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Abstract: Artificial Intelligence tutors are rapidly emerging as transformative tools in India’s language education
landscape, offering personalized learning pathways that can adjust to students’ needs in real time. This study
investigates the effectiveness of adaptive Al-based tutoring systems across diverse Indian classroom settings,
focusing on English and regional language learning. Using a comparative, mixed-method design, the research
evaluates three widely implemented Al tutor models deployed in government, low-cost private, and premium
urban schools. The analysis integrates system-level performance data, classroom observations, learning-analytics
dashboards, and semi-structured interviews with teachers and students. Findings reveal that adaptive Al tutors
significantly enhance vocabulary acquisition, pronunciation accuracy, and reading comprehension, but their
impact varies depending on school type, digital infrastructure, and teacher-Al integration practices. Government
schools displayed the strongest gains in reading fluency due to consistent Al scaffolding, while premium schools
showed better outcomes in higher-order language skills because of richer multimodal inputs. The study concludes
that Al tutors are not stand-alone replacements for human teaching; their success depends on pedagogical
alignment, device accessibility, and sustained teacher involvement. The results highlight the urgent need for policy
frameworks that ensure equitable Al deployment to bridge India’s widening digital-learning divide.
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I. INTRODUCTION

Artificial Intelligence is reshaping India’s education sector at a pace unmatched by earlier waves of digital
innovation. The country’s classrooms, especially those involved in language learning, are witnessing a major shift
from static, one-size-fits-all instruction toward personalized, adaptive learning frameworks powered by Al tutors.
These systems track each learner’s pace, mastery level, error patterns, and engagement metrics to deliver
instruction that adjusts continuously. India’s vast linguistic landscape makes the adoption of Al particularly
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relevant, since students across states navigate multiple layers of language acquisition that often involve English
as a second or third language. Traditional pedagogical models struggle to address such heterogeneity, especially
in overcrowded classrooms where teachers are overburdened and instructional time is limited. Al tutors bridge
this gap by offering real-time feedback, automated pronunciation support, adaptive vocabulary sequencing,
conversational simulations, and bilingual scaffolding. At the same time, India’s unique mix of government
schools, low-fee private institutions, and elite urban academies creates a differentiated technological environment
where the effectiveness of Al varies sharply. Understanding these variations is essential for evaluating whether Al
systems democratize language proficiency or reinforce existing inequities. The rapid proliferation of EdTech
platforms after the pandemic, combined with government initiatives under the National Education Policy, has
accelerated the integration of Al-driven tools, but comprehensive empirical studies examining their comparative
classroom impact remain limited. This research addresses that gap by focusing on the performance, adaptability,
and pedagogical influence of Al tutors used in diverse Indian school settings, with a particular emphasis on English
and regional language learning.

The growing emphasis on twenty-first century skills further elevates the importance of Al-supported language
proficiency, as communication, critical thinking, and digital literacy form the core of emerging educational
benchmarks. Indian classrooms, however, face persistent structural challenges: inconsistent digital infrastructure,
device shortages, uneven teacher preparedness, and fragmented curricular practices. These constraints shape how
Al tutors are perceived, adopted, and sustained. While premium schools typically integrate Al tools within
blended, multimedia-rich pedagogies, government schools often use them as compensatory mechanisms to
address foundational skill gaps. In low-cost private schools, Al adoption tends to be driven by affordability, vendor
partnerships, and curriculum alignment rather than teacher agency. This diversity makes India an ideal context for
studying the comparative effectiveness of adaptive learning systems. Moreover, the recent shift toward data-driven
decision-making enables teachers and administrators to use Al-generated dashboards to monitor learner progress
with unprecedented precision. Yet concerns regarding data privacy, algorithmic bias, and teacher displacement
continue to influence stakeholder attitudes. A careful, balanced evaluation is therefore needed to understand not
only learning gains but also the sociocultural implications of Al-driven language education. By combining
classroom observations, analytics-based performance metrics, and qualitative insights from teachers and students,
this study offers a comprehensive assessment of how Al tutors function across contrasting learning ecosystems.
The integration of educational technology must be grounded in evidence, and this research aims to contribute
clarity by identifying the benefits, limitations, and contextual dependencies of Al tutors in India’s evolving
language-learning landscape.

II. RELEATED WORKS

Artificial Intelligence is reshaping India’s education sector at a pace unmatched by earlier waves of digital
innovation. The country’s classrooms, especially those involved in language learning, are witnessing a major shift
from static, one-size-fits-all instruction toward personalized, adaptive learning frameworks powered by Al tutors.
These systems track each learner’s pace, mastery level, error patterns, and engagement metrics to deliver
instruction that adjusts continuously. India’s vast linguistic landscape makes the adoption of Al particularly
relevant, since students across states navigate multiple layers of language acquisition that often involve English
as a second or third language. Traditional pedagogical models struggle to address such heterogeneity, especially
in overcrowded classrooms where teachers are overburdened and instructional time is limited. Al tutors bridge
this gap by offering real-time feedback, automated pronunciation support, adaptive vocabulary sequencing,
conversational simulations, and bilingual scaffolding. At the same time, India’s unique mix of government
schools, low-fee private institutions, and elite urban academies creates a differentiated technological environment
where the effectiveness of Al varies sharply. Understanding these variations is essential for evaluating whether Al
systems democratize language proficiency or reinforce existing inequities. The rapid proliferation of EdTech
platforms after the pandemic, combined with government initiatives under the National Education Policy, has
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accelerated the integration of Al-driven tools, but comprehensive empirical studies examining their comparative
classroom impact remain limited. This research addresses that gap by focusing on the performance, adaptability,
and pedagogical influence of Al tutors used in diverse Indian school settings, with a particular emphasis on English
and regional language learning.

The growing emphasis on twenty-first century skills further elevates the importance of Al-supported language
proficiency, as communication, critical thinking, and digital literacy form the core of emerging educational
benchmarks. Indian classrooms, however, face persistent structural challenges: inconsistent digital infrastructure,
device shortages, uneven teacher preparedness, and fragmented curricular practices. These constraints shape how
Al tutors are perceived, adopted, and sustained. While premium schools typically integrate Al tools within
blended, multimedia-rich pedagogies, government schools often use them as compensatory mechanisms to
address foundational skill gaps. In low-cost private schools, Al adoption tends to be driven by affordability, vendor
partnerships, and curriculum alignment rather than teacher agency. This diversity makes India an ideal context for
studying the comparative effectiveness of adaptive learning systems. Moreover, the recent shift toward data-driven
decision-making enables teachers and administrators to use Al-generated dashboards to monitor learner progress
with unprecedented precision. Yet concerns regarding data privacy, algorithmic bias, and teacher displacement
continue to influence stakeholder attitudes. A careful, balanced evaluation is therefore needed to understand not
only learning gains but also the sociocultural implications of Al-driven language education. By combining
classroom observations, analytics-based performance metrics, and qualitative insights from teachers and students,
this study offers a comprehensive assessment of how Al tutors function across contrasting learning ecosystems.
The integration of educational technology must be grounded in evidence, and this research aims to contribute
clarity by identifying the benefits, limitations, and contextual dependencies of Al tutors in India’s evolving
language-learning landscape.

[II. METHODOLOGY
3.1 Research Design

This study adopts a mixed-method, comparative design integrating quantitative learning-analytics data with
qualitative classroom evidence to evaluate the functioning of Al tutors across three distinct school categories:
government schools, low-fee private schools, and premium urban schools. The approach aligns with contemporary
educational technology research emphasizing multimodal data triangulation to capture both performance
outcomes and user experience factors [15]. The design includes four components: (a) classroom observations to
examine teacher—Al interaction patterns, (b) system-generated analytics to assess learning progression, (c)
structured learner assessments to evaluate language skill improvement, and (d) semi-structured interviews with
teachers and students. This integrated model ensures that adaptive performance metrics are interpreted in relation
to sociocultural and infrastructural contexts, which is necessary for understanding Al tutor effectiveness in Indian
classrooms [16]. The methodological framework also incorporates iterative validation cycles, enabling cross-
checking between self-reported feedback and real-time system logs.

3.2 Study Area and Sampling Strategy

The research was conducted in three metropolitan regions selected for their contrasting educational ecosystems:
Delhi (government schools), Lucknow (low-fee private schools), and Bengaluru (premium urban schools). Nine
schools were sampled in total, three from each category. Purposive sampling was used to ensure the presence of
established Al-tutor programs, consistent usage over at least six months, and teacher familiarity with the system
dashboard [17]. Each school contributed two language classrooms, giving a total of eighteen classrooms included
in the study. Students ranged from grades 6 to 9, a level where Al tutors are widely used for vocabulary, reading,
and speaking exercises.

Table 1. Study Sites and Technological Characteristics
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School Type Region Device Availability per | Internet Al Tutor Used

Student Stability
Government Delhi Shared tablets (1:6) Moderate Foundation-level Al tutor
Low-Fee Lucknow | BYOD + shared tablets Variable Mid-tier adaptive platform
Private
Premium Bengaluru | 1:1 laptops/tablets High Advanced multimodal Al
Urban tutor

This school-level variation is essential for comparative analysis because adaptive systems differ in performance
depending on device access and network stability [18].

3.3 Data Collection Procedures

Data collection occurred over a period of 16 weeks. Classroom observations were conducted twice monthly in
each school using a structured observation protocol adapted from prior Al-integration studies [19].
Simultaneously, Al-generated learning-analytics reports were gathered, including vocabulary mastery scores,
reading-fluency recordings, pronunciation accuracy, time-on-task metrics, and adaptive difficulty logs. These
quantitative indicators allowed objective evaluation of learning shifts.

Teacher and student interviews were recorded in both Hindi and English depending on participant comfort.
Interviews explored perceived usefulness, ease of integration, challenges, motivation levels, and alignment with
lesson goals. Pre-tests and post-tests were administered to all participating students, focusing on vocabulary,
grammar, reading comprehension, and oral fluency. The assessment structure followed standardized language
proficiency guidelines recommended for middle-school learners [20].

3.4 Analytical Framework

Quantitative data were analysed using descriptive statistics, repeated-measures comparison, and cross-group
variance testing to determine differential impact across school types. Performance dashboards from Al systems
were exported into CSV format and processed using Python to extract time-series trends, error-pattern trajectories,
and adaptive sequencing fidelity. Qualitative interview transcripts were coded using thematic analysis, allowing
identification of recurring themes such as teacher-Al collaboration, student confidence, and infrastructural
constraints [21]. The two data streams were combined using convergent mixed-method integration, a
recommended approach for studying complex educational technologies [22].

3.5 Evaluation Metrics
Three categories of evaluation metrics were used:

1. Learner Performance Metrics — vocabulary mastery, reading-fluency rate (words/min), pronunciation
accuracy (system score), comprehension score.

2. Engagement & Behavioural Metrics — time-on-task, task completion rate, hint usage, retry frequency.

3. Pedagogical Integration Metrics — teacher-Al alignment, instructional sequencing compatibility, real-
time intervention frequency.

Table 2. AI Tutor Evaluation Metrics and Data Sources

Metric Category | Specific Indicator Data Source
Performance Vocabulary gains, Fluency, Pronunciation | Pre/post tests, Al dashboards
Engagement Time-on-task, Task completion Al session logs
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Pedagogical Fit | Teacher integration, Intervention rate Observations, Interviews

These metrics are aligned with global evaluation standards for adaptive learning systems, ensuring comparability
with existing Al-education literature [23].

3.6 Ethical Considerations

All participating schools provided institutional consent. Student identities were anonymized in all datasets.
Interviews were conducted voluntarily with withdrawal rights communicated clearly. Data storage followed
secure-repository protocols to prevent unauthorized access.

3.7 Limitations

Variations in teacher digital literacy, device quality, and school policies created differential implementation levels.
Additionally, pronunciation-scoring accuracy may have been influenced by regional accents, which Al systems
sometimes struggled to interpret accurately.

IV. RESULT AND ANALYSIS
4.1 Overview of Learning Performance Across School Types

Analysis of the pre-test and post-test results showed that Al tutors produced substantial improvements across
vocabulary, reading fluency, and pronunciation accuracy in all three school categories. Government schools
recorded the strongest relative gains in foundational reading fluency due to structured repetition and continuous
scaffolded guidance provided by the Al tutor. Low-fee private schools demonstrated steady progress in vocabulary
mastery and comprehension but exhibited inconsistent improvement in pronunciation accuracy, largely due to
irregular device access and fluctuating network quality. Premium urban schools displayed the highest absolute
scores across all skill areas, with notable gains in higher-order reading comprehension and inferential reasoning.
These variations highlight the differing capacities of Al tutors to adapt effectively based on the infrastructural and
pedagogical environments in which they operate.

Table 3. Learning Performance Improvements Across School Types

Metric Government Low-Fee Private | Premium Urban
Schools Schools Schools

Vocabulary Mastery Gain (%) 28 24 35

Reading Fluency Gain (WPM) | 22 17 26

Pronunciation Accuracy Gain | 18 12 27

(%)

Comprehension Score Gain (%) | 21 19 33

These findings indicate that Al tutors provided meaningful support in language acquisition, with the strongest
improvements in environments where usage was consistent and uninterrupted. Government schools, despite lower
starting scores, showed high relative growth due to structured daily usage. Premium urban schools benefited from
richer multimodal input, enabling more advanced skill development.
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Figure 1: Benefits of Al Language Learning [24]
4.2 Engagement Patterns and Adaptive System Behaviour

Engagement analytics revealed clear distinctions in how students interacted with Al tutors across the three
classroom environments. Government school learners showed the longest time-on-task and highest hint-usage due
to limited prior exposure to digital learning tools. Low-fee private school students exhibited intermittent
engagement patterns, often driven by inconsistent connectivity and shared-device constraints. Premium school
students displayed fast completion rates and lower hint usage, likely due to better digital familiarity and stronger
teacher-guided integration of the Al system. Adaptive sequencing logs showed that premium school learners
progressed through higher-difficulty layers more rapidly, while government school learners remained longer
within foundational scaffolds but showed consistent incremental mastery.

Table 4. Engagement and Behavioural Metrics Across School Types

Engagement Metric Government Low-Fee Private | Premium Urban
Schools Schools Schools

Time-on-Task (mins/session) 18.4 12.7 10.9

Task Completion Rate (%) 82 76 91

Hint Usage Frequency (per | 4.9 3.1 1.8

session)

Retry Attempts (per session) 34 2.2 1.6

These patterns indicate that Al tutors adapted in distinct ways depending on learner needs. Government school
students relied heavily on scaffolded hints and retries, suggesting that the Al platform played a compensatory
instructional role. In contrast, premium school students interacted more efficiently with the system, leveraging
adaptive tools to refine advanced competencies. Meanwhile, low-fee private schools displayed moderate
engagement, reflecting structural constraints more than learner motivation.

4.3 Pedagogical Integration and Teacher—AlI Collaboration

Observational data showed that teacher involvement significantly influenced the effectiveness of Al tutor usage.
In government schools, teachers utilized Al dashboards to identify struggling learners and deliver targeted small-
group interventions. In low-fee private schools, teachers tended to rely on Al tutors as supplemental practice tools,
leading to inconsistent integration with lesson plans. Premium school teachers embedded Al outputs into daily
instruction, using analytics to adjust pacing, diversify activities, and provide personalized verbal feedback.
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Classrooms with active teacher—Al collaboration demonstrated stronger learning gains compared to classrooms
where Al systems operated in isolation.
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Figure 2: Adaptive AI Implementation [25]
4.4 Overall Interpretation of Findings

Taken together, the results demonstrate that the impact of Al tutors is shaped by a combination of digital
infrastructure, instructional practices, and learner familiarity with technology. The systems showed the capacity
to elevate foundational language skills in under-resourced schools while simultaneously enhancing higher-order
skills in digitally advanced environments. Engagement data confirm that adaptive systems respond dynamically
to learner performance, adjusting content depth, difficulty, and pacing. These findings reinforce the idea that Al
tutors are most effective when embedded within a broader pedagogical framework that includes teacher oversight,
structured usage schedules, and infrastructural support.

V. CONCLUSION

The findings of this study clearly demonstrate that Artificial Intelligence tutors have emerged as powerful enablers
of language learning across India’s diverse educational environments, offering a scalable and adaptive
instructional framework capable of addressing long-standing challenges in classroom differentiation, remedial
support, and personalized feedback. The comparative results across government, low-fee private, and premium
urban schools reveal that while Al tutors consistently enhance vocabulary acquisition, reading fluency,
pronunciation accuracy, and comprehension, the magnitude and nature of these improvements depend heavily on
infrastructural conditions, device accessibility, and the degree of teacher engagement. Government schools,
benefiting from structured usage schedules and the compensatory function of adaptive scaffolding, showed strong
relative gains in foundational literacy. Low-fee private schools exhibited steady but uneven progress shaped by
technological limitations and variable teacher integration. Premium urban schools achieved the highest absolute
performance levels due to rich multimodal learning experiences, seamless connectivity, and effective instructional
alignment. Across all settings, engagement analytics confirmed that Al tutors dynamically adjusted content
difficulty, pacing, and support based on student needs, reinforcing their potential to function as individualized
learning companions rather than stand-alone teaching replacements. Equally significant is the insight that teacher—
Al collaboration plays a pivotal role in determining the effectiveness of these systems; classrooms where teachers
used Al dashboards to interpret learning patterns, guide interventions, and supplement lessons achieved stronger
outcomes than those where Al use was unstructured. The study underscores the transformative potential of Al in
democratizing language education but also highlights the crucial need for equitable infrastructure, sustained
teacher training, and context-sensitive implementation models. By integrating data-driven insights with classroom
realities, this research affirms that Al tutors can serve as catalysts for meaningful pedagogical innovation, provided
they are embedded within coherent instructional ecosystems that prioritize both academic growth and student
well-being.
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VI. FUTURE WORK

Future research should expand the scope of this study by examining long-term learning trajectories over multiple
academic years to understand whether Al-generated gains in vocabulary, reading fluency, and pronunciation
translate into sustained proficiency and higher-order literacy outcomes. A broader dataset across rural, semi-urban,
and tribal schools is needed to assess how geographic disparities influence Al adoption and effectiveness,
especially in regions where digital access remains minimal. Advanced analytics such as longitudinal learning-
behaviour modelling, affective state detection, and multimodal interaction tracking could provide deeper insights
into how learners emotionally and cognitively engage with Al systems. Further exploration is required to evaluate
the cultural responsiveness of adaptive algorithms, particularly their ability to interpret regional accents, code-
mixed language patterns, and locally contextualized content. Future studies should also investigate teacher
professional development models that strengthen Al-integrated pedagogy and assess whether structured training
modules amplify the impact observed in high-performing schools. Finally, broader policy-oriented research is
essential to determine how Al tutors can be deployed at scale without exacerbating the digital divide, ensuring
that equitable access, data governance, and infrastructural support remain at the forefront of national EdTech
planning.

REFERENCES

[1] S. Garg and M. Sharma, “Al-driven adaptive learning systems: A review of personalization techniques in
language education,” Computers & Education, vol. 210, pp. 104632, 2024.

[2] R. Khosla and K. Kumar, “Natural language processing—based feedback systems in second-language learning,”
IEEE Transactions on Learning Technologies, vol. 17, no. 2, pp. 245-258, 2023.

[3] L. Nguyen and T. Do, “Bilingual learning enhancement through Al: A meta-analysis,” Language Learning &
Technology, vol. 28, no. 1, pp. 1-25, 2024.

[4] A. Mathew and S. Jena, “Effectiveness of adaptive tutoring systems in Asian multilingual classrooms,”
International Journal of Artificial Intelligence in Education, vol. 34, no. 3, pp. 788-806, 2024.

[5] P. White and L. Romero, “Speech-recognition tools for improving oral proficiency among EFL learners,”
CALICO Journal, vol. 41, no. 2, pp. 320-343, 2023.

[6] K. Desai, “Challenges of accent recognition in Al-powered language tutors in India,” IEEE Access, vol. 12,
pp. 55401-55412, 2024.

[7] Y. Mehta and A. Singh, “Impact of Al-based foundational literacy tools in Indian government schools,”
Educational Technology Research & Development, vol. 72, pp. 155-178, 2024.

[8] S. Banerjee et al., “Al-assisted reading interventions in rural middle schools,” Journal of Educational
Computing Research, vol. 61, no. 6, pp. 1432—1454, 2023.

[9] R. Gupta and P. Lamba, “Low-cost private school adoption of adaptive learning technologies,” British Journal
of Educational Technology, vol. 55, no. 1, pp. 112-129, 2024.

[10] D. Thomas and V. Reddy, “Digital divide and EdTech implementation barriers in India,” Information
Technology for Development, vol. 30, no. 2, pp. 321-340, 2024.

[11] M. Rao, “Multimodal Al learning systems and higher-order thinking in urban schools,” Education and
Information Technologies, vol. 29, pp. 55835602, 2024.

[12] F. Ahmed and H. Priya, “Teacher attitudes toward Al integration in K—12 classrooms,” Teaching and Teacher
Education, vol. 131, pp. 104191, 2023.

Available online at https://psvmkendra.com 2193



LW
ANUSANDHANVALLARI

ISSN: 2229-3388

v

[13] S. Roy and L. Fernandes, “Ethical implications of Al-driven analytics in education,” A4/ & Society, vol. 39,
pp. 521-539, 2024.

[14] T. Abraham, “Algorithmic fairness challenges in adaptive language learning systems,” Journal of Learning
Analytics, vol. 11, no. 1, pp. 89—112, 2024.

[15]J. Park and K. Liu, “Metacognitive gains from intelligent tutoring systems: A longitudinal study,” Interactive
Learning Environments, vol. 32, no. 4, pp. 566584, 2024.

[16] N. Suri and R. Chakraborty, “Mixed-methods evaluation frameworks for Al-based education research,”
International Journal of Research & Method in Education, vol. 47, no. 3, pp. 310-328, 2024.

[17] Ministry of Education, Government of India, National Education Policy 2020: Digital Learning Framework,
New Delhi, 2020.

[18] A. Jain and P. Bhattacharya, “Technology infrastructure inequality and Al adoption in Indian schools,”
Journal of Educational Development, vol. 46, pp. 51-65, 2023.

[19] R. Pillai, “Al-supported classroom observation models for blended instruction,” Asia-Pacific Journal of
Education, vol. 44, no. 2, pp. 234-256, 2024.

[20] Cambridge Assessment English, Framework for Secondary English Language Progression, Cambridge
University Press, 2023.

[21] S. Kulkarni and M. Lopes, “Coding classroom interviews for Al-integration studies,” Qualitative Research
in Education, vol. 13, no. 1, pp. 78-99, 2024.

[22] E. Wang and L. Hasan, “Convergent mixed-methods analysis in EdTech research,” Journal of Educational
Measurement, vol. 61, no. 1, pp. 104—126, 2024.

[23] UNESCO, AI and Education: Guidance for Policymakers, UNESCO Publishing, 2023.

[24] S. Mukherjee and R. Verma, “Gamification features in Al tutors and their impact on learner engagement,”
Computers in Human Behaviour, vol. 150, pp. 107277, 2024.

[25] P. Chauhan, “Al for inclusive multilingual education in India: Opportunities and constraints,” Indian Journal
of Educational Technology, vol. 18, no. 2, pp. 55-74, 2024.

Available online at https://psvmkendra.com 2194



