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 a b s t r a c t

This paper presents xLLMBench, a transparent, decision-centric benchmarking framework that empowers 
decision-makers to rank large language models (LLMs) based on their preferences across diverse, potentially 
conflicting performance and non-performance criteria, e.g., domain accuracy, model size, energy consumption, 
CO2 emissions. Existing LLM benchmarking methods often rely on individual performance criteria (metrics) 
or human feedback, so methods systematically combining multiple criteria into a single interpretable ranking 
lack. Methods considering human preferences typically rely on direct human feedback to determine rankings, 
which can be resource-intensive and not fully aligned with application-specific requirements. Motivated by cur-
rent limitations of LLM benchmarking, xLLMBench leverages multi-criteria decision-making methods to provide 
decision-makers with the flexibility to tailor benchmarking processes to their requirements. It focuses on the final 
step of the benchmarking process (robust analysis of benchmarking results) which in LLMs’ case often involves 
their ranking. The framework assumes that the selection of datasets, metrics, and LLMs involved in the experi-
ment is conducted following established best practices. We demonstrate xLLMBench’s usefulness in two scenarios: 
combining LLM results for one metric across different datasets and combining results for multiple metrics within 
one dataset. Our results show that while some LLMs maintain stable rankings, others exhibit significant changes 
when correlated datasets are removed, when the focus shifts to contamination-free datasets or fairness metrics. 
This highlights that LLMs have distinct strengths/weaknesses, going beyond overall performance. Our sensitivity 
analysis reveals robust rankings, while the diverse visualizations enhance transparency. xLLMBench can be used 
with existing platforms to support transparent, reproducible, and contextually-meaningful LLM benchmarking.

1.  Introduction

Large language models (LLMs) are gradually becoming an integral 
part of modern living. They are revolutionizing both academia and in-
dustry by improving research capabilities, automating complex tasks, 
and enabling more efficient knowledge dissemination [1]. Their usage 
spans from answering simple everyday questions to helping with com-
plex professional tasks in knowledge-intensive domains. In academia, 
LLMs assist in generating literature reviews, facilitating data analy-
sis, and offering new insights through advanced natural language pro-
cessing. In industry, they streamline customer services with sophisti-
cated chatbots, optimize content creation, and improve decision-making 
through predictive analysis. LLMs are driving innovation and efficiency 
by bridging the gaps between large datasets and actionable insights. 
The number of available LLMs is constantly increasing, but they dif-
fer in the degree to which they exhibit different abilities in different 
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domains and machine learning (ML) tasks (e.g., text generation, text 
summarization, open/closed question answering). Furthermore, LLMs 
are highly complex models with poor interpretability of their decision-
making process [2], prone to challenges that differ from those common 
in task-specific language models. One such challenge is hallucination, 
which refers to the generation of content that may seem credible at first 
sight, but which is non-factual [3]. Therefore, well-established evalua-
tion protocols may be insufficient for a thorough evaluation of LLM ca-
pabilities, so reliable benchmarking methods that provide interpretable 
results are urgently needed [2].

Benchmarking best practices in general suggest five key steps, i.e., 
(B1) selecting diverse and unbiased problem portfolio (benchmark 
datasets), (B2) choosing complementary algorithm portfolio (LLMs in 
this case), (B3) ensuring a fair experimental design with consistent train-
test splits, (B4) selecting suitable performance metrics, and (B5) con-
ducting robust analyses. The formation of the problem portfolio (B1) 
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usually involves landscape analysis, clustering, and graph algorithms 
to ensure that the benchmarks cover the entire feature space [4–9]. 
Studies in various fields recommend combining benchmark datasets 
for representative data. The algorithm portfolio selection (B2), which
significantly affects the results, should result in a portfolio of models 
with complementary strengths. The guidelines suggest using high-level 
algorithm properties or performance-based comparisons [10]. Fair ex-
periment design (B3) and choice of performance metrics (B4) are also 
critical [11], as correlated metrics can skew results. Metrics can include 
accuracy, fairness [12], bias, human feedback [13], robustness, to name 
a few. Finally, the analyses (B5) should give robust and transparent re-
sults. In the case of LLMs, B5 often involves LLM ranking to facilitate 
the selection of an LLM for a specific use case based on multiple (often 
conflicting) criteria, since LLMs are rather non-transparent models, the 
capabilities of which require thorough evaluation on diverse tasks and 
datasets.

In recent years, numerous datasets have been proposed to evalu-
ate various LLM capabilities, with a recent survey identifying 112 such 
datasets [14]. However, these datasets span different domains, address 
different ML tasks (e.g., text summarization, question answering), and 
employ diverse performance metrics. This diversity makes the selection 
of appropriate datasets for application-specific LLM evaluation increas-
ingly challenging [14]. Even when such datasets can be identified, defin-
ing clear performance thresholds for an LLM to qualify as a suitable
candidate remains difficult. Tasks and datasets do not carry equal impor-
tance for every application, making it challenging to determine which 
(and to what extent) should be given higher importance than others. Fur-
thermore, real-world ML model selection involves non-trivial trade-offs 
and constraints, such as tight product release schedules, limited hosting 
infrastructure, low subscription costs, and minimal environmental im-
pact, all of which can restrict the set of viable models (for an overview of 
such requirements in ML projects, see [15]). Selecting an LLM based on 
these multiple, often conflicting, criteria is therefore a demanding task 
for decision-makers (e.g., researchers conducting studies or practition-
ers building a product), where suboptimal choices can lead to reduced 
performance on the target use case, additional time spent re-evaluating 
alternatives, and increased costs. To address this complexity, most LLM 
benchmarking platforms attempt to calculate an aggregate metric across 
tasks, datasets, and individual performance metrics to produce a single 
LLM ranking (e.g., see [16]). However, these platforms also acknowl-
edge that LLM capabilities in different datasets are often uncorrelated, 
highlighting the need for decision-makers to select LLMs based on the 
capabilities relevant to their application [16]. The recent discontinu-
ation of Hugging Face’s widely used Open LLM Leaderboard1 further 
demonstrates the non-trivial challenges involved in benchmarking and 
ranking LLMs.

From the above, it can be concluded that existing LLM benchmark-
ing approaches predominantly rely on individual metrics or direct hu-
man feedback to determine rankings. However, real-world LLM selec-
tion is rarely driven by a single performance metric, but instead requires 
balancing multiple, often conflicting, application-specific requirements. 
Although existing methods provide valuable insights, they often fail to 
systematically integrate multiple performance and non-performance cri-
teria relevant to the decision-makers into a single, interpretable rank-
ing. Additionally, relying solely on human feedback to determine rank-
ings can be resource-intensive and may not fully reflect the practical, 
application-specific requirements.

Our contribution: To address these limitations, this paper presents 
xLLMBench, a transparent, decision-centric benchmarking framework 
that enables decision-makers to rank LLMs based on their own 
preferences across diverse, potentially conflicting, performance and 
non-performance criteria. It presents a set of benchmarking scenarios, 

1 https://huggingface.co/spaces/open-llm-leaderboard/open_llm_
leaderboard/discussions/1135

together with guidelines on how decision-maker preferences can be 
incorporated within the ranking process and how outcomes can be 
interpreted to reveal each LLM’s strengths and weaknesses beyond its 
aggregate score. The selection of criteria is entirely determined by the 
decision-maker, allowing the approach to remain highly flexible and 
adaptable across diverse contexts. We present the framework using 
(non-)performance criteria obtained from publicly available sources 
[17,18], so we do not introduce new metrics, nor provide guidelines 
on what should be measured during LLM benchmarking. This study 
specifically targets the last benchmarking step (B5 - robust analysis 
of benchmarking results), with the assumption that the selection of 
criteria (metrics), datasets, and LLMs (previous steps B1-B4) has been 
conducted following established benchmarking best practices. By lever-
aging a multi-criteria decision-making (MCDM) method, Preference
Ranking Organization Method for Enrichment Evaluations 
(PROMETHEE) II, xLLMBench offers decision-makers the flexibility to 
tailor a benchmarking pipeline specific to their own application-specific 
requirements and priorities. We justify our choice of the PROMETHEE 
II algorithm, analyze correlations among performance and non-
performance metrics, and validate the framework in two experimental 
benchmarking contexts: (1) combining LLM results for one performance 
metric across different datasets, and (2) combining LLM results for 
multiple evaluation metrics on a single dataset. Extensive sensitivity 
analyses of different method parameters and preference functions 
were performed, and the method was compared with other established 
MCDM methods. Diverse visualizations were provided to enhance 
the transparency of the method. In both scenarios, the results show 
that changing preferences across criteria can significantly reshape the 
rankings for some LLMs, while keeping them consistent for others, 
showing LLMs’ unique characteristics. The sensitivity analyses reveal 
the robustness of the selected method. xLLMBench can be seamlessly 
used with any existing LLM benchmarking platform, helping provide 
contextually relevant, reproducible, and actionable LLM rankings. 
For reproducibility, the source code is available on GitHub [19]. 
Further details on experiment reproducibility and extensibility of the 
framework are available in Appendix A.

Outline: The paper is organized as follows. Section II reviews current 
LLM benchmarking datasets and platforms, as well as MCDM methods. 
Section III details the method used to run the benchmarking scenarios. 
Section IV describes the experimental setup. Section V presents the re-
sults, while Section VI discusses them. Section VII concludes the paper 
with a summary of the key findings.

2.  Related work

This section begins with a brief overview of benchmark datasets com-
monly used in LLM evaluation. Then it describes existing benchmarking 
toolkits that integrate multiple datasets that are used to assess a larger 
set of LLM capabilities. Finally, it provides an overview of commonly 
used MCDM methods and their applications in LLM benchmarking.

2.1.  LLM benchmark datasets

In general, the benchmark datasets used to evaluate LLMs can be 
categorized into static and dynamic. Static benchmark datasets gener-
ally consist of question-answering (QA) tasks with predefined answers 
and test cases, covering domains such as mathematics, coding, reason-
ing, and general knowledge. However, common challenges related to 
static datasets include dataset contamination, model overfitting, and 
misalignment with human perspectives. Several examples include the 
Massive Multitask Language Understanding (MMLU) dataset [20] that eval-
uates knowledge in 57 subjects at different difficulty levels, GSM-8K for 
grade-school math reasoning [21], E2E for end-to-end natural language 
generation [22], and HumanEval for code generation [23].

Recent extensions of static benchmarks aim to address the afore-
mentioned limitations. MMLU-Pro [24], based on the MMLU dataset, 
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increases problem difficulty by using 10-option multiple-choice ques-
tions instead of four, requiring robust chain-of-thought reasoning to 
achieve high accuracy. AGIEval [25] evaluates general cognitive capa-
bilities using approximately 8,000 questions drawn from human exams 
such as SAT, LSAT, and the Chinese college entrance exam (Gaokao), 
testing both knowledge and advanced reasoning. Graduate-Level Google-
Proof QA Benchmark (GPQA) [26] targets PhD-level questions in physics, 
chemistry, and biology, written by domain experts and designed to be 
“Google-proof” (difficult for highly skilled non-experts with unrestricted 
access to the web), while ProcBench [27] evaluates multi-step procedu-
ral reasoning by testing whether models can follow explicit step-by-step 
instructions, analyzing both intermediate (step-wise accuracy) and fi-
nal outputs. In mathematics, while LLMs perform well on datasets like 
GSM-8K, the MATH [20] benchmark remains a significant challenge, 
including competition-level problems that require multi-step algebraic 
derivations and formal reasoning decomposition.

Beyond QA with predefined answers, some benchmarks include 
open-ended questions assessed by human evaluation, such as MT-
bench [28], AlphaEval, and Chatbot Arena [29], which rely on crowd-
sourcing to assess helpfulness, correctness, and user preference align-
ment, addressing limitations of purely automated metrics.

Dynamic benchmark datasets introduce continually refreshed con-
tent to reduce overfitting and memorization risks. DynaBench [30] and 
LiveBench [31] release contamination-free instances regularly to main-
tain the validity of the evaluation. In coding, DyCodeEval [32] uses meta-
morphic testing to dynamically generate paraphrased problem varia-
tions, revealing generalization gaps where models often fail on minor 
rephrasings. Prism [33] goes further by using Monte Carlo Tree Search to 
generate maximally challenging code problems adaptively, co-evolving 
with model capabilities to identify brittleness and performance ceilings. 
Such dynamic approaches address static dataset limitations, ensuring 
that evaluations remain meaningful as LLM performance saturates.

2.2.  LLM benchmark toolkits

Various toolkits support LLM benchmarking by integrating bench-
mark datasets, evaluation metrics, and analysis/ranking methods. The 
Beyond the Imitation Game benchmark (BIG-bench) [34] consists of over 
200 diverse tasks spanning linguistics, biology, math, physics, common-
sense reasoning, social bias, and software development, intentionally 
including problems beyond current LLM capabilities to drive progress. 
BIG-bench Hard (BBH) [35] targets complex multi-hop reasoning tasks 
such as logical puzzles, causal inference, and creative problem solving. 
It includes 23 challenging tasks from BIG-Bench, in which the average 
human rater is not yet outperformed by LLMs. LiveBench [31] is an-
other such toolkit featuring frequently updated questions from recent 
sources to ensure contamination-free and current LLM evaluation. Ques-
tions come from newly-released math competitions, arXiv papers, and 
similar sources, as well as tasks from well-known benchmarks in the 
field, ensuring they are contamination-free.

The Holistic Evaluation of Language Models (HELM) [17] bench-
marks LLMs across seven metrics, including accuracy, calibration, 
robustness, fairness, bias, toxicity, and efficiency. The metrics vary 
by learning scenarios, such as QA, information retrieval, summariza-
tion, sentiment analysis, toxicity detection, and miscellaneous text
classification, with results presented separately for each scenario and 
metric, along with correlation analysis between metric pairs. Hugging 
Face offers benchmarking toolkits with two well-known leaderboards 
in the field. Version 1 ranks LLMs by average accuracy across bench-
marks, while Version 2 [18] normalizes scores relative to a baseline and 
a maximum for fairer ranking. Version 2 integrates benchmarks such 
as MMLU-Pro [24], GPQA [26], Multistep Soft Reasoning (MuSR) [36], 
MATH [20], Instruction-Following Eval (IFEval) [37], and BBH [35] to 
address limitations of static evaluations.

CEBench [38] introduces a benchmarking toolkit that balances ef-
fectiveness with cost considerations, employing multi-objective opti-

mization strategies to enhance performance while minimizing inference 
costs. Chatbot Arena [29] provides an open evaluation platform where 
human users compare responses of two anonymized models on the same 
prompt. Results are aggregated via the Bradley-Terry model [39] to de-
rive rankings. Prompt diversity is ensured by clustering prompts using 
BERTopic [40] to sample varied topics. AutoArena [41] follows a similar 
approach but replaces human votes with multi-agent LLM debates and 
internal voting, yielding rankings highly correlated with human judg-
ments while reducing annotation costs. Benchmarking Agreement Testing 
(BAT) [10] analyzed over 40 benchmark datasets with multiple LLMs, 
exploring performance correlations and revealing that benchmark rank-
ings can depend heavily on the chosen model portfolio or evaluation 
metric, potentially introducing bias.

2.3.  MCDM methods

MCDM proposes systematic methods that allow decision-makers to 
weigh different alternatives using a range of (often conflicting) criteria 
of different type (e.g., numerical computations, qualitative judgments), 
aiming to give decision-makers a range of possible solutions to the prob-
lem instead of one best solution [42]. MCDM commonly involves several 
general steps, (M1) defining the decision problem, objectives, criteria, 
and constraints, (M2) selecting a method to weight criteria based on 
relative importance, (M3) identifying available alternatives, (M4) eval-
uating the alternatives against the criteria with a performance score, 
(M5) selecting a method to aggregate criteria scores into a single one, 
(M6) sensitivity analysis of the criteria weight changes, and (M7) se-
lecting one or multiple highest scoring alternatives [42]. Some of those 
steps overlap with the benchmarking steps B1-B4, for which this paper 
assumes are already robustly done in benchmarking platforms.

On the other hand, there is no single best MCDM method that fits all 
use cases, but different methods may yield different rankings of alter-
natives, which is even true for different parameter configurations of the 
same method [43]. For that reason, the application of MCDM methods 
to LLM ranking is not a straightforward task but a non-trivial problem 
that has to be explored through an extensive set of experiments. The re-
search literature suggests that MCDM methods can be categorized across 
several different criteria. The PROMETHEE methods [44] belong to the 
category of outranking methods, with PROMETHEE I allowing partial 
ranking of a finite set of alternatives and PROMETHEE II allowing their 
complete ranking. Several other alternatives have been proposed in the 
research literature [45]. PROMETHEE appears as a particularly conve-
nient method for LLM ranking as it allows specifying decision-makers’ 
preferences for each different criterion at two levels, through the alter-
native preference function and criteria weights. Additionally, it enables 
specification of the decision-maker’s indifference or preference towards 
certain thresholds of alternatives pairwise differences. This makes the 
method highly configurable to different use cases when the decision-
makers clearly know their preferences, but at the same time, offering 
automated algorithms for selecting certain parameters when it is not 
the case. However, different parameter configurations can lead to dif-
ferent rankings of alternatives [43], so sensitivity analyses are essen-
tial [42]. Furthermore, MCDM methods can be difficult for non-expert 
decision-makers to understand, particularly when the number of alter-
natives and/or criteria is large, so approaches that enhance the inter-
pretability of the decision process are crucial.

Our literature review showed that MCDM methods are not commonly 
used in solving the LLM selection problem. At the time of writing, only 
one paper [46] proposed a fuzzy analytical hierarchy process to calcu-
late weights for a set of expert-specified criteria and associated met-
rics relevant to selecting an LLM for the healthcare domain. The paper 
identified and weighted nine quantitative criteria, i.e., robustness, re-
liability, bias/fairness, performance, availability, resilience, usability, 
predictability, and cost, together with 12 sub-criteria.

The main difference between our paper and those referenced in
Sections 2.1 and 2.2 is that it does not provide a new benchmark dataset 
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with new prompt instances, nor does it focus on providing dynamically 
evolving instances, since it does not target the first step of the bench-
marking process (B1) that is concerned with the quality of the data. In-
stead, it goes beyond those studies by fusing different performance and 
non-performance metrics into a single robust and interpretable ranking, 
rather than providing simple descriptive statistics for each metric sepa-
rately. Namely, it targets the last step of the benchmarking process (B5 - 
robust analysis of the benchmarking results). Furthermore, the method 
proposed in this paper can be integrated with all existing benchmarks, 
providing decision-makers with the flexibility to tailor an LLM bench-
marking pipeline to their objectives. To the extent of our knowledge, 
this is the first systematic study of the applicability of MCDM methods to 
the B5 step of the LLM benchmarking process, utilizing data from well-
known LLM benchmarking platforms, thoroughly analyzing the results 
from a large set of benchmarking scenarios, and performing sensitivity 
analysis across different MCDM methods and method parameters.

3.  Method

This section presents two common LLM benchmarking contexts in 
which decision-makers must select LLMs suitable for their use case. The 
first involves LLM performance across multiple benchmark datasets as 
criteria, while the second considers LLM performance calculated with 
multiple different performance metrics on the same benchmark dataset. 
Although we analyze two example contexts and several scenarios in 
each, many others tailored to specific decision-maker requirements can 
be easily configured and analyzed using the same approach and pub-
lished source code on GitHub (for additional details see Appendix A). 
The section also describes our use of PROMETHEE II for this purpose. 
We note here that PROMETHEE II was selected as the MCDM method 
because it provides greater flexibility in modeling preferences, allow-
ing them to be expressed through (1) preference functions, (2) weights, 
or (3) both (i.e., preference functions and weights), for each separate 
criterion. However, we also compare the results with two other widely 
used MCDM methods, Technique for Order Preference by Similarity to 
an Ideal Solution (TOPSIS) [47] and VlseKriterijumska Optimizacija I 
Kompromisno Resenje (VIKOR) [48]. The results of the comparison, pre-
sented in Appendix C, demonstrate that the resulting rankings are stable 
and robust.

The general flowchart of the proposed framework is presented in 
Fig. 1. The process starts by obtaining tabular LLM benchmarking data as 
input, which consists of a selected portfolio of LLMs (each in a separate 
row) and (non-)performance criteria measurements (each in a separate 

column). A complete dataset without missing values is required. The 
next step involves configuring the benchmarking context by specifying, 
among the rest, the preference functions and weights for each criterion 
in a predefined format (refer to the GitHub repository for the exact for-
mat). The framework then analyzes the data and outputs a ranked list of 
LLMs, together with additional data and visualizations to help decision-
makers better interpret the resulting rankings.

3.1.  LLM benchmarking contexts

Multiple benchmark datasets. Typically, LLM benchmarking is per-
formed on a set of datasets using a single performance metric, often 
reporting the average performance of LLMs across all datasets. How-
ever, decision-makers may instead want to choose to weight datasets’ 
importance differently, in a way that closely matches their application-
specific requirements. In this benchmarking context, performance cal-
culated using a single performance metric is aggregated across datasets 
with an MCDM method, placing greater emphasis on datasets relevant 
to the use case.
Multiple performance metrics. Trustworthy Artificial Intelligence (AI) 
principles require evaluating many different aspects of ethics and trust-
worthiness in AI models. For example, the Ethics Guidelines for Trust-
worthy AI of the High-Level Expert Group on AI set up by the European 
Commission [49] define seven key requirements from a “trustworthy” 
AI systems, i.e., (1) human agency and oversight, (2) technical robust-
ness and safety, (3) privacy and data governance, (4) transparency, (5) 
diversity, non-discrimination and fairness, (6) environmental and soci-
etal well-being, and (7) accountability. Such requirements impose the 
use of a range of different metrics instead of a single one, to evaluate 
a wide range of capabilities beyond technical robustness (overview of 
quality attributes relevant to ML systems, metrics, and attribute trade-
offs is available in [15]). For those reasons, the second LLM benchmark-
ing context enables LLM comparison across different metrics such as 
accuracy, effectiveness, fairness, bias, resource utilization and etc., cal-
culated on a single benchmark dataset, while allowing decision-makers 
to specify their application-specific preferences on each metric before 
aggregating them into a single ranking.

3.2.  PROMETHEE II application to LLM ranking

This section illustrates the application of PROMETHEE II in the sec-
ond benchmarking context, which involves multiple performance met-
rics within a single dataset. In the first benchmarking context (using 

Fig. 1. xLLMBench flowchart consisting of modules conceptually organized in three groups, (i) configuration modules reading the configuration data (i.e., criteria 
preference functions and weights) and LLM benchmarking data provided by the decision-maker as input, (ii) ranking modules implementing LLM ranking specifics, 
and (iii) interpretability modules outputting a ranked LLM list, accompanied with data and visualizations for improved result interpretability.
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Table 1 
Alternative/criteria matrix.
𝐴∕𝑃 𝑝1 𝑝2  … 𝑝𝑛

𝐿𝐿𝑀1 𝑝1(𝐿𝐿𝑀1) 𝑝2(𝐿𝐿𝑀1)  … 𝑝𝑛(𝐿𝐿𝑀1)
𝐿𝐿𝑀2 𝑝1(𝐿𝐿𝑀2) 𝑝2(𝐿𝐿𝑀2)  … 𝑝𝑛(𝐿𝐿𝑀2)
 ⋮  ⋮  ⋮  ⋮
𝐿𝐿𝑀𝑚 𝑝1(𝐿𝐿𝑀𝑚) 𝑝2(𝐿𝐿𝑀𝑚)  … 𝑝𝑛(𝐿𝐿𝑀𝑚)

a single performance metric across multiple datasets), the same logic 
applies as only the meaning of the criteria changes, i.e., performance 
metrics from the second context are replaced by datasets in the first.

Let 𝐴 = {𝐿𝐿𝑀1, 𝐿𝐿𝑀2,… , 𝐿𝐿𝑀𝑚} represent a portfolio of 𝑚 se-
lected LLMs (alternatives in MCDM terminology). Our objective is to 
compare them using a set of performance metrics (criteria in MCDM) 
𝑃 = {𝑝1, 𝑝2,… , 𝑝𝑛} chosen by the decision-maker (we use the term for 
consistency with the MCDM terminology), where 𝑛 denotes the number 
of such metrics. Let us define an 𝑚 × 𝑛 matrix (see Table 1) that contains 
the values of performance metrics obtained for each LLM individually. 
Each row corresponds to an LLM, while each column corresponds to 
a different performance metric calculated within a single benchmark 
dataset.

To compare the LLMs on the selected set of performance met-
rics while allowing decision-makers to specify their preferences, the 
PROMETHEE II method is utilized. PROMETHEE methods aid decision-
making by evaluating alternatives based on often conflicting criteria. 
In our case, the ensemble heuristic leverages pairwise comparisons of 
LLMs for each performance metric. A key advantage is that decision-
makers can set preferences for each metric by defining a preference 
function, indicating the degree of preference of one LLM (𝐿𝐿𝑀1) over 
another (𝐿𝐿𝑀2). A preference function for the 𝑗 performance metric, 
𝑃𝑗 , is defined as given in Eq. (1), where 𝑑𝑗 (𝐿𝐿𝑀1, 𝐿𝐿𝑀2) = 𝑝𝑗 (𝐿𝐿𝑀1) −
𝑝𝑗 (𝐿𝐿𝑀2) is the difference in values for the 𝑗-th performance metric and 
𝑞𝑗 (⋅) is a user-assigned preference function for the metric. The user can 
choose from six generalized preference functions [50], i.e., usual crite-
rion, quasi criterion, linear preference, level preference, linear prefer-
ence with indifference area, and Gaussian preference. Additionally, the 
method allows decision-makers to define their own generalized prefer-
ence function.

𝑃𝑗 (𝐿𝐿𝑀1, 𝐿𝐿𝑀2) =

{

𝑞𝑗 (𝑑𝑗 (𝐿𝐿𝑀1, 𝐿𝐿𝑀2)), subj. to max. of𝑝𝑗
𝑞𝑗 (−𝑑𝑗 (𝐿𝐿𝑀1, 𝐿𝐿𝑀2)), subj. to min. of𝑝𝑗

(1)

Using the preference function 𝑝𝑗 , decision-makers can assess the 
comparison between two LLMs based on a single criterion. To compare 
the LLMs across all criteria, the average preference index should then be 
calculated as given in Eq. (2). Here, 𝑤𝑗 denotes the weight of the 𝑗 − 𝑡ℎ
criterion, with higher weights indicating greater importance in ranking. 
Weights can be set manually (providing another chance to incorporate 
decision-makers’ preferences over the criteria) or determined empiri-
cally using predefined weighting functions. Note that the average pref-
erence index is asymmetric, i.e., 𝜋(𝐿𝐿𝑀1, 𝐿𝐿𝑀2) ≠ 𝜋(𝐿𝐿𝑀2, 𝐿𝐿𝑀1).

𝜋(𝐿𝐿𝑀1, 𝐿𝐿𝑀2) =
1
𝑛

𝑛
∑

𝑗=1
𝑤𝑗𝑝𝑗 (𝐿𝐿𝑀1, 𝐿𝐿𝑀2). (2)

The average preference index compares two LLMs across all per-
formance metrics. To compare all LLMs, we need to calculate the net 
flow, the difference between the positive (𝜙(𝐿𝐿𝑀+

𝑖 )) and negative 
(𝜙(𝐿𝐿𝑀−

𝑖 )) preference flows. The positive flow shows how an LLM out-
performs the other LLMs from the portfolio, while the negative indicates 
how it is outperformed by the other LLMs. Their definition is given with 
Eq. (3). The net flow of an LLM is its difference, given with Eq. (4). 
PROMETHEE II ranks the LLMs by ordering them based on decreas-
ing net flow values. Instead of using multiple performance metrics, the 
same analysis can be done with a single metric by applying it to various
benchmark datasets, allowing preferences to be assigned at the

Table 2 
A brief description of the LLM benchmark datasets used in this paper.
 Dataset Description

 MMLU-Pro Dataset extending the MMLU benchmark [20] with more chal-
lenging, reasoning-focused questions, expanding the number of 
choices from 4 to 10, and eliminating the trivial/noisy questions. 
[24]

 GPQA Highly difficult multiple-choice question dataset created by ex-
perts in biology, physics, and chemistry (even experts hav-
ing/pursuing a PhD in the fields reach an accuracy of 65%). [26]

 MuSR Algorithmically created dataset of multi-step reasoning tasks 
written in a natural language, which require reasoning over a 
long context. [36]

 MATH High-school level math competition problems [20]. Only level 5 
math questions are included in the Open LLM Leaderboard.

 IFEval Standardized benchmark for evaluation of LLM natural language 
instruction following capabilities. [37]

 BBH A subset of 23 most challenging tasks from Big-Bench [34] on 
which language models had not yet surpassed average human-
rater performance at the time of its creation. [35]

 NarrativeQA QA benchmark for reading comprehension over long stories 
(e.g., book or movie script). [51]

 NaturalQuestions Question answering benchmark of naturally-occurring queries. 
In the open-book version, the input includes the Wikipedia page 
with the answer, while in the closed-book it does not. [17,52]

dataset level.
𝜙(𝐿𝐿𝑀+

𝑖 ) =
1

(𝑚 − 1)
∑

𝑥∈𝐴
𝜋(𝐿𝐿𝑀𝑖, 𝑥),

𝜙(𝐿𝐿𝑀−
𝑖 ) =

1
(𝑚 − 1)

∑

𝑥∈𝐴
𝜋(𝑥,𝐿𝐿𝑀𝑖). (3)

𝜙(𝐿𝐿𝑀𝑖) = 𝜙(𝐿𝐿𝑀+
𝑖 ) − 𝜙(𝐿𝐿𝑀−

𝑖 ). (4)

4.  Experimental design

A brief description of the datasets used in our two experimental con-
texts defined in Section 3.1, is given in Table 2. To demonstrate the 
advantages of incorporating practices from MCDM in LLM ranking and 
their scalability, in each context, we define multiple scenarios aligned 
with different decision-maker requirements, as described below. We also 
illustrate how the output of those scenarios can be interpreted. We select 
performance criteria that are available from publicly available sources 
[17,18]. All performance metrics used are for the inference phase and 
not for the LLM fine-tuning phase. All used performance metrics have 
been reported based on cross-validation settings consistent across all 
LLMs, ensuring that the metrics are derived from the same train and 
test splits and aggregated in the same way. We would like to point out 
that evaluating LLMs on different datasets is beyond the scope of this 
paper, since the selected publicly available benchmarking data are suf-
ficient to show how the proposed framework works.

4.1.  Multiple benchmark datasets

In the first experimental context, we use public data from Hugging 
Face Open LLM Leaderboard (version 2)2, which includes at the time of 
writing 4,576 open LLMs evaluated on six benchmarks (i.e., datasets). 
However, at the time of writing, the benchmarking platform has al-
ready been archived, the reason for which has been announced in its 
authors’ post3. Each benchmark is associated with a single performance 
metric, accuracy or exact match4, subject to maximization. We use the 
1,000 LLMs ranked highest based on the average performance across 

2 https://huggingface.co/spaces/open-llm-leaderboard/open_llm_
leaderboard
3 https://huggingface.co/spaces/open-llm-leaderboard/open_llm_

leaderboard/discussions/1135
4 https://huggingface.co/docs/leaderboards/open_llm_leaderboard/about
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the six benchmarks, as calculated in the platform. The missing data 
handling strategy was not required, since the selected subset did not 
contain any missing data. We define several scenarios (S) in which the
decision-makers’ preferences prioritize certain benchmarks based on 
their domain or characteristics.

In the first set of scenarios, we rank LLMs using different prefer-
ence functions applied to the six benchmarks to account for the differ-
ences in the LLMs’ performance. S1 applies the usual preference func-
tion to each benchmark dataset and assigns equal weights to all datasets, 
i.e., treats them as equally important. S2 applies the linear preference 
function, while S3 the Gaussian in the same way as S1. To emphasize 
LLMs’ performance on certain benchmarks more than on others, we cre-
ate a new controlled scenario by selecting different preference func-
tions for different benchmarks. Therefore, S4 aims to prioritize datasets 
with minimal contamination, i.e., gives greater importance to GPQA, 
MuSR, and MMLU-Pro datasets [16] through the Gaussian preference 
function. The linear preference function is applied to the remaining 
three datasets. Equal weights are assigned to all datasets so that the 
importance is emphasized only through the preference function. Addi-
tionally, we demonstrate that preferences can be modeled by assign-
ing different weights (importance) to different benchmarks. For that 
purpose, S5 repeats S1, S2, and S3, but assigns different weights to 
the GPQA, MuSR, and MMLU-Pro datasets. The same preference func-
tion is applied to all datasets, since now the preference is emphasized 
through the assigned weights. This results in scenarios S5.1, S5.2, and 
S5.3, respectively. We then describe a scenario that lets users balance 
LLM parameter size with accuracy. In scenario S6, we add the num-
ber of parameters as a seventh criterion, applying a Gaussian prefer-
ence function to it, while applying a linear preference function to each 
of the other six benchmark accuracy metrics. All seven criteria receive 
equal weight; LLM parameter size is set as a minimization objective (fa-
voring smaller models), and the six accuracy metrics as maximization 
objectives (favoring higher scores). This configuration promotes com-
pact models that still perform well across every benchmark. Finally, we 
present a scenario where decision-makers can set preferences on the 
trade-off between the 𝐶𝑂2 cost (𝐶𝑂2 emissions during model evaluation 
in kg)5 and its accuracy across different benchmarks. S7 incorporates 
the 𝐶𝑂2 cost as an additional criterion, prioritizing it with the Gaus-
sian preference function. Again, the linear preference function is applied 
to the remaining six benchmark datasets, and equal weight is assigned 
to all seven criteria. The 𝐶𝑂2 cost is subject to minimization, while 
the other six metrics are subject to maximization. This scenario should 
favor models with lower 𝐶𝑂2 emissions that perform well across all
benchmarks.

In summary, S1 aggregates the wins and losses of the LLM pairs in all 
benchmarks. S2 linearly emphasizes the accuracy differences between 
LLM pairs. S3 prioritizes larger pairwise differences as more signifi-
cant wins. S4 emphasizes larger pairwise differences in contamination-
free datasets using a Gaussian preference function, while applying a 
linear preference function to the remaining datasets. S5.1, S5.2, and 
S5.3 are modified versions of S1, S2, and S3 by assigning higher 
weights to contamination-free benchmarks. S6 favors LLMs with a 
smaller parameter size and strong performance in all six benchmarks, 
while S7 favors LLMs with lower 𝐶𝑂2 emissions and good perfor-
mance. In all scenarios 1 to 7, we compare the resulting rankings 
with those based on the average score reported on the Open LLM 
Leaderboard website. This “average-based” ranking uses the mean 
of the normalized scores from Open LLM Leaderboard6, which may 
be skewed if a model performs inconsistently across the benchmark
datasets.

5 https://huggingface.co/docs/leaderboards/open_llm_leaderboard/
emissions
6 https://huggingface.co/docs/leaderboards/open_llm_leaderboard/

normalization

4.2.  Multiple performance metrics

In the second set of experiments, we use the Question Answering 
results from HELM Classic Leaderboard v0.4.0 (2023-11-17)7, which 
was the latest release available at the time of our analysis. Three of 
the nine datasets were selected, i.e., NaturalQuestions (open-book), Nat-
uralQuestions (closed-book), and NarrativeQA, excluding those with 
missing performance values. We compare LLMs using seven metrics. 
Those are the F1 scores from the accuracy, fairness, and robustness cat-
egories (subject to maximization), where the second refers to the worst 
case over fairness-related word perturbations and the third to the worst 
case over robustness-related word perturbations. We also use the toxic 
fraction (fraction of toxic outputs) from the toxicity category (subject 
to minimization). Finally, we use metrics related to bias, specifically, 
stereotypical associations related to gender groups with target profes-
sions (based on co-occurrence statistics of gender terms and professions) 
and potentially uneven representation of racial and gender groups based 
on the frequency of racially-associated names and gender-related terms 
(subject to minimization). Please refer to [17] for additional details on 
the metrics. Since the selected data subset still contained a small amount 
of missing values, we selected the list-wise deletion strategy, in which 
the alternatives that contain at least one missing value across datasets 
and metrics were deleted from the dataset. This resulted in a subset of 49 
LLMs used in the subsequent analysis, out of 67 available in the leader-
board, i.e., 73%. In the scenarios, the decision-maker’s preferences are 
assigned to different performance metrics calculated on the same bench-
mark dataset.

We evaluate several scenarios (S) on each of the three datasets sepa-
rately. In the first set of scenarios, the LLMs are ranked over the selected 
metrics using the usual, linear, and Gaussian preference functions. S1
uses the usual preference function for each of the seven metrics, treat-
ing all metrics as equally important by assigning them equal weights.
S2 follows the same approach but uses the linear preference function.
S3 uses the Gaussian. Then we analyze the impact of the use of corre-
lated metrics on the ranking. Specifically, in S4 we conduct a correlation 
analysis of the seven performance metrics and select one metric from 
each cluster of correlated metrics. The Pearson correlation coefficient 
is used to calculate the correlation between the performance values of 
all criteria pairs, followed by clustering to identify correlated criteria. 
This approach helps to avoid biased results in favor of certain LLMs, 
which can happen when highly correlated metrics are included. Then, 
we repeated scenarios S1, S2, and S3 on the selected set of uncorrelated 
metrics, resulting in S4.1 (usual), S4.2 (linear), and S4.3 (Gaussian), re-
spectively. Additionally, we repeated the S4.1-3 scenarios 𝑘 times, each 
repetition incorporating different metrics from the set of correlated met-
rics, in order to examine their impact on the final rankings. In S5, using 
the set of uncorrelated metrics, we repeat S4 by applying the Gaussian 
preference function to the bias-related metrics and the linear preference 
function to all other, i.e., giving higher preference to bias-related met-
rics to favor unbiased LLMs. We would like to emphasize that this study 
neither proposes new bias/fairness metrics nor provides guidelines for 
their measurement, since that is part of the benchmarking step B4. It 
only utilizes metrics from publicly available benchmarking platforms 
and assigns them a higher priority during the benchmarking step B5. 
All experiments are conducted on each benchmark dataset separately.

4.3.  Generalized preference functions

We evaluate three generalized preference functions mentioned above 
when describing the experiments, i.e., the usual, the linear, and the 
Gaussian, the calculation of which is given in Eq. 5–7, respectively. 
The linear preference function is parameterized by the indifference 
𝑎 and preference 𝑏 thresholds, below/above which the difference is

7 https://crfm.stanford.edu/helm/classic/latest/#/leaderboard
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considered negligible/significant and projected to 0/1, respectively. All 
pairwise differences between 𝑎 and 𝑏 are linearly projected between 0 
and 1. These thresholds are set to the minimal and maximal value in the 
metrics pairwise difference matrices in our experiments, i.e., we have 
no indifference/preference towards specific pairwise differences. The 
Gaussian preference function is parameterized by the standard devia-
tion 𝜎, which is set to the standard deviation of the pairwise distance 
matrices. We also perform a sensitivity analysis on the parameters of the 
linear (𝑎, 𝑏) and Gaussian (𝜎) preference functions. These parameters are 
increased and decreased by 10% and 20%, where applicable, and all ex-
periments involving these preference functions are recalculated with the 
updated parameters. The details of the sensitivity analysis and its results 
are available in Appendix B. The resulting rankings remain robust and 
stable across all experiments.

𝑈𝑠𝑢𝑎𝑙(𝑥) =

{

0, 𝑥 ≤ 0
1, 𝑥 > 0

(5)

𝐿𝑖𝑛𝑒𝑎𝑟(𝑥) =

⎧

⎪

⎨

⎪

⎩

0, 𝑥 ≤ 𝑎
𝑥−𝑎
𝑏−𝑎 , 𝑎 < 𝑥 ≤ 𝑏
1, 𝑥 > 𝑏

(6)

𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛(𝑥) =

⎧

⎪

⎨

⎪

⎩

0, 𝑥 ≤ 0

1 − exp
(

− 𝑥2

2𝜎2

)

, 𝑥 > 0
(7)

4.4.  Weighting method

According to [43], the three most popular methods for objective cri-
teria weighting include, (1) assigning equal weights to the criteria, (2) 
the entropy method taking into consideration the uncertainty of the in-
formation, and (3) the standard deviation method which assigns small 
weights to the criteria with low standard deviation between their val-
ues. In this paper, we allow manual specification of criteria weights, 
and most of the scenarios use the equal weighting method where the 𝑛
criteria weights are calculated as given in Eq. (8).
𝑤𝑗 = 1∕𝑛 (8)

In other scenarios, a larger amount of the total weight is equally dis-
tributed across several (more relevant criteria), while a smaller amount 
of the total weight is again equally distributed among the remaining 
criteria.

In addition, we conduct an experiment in which the weights are cal-
culated using the Analytic Hierarchy Process (AHP) [53], a well-known 
MCDM method. These weights are then integrated into the PROMETHEE 
II method. This approach is adopted because setting weights manually 
can be a challenging task for non-experts, while the AHP method offers 
a more user-friendly way to specify them. The description and results 
of this experiment are presented in Appendix D. The rankings obtained 
using AHP weights are consistent with those obtained with manually 
specified weights.

5.  Results

The LLM’s ranking results are shown separately for the two experi-
mental contexts, the first involving multiple benchmark datasets and the 
second multiple performance metrics. The results can be reproduced us-
ing the source code from our GitHub repository [19], after obtaining the 
previously described input data. For more details, see Appendix A.

5.1.  Multiple benchmark datasets

Fig. 2 presents LLM rankings across different scenarios (described 
in Section 4.1), where each row represents an LLM and each column 
shows its ranking in different scenarios. The first column gives the LLM 
ranking based on Hugging Face’s average score. In the figure, the LLMs 

are uniquely described through their name, number of parameters, and 
Hugging Face’s average score. The portfolio shown in the figure includes 
the union of the 10 LLMs with the highest ranking from each scenario 
(resulting in 23 LLMs). The figure also includes a dendrogram of the 
selected LLMs, clustered using Euclidean distance and average linkage 
based on their rankings across different scenarios. This figure indicates 
that several LLMs maintain stable rankings with only minor deviations 
across different scenarios. The top four LLMs (based on the average 
column) exemplify this stability. In contrast, other LLM clusters show 
varying rankings depending on the scenario, i.e., decision-makers’ pref-
erences influence their ranking. The second cluster of LLMs presented on 
the bottom of the heatmap shows LLMs that perform poorly in scenar-
ios S6-S7, compared to their average scores (e.g., 5th, 6th, 7th, and 8th 
ranked LLMs), emphasizing that the model size and the CO2 emissions 
are large (we preferred small models with smaller CO2 emissions in those 
scenarios). For most LLMs, there is no significant deviation between the 
rankings in scenarios S1-S5.3. However, for some, those rankings devi-
ate from their average-based ranking (e.g., 10th, 24th, 28th), while for 
others remain comparable (e.g., 8th, 14th, 15th, 21st).

We can conclude that the top three LLMs (based on the “average” 
ranking) are the best overall choices across all scenarios. Their sta-
ble performance ensures that they remain largely unaffected by the 
decision-maker’s preferences in the benchmarking process. The 12th, 
15th, 24th, 28th, 50th, and 57th-ranked LLMs improve their rank-
ing under S3 (Gaussian preference function), indicating they achieve 
significantly larger wins across benchmarks. Conversely, LLMs ranked 
5th through 11th, except for the 8th, worsen their ranking, suggest-
ing that other LLMs have more substantial wins against them. Next, 
the 8th, 12th, 15th, 28th, and 57th-ranked LLMs based on the aver-
age score, maintain a good ranking under S4, indicating strong perfor-
mance on contamination-free datasets where larger wins are preferred 
(through the Gaussian preference function). The 57th-ranked LLM per-
forms much worse across the other scenarios S1-S3 and S5.1-S5.3. S4 
particularly suggests that prioritizing contamination-free benchmarks 
does not work in favor of this model. When preferring smaller model 
sizes and lower 𝐶𝑂2 emissions, the two LLMs ranked 12th by the aver-
age score are as preferable as the 1st-4th LLM, since they rank 1st and 
2nd in S6-S7 scenarios. They are also not vulnerable to contamination, 
as they perform better when contamination-free benchmarks are prior-
itized (S4), making them more competitive against other LLMs. A solid 
choice would be the LLMs ranked as 1st-4th, and 12th based on the 
“average” score, as their performance remains stable even when prior-
itizing the contamination-free benchmarks. To confirm these findings, 
Fig. 3 shows the positive and negative preference flows of all 23 LLMs 
shown in Fig. 2.

To improve the interpretability of the MCDM process and show how 
the positive and negative flows are calculated, Fig. 4 illustrates the dis-
tribution of LLM performance scores by the criteria (accuracy or exact 
match, subject to maximization) available on the Open LLM Leader-
board. The first 1000 LLMs by average-based ranking are included in 
the visualization. It is evident that certain benchmark datasets are more 
difficult for most of the LLMs, such as GPQA and MUSR. A lower stan-
dard deviation 𝜎 corresponds to smaller pairwise differences between 
LLM performance values, as illustrated in Fig. 5. It illustrates the LLM 
pairwise difference distribution by criteria before applying a preference 
function (Fig. 5 (a)) and after applying the three different ones. It can be 
seen that the usual preference function simply maps the differences to 
either 0.0 or 1.0 (Fig. 5 (b)), and the linear maps them linearly to the in-
terval between 0.0 and 1.0 (Fig. 5 (c)). The Gaussian maps the negative 
values to 0.0 and for the positive uses a Gaussian distribution centered 
at 0.0 with a standard deviation 𝜎 equal to that of the values in the pair-
wise distance matrix (predefined parameter described in Section 4.3), 
as illustrated in Fig. 5 (d). To further clarify the differences between the 
preference functions, Fig. 6 illustrates the mapping between the origi-
nal pairwise distances and the target values outputted by each prefer-
ence function. It is clearly visible that the Gaussian preference function
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Fig. 2. Comparison of LLM rankings (rows) across scenarios (columns) on Open LLM Leaderboard dataset. The portfolio includes the union of the 10 LLMs with the 
highest ranking from each scenario. The first column shows the rankings based on the average Hugging Face score.

Fig. 3. Comparison of LLM positive and negative preference flows (rows) across scenarios (columns) on Open LLM Leaderboard dataset. The portfolio includes the 
union of the 10 LLMs with the highest ranking from each scenario (same LLMs as in Fig. 2).

Fig. 4. LLM performance score distribution by Open LLM Leaderboard dataset.
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Fig. 5. LLM pairwise distance distribution by Open LLM Leaderboard dataset. (a) Before applying a preference function. (b) After applying the usual preference 
function. (c) After applying the linear preference function. (d) After applying the Gaussian preference function. For clarity of the visualization, the negative pairwise 
distances that are mapped to 0.0 with the Gaussian preference function are not shown.

Fig. 6. Mapping of the LLM pairwise distances by Open LLM Leaderboard dataset (x-axis) to target values between 0.0 and 1.0 (y-axis) with different preference 
functions. (a) Usual preference function. (b) Linear preference function. (c) Gaussian preference function.
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Fig. 7. Spearman rank correlation between the Open LLM Leaderboard average-
based ranking and the rankings outputted in different scenarios.

emphasizes the extreme differences (small or large) more than the lin-
ear one. The actual performance values in Open LLM Leaderboard for 
a selected set of LLMs are illustrated in Appendix E and discussed in 
relation to the results presented in this section.

Finally, Fig. 7 presents the Spearman rank correlation between the 
average-based ranking in Open LLM Leaderboard and the final rankings 
outputted in all other scenarios. The results indicate that the rankings 
produced by scenarios S1-S5.3 are rather robust, as the correlation is 
very high. The rankings outputted in scenarios S6-S7 have higher corre-
lation between themselves, but lower correlation with the other scenar-
ios, which is expected due to the introduction of new criteria - param-
eter size and 𝐶𝑂2 emissions. On the other hand, the higher correlation 
between S6 and S7 is also expected, as LLMs with a larger number of 
parameters are usually associated with a higher 𝐶𝑂2 emissions. All sce-
narios have lower correlation with the average-based ranking. Scenarios 
S2 and S5.2 (which use the linear preference function) show a slightly 
increased correlation with the average-based ranking compared to the 
other scenarios.

Overall, we note that the rankings in S1, S2, and S3 and in S5.1, 
S5.2, and S5.3, respectively, are similar because the same preference 
function is applied to each benchmark dataset in each group, with only 
the weighting method differing. In S5.1, S5.2, and S5.3, it only lin-
early scales the preference function value accordingly. In these scenar-
ios, the weight of the preferred criteria is 1.5 times larger than the 
rest (i.e., 𝑤𝐼𝐹𝐸𝑣𝑎𝑙 = 0.13, 𝑤𝐵𝐵𝐻 = 0.13, 𝑤𝑀𝐴𝑇𝐻 = 0.13, 𝑤𝐺𝑃𝑄𝐴 = 0.20, 
𝑤𝑀𝑈𝑆𝑅 = 0.20, 𝑤𝑀𝑀𝐿𝑈−𝑃𝑅𝑂 = 0.20, all weights summing to 1.0), but 
to emphasize the difference even more, larger weight variations would 
be needed (planned for future work). Additional sensitivity analysis of 
the weights are reported in Appendix D.

5.2.  Multiple performance metrics

In the second experimental context, the rankings are based on mul-
tiple performance metrics calculated on a single dataset. We apply this 
approach to three benchmark datasets. In the beginning, we analyze the 
correlations among the metrics used.

Fig. 8 illustrates the Pearson correlation between various perfor-
mance metrics, calculated separately for each dataset and then averaged 
across all three datasets. The results reveal that the only cluster of cor-
related metrics includes the F1 scores related to accuracy, fairness, and 
robustness. Therefore, in S4.1 (usual preference function), S4.2 (linear), 
and S4.3 (Gaussian), we repeat the experiments three times, each time 
selecting one metric from the F1 scores along with all other remaining 

Fig. 8. Pearson correlation between LLM scores with different performance 
metrics from HELM, calculated separately on each of the three datasets and 
then averaged across the datasets.

metrics to assess their influence. These variations are denoted as S4.1.1 
(F1 retained), S4.1.2 (F1 fairness retained), and S4.1.3 (F1 robustness 
retained). It is also important to note that we did not include the “mean 
win rate” metric from HELM, as it is calculated by metric group (i.e., 
across all benchmark datasets), whereas our analyses are conducted by 
dataset (i.e., across different metrics).

Figs. 9–11 compare LLM rankings across different scenarios for each 
dataset separately, i.e., NarrativeQA (Fig. 9), NaturalQuestions (open-
book) (Fig. 10), and NaturalQuestions (closed-book) (Fig. 11). They 
display the union of the 10 LLMs with the highest ranking from each 
scenario. Each row represents an LLM, while each column corresponds 
to one scenario. Overall, the rankings across the three datasets reveal 
that some LLMs consistently perform well, with their rankings remain-
ing stable regardless of the correlated metrics (no significant deviations 
between rankings in S1, S2, and S3 compared to S4.1, S4.2, and S4.3, 
respectively). Examples include Vicuna v1.3 (7B) and Falcon Instruct 
(40B) for NarrativeQA; LLaMa (30B), Falcon (40B), and Anthropic-LM 
v4-s3 (52B) for NaturalQuestions (open-book); and Falcon (40B), Mis-
tral v0.1 (7B), and GPT-3.5 Turbo-0301 for NaturalQuestions (closed-
book). However, for each dataset, some LLMs exhibit changes in their 
rankings - either increases or decreases - indicating that the inclusion of 
correlated metrics can influence their rankings. Examples of models that 
show increased (worse) rankings when correlated metrics are excluded 
across NarrativeQA and NaturalQuestions (open-book) datasets include 
text-davinci-003 and Cohere Command Beta (52.4B). Such examples in 
the NaturalQuestions (closed-book) involve Falcon-instruct (40B) and 
LLaMA (30B). Conversely, the text-babbage-001 model demonstrates 
improved (better) rankings when correlated metrics are removed, par-
ticularly for NarrativeQA and NaturalQuestions (open-book) datasets. 
However, it does not appear in the top 10 ranked LLMs in any eval-
uation scenario on NaturalQuestions (closed-book) datasets. Other ex-
amples with improved ranking when omitting correlated metrics are 
T5 (11B) and UL2 (20B) on the NarrativeQA dataset, and Cohere large 
20220720 (13.1B), Alpaca (7B), Falcon (7B) (slight improvement), and 
GLM (130B) on the NaturalQuestions (closed-book) dataset.

By examining the S4.1, S4.2, and S4.3 scenarios and their three 
repetitions with a single metric from the correlated cluster, we find 
that the rankings remain robust and reliable. The maximum devia-
tion is only 3 within each scenario separately, indicating that the re-
sults remain consistent even when different correlated metrics are in-
cluded. In S5, where the focus is on bias metrics related to race,
gender, and gender-profession, for each dataset individually, we can 
identify LLMs that are unbiased but still have good overall performance 
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Fig. 9. Comparison of LLM rankings (rows) across scenarios (columns) on the NarrativeQA dataset. The portfolio includes the union of the 10 LLMs with the highest 
ranking from each scenario.

Fig. 10. Comparison of LLM rankings (rows) across scenarios (columns) on the NaturalQuestions (open-book) dataset. The portfolio includes the union of the 10 
LLMs with the highest ranking from each scenario.

on the other metrics. For the NarrativeQA dataset, the Falcon-Instruct 
(40B) and Vicuna v1.3 (7B) are identified as top unbiased LLMs. On the 
NaturalQuestions (open-book) dataset, those are LLaMA (30B) and Fal-
con (40B). When looking at the NaturalQuestions (closed-book) dataset, 
those are Mistral v0.1 (7B), gpt-3.5-turbo-0301, and Falcon (40B).

LLM performance varies by dataset; for example, the LLaMA (30B) 
model performs well and remains unbiased in the NaturalQuestions 

(open-book) dataset but shows bias in other datasets. Once users iden-
tify an optimal evaluation scenario for their needs, they can use it to 
rank LLMs across datasets. These rankings can then be statistically tested 
(e.g., with the Friedman test) for significant differences [54]. Due to 
the limited number of suitable publicly available datasets for our study 
(only three), we did not conduct that analysis, as ten or more datasets 
are generally required.
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Fig. 11. Comparison of LLM rankings (rows) across scenarios (columns) on the NaturalQuestions (closed-book) dataset. The portfolio includes the union of the 10 
LLMs with the highest ranking from each scenario.

To clarify how these rankings were derived, Figs. 12–14 each illus-
trate, for one of the three datasets, the positive and negative preference 
flows. In this context, the positive flow measures how much a given LLM 
outperforms other LLMs across all performance metrics, while the nega-
tive flow measures how much it is outperformed by them. Although we 
do not elaborate further here, the goal is to maximize positive flow and 
minimize negative flow, as their difference determines the final ranking. 
The dendrograms on each heatmap (one per benchmark dataset) show 
clusters of LLMs based on these flows. Additionally, the positive and 
negative flows depend on the chosen preference function, which takes 
as input the difference between the performance values of two LLMs.

Fig. 15–17 illustrate the distribution of LLM performance scores 
by the criteria (performance metric) involved in our experiments 
on NarrativeQA, NaturalQuestions (open-book), and NaturalQuestions
(closed-book) datasets, respectively. As already described in the previ-
ous section, the lower standard deviation 𝜎 translates into smaller pair-
wise differences between LLM performance scores, but those illustra-
tions are not included here due to their large number and the already 
provided explanation of the mapping process in the first experimental 
context (Section 5.1). The actual performance scores in all three datasets 
for a selected set of LLMs are illustrated in Appendix E and discussed in 
relation to the results presented in this section.

Finally, in Figs. 18–20, we present the Spearman rank correlation 
between the final rankings outputted in all scenarios by dataset, to 
test their robustness across scenarios. The results indicate that for all 
three datasets, the rankings are rather robust to changes of the pref-
erence function, as the correlation is high (applies to S1-3, S4.x.1-3 
(𝑥 ∈ {1, 2, 3}), S5.1-3).

6.  Discussion

This paper presents a transparent, decision-centric benchmarking 
framework, xLLMBench, which enables decision-makers to rank LLMs 
based on their preferences across various (potentially conflicting) per-
formance and non-performance criteria. It introduces a set of bench-
marking scenarios motivated by real-world application requirements, 

with guidelines on how such requirements (preferences) can be inte-
grated into the ranking process. The scenarios belong to two experi-
mental contexts: (1) combining results for a single performance met-
ric across different datasets, and (2) combining multiple performance 
metrics calculated on a single benchmark dataset. The inclusion or 
exclusion of specific (non-)performance criteria is entirely up to the 
decision-makers. The paper focuses on the fifth step of the benchmarking
process (robust analysis of benchmarking results), assuming that pre-
vious steps - selection of performance criteria (metrics), datasets, and 
LLMs have been conducted following established benchmarking best 
practices. We select LLM performance criteria from widely-recognized, 
publicly available sources [17,18]. This decision to reuse reliable pub-
licly available benchmarking data aligns with calls for more effective 
LLM benchmarking, pointing to high computational costs while evalu-
ating large LLM portfolios on a wide range of datasets [55,56]. We again 
emphasize that this paper does not introduce new performance metrics, 
nor does it impose what should be measured during LLM benchmarking, 
extensive research fields by themselves, outside the scope of this paper.
However, our framework allows the inclusion of different types of met-
rics - whether technical, environmental, or socially grounded based on 
sentiment, toxicity, or user reactions [57] - directly into the ranking pro-
cess. Additionally, we clarify that the included measurement of LLM CO2
emissions refers to the inference phase, as provided by Hugging Face’s 
Open LLM Leaderboard platform8. However, future work can include 
metrics such as carbon footprint or energy consumption per training it-
eration, particularly if the research focus shifts toward ranking LLMs for 
fine-tuning purposes and if comparable measurements across different 
LLMs are publicly available in their model cards.

We show how different decision-makers’ preferences can be inte-
grated into the method (1) by specifying preferences over LLMs’ pair-
wise differences through preference functions and (2) by specifying 
preferences over criteria through weights used to calculate the average

8 https://huggingface.co/docs/leaderboards/open_llm_leaderboard/
emissions
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Fig. 12. Comparison of LLM positive and negative preference flows (rows) across scenarios (columns) on the NarrativeQA dataset. The portfolio includes the union 
of the 10 LLMs with the highest ranking from each scenario.

Fig. 13. Comparison of LLM positive and negative preference flows (rows) across scenarios (columns) on the NaturalQuestions (open-book) dataset. The portfolio 
includes the union of the 10 LLMs with the highest ranking from each scenario.

Fig. 14. Comparison of LLM positive and negative preference flows (rows) across scenarios (columns) on the NaturalQuestions (closed-book) dataset. The portfolio 
includes the union of the 10 LLMs with the highest ranking from each scenario.

Fig. 15. LLM score distribution by performance metric for the NarrativeQA dataset.
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Fig. 16. LLM score distribution by performance metric for the NaturalQuestions (open-book) dataset.

Fig. 17. LLM score distribution by performance metric for the NaturalQuestions (closed-book) dataset.

Fig. 18. Spearman rank correlation between the rankings outputted in the dif-
ferent scenarios on the NarrativeQA dataset.

Fig. 19. Spearman rank correlation between the rankings outputted in the dif-
ferent scenarios on the NaturalQuestions (open-book) dataset.

Fig. 20. Spearman rank correlation between the rankings outputted in the dif-
ferent scenarios on the NaturalQuestions (closed-book) dataset.

preference index. This paper analyzed three well-known PROMETHEE II
preference functions, but as priorities for deploying LLMs dif-
fer across organizations, the framework allows defining customized 
preference functions aligned with application-specific requirements
(see Appendix A). However, since that task requires appropriate skills, 
it should be addressed by dedicated data scientists in the organizations. 
For illustrative purposes, in this paper, we set the preference functions’ 
parameters in a data-driven manner, but also do a sensitivity analy-
sis to assess the effects of their change in Appendix B. It is important 
to note that those parameters can be set manually by decision-makers, 
as they are best positioned to determine what is the criteria’s practical 
significance to their use case or when a certain pairwise difference in 
the performance of two LLMs is not meaningful from a practical per-
spective. The AHP method also offers a user-friendly way of specify-
ing pairwise criteria importance, and its use with PROMETHEE II is 
demonstrated in Appendix D. Through visualization of each step of the 
decision-making process, we attempt to make the method as transpar-
ent to the decision-makers as possible and facilitate such a customized
configuration.

The results show that although most LLMs maintain consistent rank-
ings across scenarios, some drop in performance on contamination-free 
datasets, and some stand out as unbiased when bias-related metrics are 
prioritized. Overall, this approach gives better insights in each LLM’s 
unique strengths and weaknesses than any single aggregate performance 
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metric. To this end, we show that PROMETHEE II rankings are traceable 
via the average preference indices, the positive and negative preference 
flows. To present them in a user-friendly manner, we use established vi-
sualization methods such as dendrograms and heatmaps, which clearly 
separate good from bad alternatives in separate criteria, as well as cu-
mulatively. They also visually cluster similar alternatives for improved 
interpretability. We visualize and explain the mapping of criteria orig-
inal values to the target values outputted by three different preference 
functions, as well as visualize the criteria and LLM ranking correlations. 
We believe that in such a manner, we make the decision-making process 
more interpretable and traceable even to non-expert decision-makers. 
We hope to motivate future research on making MCDM methods even 
more interpretable for this purpose.

A few practical use cases where the xLLMBench can be useful are dis-
cussed below. The use cases are selected for illustrative purposes only, 
so the list is not an exhaustive one. Future work will analyze each use 
case in detail, using domain-specific LLM benchmark data and scenar-
ios defined with the help of domain experts. The xLLMBench ranking 
approach is also applicable to the selection of other types of ML models 
in various domains (e.g., health [58] or even cybersecurity [59]), when 
benchmarking data for different relevant (non-)performance metrics is 
available.

• In the financial sector, LLMs are increasingly adopted to support mar-
ket sentiment analysis, forecasting market trends, and financial doc-
ument information extraction / summarization [60]. However, this 
domain is characterized by unique vocabulary (different meanings 
of certain words from their general meaning), so domain-specific 
models are often required [61]. A recent study has shown that dif-
ferent LLMs differ in their capabilities to perform financial tasks, 
and while most excel at information extraction and text analysis, at 
the same time, they show lower performance in text generation and 
forecasting [62]. Furthermore, selecting an appropriate LLM often 
requires balancing conflicting objectives such as domain-specific per-
formance vs. inference cost, evaluation on multiple domain-specific 
tasks, and use of domain-specific evaluation metrics instead of gen-
eral ML metrics [63]. Compliance with ethical standards, legal, pri-
vacy, and security regulations is key requirement as well [60]. Since 
comprehensive financial LLM benchmarks are becoming available 
[62,64,65], xLLMBench can support decision-making by enabling 
financial organizations’ AI teams to systematically embed multi-
ple (conflicting) (non-)performance organizational priorities into the 
LLM ranking process, e.g., prioritizing accuracy (performance met-
ric) over operational cost (non-performance metric). Furthermore, 
xLLMBench provides transparency and reproducibility, key require-
ments in financial decision-making.

• In the heavily-regulated healthcare domain, LLMs are also attracting 
attention in research, educational, and clinical contexts [66]. LLMs 
are used in medical question answering, text analysis, information 
retrieval/extraction, X-ray analysis, to name a few use cases [67]. Re-
sponsible LLM deployment in healthcare requires a selection process 
accounting not only for performance but also for data privacy, fair-
ness, safety, robustness to known vulnerabilities, compliance with 
strict regulatory requirements, to name a few. Furthermore, recency 
and expert validation of the data used to train LLMs are relevant re-
quirements in the LLM selection process, to avoid inaccuracies [68]. 
Therefore, integration of LLMs in healthcare requires meticulous 
strategies for change management and risk mitigation [69]. As med-
ical LLM benchmarks become available [70], xLLMBench is par-
ticularly suitable for balancing performance with the large set of
non-performance criteria, resulting in LLM selection with transpar-
ent justifications which can be validated by human experts, a crucial 
requirement in healthcare.

• AI companies providing Software as a Service (SaaS) solutions based 
on LLMs, face trade-offs between performance, operational cost, and 
environmental sustainability. Due to their increased usage, concerns 

related to LLMs energy consumption, carbon emissions, and wa-
ter use are raised [71], not just in their training but also in their 
inference (operational) phase [72,73]. Benchmarking large portfo-
lios of LLMs across a broad range of capabilities can be computa-
tionally expensive as well, so calls for more effective benchmark-
ing arise [55,56]. Customers increasingly demand high-performing 
yet environment-friendly AI solutions, which creates complex de-
cision landscapes for companies, related to backend LLM training, 
fine-tuning, or selection. By integrating xLLMBench in their internal 
benchmarking pipelines, these providers can rank candidate LLMs 
based on customizable (in this case, conflicting) priorities that re-
flect both market demands on performance and societal demands on 
sustainability, improving LLM choices, increasing client trust, and 
positioning the company as a socially responsible one.

While this paper focuses on the use of MCDM methods for LLM 
ranking, we acknowledge that the problem can also be addressed us-
ing multi-objective optimization algorithms [74,75]. Our decision to use 
MCDM methods aligns with the call to action by the optimization com-
munity [76], which highlights the proliferation of algorithms offering no 
clear benefits, often introducing existing methods under different names 
without meaningful contributions, and reporting biased benchmarking 
results. For this reason, we believe that applying multi-objective op-
timization methods to this problem - an open direction for future re-
search - should be undertaken by research groups with a primary focus 
on multi-objective optimization.

Finally, a limitation of this study is the use of publicly available 
benchmark data, since the dataset and LLM selection steps of the bench-
marking process (B1 and B2) are outside the scope of this study. Fu-
ture work will address this by applying meta-learning to analyze dataset 
complementarity and ensure dataset diversity. Revision of the LLM se-
lection will also be made, ensuring the diversity of the LLM portfolio. 
Finally, the development of an automated algorithm selection process 
is planned, enabling the selection of the most appropriate LLM for new 
benchmark datasets.

7.  Conclusion

The widespread adoption of large language models (LLMs) requires 
meticulous evaluation of their capabilities across multiple benchmark 
datasets, using diverse performance metrics. Selecting an LLM for a real-
world application often involves balancing conflicting performance and 
non-performance criteria such as high domain accuracy vs. low energy 
consumption, fair outcomes, or low CO2 emissions. However, traditional 
LLM benchmarking approaches predominantly rely on individual per-
formance metrics or direct human feedback when ranking LLMs, which 
can be resource-intensive and fail to address the complex, real-world 
application-specific requirements. Additionally, they rarely provide sys-
tematic methods for combining multiple criteria into a unified and in-
terpretable ranking.

To address these limitations, this paper presents xLLMBench, a trans-
parent, decision-centric benchmarking framework designed to empower 
decision-makers to rank LLMs based on their specific preferences across 
diverse and often conflicting criteria. By framing LLM ranking as a multi-
criteria decision-making problem and adapting the well-established 
PROMETHEE II method to incorporate decision-makers’ preferences in 
the process, it outputs highly customized and practically meaningful 
LLM rankings. xLLMBench targets the fifth step of the benchmarking 
process (robust analysis of benchmarking results), assuming prior selec-
tion of datasets, metrics, and LLMs following established best practices. 
The benefits of its use are demonstrated through a set of scenarios or-
ganized under two experimental paradigms: (1) combining comparable 
metrics calculated on different benchmark datasets and (2) combining 
multiple metrics calculated on a single dataset. Additionally, we analyze 
how variations in criteria weights and method parameters influence the 
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ranking outcomes, as well as explore the effects of correlated criteria on 
the outcomes.

Our findings reveal that while certain LLMs retain stable rankings 
across most scenarios, others vary when contamination-free datasets or 
bias-related metrics are prioritized. Such findings provide a deeper un-
derstanding of LLM-specific strengths and weaknesses beyond simple 
aggregate scores. To enhance transparency and interpretability, xLLM-
Bench integrates visualizations and detailed explanations at each stage 
of the ranking process. By facilitating the integration of application-
specific preferences into customized decision-making workflows, xLLM-
Bench introduces a novel and impactful approach to LLM benchmarking, 
further enhancing the utility and relevance of existing benchmarking 
platforms.
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& editing, Validation, Supervision, Project administration, Investiga-
tion, Funding acquisition; Tome Eftimov: Writing – review & editing, 
Writing – original draft, Validation, Supervision, Project administration, 
Methodology, Investigation, Funding acquisition, Formal analysis, Con-
ceptualization.

Data availability

The link to the code is available in the text.

Declaration of competing interest

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

Acknowledgment

This work is funded by the Slovenian Research and Innovation 
Agency under program grant P2-0098, project grant No. GC-0001, and 
young researcher grant No. PR-12897 to AN; and by the European Union 
under Grant Agreement 101211695 (HE MSCA-PF AutoLLMSelect) and 
Grant Agreement 101187010 (HE ERA Chair AutoLearn-SI).

Appendix A.  Reproducibility and extensibility

The GitHub repository for xLLMBench [19] contains the code and all 
the configurations of the experimental scenarios described in this paper 
that are needed to reproduce the experiments. After obtaining the nec-
essary input data (described in Section 4), the users should make sure 
that it contains no missing values (listwise deletion is used in this pa-
per). The users can then run the processing pipeline with the selected 
configuration, following the examples provided in the repository. Users 
can also modify the configuration according to their application-specific 
requirements to run it on their application-specific data. We empha-
size that custom configurations should be defined by skilled data scien-
tists who can translate application-specific requirements to appropriate 

framework configurations, and estimate the effects of such configura-
tions on the results both theoretically and empirically. While running, 
the pipeline outputs visualizations at each step of the process, i.e., distri-
bution of the pairwise distances by criteria before and after application 
of preference functions, the average preference index matrix, positive 
and negative preference flows, and the final ranking, accompanied by 
the net flow values. Since running the visualizations can be resource-
intensive for larger input datasets, users have the opportunity to specify 
if visualizations should be skipped.

The framework allows for the addition of other preference functions, 
their registration at appropriate places in the code, and use in the experi-
ment configuration, following the implementation of the three currently 
available preference functions. However, we again emphasize that such 
steps should be done only by skilled data scientists, be based on solid 
theoretical grounding, and have their effects on the results evaluated 
through extensive experiments.

Appendix B.  Sensitivity analysis of preference functions 
parameters

Sensitivity analysis of the parameters of the linear and Gaussian 
preference function is performed to study the changes in the rank-
ings outputted by the different configurations. The indifference 𝑎 and 
preference 𝑏 parameters of the linear function are initially set to the 
minimum and maximum value of the appropriate criteria, i.e., there 
is no indifference and preference for LLM pairwise differences under 
any of the criteria. During the sensitivity analysis, the indifference pa-
rameter 𝑎 is increased by 10% and 20% of its initial value, while at 
the same time the preference parameter 𝑏 is decreased by 10% and 
20%, accordingly. Therefore, in the first case, there is an indifference 
for 10% of the lowest pairwise differences and a preference for 10% 
of the highest pairwise differences for all criteria to which the linear 
preference function is applied (depending on the configuration of the 
scenario). In scenarios in which the linear function is applied to some 
criteria, while other preference functions are applied to other criteria, 
the parameters of the other preference functions are fixed to their de-
fault values. For the Open LLM Leaderboard dataset, those scenarios 
are S2, S4, S5.2, S6, and S7, while for HELM datasets those are S2, 
S4.2.1, S4.2.2, S4.2.3, S5.1, S5.2, and S5.3. The Spearman correlation 
coefficient between the LLM rankings outputted by the different con-
figurations of each different scenario for the Open LLM Leaderboard 
dataset is given in Fig. B.1, for HELM NaturalQuestions (closed-book) 
dataset in Fig. B.4, for HELM NaturalQuestions (open-book) dataset 
in Fig. B.3, and for HELM NarrativeQA in Fig. B.2. The results show 
that in all cases the correlation is above 0.98, indicating stable and ro-
bust PROMETHEE II rankings in all scenarios included in the sensitivity
analysis.

In the case of the Gaussian preference function, the standard de-
viation parameter 𝜎 is set by default to the standard deviation of 
the values under each criterion (𝜎𝑑𝑒𝑓 ). During the sensitivity analy-
sis, this parameter of the Gaussian preference function is changed to 
values ±10∕20%, i.e, 𝜎𝑑𝑒𝑓 + 𝑛 ∗ 𝜎𝑑𝑒𝑓 , 𝑛 ∈ {−0.2,−0.1, 0.1, 0.2}. All exper-
iments that use the Gaussian preference function for at least one cri-
terion are included in the sensitivity analysis while keeping the de-
fault parameter values for all other preference functions applied to 
other criteria. For Open LLM Leaderboard those sub-scenarios are S3, 
S4, S5.3, S6, and S7, while for HELM those are S3, S4.3.1, S4.3.2, 
S4.3.3, S5.1, S5.2, and S5.3. The Spearman correlation coefficient 
between the LLM rankings outputted by the different configurations 
of each different experiment for Open LLM Leaderboard dataset is 
given in Fig. B.5, for HELM NaturalQuestions (closed-book) dataset in 
Fig. B.8, for HELM NaturalQuestions (open-book) dataset in Fig. B.7, 
and for HELM NarrativeQA in Fig. B.6. For all datasets and experi-
ments, the correlation is above 0.95, again indicating stable and robust 
PROMETHEE II rankings in all experiments included in the sensitivity
analysis.
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Fig. B.1. Sensitivity analysis of the parameters of the linear preference function in different scenarios on the Open LLM Leaderboard dataset. Scenario (a) S2, (b) 
S4, (c) S5.2, (d) S6, and (e) S7.

Fig. B.2. Sensitivity analysis of the parameters of the linear preference function in different scenarios on HELM NarrativeQA dataset. Scenario (a) S2, (b) S4.2.1, (c) 
S4.2.2, (d) S4.2.3, (e) S5.1, (f) S5.2, and (g) S5.3.
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Fig. B.3. Sensitivity analysis of the parameters of the linear preference function in different scenarios on HELM NaturalQuestions (open-book) dataset. Scenario (a) 
S2, (b) S4.2.1, (c) S4.2.2, (d) S4.2.3, (e) S5.1, (f) S5.2, and (g) S5.3.

Fig. B.4. Sensitivity analysis of the parameters of the linear preference function in different scenarios on HELM NaturalQuestions (closed-book) dataset. Scenario 
(a) S2, (b) S4.2.1, (c) S4.2.2, (d) S4.2.3, (e) S5.1, (f) S5.2, and (g) S5.3.
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Fig. B.5. Sensitivity analysis of the standard deviation parameter of the Gaussian preference function in different scenarios on the Open LLM Leaderboard dataset. 
Scenario (a) S3, (b) S4, (c) S5.3, (d) S6, and (e) S7.

Knowledge-Based Systems 330 (2025) 114405 

19 



A. Gjorgjevikj et al.

Fig. B.6. Sensitivity analysis of the standard deviation parameter of the Gaussian preference function in different scenarios on the HELM NarrativeQA dataset. 
Scenario (a) S3, (b) S4.3.1, (c) S4.3.2, (d) S4.3.3, (e) S5.1, (f) S5.2, and (g) S5.3.
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Fig. B.7. Sensitivity analysis of the standard deviation parameter of the Gaussian preference function in different scenarios on the HELM NaturalQuestions (open-
book) dataset. Scenario (a) S3, (b) S4.3.1, (c) S4.3.2, (d) S4.3.3, (e) S5.1, (f) S5.2, and (g) S5.3.
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Fig. B.8. Sensitivity analysis of the standard deviation parameter of the Gaussian preference function in different scenarios on the HELM NaturalQuestions (closed-
book) dataset. Scenario (a) S3, (b) S4.3.1, (c) S4.3.2, (d) S4.3.3, (e) S5.1, (f) S5.2, and (g) S5.3.

Appendix C.  Comparison with other MCDM methods

The large number of MCDM methods proposed in the research liter-
ature to date may output different rankings for the same set of alterna-
tives (particularly when alternatives are similar), and clear guidelines 
on selecting the most appropriate MCDM method are not available [77]. 
Doing a comparative analysis of different methods is often suggested to 
see their similarities and differences in the use case of interest. We fol-
low that approach to compare PROMETHEE II rankings outputted in 
different scenarios with the rankings of two widely used MCDM meth-
ods according to research literature [78]. Those were TOPSIS [47] and 
VIKOR [48]. The two methods differ from PROMETHEE II (an outrank-
ing method) since they rank alternatives in terms of an “ideal” solu-
tion, although in different ways. TOPSIS prefers a solution with a small 
vector-based distance to a positive-ideal solution and a large distance to 
a negative-ideal solution, while VIKOR prefers a compromise solution 
maximizing the so-called “group utility” and minimizing the “individ-
ual regret” [79].

Since TOPSIS and VIKOR only allow specifying preference toward 
criteria through weights, certain scenarios are redundant in this com-
parison. For example, in the case of the Open LLM Leaderboard dataset, 
scenarios S1, S2, S3, changing the PROMETHEE II preference func-
tion have the same configuration when running TOPSIS and VIKOR, 
so they are run only once. The same applies to S5.1, S5.2, and S5.3. 
S4, which involves different preference functions and the same cri-

teria weights, is inapplicable for TOPSIS and VIKOR. In the case of 
HELM datasets, S1, S2, and S3 have the same configuration for TOP-
SIS and VIKOR, so they are run only once. The same applies to sce-
narios S4.x.1, S4.x.2, S4.x.3, 𝑥 ∈ {1, 2, 3}, which are run only once ac-
cordingly. Scenarios S5.1, S5.2, and S5.3 are inapplicable. With TOPSIS, 
we use the min-max normalization of the decision matrix. With VIKOR, 
we do not use normalization, and the value of the parameter 𝑣 is set 
to 0.5. Their implementation in the pymcdm software library is used 
[80]. To compare the rankings, the Spearman correlation coefficient is
calculated.

Fig. C.1 illustrates the Spearman correlation by scenario run on 
the Open LLM Leaderboard dataset and includes the Hugging Face 
average-base ranking as well. The rankings outputted by PROMETHEE 
II, TOPSIS, and VIKOR are highly correlated, with a correlation above 
0.9 in almost all cases. TOPSIS has a slightly higher correlation with 
PROMETHEE II compared to VIKOR, but in all cases, the correlation is 
the lowest with the average-based rankings. Similar conclusions can be 
drawn from Fig. C.2 HELM NarrativeQA dataset, Fig. C.3 for the HELM 
NaturalQuestions (open-book) dataset, and Fig. C.4 for the HELM Natu-
ralQuestions (closed-book) dataset. Again, the correlation is high, partic-
ularly between PROMETHEE II and TOPSIS, and slightly lower between 
VIKOR and the other two methods. VIKOR’s difference to the other two 
methods is slightly more pronounced for the NaturalQuestions (open-
book) dataset. The observations are in line with those of other studies 
in the field [43].
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Fig. C.1. Comparison of PROMETHEE II rankings with those of other MCDM methods across scenarios on the Open LLM Leaderboard dataset. Scenarios (a) S1, S2, 
and S3; (b) S5.1, S5.2, and S5.3; (c) S6; and (d) S7.
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Fig. C.2. Comparison of PROMETHEE II rankings with those of other MCDM methods across scenarios on the HELM NarrativeQA dataset. Scenarios (a) S1, S2, and 
S3; (b) S4.1.1, S4.2.1, and S4.3.1; (c) S4.1.2, S4.2.2, and S4.3.2; and (d) S4.1.3, S4.2.3, and S4.3.3.
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Fig. C.3. Comparison of PROMETHEE II rankings with those of other MCDM methods across scenarios on the HELM NaturalQuestions (open-book) dataset. Scenarios 
(a) S1, S2, and S3; (b) S4.1.1, S4.2.1, and S4.3.1; (c) S4.1.2, S4.2.2, and S4.3.2; and (d) S4.1.3, S4.2.3, and S4.3.3.
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Fig. C.4. Comparison of PROMETHEE II rankings with those of other MCDM methods across scenarios on the HELM NaturalQuestions (closed-book) dataset. Scenarios 
(a) S1, S2, and S3; (b) S4.1.1, S4.2.1, and S4.3.1; (c) S4.1.2, S4.2.2, and S4.3.2; and (d) S4.1.3, S4.2.3, and S4.3.3.

Appendix D.  Analytic Hierarchy Process as weighting method

AHP [53] is one of the most widely used MCDM methods [78,81]. 
AHP allows hierarchical organization of the criteria and their sub-
criteria, as well as user-defined pairwise judgments on the importance 
of one criterion over another. The importance is defined on a scale 
from 1 to 9, where 1 represents equal importance of the two criteria, 
3 - moderate importance of one criterion over the other, 5 - essen-
tial or strong importance, 7 - very strong importance, and 9 - extreme 
importance [53]. Based on the matrix of pairwise importance judg-
ments, the criterion weights are calculated. AHP can be used with other 
MCDM methods, including PROMETHEE II, to calculate criteria weights
[82,83].

Several scenarios presented in this paper include different user-
defined weights for the criteria in combination with the same pref-
erence function. Those are scenarios S5.1, S5.2, and S5.3 involving 
the Open LLM Leaderboard dataset, in which bias-related metrics have 
higher user-defined weights than the rest. Instead of explicitly specify-
ing weights for each criterion, we explore whether AHP allows a more 
user-friendly way to specify preferences for criterion pairs. Using the 
AHP importance scale, for each criterion pair we define an importance 

𝑝 if the first criterion is more important than the second, or 1∕𝑝 if the 
opposite. We form an 𝑚 × 𝑚 matrix, where 𝑚 is the number of criteria, 
and use it to calculate the AHP weights. We then rerun the three sce-
narios with those specific weights and obtain PROMETHEE II rankings. 
We repeat the whole procedure for four values of 𝑝, 𝑝 ∈ {3, 5, 7, 9}. We 
then calculate the Spearman correlation coefficient between all pairs of 
rankings by scenario. The criteria weights explicitly defined from our 
side in comparison with the AHP calculated weights are illustrated in 
Fig. D.1, which shows a slightly different weight distribution of the first 
compared to the rest. The ranking correlation by scenario is given in 
Fig. D.2. It can be concluded that the calculated AHP-based weights 
result in highly correlated rankings, the correlation of which slightly 
decreases as the difference of the pairwise importance value increases. 
The correlation is only slightly lower with the explicitly defined weights. 
As expected, it is the highest when the pairwise importance of one cri-
terion over another is moderate (value of 3), which is the closest to 
our manually defined weight distribution. In addition to the stability of 
the rankings, this analysis shows how combining PROMETHEE II with 
AHP allows decision-makers a user-friendly way to specify preferences 
over criteria pairs and get a weight distribution calculated by a well-
established MCDM method. 
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Fig. D.1. Manual criteria weights and criteria weights computed using the AHP method in scenarios S5.1, S5.2, and S5.3 on the Open LLM Leaderboard dataset. The 
pairwise criteria importance parameter 𝑝 used in the AHP method is given in brackets.

Fig. D.2. Spearman correlation of the rankings outputted by PROMETHEE II using manual criteria weights and AHP-derived weights across scenarios on the Open 
LLM Leaderboard dataset. Scenario (a) S5.1; (b) S5.2; (c) S5.3.

Appendix E.  Original LLM performance scores across benchmark 
datasets

To further enhance the interpretability of the results presented in 
Section 5, for each dataset we select three LLMs that have constantly 
the highest ranking in all scenarios presented in Section 5, and illus-
trate their actual scores for each criterion in Fig. E.1. The figure shows 
that the selected LLMs do not differ significantly in their scores calcu-
lated with most of the metrics. However, in the case of the Open LLM 
Leaderboard dataset (Fig. E.1 (a)), the LLMs differ in the 𝐶𝑂2 cost, where 
CalmeRys-78B-Orpo-v0.1 has a lower (better) score than the other two 
LLMs. This lower score then results in a better ranking of CalmeRys-78B-

Orpo-v0.1 compared to the other two LLMs in scenario S7, as illustrated 
in Fig. 2. Another such difference is visible for the NaturalQuestions 
(open-book) dataset (Fig. E.1 (c)), where LLaMA (30B) has a lower (bet-
ter) score on the metric referring to stereotypical associations related 
to gender groups with the target profession. This lower score results in 
a better ranking of LLaMA (30B) than the other two LLMs in scenarios 
S5.1, S5.2, and S5.3, as given in Fig. 10, and higher positive preference 
flows, as given in Fig. 13. Although other such approximate conclusions 
can be drawn by this analogy, we emphasize that the results presented 
in Section 5 are calculated on the full portfolio of LLMs, so for their pre-
cise interpretation, looking at the full portfolio of LLMs and their scores 
calculated with all metrics is required.
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Fig. E.1. Original scores of the three LLMs with the highest stable rankings achieved on the different criteria, shown by dataset: (a) Open LLM Leaderboard; (b) 
HELM NaturalQuestions (closed-book); (c) HELM NaturalQuestions (open-book); (d) HELM NarrativeQA.
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