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Abstract — Artificial intelligence (AI) and Al-based systems are
rapidly gaining popularity across all areas of daily life. Among
these systems, large language models (LLMs), which
probabilistically model language to understand and generate text,
stand out at the forefront. The ability to generate results from
LLMs, whose primary focus is language, is of significant technical
and social importance. As language diversity increases, the ability
of LLMs to produce stable and consistent results is trending
downwards. This decrease has a close relation with the size of the
model, the scope of the training data, and the prompt technique
used in response generation. To this end, a study was conducted to
measure the success of LLMs in different languages. In the study,
four LLMs were examined, three of which were open-source
(DeepSeek-Coder-6.7B-Instruct, Qwen2.5-Coder-7B-Instruct,
Llama-3.1-8B-Instruct) and one was closed-source (GPT-5). These
models were evaluated using the HumanEval-XL dataset across
seven natural languages that have different data sources and usage
prevalences. Additionally, the effect of the human development
index (HDI) values of the countries where the languages are
spoken and the prompt technique used on the results was also
analysed. Results show that as LLMs grow, performance
differences between languages have decreased. Additionally, it has
been observed that whether the models are open-source or closed-
source also has a significant impact on performance. Among open-
source LLMs, DeepSeek-Coder-6.7B-Instruct’s accuracy rates
range from 37 % to 60 %, while Qwen2.5-Coder-7B-Instruct and
Llama-3.1-8B-Instruct have performed more consistently in the
95-99 % range. GPT-5, which is a closed-source LLM, has
demonstrated balanced accuracy across all languages. The results
obtained reveal remarkable results in ethics, quantity of linguistic
data, and equality of access to technology. The results also clearly
demonstrate the relationship between multilingual accuracy,
language prevalence, and prompt techniques. In this way, the
study offers a clearer and more comprehensive understanding of
the issues surrounding linguistic justice and the generalization of
LLM:s in the field of Al

Keywords — Large language models, multilingual dataset,
multilingual fairness, prompting techniques.

[. INTRODUCTION

With the widespread use of the internet and advances in
artificial intelligence (AI), an Al-focused transformation has
begun in many aspects of our lives [1]-[3]. This process has
influenced nearly every area of society, from modes of
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communication to knowledge generation, from education to
health, and even to economic decisions. At the current stage, it
is evident that the core of the process revolves around the
concept of understanding humans, thinking, and making
decisions like humans, as it does for Al itself. Consequently, the
primary goal of this process is to develop systems capable of
comprehending human language and acting accordingly. The
most significant development in this domain in recent years has
been the emergence of systems known as large language models
(LLMSs) [4]-[6]. LLMs can perform complex tasks in daily life
by probabilistically modelling natural language [7],[8].
However, this rapid progress has also brought forth new ethical
and societal concerns. Among these are issues such as linguistic
injustice [9], the exclusion of low-resource languages [9], and
inequalities in technological access [10].

Studies carried out in recent years [11]-[15] indicate that
there are inequalities in the languages supported by LLMs. A
study conducted by Kondoro [11] examined the use of Al
writing assistants at Tanzanian universities. The study
highlights that low-resource languages (especially Swahili) are
underrepresented in Al systems. Findings show that students
frequently use Al tools, but they do not benefit equally due to a
lack of Swabhili support, high costs, and poor infrastructure. The
constitutional and legal dimensions of digital inequality and
linguistic discrimination that emerged in the development of
LLMs were examined by Ilin [15]. The study stated that
languages with low levels of digitalization were
underrepresented in Al systems. It argued that this restricted
access to information, education and public services for
communities speaking languages with low levels of digitization
could constitute a violation of constitutional equality and
human rights. Another study [12] examined the language-
specific inequalities of LLMs in the process of acquiring new
knowledge. Through experiments on 17 languages, the research
showed that LLMs consistently suffered disadvantages in low-
resource languages compared to high-resource languages in
terms of effectiveness, transferability, prioritization, and
robustness. A new metric was proposed by Li et al. [13] called
“Language Ranker” to measure the performance differences of
LLMs between high- and low-resource languages. The study
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showed that high-resource languages had more balanced
language representations, whereas low-resource languages
exhibited lower scores. In a different article addressing the
inequalities faced by the African languages in the NLP field
[14], it was stated that this situation is due to the connections
between language policies, data availability, and model
performance.

The main reason for the linguistic inequality problem
encountered in LLMs is that LLMs are trained in languages that
are commonly referred to as high-resource, and low-resource
languages give relatively lower performance results than
higher-resource languages due to their limited training data.
This affects not only the accuracy of the LLM but also the level
of technological utilisation by people in regions where low-
resource languages are used. The conclusion here is that the less
a society’s language is represented, the less its members can
benefit from LLM-based technologies [16]-[19]. This situation
raises the problem of “linguistic injustice” [20] in access to
technology.

There are many studies in the literature showing that prompt
techniques also influence the accuracy of LLMs. Atreja et al.
[21] examined how LLMs could be used in data labelling tasks
in computational social sciences and how different prompt
designs affected the accuracy and compliance of the model. In
another study conducted by Chen [22], the quality of teaching
was evaluated with a framework developed based on LLM, and
the experimental results showed that well-designed prompts
increased the quality of feedback received from LLM. Khojah
etal. [23] investigated the effects of different prompt techniques
on the function-level code generation performance of LLMs
and, also, they introduced a dataset of 7072 requests designed
for this purpose. Ma et al. [24] developed a new requirements-
driven prompt engineering approach to guide people to use
LLMs effectively. In the study conducted by Debnath et al.
[25], the authors compared basic and advanced prompt
techniques and analysed their strengths and weaknesses. In
another study [26], LLMs were used as feedback tools in higher
education. The authors examined the effect of the prompt
quality used in this process. In a different review article [27],
the role of prompt engineering techniques in maximising the
potential of LLMs was extensively examined. The current
studies reviewed show that the prompt technique used can
affect the production accuracy of LLM. For this reason, the
effect of the prompt technique should be considered in the
analysis on the comprehensiveness of LLMs. In addition, recent
findings [28] reveal that LLM performance is affected not only
by linguistic representation and methodological choices but
also by the human development index (HDI) of countries. In
country-based evaluations, LLM accuracy is reported to be
positively correlated with HDI [28].

This study mainly examines the cross-linguistic accuracy of
different LLMs in coding problems. It also analyses the impact
of the HDI of the countries where the selected languages are
used, the digital content representation of the languages (in
terms of the number of Wikipedia articles), and the prompt
strategies (Zero-Shot Prompting (ZSP), Few-Shot Prompting

(FSP), and Chain-of-Thought (CoT)) used on the accuracy of
LLMs. For this purpose, four models were evaluated across
seven different natural languages: three open-source models
(DeepSeek-Coder-6.7B-Instruct, Qwen2.5-Coder-7B-Instruct,
Llama-3.1-8B-Instruct) and one closed-source model (GPT-5).
Considering the accessibility of the selected LLMs to different
communities, open-source LLMs were preferred. The main
contributions of the study are listed below.

e The study adds a social dimension to the evaluation
process of LLMs and offers comparisons in terms of HDI,
number of language speakers and linguistic resource
richness.

* The study evaluates the effect of three prompt techniques
on LLM accuracy through code generation problems and
quantitatively reveals the role of LLMs in this field.

* By including both open and closed-source LLMs in the
comparison, it analyses the differences in performance,
access and fairness between open- and closed-source
LLMs in a holistic problem-specific manner.

* In addition, it is one of the pioneering studies that
systematically analyses the relationship between LLM
performance and countries’ HDI, number of resources and
number of speakers.

The remainder of this study is organised as follows:
Section II details the dataset, language and LLM selection
process, prompt techniques and evaluation metrics. Section I1I
presents the experiments and results. Section IV provides an
extended discussion that includes prompt technique effect,
cross-linguistic performance of LLMS, effect of HDI and
linguistic factors, open- and closed-source LLM performance
differences, LLM language prioritization differences and
limitations of the study. Section V summarises the key findings
and highlights the contributions.

II. MATERIAL AND METHODS

A. Multilingual Experimental Dataset and Language Selection

The HumanEval-XL dataset [29] was used to measure the
code generation and reasoning abilities of the LLMs selected
for the study. This dataset represents a multilingual subset of
the HumanEval dataset [30] created in 2021 with 164 questions
specific to a single programming language and a single
language. The HumanEval-XL dataset, introduced in 2024,
contains 80 parallel problems developed across 12 different
programming  languages and 23  different natural
languages [29]. Seven natural languages were selected from
this dataset. These languages were Indonesian, Arabic, Turkish,
Spanish, Chinese, German, and English. (The term “natural
languages” refers to the language in which the problems to be
solved are expressed, and Python refers to the programming
language in which the solution code must be written). The
languages were chosen to represent different language families
and global regions. Three different indicators, specifically
chosen for the study, were used to categorise the selected
languages as low, medium and high.
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TABLE I
LANGUAGE RESOURCE EVALUATION BASED ON WIKIPEDIA COVERAGE, HDI, AND COMPOSITE SCORE
Language Wikipedia Articles Count [31] HDI [32] Composite Score Rating
English 7068 119 0.942 2.905 118 High
German 3056078 0.959 1.995 713 High
Spanish 2065 147 0.918 1.040 464 High
Chinese 1503 305 0.797 —0.684 265 Medium
Turkish 648 121 0.853 -1.175 005 Medium
Arabic 1282217 0.719 -1.736 579 Low
Indonesian 746 024 0.728 —2.345 446 Low

Language Rating based ONLY on Wikipedia Article Counts (Ordered)
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Fig. 1. Comparative language ratings based on (a) Wikipedia article counts,
(b) HDI, and (c) composite score.

1. Wikipedia Article Count [31]: It expresses the online
encyclopaedic content produced in a language. This
indicator shows relatively which languages can have
richer data sources in the education of LLMs.

2. HDI [32]: It expresses the level of human development of
a country or language community based on education,
health, and income metrics. Languages with high HDI
values are generally considered to have strong research
bases.

3. Composite Score: Obtained by combining Wikipedia
article count and HDI values. Thus, instead of focusing
solely on the amount of digital content or social
sophistication, a more balanced rating metric that takes
both dimensions together is presented.

The overall score was calculated by averaging two
normalized indicators (Wikipedia article count and HDI) for
each language ((1) and (2)). In the first step, the Wikipedia
article count and HDI indicators were normalized to a range of
0-1 according to (1):

x—min (x) (1)
max(x) - min(x) ’

Norm(x) =

Norm ( Wikipedia) + Norm (HDI ) ()
5 .

Score (x) =

In (1), the x variable represents the actual value of the
indicator to be normalized for the relevant language, min(x)
represents the lowest value of the relevant indicator in Table I,
and max(x) represents the highest value of the relevant indicator
in Table I. Table I uses the number of Wikipedia articles for
languages as of 3 October 2025, and HDI data from the UNDP
Human Development Report [32]. HDI measures the human
development level of countries. As some languages are spoken
in more than one country, the development index data is
included in the table as follows, in the language-based analysis:
* For English, as in common academic practice, the United
Kingdom was taken as the reference country (HDI value:
0.946).

* For Arabic, instead of a single country, the regional
average for the “Arab States” reported by the UNDP was
used (HDI value: 0.719). This approach provides a more
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representative measurement by taking into account the
multinational nature of Arabic.

The reference countries for English and Arabic were chosen
to increase comparability and more accurately reflect the global
distribution of languages. Alternatively, using the United States
for English or a high-HDI country like Qatar for Arabic was
considered; however, the UK provides a traditional academic
reference point, and the regional average for Arabic prevents
the composite score from being overly influenced by the
specific economic conditions of a single nation. This approach
aims to minimise geographical bias and ensures that the HDI
component reflects a broader linguistic community rather than
a localized one. According to the categorisation based on the
composite score mentioned above, English and German are in
the “High” category thanks to both high digital content and high
HDI, while Turkish and Chinese are classified in the “Medium”
category as languages with medium performance. The
Indonesian language is attributed to the “Low” category due to
its low Wikipedia content and relatively low HDI value. The
objective of equally weighting Wikipedia article count and HDI
in the composite score is to ensure a balanced representation of
both digital presence and development. This aims to distinguish
between languages spoken by a large number of people but with
limited digital data, and languages that possess the rich
resources required for Al models to learn and the socio-
economic infrastructure to develop this technology. Figure 1
visualises comparative language ratings respectively based on
Wikipedia article counts, HDI, and composite score values.

The technique used to categorise languages in this study and
the classifications of “high,” “medium,” and “low” obtained
through the composite score are not universal or standard.
These categories were specifically defined for this research,
based on relative thresholds obtained from two preferred
criteria within the scope of the study (number of Wikipedia
articles and HDI 2023 values). Therefore, the presented
classification provides a study-specific analytical framework.
Different studies may yield different categorisations based on
the different metrics chosen.

B. LLMs for Experimental Evaluation

The study evaluates the performance of popular open-source
LLMs in solving code generation problems. For this purpose,
open-source LLMs, mostly optimised for coding tasks and with
a scale of about 7-8 billion parameters, were selected. In
addition to high performance, LLMs at this parameter scale can
be run in widely preferred development environments (e.g.,
Colab Pro, where LLMs can run comfortably on Colab Pro’s
16-24 GB VRAM hardware with preferred parameter scales).
Thus, different publicly accessible open-source LLMs could be
compared relatively fairly at similar capacity levels. In addition,
both Western and Eastern models are included in the study,
considering the diversity of LLM developers. However, to show
the current position of open-source models compared to the
current, closed-source LLMs, GPT-5, the latest generation
model developed by OpenAl, is also included in the study as a
reference point. For this purpose, the models included in the
study were DeepSeek-Coder-6.7B-Instruct [33], Qwen2.5-
Coder-7B-Instruct [34], Llama-3.1-8B-Instruct [35], and
GPT-5 [36].

Table II provides a comprehensive summary of the
developer, prompt style, parameters, and primary language
focus of the LLMs included in the study. The temperature
parameter is set to 0.0 for all LLMs. The aim is to run LLMs
with greedy decoding logic and maximise the reproducibility of
the results. This setting is recommended in the official
documentation of the DeepSeck API [37]. Additionally, recent
studies show that low or zero temperature values reduce
randomness and produce clearer outputs for code-based
problems [38], [39]. The number of outputs was set to 192 to
focus on the ability of the models to generate concise but
accurate solutions that align with real-world applications. Thus,
each model’s robustness and reasoning ability under a
minimum output budget were analysed. Generation settings
were kept consistent across models for stability rather than
reflecting default values.

TABLE II
EVALUATION SETTINGS OF LLMS
Model Developer SP:;)ITPt Parameters Primary Language Focus
Elzfisciek-COder_6'7B_ DeepSeek Al | DeepSeck temperature=0.0, Chinese + English [40]-[42]
2 5-Coder 7B Alibab max_new_tokens=192,

Qwen2.5-Coder-7B- 1bada ChatML n_ctx=4096, Chinese + English [43]
Instruct Cloud

n_gpu layers=-1, - - . -
Llama-3.1-8B-Instruct Meta Al Llama-3 n_batch=1024 Engllsh,_German, French, Italian, Portuguese, Hindi, Spanish,

and Thai [44]

temperature=0.0,
Gpt-5 OpenAl default other -

parameters=default

DeepSeek-Coder-6.7B-Instruct [33] is a model trained from
scratch on approximately two trillion tokens, with 87 % of its
data consisting of code and 13 % being the English and Chinese
natural language [40]. The model is optimised for code
generation across multiple programming languages (Python,

Java, C++, Go, etc.) and has an instruction-tuned design [40].
Its developers have released quantified versions to ensure
usability in resource-limited environments, while still
delivering a performance competitive with larger closed-source
models [38].



Applied Computer Systems

2026/31

Qwen2.5-Coder-7B-Instruct [34] is a member of the
Qwen2.5 family, developed by Alibaba Cloud Intelligence and
specifically designed for code generation tasks [34]. The model
has been developed with a focus on the Chinese and English
languages [43]. The Qwen2.5-Coder-7B-Instruct model has
been reported to perform particularly well in coding tasks and
produce results comparable to larger models [34].

Llama-3.1-8B-Instruct [35] is one of the latest models of
Meta Al to be developed [35]. Released as part of Meta’s open-
source strategy, the Llama-3 series is described by Meta as
“made accessible for individuals, creators, researchers, and
businesses of all sizes to experiment, innovate, and scale their
ideas” [45]. The main languages officially supported by the
model are English, German, French, Italian, Portuguese, Hindji,
Spanish, and Thai [44].

All open-source models were evaluated locally using
llama.cpp (cuBLAS GPU) and GGUF weights. All runs were
executed on A100-40GB (CUDA 12.x) under the following
settings: Q5 K M quantization priority (with
Q5 0/Q4 K M/Q4 0 fallbacks when necessary), n_ctx =
4096, temperature = 0.0, max new tokens = 192,
NUM_SAMPLES = 10. Outputs were verified through unit
testing and pass@] / pass@k measurements were reported.
Model-specific prompt templates were used. In all cases, only
output code was requested, and description/comment lines were
disabled.

In addition to open-source LLMs, the closed-source LLM
GPT-5 developed by OpenAl was also included in the study. It

represents the latest generation of LLMs in the GPT series.
GPT-5 offers enhanced Al performance in a wide range of
domains, from coding to mathematics, text generation,
healthcare, and visual perception. The model has an architecture
that allows it to decide between generating quick responses and
engaging in long-term reasoning [46]. It is available in three
versions: Basic, Plus, and Pro. The GPT-5 model can also
operate in three main modes: Instant Thinking, Auto Thinking,
and Thinking, which differ in the reasoning they employ [46].
All experiments using GPT-5 were conducted via the OpenAl
API. The model identifier was set to “gpt-5” that corresponds
to the standard version of GPT-5 available on the OpenAI API
as of 2025. All results reflect the basic reasoning and code
generation capabilities of the standard GPT-5 model.

C. Prompt Techniques

In this study, not only linguistic and model-related
differences but also the effects of prompting techniques were
systematically examined. ZSP [47], FSP [47], and CoT [48]
based prompts were generated for the same task set; each
technique was run under the same execution parameters
(context window, temperature, top_p, max_new_tokens, etc.)
and the same evaluation protocol (unit tests, pass@1 / pass@k).
Templates were constrained to return “the final solution code
only”, and the task order was fixed to reduce potential biases.
At the same time, the use of only Python language was required
to solve coding problems in the dataset.

TABLE III
PROMPT TECHNIQUES AND CORE TEMPLATES USED IN THIS STUDY

Technique | Purpose

Prompt skeleton (key lines)

ZSP Solve the task from instructions without examples.

e You are a Python assistant.
e Return only the full Python implementation.
¢ No explanations or comments.

o No print, input, file I/O, or Internet access.

FSp

Teach label/format and patterns via a few demonstrations. .

e Same code-only rules plus compact demos:
Example Problem—Solution #1/2 ...
e Solve the following problem:

CoT

Encourage step-by-step internal reasoning before answering.

e Same code-only rules; additionally:

e Think step-by-step,

e Provide only the final Python code, and a

o (Internal) Hidden Thinking Process checklist.

The two prompting techniques preferred in this study are ZSP
and FSP. The methods are based on the In-Context Learning
(ICL) paradigm. ICL is a general paradigm that allows LLMs
to adapt to new tasks without training relying solely on
instructions inserted into the context and a few optional
examples [49]. ZSP and FSP are special case versions of the
ICL paradigm. When the ZSP technique is used to generate
prompts for LLMs, the models perform a task using instructions
alone, without examples [25], whereas in the FSP technique, a
small number of examples are included within the instructions
to execute the task [47]. ICL provides an interpretable interface,
allowing human knowledge to be easily integrated into the
model. It operates similarly to analogy-based decision-making

and reduces the computational cost associated with adapting to
new tasks with its “training-free” structure [49]. As specific
implementations of this paradigm, ZSP and FSP [50] inherit the
same advantages. In the literature, ZSP and FSP approaches
have shown effective performance across a wide range of NLP
tasks, including machine translation, question answering, and
code generation [47]. One of these areas is code generation. For
instance, Chen et al. [30] evaluated zero-shot Python program
synthesis on HumanEval using the pass@k metric in the Codex
study and reported strong results, while Austin etal. [51]
demonstrated the effectiveness of few-shot prompts on the
MBPP dataset consisting of programming tasks. Consequently,
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both ZSP and FSP prompt techniques were included in the
HumanEval-XL evaluation for problem solving in this study.

The third prompting technique used in this study is CoT. This
technique is a specific application of the ICL paradigm [49]. It
is like an enriched version of ICL with intermediate reasoning
steps added to the context [49]. The CoT technique improves
logical consistency by guiding the model to rationalize the
solution step by step [25], [48]. With this ability, performance
significantly improves on high-complexity tasks such as
reasoning, logical inference, and multi-step Q&A [25], [52].
CoT enhances generalization, even with small examples (zero-
shot), enabling models to better adapt to new tasks [25], [53].
In addition to all these advantages, it requires more processing
and time costs because it provides additional reasoning [54].

Table III presents the purposes and core templates of the
three prompting techniques used in this study. All prompts
enforced code-only outputs; this rule is stated explicitly in
ZSP/FSP and reinforced by the system message and rules in
CoT; also, it is clearly stated in the prompts that the codes will
be written in the Python language. As can be seen from the
table, the CoT template, unlike ZSP and FSP, includes a “think
step-by-step” and an (internal) “Hidden Thinking Process”
checklist. To ensure a fair cross-linguistic evaluation, the
prompt templates were translated verbatim from the English
baseline into each natural language without any stylistic
adaptation. Additionally, no language-specific tuning, few-shot
selection, or hyperparameter optimisation was performed for
individual languages; all models were evaluated under identical
settings to measure their out-of-the-box multilingual
performance.

D. Evaluation Metrics

In this study, accuracy was used as the primary metric for
evaluating LLMs; the output of each problem was labelled as
correct/incorrect according to whether it passed the relevant
unit tests, and the proportion of correct answers was reported.
Accuracy is calculated as shown in (3). The N value in the
formula represents the number of problems in the dataset, and
i1€{0,1} represents whether the first generated code sample
for the i-th problem passes the tests.

1w 3
Accuracy,, . :;Zﬂy’*‘ ©

As a complement to Accuracy, pass@! and pass@k, two
metrics commonly used for evaluation in the code generation
literature, are also reported. Theoretically, pass@]1 represents
the probability that a single sample will pass the tests for a task,
and pass@k represents the probability that at least one of the k
independent/identical samples will pass the tests for the same
task. In the multi-sample case, it is necessary to use unbiased
estimators for these metrics [30]. The relevant unbiased
estimators are given in (4) and (5). Here, n; represents the
number of samples generated for the i problem and c;
represents the number of samples that passed the tests.

(4)

1 N C.
pass@l=—» —
NZz] n,

i1

n—c
RN ©
pass@kz;z 1- . , k=min(K,n).
k

In the study, the output is deterministic since the code
generation of LLMs is carried out with the temperature =0
(greedy) condition [55], [56]. In the single sample case,
Accuracy( sample) 1S practically identical to pass@]1. In the multi-
sample case, when the generated trials give the same output,
pass@k is also reduced to this value; however, for some
problems, when 0 <¢; <n; (some trials pass and some do not in
the same task) is observed, Accuracy( sample) (3) and unbiased
pass@! (4) and unbiased pass@k (5) may differ. These
differences are mostly due to timeouts, environment volatility
or logging gaps in the test environment [57]. The primary
metric in the study is Accuracy( samplepy but to ensure
comparability, unbiased metrics (pass@1 and pass@k) that
weight all problems equally are also reported.

III. EXPERIMENTAL STUDY

The section presents the experimental study conducted to
evaluate the performance of four major language models across
seven different natural languages (English, German, Spanish,
Chinese, Arabic, Turkish, and Indonesian). The experiments
were conducted using the multilingual version of the
HumanEval-XL dataset. Three different prompting techniques
were applied to the dataset to test the models’ instruction-
following capabilities, knowledge transfer capabilities, and
cross-lingual consistency. This evaluation aims to reveal the
effects of language coverage, the model’s training language
priorities, and prompting strategies on multilingual code
generation accuracy and cross-lingual generalization.

Table IV shows the Accuracy(i sample) values of LLMs on the
HumanEval-XL dataset with seven natural languages and three
different prompting techniques. Figure2 shows the
comparative accuracy graphs by prompting type for all LLMs
included in the study.

According to Table IV, GPT-5 showed accuracy in the 95—
100 % range and for CoT technique showed consistent accuracy
(100 %) in all languages, the Qwen2.5-Coder-7B-Instruct and
Llama-3.1-8B-Instruct models also exhibited near-maximal
accuracy in the 95-98.75 % range. In contrast, DeepSeek-
Coder-6.7B-Instruct’s performance varies widely across
languages, with the highest results in Chinese and Arabic (about
58.75 % under ZSP for Chinese and about 58.75 % under FSP
for Arabic) and the lowest results in German, depending on the
prompt technique.
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TABLE IV
ACCURACY(j samre) RESULTS OF FOUR LLMS ACCORDING TO SEVEN NATURAL LANGUAGES AND THREE PROMPTING TECHNIQUES (ZSP, FSP, AND COT)
LLM Prompt Languages
Technique English German Spanish Chinese Turkish Arabic Indonesian
ZSP 35 46.25 42.5 58.75 52.5 55 40
DeepSeek-Coder-6.7B- | pgp 30 15 37.5 3125 32.5 58.75 30
Instruct
CoT 36.25 15 33.75 47.5 52.5 41.25 35
ZSP 98.75 97.5 97.5 97.5 96.25 98.75 97.5
Qwen2.5-Coder-7B- FSP 98.75 95 95 96.25 97.5 96.25 95
Instruct
CoT 98.75 95 98.75 98.75 96.25 97.5 97.5
ZSP 98.75 96.25 96.25 95 92.5 95 98.75
Llama-3.1-8B-Instruct FSP 95 96.25 97.5 96.25 98.75 96.25 97.5
CoT 98.75 98.75 97.5 98.75 97.5 96.25 98.75
ZSP 98.75 97.5 100 98.75 96.25 97.5 97.5
GPT-5 FSP 96.25 96.25 98.75 95 95 98.75 100
CoT 100 100 100 100 100 100 100
DeepSeek: Performance by PromptType (Accuracy(mmple)) Qwen: Performance by Prompt Type (Accuracymample))
mZSP BFSP mCol mZSP mFSP W Col
70 100
80 99
z 50 = 98
g 40 ‘éﬁ 97
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: 1 . i |
0 93
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Fig. 2. Comparative visualisation of Accuracy; sample) results across prompting techniques (ZSP, FSP, CoT) for four LLMs: (a) DeepSeek-Coder-6.7B-Instruct,
(b) Qwen2.5-Coder-7B-Instruct, (c) Llama-3.1-8B-Instruct, and (d) GPT-5.

Table V presents the unbiased Pass@l and Pass@10
accuracy scores obtained by DeepSeek-Coder-6.7B-Instruct
across seven natural languages under three prompting

92

English German

Spanish  Chinese

Languages

(d)

Turkish

Arabic  Indonesian

strategies: ZSP, FSP, and CoT. The numerical results
summarise performance consistency within each language and
prompting conditions without interpretive analysis.
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TABLE V

UNBIASED PASS@1 AND PASS@10 ACCURACY RESULTS OF DEEPSEEK-CODER-6.7B-INSTRUCT ACROSS SEVEN NATURAL LANGUAGES UNDER THREE PROMPTING
STRATEGIES (ZSP, FSP, AND COT)

DeepSeek-Coder-6.7B-Instruct
ZSp FSp CoT

Languages Pass@1 Pass@10 Pass@1 Pass@10 Pass@1 Pass@10
English 37.25 40 27.75 31.25 32.88 38.75
German 44 475 18.38 18.75 18.38 18.75
Spanish 41.38 46.25 34.12 40 32.63 36.25
Chinese 57.62 60 26.75 33.75 43 50
Turkish 50.25 52.5 34.75 38.75 52.5 56.25
Arabic 55 58.75 57.63 60 41.25 42.5
Indonesian 38.8 45 26.62 30 32.75 36.25

Figure 3 (a) and (b) illustrate the same results in heatmap
form, depicting the variation of Pass@! and Pass@10 values
across languages and prompt types. Overall, Pass@10 values
are consistently higher than Pass@]1, indicating that the model
is able to generate at least one correct solution within its top 10
outputs more frequently than in its first prediction. The average
gain between Pass@! and Pass@10 ranges from 0 to +7
percentage points, depending on language and prompt type.
Under ZSP, the model reaches its highest accuracies in Chinese
(57.62 — 60),  Arabic (55— 58.75), and  Turkish
(50.25 — 52.5), while the lowest results appear in Indonesian

DeepSeek-Coder-6.7B-Instruct — Pass@1 Heatmap
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(38.8 — 45) and English (37.25 — 40). FSP produces markedly
lower scores in most languages, particularly for German
(18.38 — 18.75) and Indonesian (26.62 — 30), with the only
relatively strong outcome in Arabic (57.63 — 60). Under CoT
prompting, performance shows a slight improvement only in
Turkish (52.5 — 56.25 for Pass@10), while results in other
languages are comparable to or lower than those achieved with
ZSP. Figure 3 visualises these results, where lighter tones in the
heatmaps represent higher accuracy values for both Pass@1 and
Pass@10.
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Fig. 3. Heatmap visualisation of DeepSeek-Coder-6.7B-Instruct results: (a) Pass@]1 and (b) Pass@ 10 accuracies across seven natural languages and three prompting

strategies (ZSP, FSP, CoT).

Table VI presents the unbiased Pass@l and Pass@10
accuracies of Qwen2.5-Coder-7B-Instruct across seven natural
languages using three prompting strategies. Overall, both
Pass@]1 and Pass@10 values remain nearly identical (ranging
between 95 % and 98.75 %), indicating that the model’s first
prediction is almost always correct, and additional sampling
provides negligible improvement. Under ZSP, the model often
achieved higher accuracy rates than other prompting
techniques, reaching 98.75 % for English and Arabic, 97.5 %
for German, Spanish, Chinese, and Indonesian, and 96.25 % for
Turkish. FSP and CoT produce comparably strong results, with

only minor deviations (£0—4 points) from the ZSP baseline. In
terms of Pass@1 and Pass@10 metrics, when the model is
evaluated on a language basis, except Arabic, both metrics
converged to the same upper bound performance. When a
comparison is made between languages, Qwen2.5-Coder-7B-
Instruct achieved the highest accuracy for both metrics for
English, with 98.75 for all prompt techniques. Figure 4 presents
visualised heatmaps of the results given in Table VI. Lighter
shades in the heatmaps represent higher accuracy values for the
Pass@]1 and Pass@10 metrics.
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Languages

Table VII presents the unbiased Pass@l and Pass@10
accuracies of Llama-3.1-8B-Instruct across seven natural

TABLE VI

UNBIASED PASS@1 AND PASS@10 ACCURACY RESULTS OF QWEN2.5-CODER-7B-INSTRUCT ACCORDING TO SEVEN NATURAL LANGUAGES AND THREE
PROMPTING TECHNIQUES (ZSP, FSP, AND COT)

Qwen-2.5-Coder-7B-Instruct
ZSp FSP CoT

Languages Pass@1 Pass@10 Pass@1 Pass@10 Pass@1 Pass@10

English 98.75 98.75 98.75 98.75 98.75 98.75

German 97.5 97.5 95 95 95 95

Spanish 97.5 97.5 95 95 98.75 98.75

Chinese 97.5 97.5 96.25 96.25 98.75 98.75

Turkish 96.25 96.25 97.5 97.5 96.25 96.25

Arabic 98.75 98.75 95.12 96.25 97.5 97.5

Indonesian 97.5 97.5 95 95 97.5 97.5

Qwen 2.5-Coder-7B-Instruct — Pass@1 Heatmap Qwen 2.5-Coder-7B-Instruct — Pass@10 Heatmap
English - 98.75 98.75 98.75 - 98.5 English - 98.75 98.75 98.75 -98.5
German - 97.50 - 98.0 German - 97.50 -98.0
Spanish - 97.50 [ 97.5 Spanish - 97.50 975
Chinese - 97.50 970 g g Chinese - 97.50 98.75 970 %
H 5 H

e .

Arabic -

98.75

| ]
zsp Fsp
Prompting Strategy

@
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Fig. 4. Heatmap visualisation of Qwen2.5-Coder-7B-Instruct results: (a) Pass@]1 and (b) Pass@10 accuracies across seven natural languages and three prompting
strategies (ZSP, FSP, CoT).

that accuracy values across all languages and prompt types
ranged from approximately 93 % to 100 %.

UNBIASED PASS@1 AND PASS@10 ACCURACY RESULTS OF LLAMA-3.1-8B-INSTRUCT ACROSS SEVEN NATURAL LANGUAGES UNDER THREE PROMPTING
STRATEGIES (ZSP, FSP, AND COT)

Llama-3.1-8B-Instruct
7Sp FSp CoT
Languages | Pass@l | Pass@l0 | Pass@l Pass@10 | Pass@l | Pass@10
English 98.75 98.75 97.25 97.5 98.75 98.75
German 96.25 96.25 95.12 96.25 98.75 98.75
Spanish 95.12 96.25 97.5 97.5 97.5 97.5
Chinese 95 95 96.25 96.25 98.75 98.75
Turkish 93.62 93.75 98.75 98.75 96.3 97.5
Arabic 95 95 96.25 96.25 96.25 96.25
Indonesian 99.88 100 97.5 97.5 98.75 98.75
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Fig. 5. Heatmap visualisation of Llama-3.1-8B-Instruct results: (a) Pass@! and (b) Pass@10 accuracies across seven natural languages and three prompting

strategies (ZSP, FSP, CoT).

The differences between the Pass@! and Pass@10 metrics
are small, usually in the range of about +£0-2 percentage points.
This shows the potential of Llama-3.1-8B-Instruct to produce
correct outputs on the first try in code writing problems. When
ZSP was used as the prompt technique, the accuracy remained
above 93 % in all languages, with the highest accuracy of
99.88 — 100 in Indonesian and 98.75 — 98.75 in English.
Similarly strong results were obtained with the FSP technique.
Accuracy remained above 95 % in all languages. The FSP
technique showed slight accuracy improvements over the ZSP
technique, especially in Spanish, Turkish, Chinese and Arabic,
but produced less accurate codes in English, German and
Indonesian. CoT prompting techniques generally outperformed
other prompting techniques with accuracy rates between 96 %
and 99 % in all languages. Figure 5 presents visualised
heatmaps of the results given in Table VII. Lighter shades in the
heatmaps represent higher accuracy values for the Pass@1 and
Pass@10 metrics and visually confirm the overall stability of
the model and minimal variation between prompting strategies.

Table VIII presents the unbiased Pass@! and Pass@10
accuracies for three open-source LLMs using their best-

performing prompting strategies: ZSP for DeepSeek-Coder-
6.7B-Instruct and CoT for both Qwen-2.5-Coder-7B-Instruct
and Llama-3.1-8B-Instruct. As shown in Table VIII, DeepSeek-
Coder-6.7B-Instruct achieves moderate accuracies, with
Pass@! values between 37.25 % and 57.62 %, and Pass@10
between 40 % and 60 %. In contrast, Qwen2.5-Coder-7B-
Instruct and Llama-3.1-8B-Instruct maintain consistently high
accuracies above 95 % for both metrics across all languages,
showing minimal differences between Pass@]1 and Pass@]10.
Among high-performing models, Qwen2.5-Coder-7B-Instruct
and Llama-3.1-8B-Instruct display nearly identical cross-
lingual stability, with Qwen2.5-Coder-7B-Instruct reaching its
lowest accuracy in German (95 %) and Llama-3.1-8B-Instruct
showing uniformly high results across all languages. Figure 6
visualises these outcomes, where the bars corresponding to
Qwen?2.5-Coder-7B-Instruct and Llama-3.1-8B-Instruct remain
close to the upper accuracy limit, while DeepSeek-Coder-6.7B-
Instruct exhibits larger variation among languages.
Collectively, these results provide a comparative overview of
how open-source models differ in multilingual accuracy under
their most effective prompting configurations.

TABLE VIIL
UNBIASED PASS@1 AND PASS@10 ACCURACY RESULTS OF THE BEST-PERFORMING PROMPTING TECHNIQUES FOR OPEN-SOURCE LLMS ACROSS SEVEN
NATURAL LANGUAGES
Languages
LLM Metric
English German Spanish Chinese Turkish Arabic | Indonesian

DeepSeek-Coder-6.7B- Pass@1 37.25 44 41.38 57.62 52.5 55 38.8
Instruct (ZSP) Pass@10 40 475 46.25 60 52.5 58.75 45
Qwen2.5-Coder-7B- Pass@1 98.75 95 98.75 98.75 96.25 97.5 97.5
Instruct (CoT) Pass@10 98.75 95 98.75 98.75 96.25 97.5 97.5
Llama-3.1-8B-Instruct Pass@1 98.75 98.75 97.5 98.75 96.3 96.25 98.75
(CoT) Pass@10 98.75 98.75 97.5 98.75 97.5 96.25 98.75
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Fig. 6. Comparative visualisation of the best-performing prompting techniques
for open-source LLMs showing unbiased Pass@1 and Pass@10 accuracies
across seven natural languages.

Figure 7 visualises the relationship between HDI and model
performance (Accuracy; sampley) across four LLMs. In this
analysis, the Accuracy values correspond to the best-
performing prompting technique for each model: ZSP for
DeepSeek-Coder-6.7B-Instruct, CoT for Qwen2.5-Coder-7B-
Instruct and Llama-3.1-8B-Instruct, and constant accuracy
values across all strategies for GPT-5. The -correlation
coefficient values in Fig. 7 indicate both the magnitude and

The Relationship Between Human Development and Model Performance for DeepSeek

direction (positive/negative) of the relationship between HDI
and the accuracy of LLMs. The correlation value for DeepSeek-
Coder-6.7B-Instruct was found —0.44. This value indicates a
negative and moderate correlation between accuracy and HDI.
For this model, lower accuracy results were obtained for
languages spoken in countries with high HDI values. The
correlation value for Qwen2.5Coder-7B-Instruct was found
—0.17. This value indicates the presence of both a negative
correlation and a very small correlation. In other words, it can
be stated that there is a very small relationship between HDI
and model accuracy for the Qwen2.5-Coder-7B-Instruct model.
For the Lama model, a correlation value of 0.36 was found. This
indicates the presence of a weak-medium and positive
correlation. This suggests a slight trend towards higher
accuracy for languages used in countries with higher HDI
values for Llama-3.1-8B-Instruct. Finally, no correlation could
be identified for the GPT-5 model due to its 100 % accuracy in
all languages, i.e., there was no measurable variance for this
model. When all these findings are evaluated, it is found that
open-source models exhibit slight fluctuations in accuracy in a
positive or negative direction related to HDI, while (GPT-5), a
closed model, shows consistency across languages independent
of HDI.
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Fig. 7. Correlation between HDI and model performance (Accuracyi samplc)) across four LLMs: (a) DeepSeek-Coder-6.7B-Instruct (r = —0.44), (b) Qwen2.5-Coder-
7B-Instruct (» =—0.17), (c) Llama-3.1-8B-Instruct (» = 0.36), and (d) GPT-5 (» = NaN).
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Figure 8 shows the relationship between the number of
speakers of languages [58] and the performance of LLMs as a
different metric. The number of speakers refers to the total
number of individuals who speak the relevant language as a first
(L1) or second language (L2) [58]. This value is derived from
Ethnologue [59] data on Wikipedia (L1 + L2) [58]. The reason
for using this metric additionally is to answer the question:
Could this factor have an impact on the success of LLMs, given
that languages with large speaker communities are more
widespread globally and have a large user base? The
visualisation here is based on the prompting technique that
gives the highest Accuracy value for each LLM. The bubble
size in the figures shows the number of Wikipedia articles in
the relevant language. For DeepSeek-Coder-6.7B-Instruct, the
graph shows higher accuracy rates for Chinese, which has a
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higher number of speakers, and Arabic, which has a lower
number of speakers, and lower accuracy rates for English,
which has a higher number of speakers, and Indonesian, which
has a lower number of speakers. The Qwen2.5-Coder-7B-
Instruct and Llama-3.1-8B-Instruct models showed a weaker
dependency between number of speakers and accuracy. In
contrast, GPT-5 exhibited accuracy values in all languages,
showing a flat accuracy distribution with no noticeable
variation, unaffected by the number of speakers. Collectively,
the figures show that relatively smaller open-source models
demonstrate slight performance differences that may be related
to data representation or linguistic prevalence, while larger
models such as GPT-5 particularly maintain cross-language
consistency regardless of the size of the speaker population or
the number of Wikipedia entries.
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Fig. 8. Relationship between number of speakers and model performance (Accuracyasample)) for four LLMs: (a) DeepSeek-Coder-6.7B-Instruct, (b) Qwen2.5-
Coder-7B-Instruct, (¢) Llama-3.1-8B-Instruct, and (d) GPT-5. Bubble size represents the number of Wikipedia articles per language.

IV. DISCUSSION

A. Effect of Prompt Technique

The performed analyses reveal performance differences
between open-source models and GPT-5 depending on the
prompting technique used. This difference is especially
apparent for a relatively small model such as DeepSeek-Coder-
6.7B. While the ZSP technique was the most reliable prompting
approach for this model, the CoT technique yielded the best
results in most cases for the medium-sized open-source models.
The ZSP and FSP techniques yielded more variable and
generally lower results. GPT-5, a closed-source, large-scale
model, achieved 100 % accuracy in all languages with the CoT

technique. Accuracy rates were lower for the ZSP and FSP
techniques. These results suggest that the prompting technique
can still have a minor impact on accuracy in closed-source high-
level models. Therefore, the correct selection of the prompting
technique retains its significance in terms of maximising
accuracy in GPT-5.

Overall, these findings show that prompting strategies are
strongly correlated with model size. While the discrepancies
generally narrow as the model capacity increases, the choice of
prompting technique can still impact accuracy significantly,
even in high-level models. Therefore, the selection of the
prompt technique is important in terms of accuracy
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optimisation, as well as and

interpretability.

efficiency, transparency,

B. Cross-Linguistic Performance and Model Generalization

When LLMs are tested across languages, they are found to
perform differently (good in some languages, poor in others).
The differences in success rates across languages are greater for
open-source and smaller-sized LLMs. This suggests that small
LLMs are more sensitive to language-specific representational
styles. In contrast, medium-sized open-source LLMs
consistently achieve high accuracy across different languages.
At the same time, the differences between languages in
medium-sized LLMs are smaller than in small LLMs. This
suggests that greater stability in multilingual generalization is
achieved by increasing model size. On the other hand, with
closed-source models at the highest level, performance
becomes almost language-independent. When considered
together, these observations suggest a trend towards scale-
based convergence to linguistic neutrality, as the diversity of
training data and model capacities increase.

C. Impact of HDI and Linguistic Factors

There is generally a direct correlation between a country’s
level of development and its access to technology [60], [61].
Languages spoken in countries with high HDI or digitally
advanced languages generally have richer and more balanced
sources of data. LLMs trained by prioritizing these languages
also have the means to learn from diverse and high-quality
sources. Conversely, languages spoken in regions with low HDI
are underrepresented in large-scale datasets [61], [62]. This
situation highlights global inequalities in terms of data access
and technological participation.

The findings of the study indicate a correlation, albeit weak,
between the performance of open-source LLMs across
languages and the HDI values of the countries where the
languages are spoken. It was found that the metrics such as the
number of speakers of a language as another social indicator,
and the number of Wikipedia articles written in the said
language as a digital indicator, were not the independent
determining factors for the success of LLM’s. These two
metrics can be jointly influential depending on the structure of
the model. The actual decider of the outcome here is the
strength of the model and the way in which it is trained. The
same amount of data can yield low results for a weak model,
high results for a robust model trained in a balanced manner. In
other words, if the model capacity is small/medium, as in
DeepSeek-Coder-6.7B-Instruct  and  Qwen2.5-Coder-7B-
Instruct, data imbalances within the language will become more
noticeable, and the performance will vary. If the model has
undergone a large and well-balanced training process, it will
‘compensate’ for these discrepancies, rendering metrics such as
the number of speakers or resource abundance less relevant.
Indeed, the GPT-5 model demonstrated performance almost
completely independent of socioeconomic development
variables. With this model, particularly with the use of a
suitable prompting technique, similar accuracy levels were
observed regardless of the language’s HDI, the number of
speakers, or the amount of digital data. These findings suggest

that linguistic and developmental asymmetries persist mainly in
small and medium-sized models. Therefore, socioeconomic and
cultural differences appear to have a particular impact within
the domains of small and medium-sized LLMs.

D. Open-Source vs. Closed-Source Models: Robustness and
Scaling

Open- and closed-source language models represent two
distinct ways of thinking and designing regarding how fault-
tolerant the systems are (robustness) and how seamlessly they
can be scaled up (scalability). Being transparent and
community-supported, open-source LLMs, such as DeepSeek-
Coder-6.7B-Instruct, Qwen2.5-Coder-7B-Instruct and Llama-
3.1-8B-Instruct, represent a rapidly evolving and consistently
improving multilingual and task-oriented performance
approach. However, due to data scarcity, model size, and
resource differences in different languages, accuracy fluctuates
slightly across languages, especially for small and medium-
sized models.

On the other hand, since they are trained at a very large scale
and constantly improved, closed-source models like GPT-5 can
produce more accurate results with different prompting
techniques and in different languages. However, this
consistency comes with less transparency. Information such as
the used data, model structure, and details of fine-tuning are
kept confidential. This distinction illustrates the relationship
between performance and the need for openness/transparency.
Open-source models strengthen technological capacity by
providing a fair development and use environment where
everyone can contribute. However, the lack of finance and
deficiencies in infrastructure constrain the progress of these
models. Closed-source LLMs, on the other hand, are reliable
but reduce transparency, thereby increasing their dependence
on companies. As models grow, bridging this gap between
open- and closed-source models becomes even more crucial.
Therefore, the development of large and accurate models
should not be the only goal, if permanent progress is to be
achieved. Organisations should deem models/data accessible,
measure performance through open-reproducible tests and
intentionally add low-resource languages into training and
evaluation.

E. Language Prioritization and Developmental Bias

Experimental results reveal that the languages prioritized
during the development of LLMs (language focus) coincide
with the languages in which they perform best. For example,
models like DeepSeek-Coder-6.7B-Instruct and Qwen2.5-
Coder-7B-Instruct, trained with a particular emphasis on
Chinese and English, DeepSeek-Coder-6.7B-Instruct exhibits
higher accuracy in Chinese, and Qwen2.5-Coder-7B-Instruct
exhibits higher accuracy in Chinese and English languages,
while Meta’s Llama-3.1-8B-Instruct yielded more consistent
results in English and in the European languages. However, it
is also observed that the strength of this relationship diminishes
as model capacity and data diversity increase. In large-scale,
closed-source systems like GPT-5, cross-lingual consistency
has been observed depending on the prompting technique. This
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suggests that language priorities become less deciding as
development scales increase.

The findings indicate that early-stage open-source LLMs
may sometimes reflect the linguistic priorities of their
developers. This suggests that in later stages, globally balanced
and language-inclusive improvements should be implemented,
rather than those specific to one or a few languages.

F. Limitations and Future Directions

The study focused on seven natural languages selected from
a multilingual dataset. Therefore, it is important to note that the
findings may not fully reflect the linguistic diversity of the real
world. Consequently, the boundaries of future research must be
expanded. Especially considering the scarcity of studies in low-
resource languages [63]. It is essential to broaden these analyses
to include lower-resource languages, incorporate interactive
prompting processes, and validate the results using multilingual
datasets (repeating the study with more comprehensive and
diverse datasets will enable a more in-depth analysis and
understanding in this field, just as it would in other fields [63])
that feature more challenging problems. The success rates of
nearly 100 % achieved by some LLMs indicate benchmark
saturation. While this proves that current models have mastered
basic code generation, it also indicates that future work should
focus on more complex logical reasoning tasks.

Crucially, as these LLMs continue to scale up, securing
transparency, inclusiveness, and equitable access becomes a
vital ~mission. Otherwise, preventing linguistic or
developmental inequalities in the future generations of Al
systems will simply not be possible.

V. CONCLUSIONS

LLMs are one of the most important topics in Al research.
Especially in recent times, the analysis of LLM performance
difference according to used language and selected prompt
technique is the popular topic of academic research. This study
analyses the performance of three open-source and one closed-
source LLMs comparatively under seven natural different
languages and three different prompting techniques.

According to the obtained results, among the open-source
LLMs, DeepSeek-Coder-6.7B-Instruct showed notable
performance differences across languages and achieved lower
accuracy than other models. This shows that the model lags
other models regarding data imbalance and language
representation. In contrast, Qwen2.5-Coder-7B-Instruct and
Llama-3.1-8B-Instruct models, which are also open-source,
maintained their accuracy levels in all selected languages and
command types in the study, demonstrating that some open-
source models have reached a successful stage in multilingual
generalization.

GPT-5, a closed-source model included in the study for
comparison purposes, also showed consistent accuracy across
the languages included in the study and achieved the highest
accuracy values for both language and prompt-based models.
This shows that universal accuracy can be achieved with larger
scale LLMs. Furthermore, the findings show that as model size

increases, linguistic consistency becomes stronger, and the
effect of prompting techniques decreases.

When the results were evaluated from a social perspective, it
was observed that there were two different inferences,
especially with the increase in model size. The first is that
increasing the number of large and diverse models could reduce
accuracy differences across languages over time, thus
strengthening the possibility of achieving a more balanced,
more inclusive level of global performance. Second, since the
best performance is mostly seen in closed-source LLMs, new
problems in accessibility and transparency may arise. At the
core of these problems lies the logic of open- and closed-source.
Open-source LLMs offer us a collaborative development
opportunity; because their code is publicly available, we can
participate in community development and increase the
reproducibility of scientific studies. However, closed-source
LLMs generally offer higher performance, they also suffer from
significant drawbacks, including limited transparency, a single-
vendor lock-in, and limited access to their code.

Correlation analyses that include parameters such as HDI,
number of speakers, and digital content density reveal that there
are still some inequalities, albeit weaker, in small-scale models.
However, as the model scale increases, these inequalities
gradually decrease or even disappear. Results clearly show how
LLMs progress towards language-independent intelligence.
Although there is a directly proportional relationship between
model accuracy and the size of LLMs, global inequalities in
data access and representation remain a specific problem that
needs to be solved. Therefore, the main goal is to ensure that
these technological advancements are equitably accessible to
everyone in the world. Considering all these results,
transparency, inclusiveness and fair access should become the
new focus of future work in Al development.
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