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Abstract

With rapid advancements in large language
models (LLMs) across artificial intelligence,
machine learning, and data sci-ence, there
is a growing need for evaluation frameworks
that go beyond traditional performance met-
rics. Conventional methods focus mainly on
accuracy and computational metrics, often ne-
glecting user experience and community in-
teraction—key elements in open-source en-
vironments. This paper intro-duces a multi-
dimensional, user-centered evaluation frame-
work, integrating metrics like User Engage-
ment Index (UEI), Community Response Rate
(CRR), and a Time Weight Factor (TWF) to
assess LLMs’ real-world impact. Addition-
ally, we propose an adaptive weighting mech-
anism using Bayesian op-timization to dy-
namically adjust metric weights for more ac-
curate model evaluation. Experimental results
confirm that our framework effectively identi-
fies models with strong user engagement and
community support, offering a balanced, data-
driven approach to open-source LLM evalu-
ation. This frame-work serves as a valuable
tool for developers and researchers in select-
ing and improving open-source models. All
resources are available at https://github.
com/Duguce/UserDriven-LLMEval.

1 Introduction

In recent years, large language models (LLMs) in
the field of natural language processing (NLP) have
achieved remarkable advancements, driving perfor-
mance improvements across various applications
such as machine translation, text generation, and
automated question answering (Brown et al., 2020;
Yang et al., 2024). Since the introduction of GPT-3,
open-source LL.Ms have continued to expand in
scale and performance, drawing substantial interest
from developers and researchers alike (Zheng et al.,
2025; Liang et al., 2024; Chen et al., 2024). As
the number of models increases rapidly, selecting
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the most suitable LLM among numerous options
has become a critical challenge in practical appli-
cations. Existing methods for evaluating LLMs
primarily focus on performance testing, usually
measuring accuracy or other technical metrics on
standardized datasets (Devlin et al., 2019; Raffel
et al., 2020). However, performance-based evalua-
tions alone often fall short of comprehensively cap-
turing a model’s real-world application value. This
is particularly true in open-source environments,
where user experience and community engagement
are increasingly recognized as key factors in evalu-
ating a model’s actual impact.

In open-source communities, the practical value
of LLMs depends not only on their technical per-
formance but also on user feedback and commu-
nity support and interaction. For example, user
interaction data on platforms like Hugging Face '
and GitHub 2—such as download counts, likes, is-
sue reports, and pull requests—provides essential
insights for evaluating models, reflecting the real-
world demand for and user experience with these
models. Therefore, traditional evaluation methods
that focus solely on performance metrics have sig-
nificant limitations, as they fail to capture the full
impact of open-source LLMs. Based on this ob-
servation, this paper proposes a multi-dimensional,
user-driven evaluation framework. By integrating
metrics such as User Engagement Index (UEI),
Community Response Rate (CRR), and a Time
Weight Factor (TWF), we aim to establish a more
practically valuable framework for comprehensive
LLM evaluation.

To enhance the flexibility and adaptability of the
evaluation framework, this paper further introduces
an adaptive weight optimization mechanism. Since
the impact of user interaction and community re-
sponse may vary across different models, a fixed
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weight allocation is often inadequate for all models.
Therefore, we employ a Bayesian optimization ap-
proach to automatically adjust the weights of each
metric, ensuring that different models receive a fair
and accurate evaluation across all evaluation dimen-
sions. This adaptive weight optimization mecha-
nism effectively improves the scientific rigor and
representativeness of evaluation results, providing
a more objective reference for model selection.

Additionally, this paper introduces a TWF to ad-
dress the balance in scoring between newer and
older models. Models released more recently may
have limited accumulated user and community data,
and traditional scoring methods often treat these
models unfairly. The introduction of the TWF re-
duces time-related bias in scoring to a certain ex-
tent, ensuring that evaluation results maintain a
high level of fairness across models with different
release dates.

The main contributions of this paper include the
following:

* We propose a multi-dimensional evaluation
framework based on user engagement and
community response rate, integrating real user
and community feedback data to provide a
panoramic perspective for evaluating models
in open-source settings.

* We introduce a time weight factor to address
fairness issues in scoring between newer and
older models, enhancing temporal consistency
in evaluations.

* We design an adaptive weight mechanism
based on Bayesian optimization, allowing the
weights of each metric to adjust automatically
according to a model’s specific performance,
thereby enhancing the flexibility and scientific
rigor of the evaluation framework.

The proposed evaluation framework not only
offers a new perspective for evaluating open-source
LLMs but also provides developers and researchers
with a scientific reference for optimizing model
design and enhancing user experience. We hope
this study will offer valuable support for selecting,
improving, and advancing open-source LLMs in
the future.

2 Related Works

Existing methods for evaluating LLMs primarily
focus on standardized datasets, using metrics such

as accuracy and F1 scores to gauge model perfor-
mance on specific tasks (Liang et al., 2023; Yu
et al., 2024, 2025a). While these methods provide
a direct reference for evaluating a model’s techni-
cal performance, in real-world applications, user
feedback and community interaction are equally
important components of a model’s overall impact.
Moreover, many models may be fine-tuned on par-
ticular datasets, potentially resulting in overfitting,
which limits their ability to accurately reflect per-
formance across diverse scenarios (Elangovan et al.,
2024; Yu et al., 2025b).

In recent years, increasing research attention has
been directed toward user experience and commu-
nity support for models (Chang et al., 2024). In
open-source projects, user interaction and commu-
nity engagement are regarded as critical factors in
measuring a project’s value. Metrics such as down-
load counts and likes on the Hugging Face platform,
as well as stars and issue reports on GitHub, are
increasingly used as indicators of a model’s popu-
larity and community activity level. However, most
current evaluation frameworks are limited to single-
dimensional metrics of user or community engage-
ment, lacking a comprehensive, multi-dimensional
analysis. This paper constructs a multi-dimensional
evaluation system based on user engagement, com-
munity response rate, and a time-weighting factor,
complemented by an adaptive weight optimization
method, to provide a more holistic, user-centered
perspective for evaluating LLMs.

3 Methodology

3.1 Data Collection and Preprocessing

Our evaluation framework is based on multi-
dimensional open-source data collected from the
Hugging Face and GitHub platforms, which authen-
tically reflect the popularity and user engagement
of open-source LLMs. By systematically collect-
ing this data, we aim to establish a user experience-
centered, comprehensive evaluation framework for
LLMs.

Specifically, the Hugging Face platform is cur-
rently the leading open-source platform for LLMs
and serves as the primary channel for users to down-
load these models, while GitHub is the main host-
ing platform for open-source projects, gathering
attention and feedback from developers worldwide.
The integration of data from both platforms pro-
vides comprehensive insights into model usage and
developer community engagement. Therefore, we



selected the following data metrics:

¢ Monthly Downloads: This metric indicates
the number of times the model was down-
loaded by users in the past month, directly
reflecting the model’s actual usage by users.

* Total Likes: This metric represents overall
user satisfaction with the model. A higher
number of Likes suggests greater user ap-
proval.

* Total Stars: This metric reflects the model’s
popularity; a higher number of Stars indicates
a higher level of attention within the open-
source community.

* Open Issues and Closed Issues: These rep-
resent unresolved and resolved user feedback,
respectively. Open Issues indicate current
pending user feedback, while Closed Issues
reflect the responsiveness of the development
team to user feedback.

* Open PRs and Closed PRs: These represent
the number of unmerged and merged pull re-
quests, respectively. PR data is used to assess
community contributions and improvements
to the model, with Closed PRs particularly re-
flecting the development team’s receptivity to
community suggestions.

The data for Monthly Downloads and Total
Likes is sourced from the Hugging Face platform,
while the other metrics are obtained from GitHub.

To ensure data consistency, the raw data col-
lected was standardized through the following pro-
cesses.

Outlier Treatment. Extreme values were handled
using a truncation method to reasonably limit their
influence on the scoring.

Normalization. Since the scales of different met-
rics vary, Min-Max normalization was applied to
scale each metric to the [0,1] range, ensuring con-
sistency in scoring dimensions:

X — Xmin

Xporm = —— 0 1
nom Xmax - Xmin ( )

3.2 Evaluation Framework Design

The user feedback-based comprehensive evalua-
tion framework for LLMs proposed in this paper
conducts a holistic evaluation by utilizing multi-
dimensional metrics, including user engagement,

community participation, and response efficiency.
This framework combines metric selection, adap-
tive weight optimization, and time-weighted pro-
cessing to ensure the scientific rigor and objectivity
of the scoring system.

Specifically, we constructed the following key
metrics based on the collected raw data to reflect
the model’s performance across different dimen-
sions:

UEIL. This metric combines user download
counts and cumulative feedback, incorporating
time normalization to mitigate the impact of model
release duration. It is defined as follows:

Total Likes;

Tmodel,i
n Total Stars; (2)

UEL =

Tmodel,i
+ Monthly Downloads;

CRR. The Community Response Rate measures
the efficiency of the model team in responding to
user feedback and is defined as follows:

CRR, — Closed Issues;
" Open Issues; + Closed Issues;

3)

Here, Closed Issues; and Open Issues; repre-
sent the numbers of resolved and unresolved user
feedback for model 7, respectively.

TWE. To account for the impact of release time
on cumulative metrics (such as Total Likes and
Total Stars), a Time Weight Factor W_time is intro-
duced, defined as follows:

Tref
W - re 4
time,? Tmodel,i +e ( )

Here, T} represents the reference time window,
Trnodel,i denotes the number of months since model
1 was released, and € is a bias term.

To achieve a comprehensive score across multi-
ple metrics, this paper employs an adaptive weight
optimization mechanism based on Bayesian op-
timization, allowing for automatic adjustment of
each metric’s weight and enhancing the flexibility
of the scoring system. The scoring formulas for
each metric are defined as follows:

FinalScore; = wy - UEL - Wiime,s + w2 - CRR;  (5)

Here, UEL represents the User Engagement In-
dex, CRR; represents the Community Response



Rate, and w; and wy are weight parameters that
satisfy w; + wg = 1.

The optimization objective is to maximize the
average variance in model scores, with the calcula-
tion formula defined as follows:

> " |FinalScore; — FinalScore;|  (6)
i#]

max

1
wi,wy N(N — 1)

Bayesian optimization automatically searches
for weight combinations (w1, w9) to maximize the
average distance between model scores, thereby en-
hancing the effectiveness of the evaluation frame-
work.

4 [Experiments

4.1 Experimental Setup

Datasets This study collected multi-dimensional
data on 24 well-known open-source LLMs from
the Hugging Face and GitHub platforms. These
models were released by notable institutions such
as Meta, Google, and Alibaba. The dataset includes
information on user engagement and community
feedback, providing a rich foundation for compre-
hensive model evaluation. Data collection was pri-
marily conducted through each platform’s API to
ensure data timeliness and accuracy. To maintain
consistency and comparability, all data used in this
experiment was collected up to November 9, 2024.
During data preprocessing, we performed outlier
treatment and normalization to enhance data relia-
bility and the robustness of the analysis.

Metrics Based on the constructed comprehensive
evaluation framework, this study designed three
core metrics: UEI, CRR, and TWF to thoroughly
evaluate the performance of open-source models
in real-world applications. These metrics, formally
defined in Section 3, encompass dimensions such
as user interaction, community support, and tempo-
ral adaptability of the models. In the experiments,
we determined the optimal weight combination for
each metric through Bayesian optimization to gen-
erate the final comprehensive score.

4.2 Main Results

We first used Bayesian optimization to determine
the optimal weight combination for the metrics,
resulting in final optimal weights of w_1=3.0 and
w_2=1.0. This outcome indicates that UEI holds a
higher weight in the comprehensive evaluation of

the models, while the influence of CRR is relatively
smaller.

This weight allocation aligns with real-world
conditions, as information such as user download
counts and likes more directly reflects a model’s
use in actual scenarios. Thus, these factors hold
a higher weight in our scoring system, making
the evaluation results more closely aligned with
actual user experience. In comparison, although
community response rate is also significant for the
model’s sustainable development and iterative im-
provement, its lower weight emphasizes the priority
of widespread user adoption in model evaluation.
Through this weight distribution, our evaluation
framework achieves a reasonable balance between
user experience and community feedback, ensuring
the scientific rigor and representativeness of the
scoring system.

Figure 1 presents the scores of various models
and the contribution of each metric to those scores.
In the figure, different colored blocks represent the
weighted contributions of UEI * TWF and CRR to
each model’s score, while the green line indicates
the final score of each model.

Table 1 provides a more detailed breakdown of
the evaluation results, listing key metrics for each
model, including the UEI, CRR, TWEF, and the final
computed score. These results offer a more gran-
ular view of how user interaction and community
support influence model rankings.

Case Study From the results, we observe that
models with high user engagement metrics and
developed by organizations with active commu-
nity support tend to achieve higher final scores.
For example, Qwen2.5-72B-Instruct and Llama3.2-
3B-Instruct demonstrate outstanding performance
in both user downloads and community response.
These models have gained substantial user ap-
proval, and the development teams actively address
feedback and update the codebase, fostering a posi-
tive interaction between users and developers. This
finding highlights the critical role of user-oriented
engagement and prompt community response in
promoting widespread model adoption in practical
applications.

Conversely, models such as ChatGLM-3-6B and
Yi-34B-Chat rank relatively lower in the final eval-
uation. As seen in Table 1, these models exhibit
lower UEI and CRR scores, indicating lower levels
of user adoption and community responsiveness.
While technical performance remains a key fac-
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Figure 1: Breakdown of Final Scores with User Engagement and Community Response Contributions Across
Open-source LLMs.

Model Name #Params Publisher Release UEI CRR TWF Score
ChatGLM-3-6B 6B Tsinghua 2023/10/25 0.11  0.10 0.92 0.42
ChatGLM-4-9B-Chat 9B Tsinghua 2024/6/4 0.23 0.60 2.40 2.25
Llama-3.2-3B-Instruct 3B Meta 2024/9/25  0.75  0.08 6.00 13.49
Llama-3.2-1B-Instruct 1B Meta 2024/9/25  0.81  0.08 6.00 14.67
Llama-3.1-70B-Instruct 70B Meta 2024/7/23 1.27 0.08 3.00 11.50
Llama-3.1-405B-Instruct 405B Meta 2024/7/23  0.47  0.08 3.00 4.35
Qwen2.5-72B-Instruct 72B Alibaba 2024/9/19  0.80 0.64 6.00 14.96
Qwen2.5-32B-Instruct 32B Alibaba 2024/9/19 0.55 0.64 6.00 10.55
Qwen?2.5-14B-Instruct 14B Alibaba 2024/9/19  0.54  0.64 6.00 10.38
Qwen2.5-7B-Instruct 7B Alibaba 2024/9/19  0.71 0.64 6.00 13.34
Qwen2.5-3B-Instruct 3B Alibaba 2024/9/19 0.56 0.64 6.00 10.76
Qwen2.5-0.5B-Instruct 0.5B Alibaba 2024/9/19  0.62  0.64 6.00 11.72
Granite-3-8B-Instruct 8B IBM 2024/10/3 0.08 0.00 12.00 2.98
DeepSeek-V2 236B DeepSeek 2024/4/22 0.15 0.04 1.71 0.83
Gemma-2-27B-It 27B Google 2024/6/24  0.16 0.24 2.40 1.42
Gemma-2-9B-It 9B Google 2024/6/24 024  0.24 2.40 1.99
Gemma-2-2B-It 2B Google 2024/6/24 0.41 0.24 2.40 3.19
Phi-3-mini-4k-instruct 3B Microsoft 2024/4/23  0.53  0.25 1.71 2.99
Yi-34B-Chat 34B 01 AI 2024/5/13  0.05 0.16 2.00 0.47
Internlm2.5-20B-Chat 20B Shanghai Al Lab 2024/7/3 0.17 0.93 3.00 2.48
Internlm2.5-7B-Chat 7B Shanghai AT Lab 2024/7/3 021 093 3.00 2.78

Table 1: Comparative Evaluation of Open-Source LLMs Based on User Engagement and Community Response.
The table presents the evaluation scores of various open-source large language models (LLMs) across multiple
dimensions, including User Engagement Index (UEI), Community Response Rate (CRR), and Time-Weighted
Factor (TWF). The highest Final Score is boldfaced, and the second-highest is underlined.

tor in LLM development, our findings suggest that Additionally, we observe that some models, such
user engagement and developer interaction play  as Granite-3-8B-Instruct and DeepSeek-V2, re-
an equally crucial role in determining a model’s  ceive relatively low scores despite their large pa-
long-term impact and usability. rameter sizes. This result implies that model size
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Figure 2: Comparative Analysis of Key Interaction Metrics Across Top 8 Open-source LLMs.

alone does not necessarily translate to higher user
engagement or stronger community feedback. In-
stead, factors such as accessibility, documentation
quality, and active issue resolution may signifi-
cantly impact a model’s real-world adoption.

These insights reinforce the necessity of multi-
dimensional evaluation metrics when assessing
open-source LLMs, as traditional accuracy-based
benchmarks alone may not fully capture a model’s
practical influence. By incorporating user-driven
engagement factors into LLM evaluation, our
framework provides a more holistic perspective
that can better guide model selection and improve-
ment efforts.

We analyzed the metrics of the top 8 LLMs in the
overall score rankings—UEI, CRR, and TWF—as
shown in Figure 2. The radar chart clearly illus-
trates the differences in each model’s performance
across these metrics, revealing their strengths and
areas for improvement in user engagement and
community support.

Qwen2.5-72B-Instruct demonstrates a balanced
performance across all metrics, with particularly
high CRR, reflecting a strong balance between
user engagement and community support. In con-
trast, Llama-3.2-1B-Instruct shows high user en-
gagement but a lower CRR, indicating insufficient
community interaction.

Additionally, Llama-3.1-70B-Instruct and
Qwen2.5-0.5B-Instruct have relatively high Time
Weight Factors, indicating they have maintained a
long-term user interest. However, their CRR and
UEI are relatively low, suggesting there is still
room for improvement in community support and
user engagement. Overall, high user engagement

and active community response are key indicators
of a model’s performance and influence.

5 Conclusion

This paper proposes a multi-dimensional evaluation
framework for open-source LLMs, which uses a
comprehensive assessment of metrics such as user
engagement, community response rate, and time-
weighted factors to reveal differences in model per-
formance in real-world applications. Based on data
from the Hugging Face and GitHub platforms, we
validated the effectiveness of this evaluation sys-
tem. Experimental results show that user-oriented
engagement and active community support have a
significant impact on the final model scores.

In this paper, we observed that models with high
user engagement and active community support
tend to receive higher final scores, which under-
scores the importance of user experience and com-
munity response in the open-source model ecosys-
tem. However, some models performed poorly in
user engagement and community interaction, in-
dicating room for improvement in user-oriented
optimization strategies. This evaluation framework
not only provides a powerful tool for comprehen-
sive model evaluation but also offers insights for
developers and researchers to optimize their model
design and user support strategies.

Future work will focus on expanding the evalua-
tion metrics to cover different application scenarios
of the models. Additionally, to address the dynamic
nature of platform data, future research can explore
real-time updates and adaptive optimization meth-
ods for evaluation, thereby enhancing the timeli-
ness and adaptability of the evaluation results.
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