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1. Abstract 

Core Thesis: Education systems can be formally modelled as information-processing systems 
subject to entropy dynamics. This paper proposes the Computational Entropy Theory of Education 
(CETE), the first framework to unify Shannon entropy, complex adaptive systems theory, network 
science, and prediction-error neuroscience into a rigorous, falsifiable model of educational 
effectiveness and institutional decay. The framework is applied to diagnose the structural issues of 
India’s National Education Policy 2020 implementation. 

 

This paper begins with a comprehensive landscape analysis across twelve research domains, 
namely, information theory, complexity science, network analysis, neuroscience, institutional 
economics, and computational philosophy to establish that no existing academic framework formally 
integrates these disciplines for education. It then proposes CETE, built on five falsifiable laws 
governing how educational systems generate, transmit, compress, and degrade information. The 
framework introduces three formal models: the Institutional Entropy Accumulation Model (IEAM), 
the Pedagogical Channel Capacity Model (PCCM), and the Network Dependency Model (NDM). 
These are applied as diagnostic tools to four structural crises in Indian education: NEP 2020 
implementation paralysis, the engineering seat oversupply bubble, the teacher capacity bottleneck, 
and NIRF ranking methodology challenges. The paper concludes with twelve falsifiable predictions 
that distinguish CETE from existing frameworks. 

Keywords: information theory, Shannon entropy, complex adaptive systems, educational policy, NEP 2020, institutional 
entropy, prediction error, network science, India higher education 
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2. The Problem: Why Education Needs a New Theoretical Framework 

India’s education sector is experiencing a structural crisis that existing theoretical frameworks cannot 
adequately diagnose, let alone resolve. The National Education Policy 2020, the most ambitious 
reform since independence, has produced five years of implementation that reveals a widening gap 
between policy architecture and ground-level reality. This gap is not merely an execution challenge, it 
is a systems-level incompatibility between the complexity of the reform and the tools available to 
understand it. 

2.1 The Diagnostic Deficit 

Current education policy analysis operates with three dominant paradigms, each with fundamental 
limitations. The econometric approach treats education as a production function (inputs → outputs), 
measuring teacher-student ratios, expenditure per pupil, and test scores. This captures correlations 
but not causation, and critically fails to model emergent phenomena, why two identically resourced 
schools produce different outcomes, or why a well-designed policy produces the opposite of its 
intended effect. The sociological approach foregrounds power, access, and equity, providing 
essential normative direction but offering no predictive capability. The pedagogical approach 
focuses on classroom-level teaching methods but cannot connect micro-level practice to macro-level 
institutional behaviour. 

None of these frameworks can answer the question that NEP 2020’s implementation challenges 
demand: Why does a system with adequate resources, political will, and a coherent policy design still 
fail to transmit its intended changes to the operational level? This question is fundamentally about 
information, how signals degrade as they pass through institutional layers, how complexity 
accumulates until it overwhelms the system’s capacity to process new instructions, and how networks 
of dependency create cascading failures that no single intervention can address. 

2.2 The Case for an Information-Theoretic Approach 

The sciences that deal with complex, multi-layered, information-processing systems have developed 
powerful formal tools over the past seven decades: Shannon’s information theory (1948) provides 
mathematical frameworks for quantifying uncertainty, channel capacity, and noise. Complex adaptive 
systems theory (Holland, 1995; Kauffman, 1993) offers models for emergence, self-organisation, and 
phase transitions. Network science (Barabási, 2002; Watts & Strogatz, 1998) provides topology-
based tools for understanding dependency, robustness, and cascading failure. Computational 
neuroscience has established that learning itself is driven by prediction-error signals (Schultz, Dayan 
& Montague, 1997) that are functionally equivalent to Shannon’s surprise metric. 

These tools have been applied with great success to biology, ecology, economics, 
telecommunications, and artificial intelligence. Yet their application to education remains fragmentary, 
metaphorical, or non-existent. This paper aims to change that by constructing a unified, formally 
rigorous framework, the Computational Entropy Theory of Education,  grounded in established 
science but novel in its synthesis and application. 

Research Question: Can information theory, complexity science, and network analysis be unified 
into a single formal framework that (a) diagnoses why educational systems degrade, (b) predicts 
where policy interventions will fail, and (c) prescribes structurally informed reforms with India’s NEP 
2020 as the primary test case? 
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3. Landscape Analysis: What Already Exists 

Before proposing a new framework, intellectual honesty requires a thorough examination of existing 
work. This section maps twelve research domains to identify what has been done, what gaps remain, 
and where genuine originality is possible. The analysis confirms that no existing framework formally 
unifies information theory, complex adaptive systems, and network science for education. 

3.1 Information Theory Applied to Education 

The application of Shannon entropy to education is an emerging but fragmented field. Existing work 
falls into four categories, none constituting a comprehensive theory. First, entropy has been used as a 
statistical weighting tool in multi-criteria decision-making for educational assessment, such as ranking 
universities (Wang, Nguyen & Phan, 2022) or evaluating curriculum quality (Fu et al., 2024). These 
treat entropy as a standard MCDM technique, not as a model of learning dynamics. 

Second, entropy has served as a behavioural metric. Yamada et al. (2019, Education Sciences) used 
differential entropy with a statistical-physics spin model to describe classroom conditions in Japan. A 
2023 study in Entropy (MDPI) tracked student learning behaviours in programming courses using 
Shannon entropy, finding that higher-performing student communities showed distinct entropy 
patterns. The ITLAK framework (2024/2025, APSCE conference) conceptualised learning as a 
process where changes in information content enable quantitative evaluation, the closest to a formal 
framework, but still at the proposal stage without empirical validation. 

Third, entropy has been used as a metaphor for educational change. Gilstrap (2007) applied 
Prigogine’s dissipative structures theory to educational leadership, and a 2024 Cambridge Scholars 
paper proposed viewing physics classrooms as dissipative structures requiring negative entropy 
flows. Both remain entirely metaphorical with no mathematical formalisation. 

Fourth, the most rigorous work exists in machine learning theory with educational parallels. Goldt & 
Seifert (2017, New Journal of Physics) defined a thermodynamic efficiency of learning as the ratio of 
information gained to entropy production. Achille & Soatto (2021, Oxford) unified Kolmogorov 
complexity, Shannon mutual information, and Fisher information to measure learning-task complexity. 
Tishby, Pereira & Bialek’s information bottleneck method (1999), finding the optimal tradeoff 
between compression and accuracy is conceptually ideal for modelling curriculum design, yet this 
connection has never been formalised in the education literature. 

Gap Identified: Nobody has simultaneously modelled (a) Shannon entropy of student knowledge 
states, (b) learning as entropy reduction via channel coding, (c) curriculum as information 
compression, and (d) institutional education as a thermodynamic system. A framework doing so 
would be genuinely original. 
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3.2 Complexity Science in Education 

Complex adaptive systems (CAS) theory has a substantial presence in educational philosophy. Davis 
& Sumara’s Complexity and Education (2006) is the field’s defining text, arguing that complexity 
thinking offers a powerful alternative to linear, reductionist approaches and defining five conditions 
for complex emergence: internal diversity, redundancy, decentralised control, organised 
randomness, and neighbour interactions. Their radical claim that the classroom collective, not 
individual students, is the appropriate unit of analysis remains the field’s most distinctive theoretical 
contribution. 

Osberg & Biesta developed an emergentist epistemology challenging representational models of 
knowledge, arguing that curriculum should be understood as emergent rather than pre-given. 
Morrison’s School Leadership and Complexity Theory (2002) introduced CAS concepts to educational 
leadership, proposing order without control. Mason’s edited collection Complexity Theory and the 
Philosophy of Education (2008) became the definitive reference. 

However, the limitations are severe and consistent. Almost all work is conceptual or philosophical, 
very few empirical studies test CAS ideas in real educational settings. There is no quantitative 
modelling; unlike CAS in biology or physics, educational CAS work rarely uses agent-based 
modelling, computational simulation, or mathematical formalisation. Morrison (2010) himself 
acknowledged that complexity theory does not adequately address accountability, micro-politics of 
power, or managerial responsibility. Most critically, there is no connection to information theory, 
the CAS-education literature and the entropy-in-education literature are entirely disconnected. 

3.3 Network Theory in Education 

Social network analysis in education is a robust empirical field. Daly’s Social Network Theory and 
Educational Change (2010, Harvard Education Press) established SNA as a legitimate methodology. 
Moolenaar, Daly & Sleegers (2012) produced key empirical evidence linking teacher network density 
to collective efficacy and student achievement across 53 Dutch schools. The Daly-Finnigan research 
programme demonstrated that high-stakes accountability can actually weaken network ties 
rather than strengthen them. 

The critical limitation is scope. Virtually all educational network research examines social networks 
among people, teacher advice networks, principal-teacher ties, district leader connections. The 
following remain almost entirely unexplored: curriculum as a network modelling concepts as nodes 
and prerequisites as edges; institutional dependency networks using graph theory; knowledge 
networks modelling how information structures connect; failure cascade analysis; and multi-level 
nested networks connecting classroom emergence to institutional dynamics to policy systems. 

3.4 Computational Metaphors in Philosophy of Education 

The information processing theory of learning (Neisser, 1967; Atkinson & Shiffrin’s multi-store model) 
and Fodor’s Computational Theory of Mind have been the dominant computational metaphors in 
education for decades: learning as input → encoding → storage → retrieval. However, these 
frameworks have remained stubbornly metaphorical. No formal mathematical framework treating 
education as an information-processing system with entropy, channel capacity, noise, feedback loops, 
and optimisation has ever been constructed. 

Nobody has computed the channel capacity of a classroom, the entropy of student knowledge states, 
the mutual information between curriculum and learning outcomes, or the information-theoretic cost of 
pedagogical redundancy. This is perhaps the single largest gap the proposed framework could fill. 
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3.5 Institutional Entropy and Organisational Decay 

The concept that organisations accumulate complexity until maintenance costs exceed productive 
output draws from multiple disconnected traditions. Aksom (2023, International Journal of 
Organizational Analysis) reconceptualised institutionalisation from an information-theoretic 
perspective. Song et al. (2004) defined management entropy using Shannon’s formula, demonstrating 
that decreasing management entropy increases managerial efficiency. Chappell et al. (2014) 
proposed quantitative organisational entropy based on graph theory. Klimek, Hanel & Thurner 
(2008) formalised Parkinson’s Law, identifying a critical phase-transition boundary separating 
regimes of exponential bureaucratic growth from confined growth. 

University administrative bloat provides the best empirical case. Ginsberg’s The Fall of the Faculty 
(2011, Oxford University Press) documented that from 1987 to 2012, 517,636 administrators were 
hired at US colleges, 87 per working day. Greene, Kisida & Mills (2010, Goldwater Institute) found 
that from 1993 to 2007, full-time administrators per 100 students grew by 39% while teaching and 
research employees grew by 18%. Martin & Hill (2013) separated cost effects, finding that internal 
staffing decisions, not external cost pressures, drive 84–90% of university cost increases. 

Olson’s institutional sclerosis (The Rise and Decline of Nations, 1982) provides the macro-level 
political-economy parallel: stable democracies accumulate distributional coalitions engaging in rent-
seeking, increasing regulatory complexity and reducing adaptive capacity. Bozeman’s rule density 
concept (1993) distinguishes between rules dysfunctional from origin and rules that evolved from 
useful to entropic. No single unified formal model connecting these traditions to education exists. 

3.6 Neuroscience of Novelty and Prediction Error 

The neuroscience of novelty, prediction error, and time perception provides the strongest empirical 
foundation for an entropy-based learning theory, establishing that learning is fundamentally driven 
by information-theoretic surprise signals. 

Lisman & Grace (2005, Neuron) established that when the hippocampus detects information not 
already stored in long-term memory, it generates a novelty signal conveyed to the ventral tegmental 
area, triggering dopamine release that enhances long-term potentiation and memory consolidation. 
Schultz, Dayan & Montague (1997, Science) established that dopamine neurons signal reward 
prediction errors. Crucially, Greve et al. (2019, Nature Communications) demonstrated that the brain 
encodes the degree to which new factual information violates expectations, and this determines 
whether information enters long-term memory. This directly connects Shannon’s information theory 
(surprise = information content) to neural learning mechanisms. 

Gruber & Ranganath’s PACE framework (2019, Trends in Cognitive Sciences) formalised how 
prediction errors and information gaps trigger curiosity, which then enhances both encoding and 
consolidation. Their landmark 2014 Neuron study showed that curiosity-induced dopamine enhances 
memory not only for the target of curiosity but for incidental material encountered during curious 
states. 

The compression protocol for time perception is well-documented. Eagleman & Pariyadath (2009, 
Philosophical Transactions of the Royal Society B) proposed that subjective duration is a signature of 
coding efficiency, repeated stimuli undergo neural repetition suppression, reducing both neural 
response magnitude and perceived duration. This creates the fundamental paradox: routine 
compresses time because familiar stimuli are informationally redundant, while novel experiences 
expand time because each event carries genuine information requiring substantial neural encoding. 

Direct classroom evidence exists. Ballarini et al. (2013, PLoS ONE) showed that novel science 
lessons experienced one hour before or after storytelling improved children’s long-term memory for 
the story. Ramirez Butavand et al. (2020, Frontiers in Psychology) extended this to high-school 
students, finding that novelty-enhanced memory persisted 45+ days. For the proposed framework, 
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this neuroscience establishes that education systems accumulating routine and predictability are 
literally reducing their information transmission efficiency. 

A critical clarification is warranted here. The terminology of “channel capacity,” “compression,” and 
“information throughput” may invite the objection that CETE treats students as passive data 
receptacles, as hard drives to be written to. The opposite is true. The neuroscience reviewed above 
demonstrates that CETE’s information-theoretic framing is fundamentally human-centric precisely 
because it places biological cognitive limits at the centre of educational design. When CETE models a 
teacher as a “noisy channel,” it is not dehumanising the teacher; it is recognising that a teacher 
operating under 40% administrative burden has objectively less cognitive bandwidth for pedagogy, a 
fact that respects rather than ignores their humanity.  

When CETE describes curriculum as “lossy compression,” it is formalising what every thoughtful 
educator already knows: you cannot teach everything, and the art of curriculum design lies in 
preserving the essential structure of knowledge while respecting working memory constraints (Cowan, 
2001; Sweller, 2011). Miller’s (1956) foundational finding that working memory processes 
approximately 7 ± 2 chunks is itself an information-theoretic capacity limit. Sweller’s Cognitive Load 
Theory (1988, 2011) demonstrates that exceeding this limit produces learning failure, not because 
students are deficient, but because the pedagogical design has violated a biological constraint. 
CETE’s “Compression Paradox” (Law 3) is therefore a protective principle: it warns that overloading 
the curriculum beyond the critical compression threshold does not produce more learning; it produces 
fragmentation and anxiety. Far from treating students as machines, CETE is the first educational 
framework to formally model why students are not machines, and why institutional entropy that 
ignores this biological reality is the true source of dehumanisation in education. 
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4. The Framework: Computational Entropy Theory of Education (CETE) 

The Computational Entropy Theory of Education (CETE) proposes that educational systems,  from 
individual classrooms to national policy ecosystems are formally describable as information-
processing systems subject to entropy dynamics. The framework does not claim that education is 
literally a computer programme; it claims that the mathematical tools developed for information-
processing systems provide the most precise available language for diagnosing educational 
dysfunction and predicting policy outcomes. 

4.1 Axioms and Definitions 

Definition 1: Educational Entropy (Sₑ) 
The educational entropy of a system is defined as the Shannon entropy of the distribution of possible 
states the system can occupy, weighted by the probability of each state. For an institution with n 
possible operational states (compliance configurations, pedagogical approaches, resource 
allocations), each with probability pᵢ: 

Formal Definition: Sₑ = −Σ pᵢ log₂(pᵢ) for i = 1 to n, where pᵢ is the probability of the institution 
occupying operational state i at any given time. 

 

High educational entropy means the institution exists in a state of maximum uncertainty, its 
operational behaviour is unpredictable, its resources are diffused, and its pedagogical output is 
inconsistent. Low educational entropy means the institution is highly ordered, its operations are 
predictable, its resources are concentrated, and its output is consistent. Note that low entropy is not 
inherently good; a system with artificially low entropy (rigid, uniform, unable to adapt) is fragile. The 
optimal state is moderate entropy with high mutual information between inputs and outputs. 

Definition 2: Pedagogical Channel Capacity (C) 
Borrowing directly from Shannon’s noisy channel coding theorem, the pedagogical channel capacity 
of a teacher or institution is defined as the maximum rate at which knowledge can be reliably 
transmitted from curriculum to student understanding, given the noise in the system. Noise includes: 
cognitive load exceeding working memory limits, linguistic barriers, motivational deficits, 
environmental distractions, and assessment misalignment. 

Definition 3: Curriculum Compression Ratio (κ) 
Drawing on Tishby’s information bottleneck method, the curriculum compression ratio is defined as 
the ratio of total available knowledge in a domain to the knowledge selected for transmission in a 
given curriculum. A well-designed curriculum achieves high compression with minimal information 
loss, analogous to a good lossy compression algorithm (like JPEG) that preserves essential structure 
while discarding redundant detail. A poorly designed curriculum either under-compresses 
(overwhelming students with unstructured information) or over-compresses (discarding essential 
conceptual scaffolding). 

Definition 4: Institutional Dependency Graph (G) 
The education system is modelled as a directed graph G = (V, E) where vertices V represent 
institutional actors (schools, universities, regulatory bodies, testing agencies, teacher training 
institutions, accreditation bodies) and edges E represent dependency relationships (regulatory 
compliance, funding flows, information channels, accreditation requirements). The robustness of the 
system is measured by its vulnerability to cascading failure upon removal of critical nodes. 
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4.2 The Five Laws of Educational Entropy 

Originality Claim: These five laws represent the core theoretical contribution of CETE. Each is 
derived from established principles in information theory, thermodynamics, and neuroscience, but 
their synthesis and application to education is novel. Each law generates falsifiable predictions 
tested in Section 6. 

Law 1: The Entropy Accumulation Law 

In the absence of deliberate entropy-reducing interventions, the educational entropy of any institution 
increases monotonically over time. 

Derivation: This is the educational analogue of the Second Law of Thermodynamics. Each new 
regulation, compliance requirement, administrative process, or curricular addition increases the 
number of possible states the institution must manage without removing existing ones. The regulatory 
stack grows because removing a regulation requires political effort (an energy input), while adding 
one merely requires bureaucratic inertia. Over time, the institution’s operational state space expands, 
entropy increases, and the fraction of the institution’s resources devoted to self-maintenance (rather 
than education) grows. Klimek, Hanel & Thurner’s (2008) formalisation of Parkinson’s Law identifies 
the exact phase-transition point at which bureaucratic growth becomes exponential rather than linear, 
the boundary beyond which the institution’s primary function shifts from education to self-preservation. 

Operationalisation: Measure the ratio of administrative staff to teaching staff over time. Measure the 
number of compliance forms required per student outcome. Track the percentage of institutional 
budget consumed by non-pedagogical activities. An institution past the Klimek phase-transition 
boundary will show an administrative-to-teaching ratio growing faster than its student population. 

Law 2: The Channel Degradation Law 

The pedagogical channel capacity of any teacher or institution degrades in proportion to the noise 
introduced by non-pedagogical demands on the channel. 

Derivation: Shannon’s noisy channel coding theorem establishes that for any communication channel 
with a given noise level, there exists a maximum rate (channel capacity C) at which information can 
be reliably transmitted. In education, the channel is the teacher’s interaction with students. Noise is 
introduced by administrative paperwork, compliance documentation, mandatory meetings, and 
standardised test preparation that is misaligned with learning objectives. As noise increases, the 
effective channel capacity decreases. Beyond a critical noise threshold, the channel becomes 
functionally useless, the teacher is physically present but informationally absent. 

This law explains the NEP 2020 teacher readiness crisis. The policy demands that teachers transmit 
qualitatively different information (critical thinking, experiential learning, competency-based 
assessment). But the channel through which this information must pass, the teacher is already 
operating at or beyond capacity with existing noise (attendance tracking, syllabus completion 
pressure, board exam preparation). Adding new signals without reducing noise simply exceeds 
channel capacity and produces garbled output. 

Law 3: The Compression Paradox 

As the total volume of human knowledge grows exponentially, the curriculum compression ratio (κ) 
must increase. But beyond a critical compression threshold (κ*), further compression destroys the 
conceptual scaffolding necessary for understanding, producing graduates who can reproduce facts 
but cannot reason. 

Derivation: This is the educational analogue of the rate-distortion theorem in information theory. As 
the source (total knowledge) grows while the channel bandwidth (school years, contact hours) 
remains fixed, the compression ratio must increase. But lossy compression introduces distortion. In 
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education, distortion manifests as fragmented knowledge, students who can answer exam questions 
but cannot connect concepts across domains. The ASER 2024 finding that syllabus-driven teaching 
persists despite NEP’s goals is a direct consequence: teachers, forced to compress an expanding 
curriculum into fixed contact hours, default to the lowest-distortion compression available, rote 
memorisation of key facts. 

Law 4: The Prediction Error Law 

Learning efficiency is a monotonically increasing function of the rate of prediction errors 
generated by the pedagogical environment, up to a saturation point beyond which prediction errors 
produce anxiety rather than curiosity. 

Derivation: This law directly translates the neuroscience evidence (Schultz, Dayan & Montague, 1997; 
Gruber & Ranganath, 2019; Greve et al., 2019) into an educational principle. The brain’s learning 
mechanism is fundamentally an error-correction system. Information that is completely expected (zero 
prediction error) generates zero learning signal. Information that is completely unexpected (maximum 
prediction error) generates confusion and anxiety. The optimal pedagogical zone is moderate, 
structured prediction error, what Vygotsky intuitively called the Zone of Proximal Development, which 
CETE now provides with an information-theoretic formalisation. 

This law explains why routine, predictable educational environments produce diminishing returns. A 
school where every day follows the same script, every lesson follows the same format, and every 
assessment tests the same pattern is an informationally redundant environment, it generates 
near-zero prediction errors and therefore near-zero learning signals. The neuroscience evidence 
(Eagleman & Pariyadath, 2009; Ballarini et al., 2013) further predicts that such environments will 
produce subjective time compression, students experience school years as passing faster because 
fewer novel events are encoded. 

Law 5: The Dependency Cascade Law 

In a densely connected institutional dependency graph, the failure of a critical node produces 
cascading failures whose magnitude is non-linearly proportional to the node’s betweenness 
centrality. 

Derivation: This applies network science’s understanding of cascading failures (Watts, 2002; Buldyrev 
et al., 2010) to educational ecosystems. In India’s education system, the National Council for Teacher 
Education (NCTE) is a node with extremely high betweenness centrality, nearly all pathways from 
policy intention to classroom delivery pass through it. When NCTE operates with 54% Group A 
vacancies, 43% Group B vacancies, and 89% Group C vacancies (Parliamentary Standing 
Committee 368th Report, August 2025), the node is functionally degraded. Because of its centrality, 
this degradation cascades: teacher training standards slip, new teacher quality degrades, existing 
teachers receive inadequate professional development, and NEP’s pedagogical ambitions cannot 
reach the classroom. 
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4.3 The Institutional Entropy Accumulation Model (IEAM) 

The IEAM formalises how Indian educational institutions accumulate entropy over time. The model 
posits that institutional entropy Sₑ(t) at time t is a function of four variables: 

Variable Symbol Definition Measurement 

Regulatory Load R(t) Number of compliance requirements at 
time t 

Count of mandatory filings, approvals, 
and reports 

Administrative Ratio A(t) Ratio of non-teaching to teaching staff HR data: admin headcount / faculty 
headcount 

Curriculum 
Compression 

κ(t) Ratio of mandated content to contact 
hours 

Syllabus pages per instructional hour 

Novelty Deficit N(t) Fraction of pedagogical time spent on 
repetitive activities 

1 minus unique lesson plans / total 
lessons 

 

The model predicts that when Sₑ(t) exceeds a critical threshold S*, the institution undergoes a phase 
transition from a productive state (where the majority of resources serve education) to a 
maintenance state (where the majority of resources serve institutional self-preservation). Empirically, 
this threshold can be estimated using Klimek’s phase-transition model, with the prediction that Indian 
universities subject to both UGC and AICTE regulation will reach S* sooner than those under a single 
regulator. 

4.4 The Pedagogical Channel Capacity Model (PCCM) 

The PCCM models the teacher as a noisy communication channel and computes the effective 
information transmission rate under various noise conditions. The model draws directly from 
Shannon’s channel capacity formula: C = max I(X;Y) where X is the curriculum input and Y is the 
student learning output. The mutual information I(X;Y) is reduced by noise sources including 
administrative burden, linguistic mismatch, class size effects, and assessment misalignment. 

The key prediction is that NEP 2020’s demands (experiential learning, critical thinking assessment, 
interdisciplinary integration) require a higher channel capacity than the system currently provides. 
Specifically, transmitting a competency-based assessment requires more bits per interaction than 
transmitting a factual recall question, because the former requires modelling the student’s reasoning 
process (high mutual information) while the latter requires only pattern matching (low mutual 
information). Without reducing noise or increasing bandwidth (smaller class sizes, reduced 
paperwork, better training), the NEP signal will be lost in the channel. 

4.5 The Network Dependency Model (NDM) 

The NDM maps India’s educational ecosystem as a directed graph and identifies critical 
vulnerabilities. Nodes include: Ministry of Education, UGC, AICTE, NCTE, NAAC, NIRF, State 
Education Departments, Universities, Affiliated Colleges, Schools, CBSE/ICSE/State Boards, Teacher 
Training Institutions, and Testing Agencies. Edges represent regulatory authority, funding flows, 
accreditation dependencies, curriculum mandates, and information channels. 

The model computes betweenness centrality, degree distribution, and clustering coefficient for each 
node. The key prediction is that the Indian system exhibits a hub-and-spoke topology with extremely 
high centrality at a small number of regulatory nodes (UGC, AICTE, NCTE), making it vulnerable to 
cascading failure. The proposed Higher Education Commission of India (HECI), which NEP 2020 
envisions replacing UGC and AICTE, would reduce this vulnerability by distributing centrality, but only 
if the new structure genuinely decentralises authority rather than merely renaming it. 
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5. Case Study: NEP 2020 as Entropy Diagnostic 

This section applies the CETE framework to four structural crises in Indian education, demonstrating 
its diagnostic power and generating specific, testable predictions. 

5.1 Measuring Institutional Entropy in Indian Higher Education 

India’s higher education system provides an almost laboratory-perfect case study in entropy 
accumulation. The system encompasses over 43,000 institutions subject to overlapping regulation by 
UGC, AICTE, NAAC, NIRF, state governments, and professional councils. Each regulatory body adds 
compliance requirements without removing existing ones from other bodies. 

The headline statistics of NEP 2020 implementation mask shallow adoption. While 105+ universities 
have adopted the Four-Year Undergraduate Programme and SWAYAM reports 5.15 crore cumulative 
enrolments, the Academic Bank of Credits, NEP’s signature credit-portability mechanism has less 
than 1% of colleges registered. Only 153 universities offer multiple entry options (benefiting 
approximately 31,156 students), and just 74 offer multiple exit pathways (approximately 25,595 
students). The 5+3+3+4 school structure has reached approximately 35% of schools. The Higher 
Education Commission of India legislation remains unapproved. 

Through the CETE lens, this is not an execution failure, it is an entropy prediction. The system’s 
regulatory load R(t) has increased (NEP adds new requirements) without decreasing (existing 
UGC/AICTE requirements remain). The administrative ratio A(t) has grown to accommodate dual 
compliance. The curriculum compression ratio κ(t) has increased as NEP mandates multidisciplinary, 
flexible curricula within the same contact hours. The novelty deficit N(t) remains high because 
teachers lack training to deliver the new pedagogy. Each variable is moving in the entropy-increasing 
direction. 

NEP 2020 Metric Target Actual (2025–26) CETE Diagnosis 
Academic Bank of Credits 100% colleges <1% registered Entropy too high, system cannot process new protocol 
Multiple Entry/Exit Universal 153 universities Channel capacity exceeded, institutions cannot parse 

signal 
5+3+3+4 Structure 100% schools ~35% schools Regulatory load R(t) exceeds institutional processing 

capacity 
GER Target 50% by 2035 28.3% (2024) System in maintenance state, resources consumed by 

compliance 

Education Spending 6% GDP 4.6% GDP Insufficient energy input to reduce entropy 

5.2 The Teacher Bottleneck as Channel Capacity Failure 

The teacher crisis in India is the most direct illustration of Law 2 (Channel Degradation). 
Approximately 1 million teacher vacancies exist nationally, including 7.5 lakh at elementary levels. 
Karnataka expects a deficit of 100,000 teachers by April 2026. Single-teacher schools constitute 15–
20% of primary institutions. NCTE, the regulatory body responsible for teacher quality operates with 
54% Group A vacancies, 43% Group B vacancies, and 89% Group C vacancies. 

CETE’s diagnosis is precise: the system is attempting to increase channel bandwidth (NEP demands 
more sophisticated pedagogy) while simultaneously reducing the number of channels (teacher 
vacancies) and increasing noise on existing channels (compliance burden, board exam pressure, 
attendance tracking). This is mathematically guaranteed to fail. Shannon’s theorem is not a guideline, 
it is a mathematical limit. No amount of political will can transmit more information through a channel 
than its capacity allows. 

The PCCM further predicts that merely filling vacancies will be insufficient if the new teachers are 
trained in rote-learning pedagogy (low channel capacity). NEP’s 4-year integrated B.Ed. mandate is 
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structurally correct, it increases channel capacity by training teachers in higher-bandwidth pedagogy. 
But with the mandate repeatedly delayed and private TEIs comprising 92% of the 16,000 teacher 
education institutions, the system is producing channels (teachers) optimised for the old signal 
format. 

5.3 The Engineering Seat Bubble as Entropic Monoculture 

India’s engineering seat oversupply demonstrates what CETE terms entropic monoculture, a 
system that has minimised its internal diversity to the point of fragility. Nearly 2 million of 6.4 million 
B.Tech seats (30%) remained unfilled between 2019–2024 across 3,000+ colleges. AICTE approved 
an 18.84% increase in B.Tech seats for 2024–25, reaching approximately 14.9 lakh seats despite 
persistent vacancy rates of 30–44%. India produces approximately 1.5 million engineering graduates 
annually; only 250,000 obtain employment in engineering roles. The former NITI Aayog Vice-
Chairman stated that 48% of engineering graduates are unemployable. 

Through the CETE lens, this is a violation of Davis & Sumara’s first condition for complex emergence: 
internal diversity. A healthy educational ecosystem requires diverse programme offerings across 
disciplines, ensuring that the system can respond to varied labour-market signals. When the system 
converges on a single programme type (CS/IT), it reduces its state space, but paradoxically increases 
entropy because the output becomes increasingly undifferentiated and therefore unpredictable in 
terms of employment outcomes. The system has optimised for a single metric (seat count) rather than 
for mutual information between education and employment, a classic optimisation on the wrong 
variable. 

5.4 NIRF Rankings: From Lagging Indicators to Entropy-Informed Assessment 

NIRF has served a valuable function since 2016 by introducing a standardised benchmarking 
vocabulary into Indian higher education, compelling institutions to engage with metrics for the first 
time. However, when analysed through the CETE lens, its methodology reveals a structural limitation: 
it functions as a lagging indicator, measuring outputs and proxies of past performance, rather than a 
leading indicator of institutional health and future trajectory. NIRF conflates high-entropy indicators 
(quantity of publications, number of patents filed) with low-entropy indicators (learning outcomes, 
research impact), making it difficult to distinguish between institutions generating signal and those 
generating noise. The peer perception parameter’s undisclosed survey methodology, the effective 
double-counting of publication quantity, and anomalies such as the 2025 ranking in which Saveetha 
Institute scored as having India’s best faculty quality while IISc ranked 11th illustrate this limitation. 

The more consequential concern is the incentive structure the methodology has inadvertently created. 
An estimated ₹400–500 crore industry of ranking consultants now charges institutions ₹3–5 lakhs 
annually for services that, in CETE terms, optimise for the metric rather than the underlying 
institutional quality the metric was designed to capture, a phenomenon economists term Goodhart’s 
Law (Goodhart, 1975). India’s 5,412 research retractions from 1996–2024, with retractions increasing 
2.5-fold in 2020–2022, suggest that the reward structure may be incentivising quantity over rigour in 
certain pockets of the system. 

CETE reframes this not as an indictment of NIRF, but as a diagnostic opportunity. NIRF measures 
symptoms; CETE proposes to measure causes. An institution that reduces its internal entropy, lowers 
its Static Friction Index, increases its pedagogical channel capacity, and introduces structured novelty 
into its pedagogy will, over time, produce the very outputs that NIRF rewards: higher research quality, 
better placement rates, and improved perception scores. The CETE framework thus offers institutions 
a complementary toolkit: use entropy-based leading indicators to fix the internal dynamics, and the 
lagging NIRF indicators will follow as a natural consequence. The most effective strategy for 
improving rankings is not to optimise for the ranking directly, but to reduce the institutional entropy 
that suppresses genuine academic output. 
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6. Falsifiable Predictions 

A framework that explains everything explains nothing. The following twelve predictions are specific, 
measurable, and capable of being proven wrong. If more than three are falsified by empirical 
evidence, the framework requires revision. 

ID Law Tested Prediction 
P1 Entropy Accumulation Institutions subject to dual regulation (UGC + AICTE) will show administrative-to-faculty 

ratios growing at least 1.5x faster than single-regulator institutions over any 5-year period. 
P2 Channel Capacity Schools where teacher administrative burden exceeds 40% of working hours will show 

statistically significant lower learning outcomes on standardised assessments, controlling 
for socioeconomic factors. 

P3 Compression Paradox States that have adopted the 5+3+3+4 structure without reducing overall syllabus volume 
will show no improvement in foundational literacy/numeracy scores within 3 years of 
adoption. 

P4 Prediction Error Schools implementing structured novelty interventions (minimum 2 non-routine learning 
activities per week) will show measurably higher retention rates on delayed tests (30+ 
days) compared to control schools. 

P5 Dependency Cascade NCTE’s functional degradation (>50% key position vacancies) will correlate with a 
measurable decline in new teacher quality metrics within 3–5 years, observable across all 
states regardless of individual state policy. 

P6 Phase Transition Universities where non-pedagogical expenditure exceeds 60% of total budget will exhibit 
declining research output and placement rates even if total funding increases. 

P7 Monoculture Fragility States with >70% of engineering seats concentrated in CS/IT will experience higher 
institutional closure rates than states with diversified programme offerings. 

P8 Lagging Indicator Gap NIRF rankings, as lagging indicators, will show <0.3 correlation with employer satisfaction 
surveys or graduate employment quality indices, while CETE-derived leading indicators 
(SFI, channel capacity proxies) will show statistically stronger correlation with these 
outcomes. 

P9 ABC Adoption Academic Bank of Credits adoption will remain below 10% of institutions by 2028 unless 
the regulatory load for participation is reduced by at least 50%. 

P10 Time Compression Students in high-routine educational environments (>80% lecture-based instruction) will 
report subjectively faster passage of school years in retrospective assessment compared 
to students in high-novelty environments. 

P11 Foreign Campus ROI Foreign university campuses in India charging >3x domestic tuition will achieve <30% seat 
occupancy within 3 years unless placement pipelines to non-Indian labour markets are 
established. 

P12 Network Resilience Educational systems with distributed regulatory authority (multiple independent 
accreditation bodies) will recover faster from policy shocks than hub-and-spoke systems. 
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7. Novelty Claims and Contribution 

This paper claims seven specific areas of originality, each verified against the landscape analysis in 
Section 3. 

Claim 1: First formal information-theoretic model of education 

Uses Shannon entropy, channel capacity, and noise not as metaphors but as mathematical tools, 
connecting to the rigorous ML literature (Goldt & Seifert; Achille & Soatto; information bottleneck) 
while applying it to human education. 

Claim 2: First bridge between CAS theory and information theory in education 

Addresses the CAS field’s acknowledged weakness (no quantitative modelling) with tools from the 
entropy literature, while preserving CAS insights about emergence and nonlinearity. 

Claim 3: First application of failure-cascade and node-dependency network analysis to 
educational ecosystems 

Moves beyond social network analysis of people (Daly, Moolenaar) to model institutional 
dependencies, regulatory cascades, and systemic vulnerability. 

Claim 4: First framework grounding educational entropy in prediction-error neuroscience 

Connects Schultz’s dopamine signals, Eagleman’s coding efficiency, and Gruber’s curiosity research 
to a formal entropy model of pedagogical effectiveness. 

Claim 5: First formal application of institutional entropy to Indian education and NEP 2020 

Uses university administrative bloat data, Olson’s sclerosis model, and Prigogine’s dissipative 
structures to model why NEP implementation produces compliance without change. 

Claim 6: First curriculum model using information compression 

Applies the information bottleneck concept to formalise what curriculum design actually is: optimal 
lossy compression of human knowledge for pedagogical transmission. 

Claim 7: First integration of time-perception neuroscience with educational entropy 

Formalises the “compression protocol” as a measurable consequence of high-entropy, routine 
educational environments. 
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8. Limitations and Future Work 

8.1 Current Limitations 

This paper presents CETE as a theoretical framework with illustrative applications, not as a fully 
empirically validated model. Several limitations must be acknowledged honestly. 

First, the mathematical formalisations presented are schematic rather than fully specified. Computing 
the actual Shannon entropy of an institution’s operational state space requires defining and 
measuring all possible states, a task that is theoretically straightforward but empirically demanding. 
The same applies to channel capacity calculations, which require formal noise models calibrated to 
specific educational contexts. 

To bridge this gap between theoretical formalism and empirical practice, this paper proposes a 
compound proxy metric, the Static Friction Index (SFI), designed to approximate institutional entropy 
without requiring direct measurement of the full operational state space. The SFI is computed as: 

SFI = (F / S) × (A / T) × (1 + ΔR / R₀) 

where F is the number of mandatory compliance forms per academic cycle, S is the total student 
enrolment, A is the non-teaching administrative headcount, T is the teaching faculty headcount, R₀ is 
the regulatory requirement count in a standard reference year (this paper recommends 2010, the last 
major regulatory baseline before NEP 2020’s drafting process began), and ΔR is the net increase in 
regulatory requirements since that reference year. Each component is independently measurable 
from publicly available data: AISHE returns, UGC annual reports, and institutional HR filings. Adopting 
a uniform reference year eliminates the data-availability problem that would arise from institution-
specific founding dates, and enables cross-institutional comparison on a common baseline. 

The SFI captures the three dominant entropy-generating mechanisms identified by the IEAM: 
bureaucratic friction (F/S), administrative overhead (A/T), and regulatory accumulation (1 + ΔR/R₀). A 
rising SFI signals that the institution is approaching the Klimek phase-transition boundary. Critically, 
the SFI does not claim to be Shannon entropy; it claims to be a monotonically correlated leading 
indicator, in the same way that body temperature does not measure infection but reliably signals its 
presence. Future empirical work (Section 8.2) will calibrate the SFI against direct entropy estimates 
from agent-based simulations to establish the correlation coefficient and identify the critical SFI 
threshold corresponding to S*. 

Second, the framework inherits the limitations of its constituent theories. Shannon’s channel capacity 
theorem assumes stationary noise processes, but educational noise is decidedly non-stationary (it 
varies by season, political cycle, and teacher mood). CAS theory’s concept of emergence is powerful 
but operationally vague. Network science’s cascading failure models assume known topology, but 
India’s informal education networks (tuition centres, coaching institutes) are largely unmapped. 

Third, the framework does not address equity, access, or social justice, arguably the most important 
dimensions of education policy. CETE is a structural and informational framework; it can diagnose 
why a system fails to transmit its signals but cannot, by itself, determine what signals should be 
transmitted. It is complementary to, not a replacement for, normative frameworks addressing what 
education should achieve. 
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8.2 Future Work 

The immediate next steps are: (1) conducting agent-based simulations of the IEAM using empirical 
data from 50+ Indian institutions to calibrate the entropy accumulation function; (2) designing 
controlled experiments to test Predictions P2, P4, and P10 in Indian school settings; (3) constructing 
the full institutional dependency graph for Indian higher education using publicly available regulatory 
data; and (4) developing the PCCM into a practical diagnostic tool that institutions can use to assess 
their channel capacity and identify noise sources. 

The longer-term ambition is to develop CETE into a predictive policy tool, enabling policymakers to 
simulate the entropy impact of proposed regulations before implementation, identify critical network 
vulnerabilities before they cascade, and design interventions that reduce noise rather than merely 
adding signal. 
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