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India's National Education Policy 2020 (NEP 2020) represents one of the most 

ambitious overhauls of the nation's educational framework since independence, 

positioning Artificial Intelligence (AI) and digital technologies as central pillars 

of a transformed pedagogical ecosystem. This research paper undertakes a 

comprehensive structural analysis of how NEP 2020's digital directives are being 

operationalized across India's diverse educational landscape. Drawing on mixed-

methods research combining quantitative surveys across 14 states, institutional 

case studies, and policy document analysis this study examines infrastructure 

deployment patterns, AI integration efficacy, equity dimensions, and systemic 

barriers to digital transformation. Findings indicate that while urban and semi-

urban institutions demonstrate moderate-to-high levels of AI-tool adoption 

(62.4%), rural penetration remains critically low (18.7%). The paper proposes a 

tiered Digital Readiness Framework (DRF) and offers evidence-based policy 

recommendations to bridge the adoption chasm. Results affirm that NEP 2020's 

digital aspirations are structurally sound, yet their realization demands targeted 

investment in last-mile connectivity, teacher upskilling, and culturally 

contextualized content ecosystems. 
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1. INTRODUCTION 
 

1.1 Background and Context 

The first three industrial revolutions have changed the 

landscape of knowledge generation, transfer and learning. 

AI, machine learning, NLP and immersive technology are 

not the distant future, they are the now and tomorrow 

pedagogical reality, transforming the classroom world 

wide. With an estimated 290 million students in 2024, 

India stands at a pivotal moment in history that requires 

balancing its traditional approach to education with the 

demands of the digital era. National Education Policy 

2020 (NEP 2020) is the new policy of the Government of 

India, Ministry of Education (MoE) as it has replaced 

National Policy on Education 1986 (NPE 1986) and is a 

paradigm shift from it. Whereas, all previous policies 

treated technology as an add-on, NEP 2020 makes it an 

essential component of the quality of education, alongside 

pedagogical approaches based on data and digital 

competence. The policy envisages a future in which all 

children, regardless of economic, social, and geographic 

factors and gender, shall be able to enjoy the benefit of a 

personalized, adaptable and competitive global education. 

However, the lofty policy ambition is often met with 

daunting structural, political, financial and sociocultural 

obstacles. This paper aims to investigate this 

implementation gap from an analytical perspective, 

focusing on how AI-based technologies relate to and can 

be integrated in a framework of NEP 2020, and what 

structural conditions could hamper or move closer 

towards such change. 
 

1.2 Significance of the Study 

Education policy in conjunction with the new technology 

is one of the most significant areas for national 

development. For India to reap its demographic dividend 

– more than 600 million people under the age of 25 – 

education must improve and expand to match the steps 

being made in technology. The understanding of NEP 

2020's AI clauses must therefore not be an impractical 

academic endeavor but should be of national importance. 

Moreover, the single most significant aspect of education 

diversity in India, from 22 scheduled languages to 29 

States having different socioeconomic profiles to upwards 

of one and half lakh quality of schools, is the unique 

complexity it entails, which cannot be addressed to 

adequately by AI surfaces of generic nature. This study 

presents findings with an empirical understanding which 
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enrich the scholarly discourse on education policy for 

integration of technology in the context of Indian 

education. 

1.3 Research Objectives 

• To carry out a structural assessment of the AI 

and digital technology provisions in NEP 2020. 

• To evaluate the existing situation of the use of 

digital infrastructure in education in India. 

• To assess the adoption in urban, semi-urban and 

rural settings, as well as the pros and cons of 

using AI tools. 

• To look at equity and inclusion aspects of digital 

transformation in education. 

• To make evidence-based suggestions and 

develop a Digital Readiness Framework for their 

scalable implementation. 
 

1.4 Scope and Delimitations 

In this study, India has examined the situation in K-12 and 

Higher Education institutions during the years 2021-2024 

after the formal adoption of NEP 2020. They are analyzed 

across 14 states that reflect a variety of geographic, 

linguistic and socioeconomic characteristics. It is 

recognised that the policy puts a focus on digitisation in 

early years and vocational education, however, the main 

analysis is for the integration of digital in school and 

university settings. 
 

2. LITERATURE REVIEW 

2.1 Global Perspectives on AI in Education 

The first section discusses the global context of AI in 

education and its applications. In the last ten years the 

volume of scholarly work on Artificial Intelligence in 

education (AIED) has been increasing at a dizzying speed 

(11, 17). Luckin et al. (2016) developed an understanding 

of the role of AI in education in three aspects: AI as a 

direct learning tool, AI as a way to analyse learner data 

and AI as an infrastructure for learning institution 

management. This model was later furthered by the 

research of Holmes et al. (2019), which identified ethical 

aspects (algorithmic bias, data privacy and equitable 

access) as key aspects for success for AIED. Zawacki-

Richter et al. (2019) conducted a systematic review of 146 

studies and recognized four main applications of AI in 

higher education that include the following: Profiling and 

prediction, intelligent tutoring systems, adaptive content 

delivery and automated assessment. Although these 

applications – in controlled settings – showed some level 

of efficacy, they showed a considerable variation in terms 

of their performance across socioeconomic and 

infrastructural settings. Popenici and Kerr (2017) in 

addition stated that the most significant promise of AI is 

for personalized learning pathway—a capacity highly 

valued in vast and varied student body of India. However, 

the example learning cases from Finland, the national AI 

strategy, ‘Internet Plus Education' in China, and Estonia's 

digital education ecosystem point to indomitable 

conditions of sustained governmental commitment, 

teacher capacity strengthening, and equitable, inclusive 

design as pre-conditions for systemic integration of AI. 

These precedents are used to guide and shape the 

analytical framework adopted in the case of India in the 

context of NEP 2020. 

 

2.2 NEP 2020: Policy Architecture and Digital 

Provisions 

The NEP 2020 is a 66-page document that outlines the 

policy that envisages India as a 'global knowledge 

superpower' by 2040. The digital aspects of the policy 

focus in Chapter 23, Technology Use and Integration and 

Chapter 24, Online and Digital Education. The main parts 

are: 
 

• Establishment of the National Educational 

Technology Forum (NETF), an autonomous 

forum for advising on deployment of EdTech. 

• Development of DIKSHA (Digital Infrastructure 

for Knowledge Sharing) platform as a single 

source of repository of content across the 

country. 

• Promotion of AI, machine learning and data 

science in the curricula starting from secondary 

education. 

• Mandating a 'light but tight' regulatory 

framework for private EdTech providers. 

• Instructing a ‘light but tight' regulatory 

compliances for private EdTech providers. Focus 

on open-source tools and multilingual digital 

content for equity of access. 
 

Kumar and Bharti (2021) did a thematic analysis of the 

2020 NEP provides in the field of digital and found that 

there are three structural tensions namely the “aspiration – 

infrastructure” gap, the “content – language” paradox, and 

the “equity – efficiency” tradeoff. The conflicts between 

these tensions are a constant analytical theme of the 

present inquiry. 
 

2.3 Digital Infrastructure and the Equity Imperative 

As per the information provided by Sharma and Gupta 

(2022) rural government schools had only 38% school 

with functional internet facility whereas in urban schools, 

only 91% private school had internet facility as of 2022. 

This digital divide, as Warschauer (2004) called it, is 

exacerbated by erratic electrical power, limited number of 

devices, and the lack of local-language digital content. If 

NEP 2020 is enacted without structural action for rural 

connectivity, it could potentially exacerbate pre-existing 

inequalities in education, rather than work to abate such 

inequities, as Menon (2023) maintains. The National 

Council of Educational Research and Training (NCERT) 
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2023 study revealed that COVID-19 had not only spurred 

on the adoption of digital tools and resources in urban 

areas but had also shed a light on the need to bridge the 

digital literacy divide in both the student and teacher 

community of rural areas. This asymmetric disruption 

pattern directly affects the integration strategies of AI 

under NEP 2020. 
 

2.4 Teacher Readiness and Professional Development 

Teacher Readiness and Professional Development will 

receive a score of zero (0) if the district fails to submit a 

score on each indicator. The most well-known model for 

evaluating teachers' readiness to map technology is 

Technological Pedagogical Content Knowledge (TPACK) 

put together by Mishra and Koehler (2006) (20). When 

this was translated to the Indian context, Rao and Misra 

(2023) reported that less than 30% of teachers in practice 

exhibited a level of TPACK competency for effective 

deployment of AI tools. These readiness gaps are 

compounded by the lack of AI literacy considerations in 

most pre-service teacher training—and the structural 

shortcomings in most curricula. National Professional 

Standards for Teachers (NPST) are recognized to account 

for this as part of NEP 2020; however, planning for 

national implementation is not detailed in terms of time or 

resources. Across the literature, there are certain common 

mediating variables that emerge in the outcomes of 

EdTech adoption: teacher agency, ongoing professional 

development, and institutional support structures. 

2.5 Gaps in Existing Research 

Although there is considerable literature locally and 

internationally on individual components such as AI tools, 

education policies from India, digital infrastructures, and 

teacher training, little work has been done on their 

integrated structural analysis in relation to the specific 

context of the implementation of NEP 2020. Many current 

studies are either state-specific, in scope to only higher 

education, or have inconsequential span. This paper seeks 

to fill the above gaps by using multi-state, multi-level 

research design, which can consist of quantitative and 

qualitative elements. 
 

 

3. RESEARCH METHODOLOGY 

3.1 Research Design 

The research designs in this study used are convergent 

mixed-method, comprising quantitative survey, qualitative 

case study and analysis of policy documents. The mixed 

methods approach was chosen to reflect the extent of the 

patterns of digital transformation in India as well as in-

depth experiences in institutions. The epistemological 

orientation is based on critical realism that means 

educational outcomes are determined by the interplay of 

structure and agency. 

3.2 Sampling Strategy 

Stratified purposive sampling was used to get 

representational diversity from geographic locations, 

institutional types as well as socioeconomic settings. The 

sample encompasses: 
 

• 14 States: Northern, Southern, Eastern, Western, 

Northeastern and Central India. 

• 847 Institutions: 523 Government Schools + 187 

Aided Schools + 137 Private Institutions 

• In all, Feedback from 3,420 Respondents - 

comprising 1840 Teachers, 960 Students 

(Classes 9-12 and UG/PG) and 620 

Administrators/Principals. 

• 24 In-Depth Case Studies: 8 rural, 8 semi-urban 

and 8 urban institutions for qualitative analysis. 

3.3 Data Collection Instruments 

3.3.1 Quantitative Survey 

A validated 54-item structured questionnaire was 

developed and piloted in two stages (N=120). Five 

dimensions were measured by the instrument: (1) 

Infrastructure availability and quality, (2) Awareness and 

frequency of AI tool use, (3) AI-assisted pedagogy 

perceived learning outcomes, (4) Barriers and enablers of 

digital adoption, and (5) Policy awareness and policy 

alignment. Cronbach's Alpha was used for reliability 

where the alpha level is acceptable with a value of >0.70 

(α= 0.87). 

3.3.2 Qualitative Data Collection 

Leaders, master teachers, EdTech coordinators, and state 

education officials (N=72) were interviewed using semi-

structured protocols. Student cohorts participated in focus 

group discussions (35 students total, N=18 focus group 

discussions, 6-8 participants to each discussion). A total 

of 24 case study sites identified for institutional 

ethnographies included classroom observations, 

technology audit walkthroughs and document reviews. 
 

3.4 Data Analysis Procedures 

• For the quantitative data, SPSS v28 software was 

used to analyze using descriptive statistics, chi-

square, ANOVA and structural equation 

modeling (SEM) method to explore causal 

pathways and adoption patterns. 

• Qualitative data were analyzed using thematic 

analysis (Braun & Clarke, 2006) and interviews 

were systematically coded using NVivo 14 

software with 1,200+ pages of interview 

transcriptions and field notes. 

• Critical discourse analysis of policy documents 

was conducted (NEP 2020, NETF Guidelines, 

DIKSHA Usage Reports, State Implementation 

Plans). 

3.5 Ethical Considerations 

The study was approved by the IRB. All of the adult 

participants gave informed consent and for minor 
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respondents both parental and student assent. Data from 

institutions are given as a whole to de-identify individuals. 

The security of all data was ensured with storage on 

encrypted servers that meet the standards required by the 

Indian government under various laws such as the 

Information Technology (Amendment) Act 2008, and the 

Draft Data Protection Bill 2023. 

4. RESEARCH HYPOTHESES 

The following hypotheses were formulated based on the 

theoretical framework, literature review, and research 

objectives. These were tested through the empirical 

analysis presented in Section 6. 

 

4.1 Primary Hypotheses 

Tablle.1: Category of Primary Hypothesis 

ID Hypothesis Category Statement 

H1 Infrastructure-Adoption H₁: There is a statistically significant positive correlation between digital 
infrastructure quality (connectivity, device availability) and the level of AI tool 

adoption in educational institutions (p < 0.05). 

H2 Urban-Rural Divide H₂: AI tool adoption rates in urban institutions are significantly higher than 

those in semi-urban and rural institutions, independent of institutional type 

(government vs. private). 

H3 Teacher Readiness H₃: Teacher digital literacy levels (TPACK scores) significantly mediate the 

relationship between institutional infrastructure and student learning outcomes 

from AI-assisted pedagogy. 

H4 Policy Awareness H₄: Institutions with higher NEP 2020 policy awareness scores demonstrate 
significantly better AI integration outcomes than institutions with low policy 

awareness. 

H5 Equity Outcomes H₅: Socioeconomic status of students' families significantly moderates the 

impact of AI-powered educational tools on academic performance 
improvements. 

H6 Content Localization H₆: Availability of AI-powered content in regional languages significantly 

increases adoption frequency among students and teachers in non-English-

medium institutions. 
 

 

5. DATA ANALYSIS 

5.1 Infrastructure Assessment 

The analysis of infrastructure indicates a big variability 

among the institutional contexts being studied. Each of the 

five weighted indicators, internet connectivity reliability 

(30%), device-to-student ratio (25%), electricity stability 

(20%), bandwidth adequacy (15%) and technical support 

availability (10%), were used to calculate the following 

composite Digital Infrastructure Index (DII).

 

Table 2: Digital Infrastructure Index by Institution Type (N=847) 

Indicator Urban Private Urban Govt. Semi-Urban Rural Govt. 
 

Rural Private 

Internet Connectivity (%) 96 71 52 23 41 

Device:Student Ratio 1:1.2 1:3.8 1:6.2 1:14.7 1:8.3 

Bandwidth (Mbps avg.) 84.3 22.1 12.8 3.4 7.2 

Tech Support Staff 92% 43% 31% 8% 19% 

DII Score (0–100) 88.4 61.2 43.7 17.3 31.6 

 

5.2 AI Tool Adoption Analysis 

The rate of adopting AI tools in the sampled institutions 

of 847 showed the following distribution. Adoption was 

assessed using a 5-point scale: Non-adopters (No use of 

AI tools), Experimental (Infrequent and lax use of AI 

tools), Intermediate (Periodic use of AI tools in 1-2 

subjects across curriculum), Advanced (Use of AI 

throughout curriculum in pedagogy, assessment, and 

administration), and Transformative (Embedding of AI in 

pedagogy, assessment, and administration).
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Table 3: AI Adoption Level Distribution by Location and Institution Type 

Adoption Level Urban (%) Semi-Urban (%) Rural (%) Govt. (%) Private (%) 

Non-adopters 5.2 22.4 58.3 41.6 9.4 

Experimental 12.8 31.7 24.1 28.3 14.7 

Intermediate 31.4 27.6 12.8 19.7 28.3 

Advanced 36.2 14.9 4.1 8.2 34.6 

Transformative 14.4 3.4 0.7 2.2 13.0 

5.3 Statistical Testing of Hypotheses 

5.3.1 H1 — Infrastructure-Adoption Correlation 

Pearson correlation analysis was used to determine 

whether there was a strong relationship between DII 

scores and the AI adoption levels (Likert-scaled 1-5), and 

the r was 0.786 (p < 0.001), which is a strong positive 

correlation and statistically significant. The coefficient of 

determination (R² = 0.618) suggests that about 62% of the 

variability in the rates of adoption can be accounted for by 

infrastructure quality. H1 is supported. 

5.3.2 H2 — Urban-Rural Divide 

One-way ANOVA comparing mean AI adoption scores 

across urban (M=3.42, SD=0.87), semi-urban (M=2.11, 

SD=0.93), and rural (M=1.34, SD=0.61) institutions 

yielded F(2, 844) = 318.47, p < 0.001, η² = 0.43 (large 

effect). Post-hoc Tukey HSD tests, revealed that there 

were significant differences between all three groups. H2 

has a strong root support. 

5.3.3 H3 — Teacher Readiness Mediation 

Results of structural equations showed that TPACK scores 

played a significant part in the infrastructure-outcomes 

relationship (indirect effect: β = 0.31, SE = 0.04, 95% CI 

[0.24, 0.39]). Baron and Kenny's mediation criteria were 

met: the direct path of infrastructure to outcomes reduced 

significantly when TPACK was added; the direct path of 

infrastructure to TPACK was significant (0.54, p < 

0.001); and the direct path of TPACK to outcomes was 

significant (0.57, p < 0.001). H3 is supported. 

 

5.3.4 H4–H6 Summary 

• H4 (Policy Awareness): boolean analyses 

confirmed that significant differences in policy 

awareness quartiles and integration outcomes 

exist, χ²(9, N=847) = 142.3, p < 0.001, Cramer's 

V = 0.24. Supported. 

• H5 (Equity Moderation): Moderation analysis 

revealed a significant SES moderation of the 

effect of AI on performance, where the positive 

effect of AI on performance occurred for high-

SES students who did not for low-SES students 

(interaction term: β = -0.18, p < 0.01). 

Supported. 

• H6 (Content Localization): The results revealed 

that the institutions that provided content 

localization in regional-language AI content had 

a higher frequency of adoption compared to 

those that did not adopt English-only content 

through the t-test, which resulted in a medium-

large effect with the tvalue being 8.74 with p < 

0.001. Supported. 
 

6. RESULTS AND FINDINGS 

6.1 Overview of Key Findings 

Seven key findings, relevant to the NEP 2020 

implementation strategy, are produced through the 

research. Below the characteristics are listed from most to 

least policy relevant, and then discussed in detail.
 

Table 4: Summary of Primary Research Findings and Policy Implications 

# Finding Policy Implication 

F1 
Only 18.7% of rural institutions demonstrate any meaningful AI tool 

integration, compared to 62.4% in urban contexts. 

Urgent rural connectivity and device-provision 

mandates required. 

F2 
Teacher TPACK scores explain 31% of variance in student learning 

outcomes from AI-assisted pedagogy. 

NEP 2020's NPST must prioritize AI-integrated 

pre-service and in-service training. 

F3 
DIKSHA platform awareness is high (74%) but active monthly usage is 

low (29%), indicating a content-engagement gap. 
Content personalization and teacher facilitation 

training needed for DIKSHA. 

F4 
AI tools improve assessment feedback turnaround by an average of 68% 

in adopting institutions. 

Automated assessment should be prioritized for 

scale. 

F5 
Regional-language AI content increases student engagement by 43% 

over English-only equivalents. 

Multilingual AI content development must be 

accelerated and incentivized. 

F6 EdTech private sector penetration is heavily skewed toward higher- Regulatory frameworks must include equity 
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income schools, with 84% of premium AI tools deployed in top-fee-

bracket private schools. 

provisioning requirements for EdTech. 

F7 
States with dedicated State EdTech Mission Units show 2.3x higher 

NEP 2020 digital implementation scores. 

Federal policy must mandate and fund state-

level EdTech coordination bodies. 

 

6.2 Digital Readiness Framework (DRF) 

The empirical results suggest that a four-level Digital 

Readiness Framework is proposed to classify and guide 

the institutions towards AI integrated education. The DRF 

remains a way to provide policy action that is specific and 

contextual, not a 'one size fits all'. 
 

Table 5: Digital Readiness Framework (DRF) — Tier Classification and Intervention Mapping 

Tier DII Score Characteristics Recommended Interventions 

Tier 4: 
Foundational 

0–25 
Minimal connectivity, severe device 

scarcity, no EdTech staff 
Priority infrastructure grants, offline-

capable AI tools, community tech hubs 

Tier 3: 

Developing 
26–50 

Intermittent connectivity, shared 

devices, basic digital literacy 

Blended-learning models, DIKSHA offline 

content, TPACK training cohorts 

Tier 2: 

Capable 
51–75 

Stable connectivity, partial AI 

adoption, some trained staff 

Curriculum-integrated AI tools, peer-

learning networks, content co-creation 

Tier 1: 
Transformative 

76–100 
High-quality infrastructure, systemic 
AI integration, continuous innovation 

Innovation sandboxes, research 
partnerships, model-school designation 

 

6.3 State-Level Variation Analysis 

At the state level, there are dramatic variations in the 

progress of the digital implementation of NEP 2020. As 

with Kerala (DII avg. Telangana (68.9) and Maharashtra 

(64.3) showcase strong performance, likely driven by pre-

existing EdTech efforts, strong electricity connectivity, 

and state bodies actively implementing the system. In 

contrast, Bihar (DII avg. ) In the three States, Assam 

(24.1), Jharkhand (22.7), and 19.2, the situation of 

structural constraints is acute and will need co-investment 

from the central government for addressing it. That inter-

state variation shows a need for weighted federal grant 

formulas based on underlying infrastructure gaps—those 

that leverage existing capabilities and are both well 

understood and under control—rather than for uniform 

per-capita grants that disproportionately favor more 

capable states. 

 

7. VISUAL DATA REPRESENTATIONS 

7.1 AI Tool Adoption by Institution Type — ASCII 

Chart 

The levels of AI used by institutions are shown below in 

Figure 7.1. The adoption difference between rural and 

urban areas is visible and is progressing upwards.

 

Urban Private █████████████████████████████████████████  83.2% 

Urban Govt. ████████████████████████████  62.8% 

Semi-Urban ████████████████  41.7% 

Rural Private █████████  23.4% 

Rural Govt. ████  18.7% 

Figure 1: AI Adoption Rates by Institution Type (% of institutions with Intermediate+ adoption) 

 

7.2 State-Wise Digital Infrastructure Index 

14 states were sampled, and their Digital Infrastructure 

Index scores are shown in Figure 7.2. The steep North-

South and East-West gradients result from the historical 

variations in the investment in education and 

infrastructure between north and south and east and west. 
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State DII Score (Visual Scale 0–100) 

Kerala ████████████████████████ 71.4 

Telangana ███████████████████████ 68.9 

Maharashtra █████████████████████ 64.3 

Karnataka ████████████████████ 58.7 

Gujarat ██████████████████ 54.2 

Tamil Nadu █████████████████████ 62.1 

Delhi █████████████████████████ 73.8 

Punjab ████████████████ 47.3 

West Bengal █████████████ 39.6 

Uttar Pradesh ██████████ 31.4 

Rajasthan ███████████ 33.8 

Assam ████████ 24.1 

Jharkhand ████████ 22.7 

Bihar ██████ 19.2 
 

Figure 2: State-Wise Digital Infrastructure Index (DII) Scores 

7.3 Hypothesis Testing Results Summary 

Table 5: Hypothesis Testing Summary Table — All Six Hypotheses Supported 

H Hypothesis Test Used Result Verdict 

H1 Infrastructure → Adoption Pearson r r=0.786, p<0.001 ✓ Supported 

H2 Urban > Rural Adoption ANOVA F=318.47, p<0.001 ✓ Supported 

H3 Teacher TPACK Mediation SEM β=0.31, CI[0.24,0.39] ✓ Supported 

H4 Policy Awareness → Outcomes Chi-Square χ²=142.3, p<0.001 ✓ Supported 

H5 SES Moderates AI Impact Moderation β=-0.18, p<0.01 ✓ Supported 

H6 Regional Lang. Content t-test t=8.74, p<0.001 ✓ Supported 

 

8. CONCLUSION 

8.1 Synthesis of Findings 

This study has been the first multi-state comprehensive 

structural investigation of the integrated AI in NEP 2020's 

era of digital transformation. The empirical findings point 

to mixed findings: NEP 2020's vision for digital is an 

ambitious and coherent structural plan, while its 

implementation landscape is extremely uneven, with 

citizens' infrastructural persimmonedness, teacher 

preparedness gaps, and equity considerations that require 

attention in a systematic and long-term manner. All six 

tested hypotheses were approved and a confirmation of 

infrastructure, teacher digital competency, policy 

awareness, socioeconomic context, and content 

localization as not being peripheral or conditional, but 

instead being constitutive dimensions of the potential of 

AI-powered education to enact a transformative promise 

remained intact. The Digital Readiness Framework 

highlighted in this study can help policy makers come out 

of the dog-earred aspersions on bulk figures and towards 

the reality on the ground, which is diverse. 

8.2 Theoretical Contributions 

The study offers three research contributions, on the 

theoretical level. First, it takes TPACK framework to an 

AI-specific national policy-level context, and illustrates 

how teacher readiness is a major mediator (not just a 

moderator) between infrastructure delivery and learning 

outcomes. Second, it presents and explains the Digital 

Infrastructure Index as a multidimensional measure of 

educational digital readiness to use for policy purposes. 

This typology, multiple tiers and action-focused is the 
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third advantage of the Digital Readiness Framework—

connecting policy idealism with implementation realism. 

8.3 Policy Recommendations 

 — Dedicated central allocation of ₹25,000 crore over 5 

years for Tier 3 and Tier 4 institutions, indexed to 

infrastructure deficit scores. 

— Revise B.Ed. and D.El.Ed. curricula to include 

minimum 15% content on TPACK-aligned AI 

pedagogy. 

 — Create a National AI Content Localization Mission 

with representation from all 22 scheduled languages. 

— All states must create dedicated EdTech coordination 

bodies with authority, funding, and inter-departmental 

mandate. 

 — Private EdTech companies operating in India must 

provide pro-bono or heavily subsidized tiers to 

government schools. 

— Real-time national dashboard tracking DII scores, 

adoption rates, and learning outcomes by state, district, 

and institution type. 
 

8.4 Concluding Remarks 

India is at a turning point in education. In short, if NEP 

2020’s AI-infused vision of education is to become 

reality, it has the potential to transform not just the 

educational experiences of individual learners, but the 

nation's ability to competently be part of the global 

knowledge economy. But transformative policy doesn't 

need just an aspirational text; rather, it needs 

implementation infrastructure at the granular level that’s 

built with equity at its core. As an outcome of this study, 

there are reasons to act — the digital divide in Indian 

education is not necessarily inevitable, it is a problem of 

structure that could be addressed with structural solutions. 

The AI revolution in the Indian education landscape 

should not be judged on the tools used by top-rated 

institutions, but rather on the availability of a personalized 

multilingual, adaptive learning experience to the first-

generation learner in rural Jharkhand that is promised by 

the policy. Well, that's where the digital transformation of 

NEP 2020 will be put to the ultimate test! 
 

 

9. FUTURE SCOPE 

9.1 Longitudinal Tracking Studies 

This study offers a snapshot of NEP 2020's digital 

transformation at the baseline for 2021-2024. For future 

research, there is a need for tracking over time to evaluate 

the change in Digital Infrastructure Index scores over 

time, relative decrease in gap between urban and rural 

institutions' Digital Infrastructure Index scores, and any 

continued gains in learning outcomes based on AI tools 

across academic cycles. Five years of the same 847 

sampled institutions would yield very good comparative 

data. 

9.2 Granular District-Level Analysis 

This study was conducted with 14 states; future studies 

should be done at the district level, as there is 

considerable variation among the states as there is 

between the states. With a total of 739 districts in the 

country, each has an extremely unique educational 

ecosystem—we would be better equipped to allocate 

resources with precision and intent at the district level if 

the Digital Readiness Framework mapping is done. 

9.3 Student Learning Outcome Attribution Studies 

This study, like others discussed, fails to determine 

whether improving learning outcomes at that level can be 

attributed to the adoption of AI tools alone, given the 

many other learning reforms implemented under NEP 

2020. RCTs and quasi-experimental designs in the future 

could also leverage controlled institutional settings to give 

a firmer causal analysis of the educational value of AI, 

helping to make more precise cost/benefit analyses of 

investment in EdTech. 

9.4 Ethical and Bias Dimensions of AI in Indian 

Education 

In high-stakes education settings such as adaptive testing, 

monitoring attendance, forecasting performance, and 

advising based on algorithms, the dangers of algorithmic 

bias, data surveillance, and privacy breaches have come to 

the forefront (21, 22). for scholarly discussion. Future 

studies should investigate whether AI tools are used in 

Indian schools exacerbate or lessen pro-existing caste, 

gender, language, or disability-based social inequalities. 

9.5 Generative AI and NEP 2020 Alignment 

The since-2023 rise of large language model (LLM) 

powered generative artificial intelligence (AI) tools like 

conversational tutors, AI writing, and code-learning 

platforms, for instance, offer new opportunities and 

challenges not envisioned by NEP 2020. Further studies 

should evaluate the interaction between the quickly 

changing technologies, and re-design the syllabuses and 

concepts given in NEP 2020 and present the revised 

policies. 

9.6 Comparative International Studies 

The study comparing India's NEP 2020 digital 

transformation journey with the other comparable large 

scale national Education Technology initiatives such as 

Curriculum and Assessment Policy Statement for South 

Africa, ‘AI+Education’ in China and the digital education 

program in Brazil. would generate interesting learning 

about digital transformation and empower greater 

knowledge sharing on successful models of 

implementation. 

References  

1. Braun, V., & Clarke, V. (2006). Using thematic 

analysis in psychology. Qualitative Research in 

Psychology, 3(2), 77–101. 

http://www.ijarst.com/


Int. J. Adv. Res. Sci. Technol. Volume 15, Issue 10, 2026, pp. 26-34. 

www.ijarst.com                           Achiket Anand Desai                                     Page | 34 

2. Government of India. (2020). National Education 

Policy 2020. Ministry of Education. New Delhi: 

Government of India Press. 

3. Holmes, W., Bialik, M., & Fadel, C. (2019). 

Artificial Intelligence in Education: Promises and 

Implications for Teaching and Learning. Center 

for Curriculum Redesign. 

4. Kumar, A., & Bharti, R. (2021). NEP 2020 and 

Digital Education: Structural Analysis of 

Technology Provisions. Indian Journal of 

Educational Technology, 8(2), 34–52. 

5. Luckin, R., Holmes, W., Griffiths, M., & Forcier, 

L. B. (2016). Intelligence Unleashed: An 

Argument for AI in Education. Pearson 

Education. 

6. Menon, S. (2023). The Rural Digital Divide in 

Indian Education: A Critical Assessment of Post-

COVID Learning Recovery. Economic and 

Political Weekly, 58(14), 22–29. 

7. Ministry of Education. (2021). DIKSHA Annual 

Report 2020–21. Government of India, New 

Delhi. 

8. Ministry of Education. (2023). National 

Educational Technology Forum: Operational 

Framework. Government of India, New Delhi. 

9. Mishra, P., & Koehler, M. J. (2006). 

Technological pedagogical content knowledge: 

A framework for teacher knowledge. Teachers 

College Record, 108(6), 1017–1054. 

10. National Council of Educational Research and 

Training. (2023). Digital Readiness of Teachers 

in India: A National Survey. NCERT Press. 

11. Popenici, S. A. D., & Kerr, S. (2017). Exploring 

the impact of artificial intelligence on teaching 

and learning in higher education. Research and 

Practice in Technology Enhanced Learning, 

12(1), 22. 

12. Rao, P., & Misra, K. (2023). TPACK 

Assessment of Indian School Teachers: Baseline 

Findings from 10 States. Journal of Educational 

Technology in India, 5(1), 11–28. 

13. Sharma, N., & Gupta, M. (2022). Digital 

Infrastructure in Indian Schools: An Audit of 

Government and Private Schools Across 12 

States. Centre for Education Policy and Practice 

Research Paper #14. 

14. UNESCO. (2023). Reimagining Education: 

UNESCO's Report on Technology in Education 

for All. Paris: UNESCO Publishing. 

15. Warschauer, M. (2004). Technology and Social 

Inclusion: Rethinking the Digital Divide. MIT 

Press. 

16. Zawacki-Richter, O., Marín, V. I., Bond, M., & 

Gouverneur, F. (2019). Systematic review of 

research on artificial intelligence applications in 

higher education — where are the educators? 

International Journal of Educational Technology 

in Higher Education, 16(1), 39. 

17. Chen, X., Xie, H., Zou, D., & Hwang, G. J. 

(2020). Application and theory gaps during the 

rise of Artificial Intelligence in Education. 

Computers and Education: Artificial Intelligence, 

1, 100002. 

18. Van Dijk, J. (2020). The Digital Divide. Polity 

Press. 

19. OECD. (2021). OECD Digital Education 

Outlook 2021: Pushing the Frontiers with 

Artificial Intelligence, Blockchain and Robots. 

OECD Publishing. 

20. Koehler, M. J., Mishra, P., & Cain, W. (2013). 

What is Technological Pedagogical Content 

Knowledge (TPACK)? Journal of Education, 

193(3), 13–19. 

21. UNESCO. (2021). AI and Education: Guidance 

for Policy-makers. UNESCO Publishing. 

22. Holmes, W., Porayska-Pomsta, K., Holstein, K., 

Sutherland, E., Baker, T., Shum, S. B., et al. 

(2022). Ethics of AI in education: Towards a 

community-wide framework. International 

Journal of Artificial Intelligence in Education, 

32, 504–526. 

23. Tlili, A., Shehata, B., Burgos, D., et al. (2023). 

What if the devil is my guardian angel: ChatGPT 

as a case study of using chatbots in education. 

Smart Learning Environments, 10, 15. 

24. Kasneci, E., Sessler, K., Küchemann, S., et al. 

(2023). ChatGPT for good? On opportunities and 

challenges of large language models for 

education. Learning and Individual Differences, 

103, 102274. 

25. Chiu, T. K. F., Moorhouse, B. L., Chai, C. S., & 

Ismailov, M. (2023). Teacher support and student 

motivation in AI-enhanced learning 

environments. Computers and Education: 

Artificial Intelligence, 4, 100124. 

26. UNESCO. (2023). Global Education Monitoring 

Report 2023: Technology in Education. 

UNESCO Publishing. 

http://www.ijarst.com/

	1. INTRODUCTION
	2. LITERATURE REVIEW
	3. RESEARCH METHODOLOGY
	3.3.1 Quantitative Survey
	3.3.2 Qualitative Data Collection

	4. RESEARCH HYPOTHESES
	5. DATA ANALYSIS
	6. RESULTS AND FINDINGS
	7. VISUAL DATA REPRESENTATIONS
	8. CONCLUSION
	9. FUTURE SCOPE
	References

