depth analysis of the use of multiple LLMs for parallel evaluation of
alternatives revealed differences in consistency and the presence of potential biases,
which is particularly important for multi-agent systems [15].

Similar experiments combine fuzzy evaluations with AHP-like weighting to
evaluate the quality of chatbots, demonstrating the versatility of the method [16]. The
integration of Al-assisted AHP into TOPSIS (Technique for Order of Preference by
Similarity to Ideal Solution) models has opened up new opportunities for the selection
of tools and technologies in various domains [17].

Additionally, the use of specially tuned LLMs has improved the stability of
AHP results under conditions of uncertainty, highlighting the potential of Al in
creating reliable and repeatable expert assessments [18].

In general, recent studies demonstrate a shift from hybrid to fully automated
solutions, where Al not only supports but also substitutes human experts in multi-
criteria decision-making processes.

This forms the basis for the development of new approaches, in particular
multi-agent evaluation systems, in which several Al models can interact to achieve
coordinated and informed decisions.

Research objective. The study aims to automate decision-making in software
development projects based on the use of LLMs to formulate pairwise comparisons,
aggregation, and evaluation of the obtained results.

The object of the study is the process of decision-making support regarding the
choice of Al tools in software development projects.

The subject of the study is a method based on the use of LLMs as sources of
expert judgments as part of the Saaty’s pairwise comparison procedure instead of
human experts.

Materials and methods. Fig. 1 demonstrates the proposed approach to using
multiple Al assistants for automated pairwise comparison procedure within the AHP.
The outlined procedure starts with identifying alternatives and formulating a prompt
for comparison.

After that, the prompt is sent to each Al assistant. Each Al assistant forms its
own comparison matrix A®,A®@), ..., A which reflects its assessment of the
relative importance of the alternatives.
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(Re-) prompt Al assistants
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Al assistant [1] Al assistant [2] ‘ ‘ Al assistant [m] ‘
Comparison matrix At Comparison matrix A'2 Companson maitrix Al ™

Aggregate Al judgements

l

‘ Rank alternatives ‘

Check consistency
CR<0.1?

Yes
'

Accept judgments and
generate recommendation

Fig. 1. Proposed approach of using Al assistants for pairwise comparison

Furthermore, the results of individual Al assistants are aggregated to obtain the
generalized Al judgments. Then alternatives are ranked according to the calculated
weights. Next, the consistency of judgments is checked using the CR < 0.1 rule. If
the consistency condition is not met, the procedure returns to the stage of re-
prompting Al assistants to refine their assessments. If the Consistency Rate (CR) is
acceptable, the judgments obtained are accepted, and the system generates a final
recommendation.
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Table 1 outlines comparison of four modern automated code generation tools,

including GitHub Copilot, Amazon Q Developer, Tabnine, and Windsurf.

Table 1
Automated Al code generation tools
Feature GitHub Copilot AU, Tabnine Windsurf
Developer
OpenAl Codex Custom Customized GPT-
Al model (GPT-3.5 or GPT-| foundation KKM | 2 and proprietary | Proprietary LLM
4 based) by AWS LLMs

Supported
languages

20+ (Python, JS,
TypeScript, Go,

15+ (Python, JS,
Java, TypeScript,

30+ (Python, JS,
Java, C++, PHP,

70+ (JS, Python,
Java, C/C++, SQL,

Pricing

$10/month (free
education plan)

individuals; paid
for enterprise

Ruby, etc.) C#, etc.) Rust, etc.) etc.)
}gtSB(r:a(i)i?;, O Ve Jet\B/rSaicrig d\e/’im
IDE integration : - JetBrains, AWS | JetBrains, Vim, ’ ’
Neovim, Visual . Emacs, Jupyter,
. Cloud9 Eclipse, etc.
Studio etc.
. Yes (enterprise | Yes (with local
Offline mode No only) LLM option) No
Context awareness High Moderate Low Moderate
Code completlon High Moderate Low Moderate
quality
Security scannin Basic via GitHub | Built-in security No No
y 9 advanced security | scans (on AWS)
Free for Free for

$12/month (free
basic)

individuals; paid
for enterprise

Privacy and data
usage

Sends code to
Microsoft and
OpenAl servers

Anonymized data,
AWS policy
applies

Local option (no
cloud) in pro
version

Claims no
telemetry,
processing in
RAM

Open source
friendliness

Free for open
source developers

Free individual use

Open source-
friendly (local
version available)

Free for all (as of
2025)

Unique strengths

Deep GitHub
integration, state-
of-the-art
completion

AWS-native,
strong on
enterprise

compliance

Best local/offline
experience, fast
response

Fast, lightweight,
supports many
languages
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Table 1 shows that each Al tool has its own unique advantages depending on
the development needs:
— GitHub Copilot [19], based on the OpenAl model, provides the highest
quality code autocompletion and deep integration with GitHub, making it ideal for
complex projects;
— Amazon Q Developer [20] provides built-in code security scanning and tight
integration with the AWS environment, making it attractive to enterprise users;
— Tabnine [21] offers local operation without a cloud connection, ensuring
privacy and speed, especially in the team version;
— Windsurf [22] provides free support for over 70 programming languages,
multi-platform compatibility, and high generation speed, making it a convenient
choice for everyday use.
All four examined Al code generation tools have different levels of contextual
awareness, IDE (Integrated Development Environment) support, and pricing policies,
allowing to choose the most suitable tool, assuming the specific software
development project needs and development environment.
A comparative analysis of modern LLMs, including GPT-5, Gemini-2.5-Pro,
Claude-Sonnet-4, and DeepSeek-R1 shows (Table 2) the high level of Al
development in the field of text generation, code, and multimodal data processing.

Table 2
Most popular LLMs used as Al assistants

Feature GPT-5 Gemini-2.5-Pro | Claude-Sonnet-4| DeepSeek-R1

Release date August 2025 June 2025 August 2025 September 2025

Model type Multimodal LLM | Multimodal LLM Text LLM Text, code LLM

Token content

) 1M 2M 200K 128K
window

Maximum output

~ 4-8K ~ 4-6K ~ 8K ~
tokens

Advanced Web-rich tasks, | o jiape writing, |  Fast coding,

Best use cases | research, coding, S ST education, aligned| reasoning, light

video .
agents . reasoning cost use cases
understanding

All of the four considered Al models differ in context window size, multimodal
processing capabilities, memory usage, speed, tool integration, and security level,
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allowing the model selection to be tailored to specific scientific, professional, or
educational goals:

— GPT-5 [23] demonstrates the highest accuracy, logical thinking, and support
for complex tools, including personal memory and code usage;

— Gemini-2.5-Pro [24] is particularly effective in tasks related to video,
documents, and deep integration into the Google ecosystem;

— Claude-Sonnet-4 [25] stands out for its ethical approach, long context, and
stable generation of logically consistent text, making it suitable for educational and
humanitarian tasks;

— DeepSeek-R1 [26] is geared toward programmers, providing high speed,
code generation accuracy, and affordability.

Fig. 2 shows the fragment of a JSON (JavaScript Object Notation) structure
request used as the prompt to interact with Al assistants when forming pairwise
comparisons of Al code generation tools.

"goal"™: "Return this JSON with completed <FILL IN ...> fields",
"answer-gcale": "Saaty values 1/9, 1/7, 1/5, 1/3, 1, 3, 5, 7, 9",
"explanation-type": "One sentence comment",

"Jjudgements": [

"is": "GitHub Copilot",

"than": "Amazon CodeWhisperer",

"verbal": "With respect to automated code generation, how much more
preferred is AT tool GitHub Copilot compared to Amazon CodeWhisperer?",
"answer": "<FILL IN SAATY SCALE VALUE>",

"explanation": "<FILL IN TEXT EXPLANATION>"

}f

Fig. 2. Fragment of the JSON request sending as a prompt for Al assistants

This format ensures standardized collection of judgments and simplifies further
automated aggregation of results between different Al assistants:

— “goal” field specifies instructions for the model to fill in missing values, and
“answer-scale” defines the Saaty’s scale (1/9 — 9) used to evaluate the advantages of
one alternative over another;

— “explanation-type” field indicates that the explanation should be short, in the
form of a single sentence;

— “judgements” contains an array of comparisons, where each element defines
a pair of alternatives (“is” and ‘than’) and the wording of the question in the “verbal”
field.

Therefore, each Al assistant is expected to fill in the rating value in the
“answer” field according to the Saaty’s scale and provide a short textual justification
in the “explanation” field (Fig. 3).
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"goal™: "Return this JSON with completed <FILL IN ...> fields",
"answer-scale": "Saaty values 1/9, 1/7, 1/5, 1/3, 1, 3, 5, 7, &",
"explanation-type": "One sentence comment",

"Judgements": [
{
"is": "GitHub Copilot"™,
"than": "Emazon CodeWhisperer",
"yverbal": "With respect to automated code generation, how much more
preferred is BRI tool GitHub Copilot compared to Emazon CodeWhisperer?™,
"answer™: "5";
"explanation™: "Copilot generally delivers more accurate, context-aware
multi-line code completions across languages and editors.”

b
Fig. 3. Fragment of the JSON response retrieved from Al assistants

The four pairwise comparison matrices were obtained using selected Al
models, including GPT-5, Gemini-2.5-Pro, Claude-Sonnet-4, and DeepSeek-R1.:

1 5 7 3 1 3 5 3

A0 = 1/5 1 3 1/3 240 = 1/3 1 3 1/3
1/7 1/3 1 1/5|’ 1/5 1/3 1 1/5(

1/3 3 5 1 1/3 3 5 1

1 3 5 3 1 5 7 9

4G = 1/3 1 1 1/3 @ _ 1/5 1 3 5
{15 1 1 1/3) |17 13 1 3

1/3 3 3 1 1/9 1/5 1/3 1

where:

— AW is the pairwise comparison matrix obtained using GPT-5;
— A® is the pairwise comparison matrix obtained using Gemini-2.5-Pro;
— A®) is the pairwise comparison matrix obtained using Claude-Sonnet-4;
— A@ s the pairwise comparison matrix obtained using DeepSeek-R1.
Fig. 4 demonstrates the weights of alternative Al code generation tools (Table
1), calculated based on pairwise comparison matrices generated by Al assistants.

0.64
0.21
0.15
0.12 0, 120 10 0,10
0 06 0 07 lo_.os

GPT-5 Gemini-2.5-Pro Claude-Sonnet-4 DeepSeek-R1

W GitHub Copilot M Amazon Q Developer ™ Tabnine " Windsurf
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The CI (Consistency Index), CR (Consistency Rate), and Rl (Random Index)
measures are used to assess the consistency of judgments in a pairwise comparison
matrix, where Cl determines the level of deviation from complete consistency, RI
sets the reference random value, and CR shows the relative degree of consistency of
the obtained estimates [27]:

Amax — CI
| =—,CR =
¢ n—1 C RI'

where:

— Amax 1S the maximum eigenvalue;

—n is the number of alternatives (n = 4);

— RI is the random index constant value of 0.9 for the case of 4 alternatives.
Table 3 shows the results of assessing the consistency of judgments obtained
from different LLMs used for pairwise comparisons.

Table 3
Consistency assessment of the LLM-based judgments
Assessment GPT-5 Gemini-2.5-Pro S DeepSeek-R1
Sonnet-4

Amax 4.18 4.28 4.16 4.30
CI 0.06 0.09 0.05 0.10
CR 0.07 0.10 0.06 0.11

Yes (with

Is consistent? Yes Yes Yes tolerated

exceed)

While all models demonstrated acceptable consistency (CR < 0.1), DeepSeek-
R1 showed only a slight exceedance of the acceptable level (of 0.11 vs. 0.1).

To aggregate individual pairwise comparison matrices AM, 4@ .. A
given by different Al assistants, the geometric mean was applied:

m 1/m
— k
aij = (l_lal(])> )

k=1
where;

(") is the element in row i, column j from expert k (i,j = 1,n, k = 1,m);

-n |s the number of alternatives (n = 4);
—m is the number of Al assistants used as experts (m = 4).
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This allowed obtaining a consistent aggregated judgment matrix:

1 387 592 395
A= 026 1 228 0.66
0.17 044 1 045(

0.25 152 224 1

Based on the aggregated matrix of pairwise comparisons, the following weight
coefficients for the alternatives were obtained (Fig. 5), with GitHub Copilot of 0.58,
Windsurf of 0.18, Amazon Q Developer of 0.15, and Tabnine of 0.08, which shows
GitHub Copilot’s greatest advantage in the context of automated Al code generation.

The judgment consistency assessment using the aggregated pairwise
comparison matrix demonstrates a high level of stability of judgments between Al
assistants. The obtained maximum eigenvalue 4,,,, = 4.06 indicates a slight
deviation from n = 4. The consistency index CI = 0.02 is very low, which confirms
the internal logic of the formed assessments. The calculated consistency rate CR =
0.02 is significantly less than the threshold value of 0.1, therefore, the aggregated
judgments can be considered fully consistent and reliable for further decision-
making.

0.58

® GitHub Copilot ® Amazon Q Developer ® Tabnine © Windsurf
Fig. 5. Weights of Al code generation tools based on aggregated LLMs’ judgments

The weighting coefficients obtained in the study are consistent with
independent sources, which confirm GitHub Copilot leading position among the
considered Al tools for automated code generation:

— Gartner Magic Quadrant for Al Coding Assistants [28], where GitHub
Copilot is positioned in the Leaders quadrant, closest to the top right corner,
indicating its strategic maturity and highest level of completeness of vision among
competitors;
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— Gartner Peer Insights platform [29], where GitHub Copilot ranked first
among the tools reviewed with an average rating of 4.4 (out of 5) based on 190
reviews.

Conclusions. In this study, the following results were obtained:

1. The study proposed a new multi-assistant Al-based approach to the
automation of the Saaty’s pairwise comparison process, in which several LLMSs are
used as sources of expert judgments. This made it possible to replace traditional
human assessments with consistent Al judgments and ensure the reproducibility of
decision-making.

2. The results demonstrated that all pairwise comparison matrices generated by
LLMs have acceptable consistency (CR < 0.1), and the aggregate matrix obtained
using the geometric mean demonstrates high stability of judgments (4,,,,, = 4.06,
CI = 0.02, CR = 0.02), which confirms the logicality and reliability of the obtained
estimates.

3. Based on the aggregated judgments, the weight coefficients of the
alternatives were determined, among which GitHub Copilot received the highest
weight (0.58), ahead of Windsurf (0.18), Amazon Q Developer (0.15), and Tabnine
(0.08) which indicates its leading position among automated code generation tools.
4. The obtained results correlate with independent analytical sources, in
particular the Gartner Magic Quadrant for Al Coding Assistants, where GitHub
Copilot is placed in the leaders quadrant, as well as with Gartner Peer Insights
assessments, where it took first place with an average rating of 4.4 out of 5, which
confirms the reliability of the proposed Al-based approach to decision-making
support in the field of software development project.

In the future work, it is planned to expand the proposed approach by combining
multi-criteria analysis using the AHP with LLM-based judgments for evaluating the
effectiveness of Al coding tools in software development projects.
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