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Abstract
This paper investigates the ability of large language models (LLMs) to solve statistical tasks, as well as their capacity
to assess the quality of reasoning. While state-of-the-art LLMs have demonstrated remarkable performance in a
range of NLP tasks, their competence in addressing even moderately complex statistical challenges is not well
understood. We have fine-tuned selected open-source LLMs on a specially developed dataset to enhance their
statistical reasoning capabilities, and compared their performance with the human scores used as a benchmark.
Our results show that the fine-tuned models achieve better performance on advanced statistical tasks on the level
comparable to a statistics student. Fine-tuning demonstrates architecture-dependent improvements, with some
models showing significant performance gains, indicating clear potential for deployment in educational technology
and statistical analysis assistance systems. We also show that LLMs themselves can be far better judges of the
answers quality (including explanation and reasoning assessment) in comparison to traditional metrics, such as
BLEU or BertScore. This self-evaluation capability enables scalable automated assessment for statistical education
platforms and quality assurance in automated analysis tools. Potential applications also include validation tools for
research methodology in academic and industry settings, and quality control mechanisms for data analysis workflows.
Keywords: evaluation methodologies, LLM-as-a-Judge, automated evaluation metrics, statistical problem solving,
model reliability

1. Introduction

Large Language Models (LLMs), both proprietary
and open-source ones, such as LLaMA, DeepSeek
and Mistral, have demonstrated impressive capa-
bilities in general NLP tasks, including text genera-
tion, summarization, and logical inference (Touvron
et al., 2023; DeepSeek-AI, 2025; Mistral AI, 2023).
However, their ability to perform reasoning for spe-
cific tasks remains an open question, since their
representations are fine-tuned to predict the next
word, with higher-level reasoning existing only as
an emergent property, which often leads to limited
capabilities (Wang, 2024).

This also applies to the specific task tested in
this study, namely statistical reasoning and prob-
lem solving, such as computing probabilities, inter-
preting regression results, or applying hypothesis
testing (Frieder et al., 2023; Hendrycks et al., 2021).
Statistical problem-solving requires precise numer-
ical computation, deep conceptual understanding,
and logical derivation — all of which differ markedly
from the pattern-matching strengths of pretrained
LLMs (Bommasani et al., 2021). Prior work has
shown that even state-of-the-art models struggle
with the following hurdles:

• Computational inconsistencies: e.g., mis-
calculating p-values or probabilities (Razeghi
et al., 2022).

• Overfitting to seen templates: poor gener-

alization to reworded or novel statistical ques-
tions (Bubeck et al., 2023).

• Conceptual confusion: failing to distinguish
similar concepts like Type I error vs. signifi-
cance level.

Our research questions are:

RQ1: Can parameter-efficient fine-tuning (e.g.,
LoRA) improve the statistical reasoning ca-
pabilities of base LLMs?

RQ2: Which automatic metrics most reliably align
with human judgments of correctness?

RQ3: What are the key failure modes and general-
ization limitations of fine-tuned models in sta-
tistical reasoning, and where do automated
metrics systematically diverge from human
evaluation?

To explore these, we fine-tune several 7B models
on a curated dataset of statistical questions using
LoRA with 8-bit quantization. We evaluate mod-
els on a held-out sample of 50 diverse questions
across three reasoning dimensions: correctness,
step-by-step logic, and explanation quality.

In addition to human scoring, we compute sev-
eral automated scoring metrics for each model
output. We then assess how well these metrics
correlate with human ratings. This allows us to
evaluate not just model performance, but also the
validity of automatic metrics for evaluating statisti-
cal reasoning.



Our contributions from this study are:1

(i) A comprehensive benchmark dataset of
2,000 statistical questions spanning hypothe-
sis testing, regression, probability theory, and
descriptive statistics — publicly released to ad-
vance reproducible research in mathematical
reasoning evaluation.

(ii) Fine-tuned statistical reasoning models
based on three 7B-parameter architectures
(LLaMA-3, Mistral-Nemo, DeepSeek), demon-
strating significant improvements in structured
quantitative problem-solving over base mod-
els.

(iii) Multi-dimensional evaluation framework
comparing automated metrics (BLEU,
BERTScore, SBERT) against LLM-as-judge
approaches across correctness, explanation
quality, and reasoning dimensions, revealing
systematic alignment patterns with human
evaluation.

(iv) Empirical insights into model limitations
and metric reliability, including identification
of failure modes in complex statistical reason-
ing and divergence patterns between auto-
mated metrics and human judgment in mathe-
matical domains.

2. Related Work

2.1. Foundations of LLMs

Modern LLMs leverage transformer architectures
(Vaswani et al., 2017) to process sequences in par-
allel and capture contextual relationships across
tokens effectively. The most recent generation
of LLMs are decoder-only models, optimized for
generative tasks through autoregressive decoding
mechanisms. They have been pretrained on large
corpora, measuring in hundreds of billions of words
(Brown et al., 2020; Touvron et al., 2023).

To address these limitations, recent studies have
explored fine-tuning approaches to adapt LLMs
for specialized domains. Techniques such as
parameter-efficient fine-tuning (e.g., LoRA) and
memory optimization methods (e.g., 8-bit quanti-
zation) have shown promise in enhancing model
performance without requiring extensive computa-
tional resources (Hu et al., 2022; Dettmers et al.,
2022). However, the impact of these methods on
domain-specific tasks remains underexplored, par-
ticularly in mathematical reasoning.

This work builds on prior efforts by systemati-
cally evaluating the benefits of fine-tuning LLaMA
on a curated dataset for statistical reasoning. By

1The dataset and the respective evaluation
tools are available from: https://github.com/
crishnagarkarleeds/statistics-llm.

contrasting baseline LLMs with fine-tuned versions,
we highlight the potential of these techniques to
improve performance across varying levels of task
complexity.

2.2. Automatic Evaluation Methods

Recent advances in automatic evaluation have
demonstrated that sophisticated metrics can pro-
vide reliable assessment of complex NLP tasks
(Fomicheva and Specia, 2019). Particularly promis-
ing is the emergence of LLM-as-a-judge method-
ology, which has achieved state-of-the-art perfor-
mance in translation quality assessment, demon-
strating correlation with human judgments com-
parable to the best traditional metrics (Bavaresco
et al., 2025). Similarly, LLM-based evaluators have
shown strong alignment with expert human ratings
in educational contexts, such as non-native essay
assessment (Yancey et al., 2023).

These developments suggest that LLM-based
evaluation approaches may capture nuanced as-
pects of reasoning quality that traditional lexical
similarity metrics miss, making them particularly
suitable for complex domain-specific tasks like
statistical reasoning. Building on this foundation,
our study implements LLM-as-a-judge methodol-
ogy specifically adapted for mathematical problem-
solving evaluation.

2.3. Application to Statistical Reasoning

As emphasized by Hendrycks et al. (2021), while
LLMs excel at simpler tasks like basic arithmetic
and algebra, they struggle with advanced statistical
tasks. For instance, hypothesis testing requires
computing p-values, which involves probabilistic
reasoning and context-specific interpretations. In
practical evaluations, LLMs frequently generate
syntactically correct outputs but fail to exhibit the
statistical rigor necessary for accurate conclusions.
These errors often arise from gaps in numerical
computation, incomplete reasoning, or inability to
handle complex statistical frameworks holistically.

Existing datasets such as MATH (Hendrycks
et al., 2021) and UCI ML Repository (UCI-MLR,
2023) provide valuable benchmarks for elemen-
tary or intermediate tasks like probability and ba-
sic regression. However, these datasets are not
designed to evaluate the sophisticated reasoning
needed for more advanced statistical tasks. They
also lack diversity in question types, such as those
requiring both computational precision and concep-
tual interpretation, which are critical for real-world
applications.

To address these limitations, the present study
introduces a dataset encompassing hypothesis
testing, ANOVA, and chi-squared tests. This
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dataset prioritizes tasks that combine logical rea-
soning with detailed numerical computations, of-
fering a more realistic assessment of LLM perfor-
mance in statistical problem-solving. By focusing
on both computational accuracy and interpretive
reasoning, it provides a robust framework for iden-
tifying LLMs’ strengths and weaknesses, paving
the way for advancements in fine-tuning and archi-
tecture design for domain-specific tasks.

3. Methodology

This section introduces a structured evaluation
framework tailored to statistical problem-solving
using LLMs. Building on machine learning lifecycle
principles — Data Understanding, Data Prepara-
tion, Model Training, and Model Evaluation (Good-
fellow et al., 2016) — we apply this structure to
benchmark LLMs such as LLaMA-3, Mistral-7B,
and DeepSeek-R1-Qwen 7B on statistical reason-
ing tasks.

Our framework departs from traditional NLP
benchmarks by emphasizing statistical logic, nu-
merical precision, and interpretability. The pipeline
includes custom dataset creation, LoRA-based
fine-tuning with quantization, and detailed perfor-
mance analysis based on both human and auto-
matic evaluations. This methodology enables a
rigorous comparison of LLMs’ ability to perform
regression analysis, hypothesis testing, probability
computation, and other statistical tasks in a struc-
tured, explainable manner.

3.1. Data Curation

To evaluate LLMs on statistical reasoning, we con-
structed a custom dataset addressing the limi-
tations of existing datasets such as STATLOG
(Michie et al., 1994), the UCI Machine Learn-
ing Repository (UCI-MLR, 2023), and MATH
(Hendrycks et al., 2021), which focus on tradi-
tional machine learning tasks or narrow mathe-
matical problem-solving domains. Our dataset was
designed to assess both numerical computation
and interpretive reasoning, with problems spanning
core statistical topics, including probability, hypoth-
esis testing, regression analysis, ANOVA, and time
series analysis.

3.1.1. Dataset Construction

The dataset was developed using a multi-step pro-
cess to ensure a balanced distribution of problem
types, incorporating real-world statistical applica-
tions such as interpreting p-values, regression co-
efficients, and confidence intervals. The questions
were categorized into three groups based on their
origin:

Open-access educational resources (63%).
Questions in this group were adapted from
widely used open-access academic sources,
including OpenIntro (2024), OpenStax (2023),
OnlineStatBook (2025), and Kozak (2025).
These questions were rewritten to maintain
academic rigor while avoiding direct repli-
cation and ensuring compliance with open
licensing requirements.

Academic textbook adaptations (34%). Ques-
tions requiring deeper statistical reasoning
or advanced concepts were adapted from
established academic textbooks, including
Ross (2019), DeGroot and Schervish (2010),
Wasserman (2004), Blitzstein and Hwang
(2019), Devore (2016), and Gelman et al.
(2013). Specialized topics such as canonical-
correlation analysis, cross-correlation at lag 1,
multiple correlation coefficients, or multivari-
ate statistical inference, which are rarely found
in standard coursework, were specifically in-
cluded to test high-level reasoning skills be-
yond traditional undergraduate curriculum. All
adapted questions were subjected to human
verification and revision to ensure mathemati-
cal correctness and academic validity.

Custom-developed questions (3%). Custom
questions were developed for specialized sta-
tistical scenarios not covered in standard edu-
cational materials, focusing on advanced ap-
plications such as multi-door Monty Hall-style
problems, confidence interval interpretations,
and complex ANOVA designs for real-world
scenarios. Custom questions ensure more
comprehensive coverage of advanced statisti-
cal concepts while enhancing the originality of
our dataset.

This structured approach guarantees that the
dataset reflects both foundational and advanced
statistical reasoning tasks, ensuring LLMs are eval-
uated across diverse statistical challenges while
maintaining strict adherence to academic integrity
and licensing compliance. Table 1 presents the
distribution of question types across the topics and
complexity levels, following established difficulty
taxonomies in statistical education (Wasserman,
2004; Moore et al., 2021).

To assess the statistical reasoning capabilities of
LLMs, the dataset incorporated two primary ques-
tion formats:

Numerical answer questions: tasks requiring di-
rect computational outputs (e.g., regression
slopes, probabilities, hypothesis test results).

Free-text questions: tasks requiring structured
reasoning, stepwise calculations, and statisti-
cal interpretation.
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Topic Basic Intermediate Advanced Avg. Words

Probability 200 150 50 30.4
Hypothesis Testing 150 100 100 84.8
Regression Analysis 100 150 200 47.0
Time Series Analysis 50 75 100 26.4
ANOVA & Bayesian Stats 25 75 100 67.1

Table 1: Question distribution by topic, difficulty, and length (in words).

Figure 1 presents an example question show-
casing the structured question format used in the
dataset. Using these two formats of questions en-
sures that LLMs are tested on computational accu-
racy as well as on their ability to interpret statistical
concepts.

3.2. Evaluation and Marking Scheme

The evaluation framework emphasized both numer-
ical correctness and conceptual depth, leveraging
widely recognized assessment methodologies in
AI-driven statistical reasoning (Hendrycks et al.,
2021; Cobbe et al., 2021).

Each response was graded following a weighted
rubric:

Correctness of final answer (C) (40%): consis-
tency with benchmark results.

Step-by-step explanation (E) (35%): logical
structuring and derivation.

Interpretation and reasoning (R) (25%): con-
ceptual clarity and statistical justification.

All models were evaluated on a held-out set of
50 statistical questions by multiple human judges
to enable a direct and robust comparison across
the different language model architectures.

This structured evaluation ensures that LLMs
are assessed not only for accuracy but also for
their ability to demonstrate statistical reasoning,
a key challenge in domain-specific AI adaptation
(Bubeck et al., 2023; Bommasani et al., 2021).

LLM performance was also assessed through
several automated metrics:

Perplexity: evaluates model confidence and co-
herence in probabilistic text generation(Raffel
et al., 2020).

BLEU score: measures textual similarity between
generated answers and reference solutions
(Papineni et al., 2002).

SBERT: measures the distance between gener-
ated answers and reference solutions on the
basis of SBERT embeddings (Reimers and
Gurevych, 2019).

BERT score: a trainable metric for predicting the
similarity of generated answers and reference
solutions (Zhang et al., 2020).

LLM as a Judge: a prompt presents for each
question the reference solution and the output
of an LLM with the task of grading it with the
same rubric as used by human raters (Kocmi
and Federmann, 2023).

The first four metrics are standard in text gener-
ation evaluation, while the last measure is based
on using LLMs applied to the output of the same
model or other models. The use of LLMs ad-
dresses fundamental limitations of traditional auto-
mated metrics which rely primarily on surface-form
similarity and often fail to capture more advanced
reasons essential for statistical problem-solving
assessment, such as the semantic correctness,
suitability of explanation and logical validity. Unlike
previous work employing general-purpose models
(GPT-4, Claude), we utilize three of our own best
models as judges. This approach offers several ad-
vantages: (1) domain-specific knowledge acquired
through statistical fine-tuning, (2) elimination of ex-
ternal API dependencies, and (3) replicability.

We followed the same evaluation design as in
Kocmi and Federmann (2023), when the LLM
Judge was given a question, its reference model
solution, a solution given by a participating lan-
guage model, and the same rubric as used by the
human raters.

4. Model Training and Fine-Tuning

We started with three popular models:

• LLaMA-3 8B: Meta’s 2024 open-weight model
with strong language understanding and effi-
cient scaling (Touvron et al., 2023).

• Mistral-Nemo 7B: A dense transformer model
with grouped-query attention and sliding win-
dow decoding for improved inference speed
(Mistral AI, 2023).

• DeepSeek-R1-Qwen 7B: A version of
DeepSeek already fine-tuned by DeepSeek
developers for long-context and mathematical
reasoning (DeepSeek-AI, 2025).

We have fine-tuned LLaMA and Mistral on sta-
tistical textbooks, while DeepSeek-R1-Qwen 7B
has already been fine-tuned by its developers on a
different set of training corpora. Each model was
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Figure 1: Example question with reference solution.

evaluated in a zero-shot setting by prompting an
answer for the base model and for its fine-tuned ver-
sion to measure performance improvements over
out-of-the-box statistical reasoning capabilities.

4.1. Parameter-Efficient Fine-Tuning
Methodology

We applied parameter-efficient fine-tuning using
Low-Rank Adaptation (LoRA) and 8-bit quanti-
zation to balance computational efficiency with
domain-specific adaptation (Hu et al., 2022;
Dettmers et al., 2022). 8-bit quantization comple-
ments LoRA by reducing weight precision from
32-bit to 8-bit representation, achieving a four-
fold reduction in memory usage. Together, LoRA
and quantization yield over 99.8% total memory
savings, enabling fine-tuning on NVIDIA Tesla T4
GPUs (14.7GB VRAM).

5. Evaluation and Error Analysis

5.1. Human Evaluation of Quality

Using a two-sample (two-sided) Wilcoxon signed-
rank test, we compared the individual human
judges’ scores for each of the six models, looking at
the individual aspects, i.e. Correctness (C), Expla-
nation (E) and Reasoning (R), and their Weighted
Average (W). This analysis was supported by em-
pirical evidence through Kendall’s correlation co-
efficient τ , useful for a quick assessment of con-
sistency. We observed that in the majority of tests,
the scores agree well, showing better consistency
for C and with more variability for the other two,

more qualitative aspects E and R. However, in
some cases there were rather significant disagree-
ments between the human markers on some mod-
els, demonstrating an unsurprising variation in hu-
man opinions. To mitigate this, we retained all
judges’ scores and computed the arithmetic mean
across judges as a robust and transparent repre-
sentation of human evaluation. This aggregation
strategy aligns with practices in peer review and
consensus-based evaluation frameworks.

Table 2 reveals significant differences in out-
puts. While both LLaMA and Mistral improved
with fine-tuning, the improvement for Mistral was
more significant. Even though its base-version
output scored lower than LLaMA’s on E and R di-
mensions, the fine-tuned version is better than its
LLaMA counterpart on all counts. However, the
DeepSeek model of the same size outperformed
both LLaMA and Mistral, especially on the R di-
mension, which aligns with the extra reasoning
capabilities added to DeepSeek by the developers
(DeepSeek-AI, 2025).

5.2. Metric Reliability Assessment

The following meta-evaluation metrics are used to
compare how much the automated metrics agree
with human judgment:

Mean Absolute Error (MAE): the normalized
sum of the absolute term-by-term deviations.
Unlike the Root Mean-Squared Error (RMSE),
it is more robust against occasional “outliers”.

Wilcoxon signed-rank test: We use a paired
test by looking at the ranks of the score dif-
ferences rather than their actual values. A
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Model Correctness Explanation Reasoning Weighted Change

DeepSeek-R1-Qwen 7B 4.257 4.528 4.623 4.443 ——

LLaMA Base: 2.512 Base: 3.563 Base: 3.515 Base: 3.131
FT: 3.397 FT: 3.648 FT: 3.738 FT: 3.570 +14.02%

Mistral Base: 2.887 Base: 3.407 Base: 3.473 Base: 3.215
FT: 4.193 FT: 4.373 FT: 4.425 FT: 4.314 +34.18%

Table 2: Summary of the aggregated human scoring (on the scale of 0÷ 5). The change value is based
on weighted scores.

MAE Wilcoxon p Kendall τ
Metric C E R W C E R W C E R W

Perplexity 1.603 1.788 1.816 1.661 0.000 0.000 0.000 0.000 0.021 0.036 0.029 0.026
BLEU 2.818 3.261 3.304 3.092 0.000 0.000 0.000 0.000 0.110 0.079 0.086 0.098
SBERT Sim 1.282 1.185 1.156 1.177 0.000 0.000 0.000 0.000 0.080 0.071 0.096 0.082
BERTScore 1.336 0.954 0.915 1.073 0.000 0.000 0.000 0.000 0.047 -0.006 0.001 0.022

DeepSeek as J 1.063 0.875 0.787 0.889 0.490 0.580 0.783 0.750 0.275 0.209 0.210 0.298
LLaMA FT as J 0.764 0.612 0.607 0.625 0.573 0.003 0.000 0.055 0.474 0.521 0.476 0.536
Mistral FT as J 0.793 0.631 0.670 0.645 0.001 0.000 0.000 0.076 0.461 0.456 0.450 0.482

Table 3: Quality assessment of different automated metrics against human scores over all LLM solutions.
The bold values indicate the best performance (i.e., smallest MAE and largest p and τ ).

two-sided version is appropriate if we are inter-
ested in consistency (i.e., whether the scores
are statistically similar or not). Small p-values
suggest that the null hypothesis of similarity
should be rejected, hence the automatic met-
ric does not capture human assessments. Ze-
ros are reported if the p-value is less than
0.001.

Rank correlation (Kendall’s τ ): Is applied to two
score vectors at hand, paying attention to their
relative ranks in the pooled sample. If the two
rankings completely agree then τ = 1; if they
completely disagree then τ = −1.

For meaningful results, all scores from the au-
tomated metrics were mapped to the same scale
as the human judgments (i.e., from 0 to 5) using
MinMax scaling. To avoid ties in rank-based cal-
culations, we randomized the discrete scores by
adding independent normal white noise with zero
mean and small standard deviation (σ = 0.00001).

5.3. Quality of Automated Metrics

Table 3 compares the automated scores with the
average human judgment. Out of the traditional
metrics, such as BLEU or BERTScore, no metric
is substantially close to any LLM as a Judge. Re-
search in other areas of evaluation metrics, such
as MT quality evaluation (Kocmi and Federmann,
2023), also demonstrates the superiority of LLMs
in comparison to traditional metrics. Even though
DeepSeek provides the best solutions (Table 2),
it is the worst judge among the LLMs, both with

respect to its MAE and Kendall’s τ correlations for
all of the dimensions. Mistral is slightly better with
respect to MAE, while LLaMA is slightly better for
correlation.

We also investigated whether any LLM-as-a-
Judge model is fair to its own output. Figure 2
and Table 4 show a more fine-grained evaluation
by listing Kendall’s τ correlations specifically for the
outputs of individual models. Even the traditional
evaluation metrics can occasionally show reliable
outputs; for example, BERTScore can correlate
with human scores for correctness for some mod-
els (DeepSeek and LLaMA). DeepSeek as a Judge
is fairer to its own output, as it has the highest cor-
relation with human scores there, thus showing a
degree of understanding when its own output is
correct and when it fails. However, it fails to un-
derstand the output of LLaMA and Mistral Base
models, as e.g. its correlation is below than that of
the low-performing BLEU. LLaMA and Mistral as
a Judge generally are better in evaluating models
which are scored better by humans. This indicates
their limited ability to detect errors and the pref-
erence with awarding higher marks to incorrect
answers (cf. the LLM judgment of an answer to
Question 2 in the Appendix).

Cross-metric correlation analysis reveals
important insights about evaluation reliability.
BERTScore demonstrates the lowest standard
deviation across architectures (s = 0.028), sug-
gesting consistency as an evaluation metric. BLEU
shows higher standard deviation (s = 0.067).
Among LLM judges, DeepSeek demonstrates
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DeepSeek

LLaMA

LLaMA FTMistral

Mistral FT
=0

Correctness
DeepSeek

LLaMA

LLaMA FTMistral

Mistral FT

Explanation
DeepSeek

LLaMA

LLaMA FTMistral

Mistral FT
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DeepSeek

LLaMA

LLaMA FTMistral

Mistral FT

WeightedTraditional Metrics
BLEU
BERTScore
SBERT
Perplexity

LLM-as-Judge
DeepSeek Judge
LLaMA Judge
Mistral Judge

Figure 2: Comparison of automated metrics, based on their Kendall’s τ correlation with the human scores.

DeepSeek Base LLaMA Base LLaMA FT Mistral Base Mistral FT
Metric C E R W C E R W C E R W C E R W C E R W

Perplexity 0.040 -0.080 -0.097 -0.037 -0.089 -0.047 -0.053 -0.080 0.029 0.022 0.078 0.056 0.101 0.097 0.026 0.083 -0.126 -0.101 -0.118 -0.125
BLEU 0.020 0.143 0.046 0.084 0.208 0.201 0.233 0.224 0.195 0.120 0.144 0.153 0.186 0.165 0.155 0.186 -0.016 -0.074 -0.037 -0.039
SBERT 0.002 0.084 0.090 0.039 0.183 0.135 0.236 0.207 0.139 0.032 0.108 0.103 0.146 0.124 0.131 0.143 -0.020 -0.038 -0.008 -0.026
BertScore 0.207 0.202 0.097 0.200 0.338 0.138 0.236 0.252 0.089 -0.010 0.017 0.042 0.039 0.018 0.066 0.045 -0.050 -0.040 -0.008 -0.052

LLMJudge
DeepSeek 0.402 0.293 0.216 0.370 -0.050 0.273 0.105 0.180 0.293 0.265 0.208 0.306 0.030 0.024 0.004 0.017 0.287 0.265 0.138 0.311
LLaMA FT 0.378 0.359 0.313 0.424 0.308 0.180 0.295 0.293 0.541 0.412 0.484 0.525 0.587 0.651 0.673 0.654 0.576 0.453 0.536 0.567
Mistral FT 0.476 0.229 0.251 0.411 0.319 0.224 0.303 0.304 0.538 0.414 0.437 0.530 0.489 0.492 0.512 0.546 0.603 0.639 0.496 0.629

Table 4: Detailed comparison of evaluation metrics, based on their Kendall’s τ correlation with the human
scores. In the bottom part of the table, bold values indicate the best performance (i.e., with the largest τ ).

superior consistency (s = 0.159) compared to
LLaMA FT (s = 0.394) and Mistral FT (s = 0.362).
Inter-judge correlations reveal moderate agree-
ment between DeepSeek and other judges
(r = 0.436 with LLaMA FT, r = 0.555 with Mistral
FT), while LLaMA FT and Mistral FT demonstrate
strong consensus between themselves (r = 0.851).
This suggests that comprehensive evaluation
requires LLM-based assessment methods rather
than traditional automated metrics to capture
different aspects of mathematical reasoning quality.
As for the LLM Judges, we shall use Mistral FT in
our further experiments, as it is the most robust
measure, which wins three evaluation runs out of
five (Table 4) and it is never disastrously wrong
(Figure 2).

6. Conclusions

We developed a corpus of statistical questions with
their answers and assessed the performance of
five models based on human judgments across
three qualitative dimensions — Correctness (C),
Explanation (E), and Reasoning (R) — as well as
their Weighted Average (W). Statistical significance
was tested using the two-sided Wilcoxon signed-
rank test for paired samples, while Kendall’s rank
correlation coefficient τ provided a measure of con-
sistency across the dimensions. Agreement was
generally strongest on the C-axis, while E and R,
being more subjective, showed greater variability.

Our evaluation reveals consistent trends in
model behavior. Fine-tuning improves perfor-
mance across all models, but its effect varies in

magnitude. Notably, Mistral shows substantial
gains post-fine-tuning, surpassing the fine-tuned
LLaMA on all dimensions despite a weaker base
version. DeepSeek, a model explicitly optimized for
mathematical reasoning, outperforms both LLaMA
and Mistral in most aspects — particularly on the
Reasoning dimension — highlighting the benefits of
more extensive domain-specific optimization. Our
tests with traditional automated evaluation metrics,
such as BLEU or BertScore demonstrate that they
are not suitable for judging the output of models
aimed at statistical reasoning. However, experi-
ments with using LLMs as a Judge show a more
reasonable correlation with the human judgment,
even if the LLMs tend to be less discriminative
for incorrect answers, possibly reflecting the phe-
nomenon of sycophancy (Perez et al., 2023). The
quality of assessments by LLMs as a Judge grows
when the output gets better (according to human
judges).

7. Limitations and Future Work

Beyond the contributions of this study, several limi-
tations remain. First, the fine-tuning process was
constrained by computational resources, limiting
the exploration of larger model architectures and
more extensive hyperparameter tuning. Future
research could leverage distributed training tech-
niques and larger-scale fine-tuning to further en-
hance model performance. Second, while our
dataset was curated to cover a broad range of sta-
tistical questions, it remains domain-specific and
may not fully represent real-world statistical chal-
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lenges encountered across diverse disciplines. Ex-
panding the dataset to include more complex, multi-
modal, and cross-disciplinary problems would pro-
vide a more comprehensive evaluation of LLM ca-
pabilities. Another limitation is that this study fo-
cused on English-language statistical problems;
future research should investigate multilingual and
cross-cultural variations in statistical reasoning to
assess the global applicability of fine-tuned mod-
els.

Furthermore, ethical concerns regarding model
reliability in high-stakes decision-making contexts
remain an open area for investigation. The poten-
tial for LLMs to generate incorrect but plausible-
sounding statistical interpretations poses risks,
particularly in fields such as finance, healthcare,
and scientific research. Developing robust uncer-
tainty quantification methods and enhancing trans-
parency in model outputs are crucial for real-world
deployment.
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A. Appendix: Prompts from LLM as a
Judge

A.1. Prompt Template

You are a Professor of Statistics. Please read the
statement of a statistical question, a correct solu-
tion and a student solution. You should evaluate
the student solution on three core aspects, scored
separately:

Correctness: Is the student solution accurate and
mathematically consistent with the gold stan-
dard?

Step-by-Step Explanation: Are the intermediate
steps shown clearly, logically structured, and
methodologically correct?

Interpretation and Reasoning: Does the stu-
dent show conceptual understanding, sound
logic, and appropriate justification of their
method?

Use a 0–5 scale for each aspect, with half-point
increments allowed (e.g., 3.5):

4.5–5 Excellent – accurate, complete, and well-
reasoned

3.5–4 Good – mostly correct with only minor
issues

2.5–3 Fair – partial understanding or logical
gaps

1.5–2 Poor – evident flaws, inconsistent reason-
ing

0.5–1 Very poor – mostly wrong or unclear
0 Fully incorrect or unrelated

Output in this format:

• Correctness: Score
• Explanation: Score
• Reasoning: Score

Statistical question: {question}
Correct solution (gold standard): {correct}
Student solution: {student}

A.2. Question 1

Statistical question:
A ball is drawn from an urn containing three white
and three black balls. After the ball is drawn, it is
then replaced and another ball is drawn. This goes

on indefinitely. What is the probability that of the
first four balls drawn, exactly two are white?

Correct solution (gold standard):

• Total balls = 6 (3 white, 3 black), P(white) =
3/6 = 0.5, P(black) = 0.5.

• Since the drawing is with replacement and
trials are independent, use the binomial distri-
bution.

• Number of trials n = 4, number of successes
(white) k = 2.

• Use binomial formula:

P(X = k) = C(n, k)× pk × (1− p)n−k

• P(X = 2) = C(4, 2) × (0.5)2 × (0.5)2 = 6 ×
0.25× 0.25 = 0.375.

• Conclusion: The probability that exactly two of
the first four balls drawn are white is 0.375.

Student solution:

• The urn contains three white and three black
balls, so the probability of drawing a white
ball on any single draw with replacement is
3/6 = 1/2. Similarly, the probability of drawing
a black ball is 1/2.

• Since the draws are independent due to re-
placement, this scenario follows a binomial
distribution with n = 4 trials and success prob-
ability p = 1/2, where “success” is defined as
drawing a white ball.

• The probability of exactly k successes in n
trials is given by

P(X = k) = C(n, k)× pk × (1− p)n−k.

• For n = 4 and k = 2:

P(X = 2) = C(4, 2)× (1/2)2 × (1/2)2

= 6× (1/4)× (1/4)

= 6× (1/16)

= 6/16.

• Simplifying the fraction: 6/16 = 3/8.
• Thus, the probability of drawing exactly two

white balls in four draws with replacement is
3/8.

• Answer: 3/8

DeepSeek-as-a-Judge output:

• Correctness: 4.5
• Explanation: 4.5
• Reasoning: 4.5
• The student solution is accurate, mathemat-

ically consistent with the gold standard, and
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the intermediate steps are shown clearly, logi-
cally structured, and methodologically correct.
The student shows conceptual understanding,
sound logic, and appropriate justification of
their method.

Our commentary: LLM as a judge has assessed
all components of the solution as correct, without
detecting any errors or flaws. Thus, the student
solution appears to be perfect, so it is not clear
why the marks are lower (4.5) than the full mark
(5). Hence, the LLM assessment scores are unrea-
sonably harsh here.

A.3. Question 2

Statistical question:
A gambler plays a fair game by flipping a coin.
Heads wins $1, tails loses $1. The gambler starts
with $50 and stops playing when reaching $0 (ruin)
or $200 (win). What is the probability of reaching
$200 before going broke?

Correct solution (golden standard):

• Let Xk = capital at step k; initially X0 = 50.
• The random process (Xk) is a Markov chain.
• Its state space is S = {0, 1, . . . , 200}.
• Markov chain is memoryless; if n is the current

capital then, regardless of the past history, the
transition probabilities are pn,n−1 = pn,n+1 =
0.5 for 0 < n < 200.

• Define y(n) = P(200 is hit before 0 |X0 = n)
(winning probability).

• Boundary conditions: y(0) = 0 (upfront ruin),
y(200) = 1 (upfront win).

• For 0 < n < 200, by considering the next step
we can write y(n) = 0.5 × y(n − 1) + 0.5 ×
y(n+ 1) (total probability formula and Markov
property).

• To solve this recurrence relation, note that
y(n + 1) − y(n) = y(n) − y(n − 1), so the
graph of y(n) is linear.

• Given y(0) = 0 and y(200) = 1, the linear
solution is y(n) = n/200.

• Substitute n = 50 to find the required winning
probability: y(50) = 50/200 = 0.25.

Student solution:

• This problem can be solved using a Markov
chain.

• Let’s define the states as:

S0: The gambler has $0
S50: The gambler has $50
S100: The gambler has $100

S150: The gambler has $150
S200: The gambler has $200

• The transitions between these states are de-
termined by the outcome of each coin flip. If
the gambler wins, they move to a higher state;
if they lose, they move to a lower state.

• The transition matrix P is:
[0 1/2 0 0 0;
1/2 0 1/2 0 0;
0 1/2 0 1/2 0;
0 0 1/2 0 1/2;
1 0 0 0 0]

• The initial probability distribution is π = [0, 1].
• The goal is to find the probability of reaching

state S200 before reaching state S0.
• To do this, we can calculate the stationary

distribution π by solving the equation πP = π.
• This gives us:
π ≈ [0.3155, 0.2429, 0.1843, 0.1054, 0.0519]

• The probability of reaching state S200 before
going broke is therefore π(5) ≈ 0.0519.

DeepSeek-as-a-Judge output:

• Correctness: 3.5
• Explanation: 3.5
• Reasoning: 3.5
• The student solution is mostly correct, but it

has some minor issues. The student correctly
defines the states and the transition matrix, but
the initial probability distribution is incorrect.
The initial state should be [1, 0], not [0, 1].
This is because the gambler starts with $50,
not $0. The rest of the solution is correct.

Our commentary: The LLM assessment is largely
flawed, since the solution is mostly incorrect. The
only useful idea in the solution is that the process
can be modeled by a Markov chain and that we are
interested in hitting one boundary before hitting the
other, but the use of stationary distributions is not
approporiate. Specifically, the following significant
errors were not spotted by the LLM:

• The states of the process are not identified
correctly, as the steps are by ±$1, not ±$50.

• In fact, states with step $50 could be consid-
ered, and the corresponding transition prob-
abilities are indeed 0.5 to each neighboring
state — this is intuitively clear by symmetry,
but was not explained in the solution.

• The transition matrix P is not written correctly:
the first row is wrong (with the sum of en-
tries not equal to 1), while the last row should
be [0, 0, 0, 0, 1], because $200 is an absorbing
state.
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• The initial probability distribution is not stated
correctly (including a confusing notation π,
same as for the stationary distribution); it
should be p0 = [0, 1, 0, 0, 0], rather than [0, 1]
as stated in the solution or [1, 0], incorrectly
proposed by the LLM.

• The conclusion that “the rest of the solution
is correct” is wrong: the student’s answer is
numerically incorrect, but more importantly,
the entire reasoning is flawed, because the
stationary distribution is not relevant here.

• In fact, the stationary distribution π is not ob-
tained correctly. A general equation πP = π is
stated correctly, although without mentioning
the additional conditions πi ≥ 0 and

∑
i πi = 1.

However, the answer for π is wrong; e.g., the
sum of entries equals 0.9 instead of 1.

To summarize, the LLM fails to spot significant er-
rors, both numerical and conceptual, and even
makes its own mistake (about the initial state).
Hence, this assessment is too lenient and unpro-
fessional.
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