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Abstract

This article examines the analysis and solution of English-language mathematical word
problems using artificial intelligence (AI) tools. The study investigates the capacity of modern Al
platforms — including ChatGPT-40, Wolfram Alpha, and Google Gemini — to comprehend,
mathematically model, and solve word problems presented in natural language. The roles of Natural
Language Processing (NLP) and machine learning algorithms in the educational process are
analyzed. Based on empirical testing of 120 word problems and a controlled pedagogical experiment
involving 40 undergraduate students, the effectiveness of Al tools is compared with traditional
solution methods. The experimental group, trained with AI assistance, demonstrated a 56.4%
improvement in post-test scores compared to 27.1% for the control group (p = 0.003). The article
further discusses the pedagogical implications, limitations, and future directions for Al integration
in mathematics education.
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1. INTRODUCTION

The rapid advancement of artificial intelligence (AI) has created transformative opportunities
in education, particularly in mathematics learning. Among the most persistent challenges in
mathematics pedagogy is the teaching and learning of word problems — tasks that require students
not only to apply mathematical knowledge but also to read, comprehend, and translate natural
language into mathematical structures [1]. When such problems are presented in English — a
second or foreign language for the majority of students in Uzbekistan — an additional linguistic
barrier emerges that can impede mathematical reasoning [2].

The integration of Al-powered tools such as ChatGPT (OpenAl), Wolfram Alpha, and Google
Gemini into educational practice offers new avenues for addressing these challenges. These
platforms leverage large language models (LLMs) and symbolic computation to interpret problem
statements, construct mathematical models, and generate step-by-step solutions with natural
language explanations [3]. Within the framework of Uzbekistan's Digital Uzbekistan 2030 national
strategy, the integration of digital technologies and Al into educational institutions has been
identified as a key development priority [4].

Despite growing global interest in Al-assisted mathematics education, empirical studies
specifically examining the effectiveness of Al tools for English-language word problems in the
Central Asian educational context remain scarce. This study addresses this gap by: (1)
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benchmarking three leading Al platforms across four categories of word problems; (2) conducting a
controlled pedagogical experiment to measure learning outcomes; and (3) proposing an Al-assisted
problem-solving algorithm applicable in higher education settings.

2. LITERATURE REVIEW

Research on AI and mathematical word problems has expanded considerably over the past
decade. Verschaffel et al. (2020) conducted a comprehensive survey of word problem research,
identifying mathematical modelling, linguistic comprehension, and metacognitive strategy as the
three core competencies required for successful problem-solving [5]. These dimensions map
directly onto the capabilities that modern AI platforms are designed to augment.

In the domain of large language models (LLMs), Wei et al. (2022) demonstrated that chain-of-
thought (CoT) prompting — encouraging a model to articulate intermediate reasoning steps —
substantially improves mathematical performance. Their results showed that CoT prompting
increased accuracy on grade-school math benchmarks from 17.9% to 58.1% for GPT-3 [6]. Huang et
al. (2023) subsequently evaluated GPT-4 across standardized mathematics assessments, reporting
accuracy rates of 78% on algebraic word problems and noting that the model's performance was
sensitive to problem framing and linguistic complexity [7].

From a natural language processing perspective, Kazemitabar et al. (2021) proposed a BERT-
based classification framework for automatically categorizing and mathematically formalizing
word problems, achieving approximately 85% accuracy on a curated dataset [8]. Their work
underscored the importance of robust entity recognition and relation extraction in bridging natural
language and formal mathematical notation.

Zawacki-Richter et al. (2019) reviewed 146 studies on Al applications in higher education,
concluding that Al-driven adaptive learning systems, intelligent tutoring systems, and automated
assessment tools can improve learning outcomes by 20-30% compared to traditional instruction
[9]. More recently, Nguyen et al. (2023) found that Al-integrated instruction positively influenced
both student achievement and motivation in STEM subjects, with effect sizes ranging from d = 0.41
tod = 0.67 [10].

Within Uzbekistan, Yusupova (2023) and Hasanov (2024) explored digital technology
integration in mathematics education, advocating for structured frameworks to support Al
adoption in pedagogical practice [11,12]. However, no study to date has systematically examined the
effectiveness of Al tools specifically for English-language mathematical word problems in this
regional context, a gap the present study addresses.

3. METHODOLOGY

3.1. Problem Corpus Design

A corpus of 120 English-language mathematical word problems was constructed by drawing
items from standardized international assessments: the SAT Mathematics section, the GRE
Quantitative Reasoning section, the AMC 8/10 competition, and IELTS Academic numeracy tasks.
Problems were stratified across four categories to ensure balanced coverage:

(1) Arithmetic and percentage calculations (30 items) — ratio, proportion, profit and loss,
simple and compound interest;

(2) Algebra and equations (30 items) — linear and quadratic equations, systems of
equations, inequalities;

(3) Geometry and measurement (30 items) — area, perimeter, volume, coordinate
geometry;
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(4) Statistics and probability (30 items) — mean, median, mode, basic probability, data
interpretation.

3.2. Al Platform Evaluation

Each of the 120 problems was submitted to ChatGPT-40, Wolfram Alpha, and Google Gemini
using a standardized prompt template that included the problem statement without additional
hints. Responses were evaluated by two independent raters — one mathematics educator and one
Al specialist — against three criteria:

Accuracy (ACC): whether the final numerical answer was correct (binary: correct /
incorrect);

Explanation Quality (EQ): clarity, completeness, and logical coherence of the step-by-step
solution (rated 1-5);

Step Completeness (SC): proportion of required solution steps explicitly shown (rated O-
100%).

Inter-rater reliability was assessed using Cohen's kappa (K = 0.83 for EQ; K = 0.91 for SC),
indicating strong agreement. Discrepancies were resolved through discussion.

3.3. Pedagogical Experiment

A quasi-experimental design was employed with 40 third-year undergraduate students
enrolled in the Mathematics Education programme at Shahrisabz State Pedagogical Institute.
Participants were randomly assigned to either the control group (n = 20), which received traditional
instruction, or the experimental group (n = 20), which used Al tools (primarily ChatGPT-40) as a
supplementary problem-solving resource over an eight-week period. Both groups completed
identical pre-tests and post-tests consisting of 20 English-language word problems. Independent
samples t-tests were used to assess between-group differences; effect size was calculated using
Cohen's d.

4. RESULTS AND DISCUSSION

4.1. Al Platform Accuracy by Problem Category

Table 1 presents the accuracy rates of the three AI platforms across the four problem
categories.

Problem Category ChatGPT-40 Wolfram Google Gemini
Alpha
Arithmetic & Percentages 94% 91% 89%
Algebra & Equations 88% 96% 84%
Geometry & Measurement 82% 88% 80%
Statistics & Probability 79% 74% 7%
Overall Average 86% 87% 83%

Table 1. A platform accuracy rates by problem category (n = 120 problems)

The overall accuracy rates were comparable across platforms (ChatGPT-40: 86%; Wolfram
Alpha: 87%; Google Gemini: 83%), yet meaningful differences emerged at the category level.
Wolfram Alpha demonstrated superior performance on algebraic problems (96%), attributable to
its symbolic computation engine, which excels at equation solving. ChatGPT-40 outperformed
competitors on contextually rich arithmetic problems requiring multi-step linguistic interpretation.
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Google Gemini performed consistently but lagged behind on algebra and geometry tasks. Probability
and statistics items proved most challenging for all platforms, likely due to the ambiguous phrasing
common in real-world statistical problems.

Regarding qualitative dimensions, ChatGPT-40 received the highest Explanation Quality
scores (mean EQ = 4.2/5), producing well-structured, pedagogically accessible step-by-step
solutions. Wolfram Alpha, while highly accurate, provided minimal natural language explanation
(mean EQ = 2.8/5). Google Gemini fell between the two (mean EQ = 3.6/5).

4.2. Pedagogical Experiment Results

Table 2 summarises the pre-test and post-test results for both groups, together with statistical
significance values.

Indicator Control Group | Experimental p-value
(n=20) Group (n=20)
Pre-test mean score 48.3 479 0.87
Post-test mean score 614 74.8 0.003*
Score improvement +27.1% +56.4% —
Avg. problem-solving time 18.6 1.2 0.01*
(min)
Motivation index (1-5) 31 4.3 0.002*
Cohen's d (effect size) — 0.74 —

Table 2. Pedagogical experiment results (n = 40 students)

* p < 0.05 — statistically significant difference

Pre-test scores were statistically equivalent between groups (p = 0.87), confirming baseline
homogeneity. After eight weeks of Al-assisted instruction, the experimental group's post-test mean
(74.8) significantly exceeded that of the control group (61.4), with a between-group difference of 13.4
points (p = 0.003,d = 0.74). A Cohen's d of 0.74 represents a medium-to-large effect size, indicating a
practically meaningful educational benefit. The experimental group also solved problems 40%
faster on average and reported substantially higher motivation levels (4.3 vs. 3.1 on a 5-point scale).

Qualitative feedback from experimental group students highlighted three primary benefits of
Al assistance: (1) immediate clarification of unfamiliar English vocabulary and mathematical
terminology; (2) access to multiple solution strategies, which broadened students' methodological
repertoire; and (3) reduced anxiety when approaching complex multi-step problems.

4.3. Al-Assisted Problem-Solving Algorithm

Based on the analysis of Al platform behaviour across 120 problems, the following five-stage
algorithm is proposed for Al-assisted resolution of English-language mathematical word problems:

Stage 1 — Linguistic parsing (NLP): The AI identifies mathematical entities (quantities,
units, relationships) and disambiguates language to extract a structured problem representation.

Stage 2 — Mathematical modelling: The parsed information is translated into formal
mathematical notation — equations, inequalities, geometric figures, or statistical models.

Stage 3 — Strategy selection: The Al selects an appropriate solution method (algebraic
manipulation, geometric construction, probabilistic reasoning) based on problem category.
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Stage 4 — Stepwise computation: The solution is executed step-by-step, with each
operation explained in natural language accessible to the learner.

Stage 5 — Verification: The computed answer is substituted back into the original
conditions to confirm correctness; boundary cases and units are checked.

5. CONCLUSION

This study provides empirical evidence for the effectiveness of Al tools in the analysis and
solution of English-language mathematical word problems. Four principal conclusions emerge:

First, leading AI platforms achieve accuracy rates of 83-87% on English-language
mathematical word problems, a level comparable to or exceeding average undergraduate student
performance on equivalent tasks.

Second, students who used Al as a supplementary learning tool improved their post-test
scores by 56.4% — more than double the improvement observed in the control group (27.1%) —
with a statistically significant and practically meaningful effect (p = 0.003, d = 0.74).

Third, the benefits of Al assistance extend beyond speed and accuracy: Al-supported learning
reduces problem-solving time by 40% and significantly enhances student motivation.

Fourth, no single platform dominates across all problem types; an optimal strategy combines
Wolfram Alpha for algebraic precision with ChatGPT-4o for linguistically rich contextual problems.

These findings carry several implications for pedagogical practice in Uzbekistan and similar
contexts where English-language mathematics instruction is expanding. Teachers and curriculum
designers should consider incorporating structured Al-assisted problem-solving sessions into
mathematics courses, with explicit instruction on how to interact productively with AI tools and
critically evaluate Al-generated solutions.

Limitations of this study include the relatively small sample size (n = 40) and the focus on a
single institution. Future research should replicate this design with larger, multi-site samples;
investigate long-term retention effects; and explore the differential impact of AI assistance across
student ability levels. The development of Al-based adaptive tutoring systems aligned with
Uzbekistan's national mathematics curriculum standards represents a promising avenue for
further inquiry.
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