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Abstract 
The proliferation of connected devices is reshaping how humans perceive, 
trust, and ultimately defer to “things”. This paper develops the BigWALL Ma-
trix IoTiZATION Theory into a complete, mathematically rigorous, and arti-
ficial-intelligence (AI)-driven framework for modeling the evolving relation-
ship between humans and connected things in the Internet of Things (IoT) 
era. We formalize human society and the device ecosystem as a heterogeneous 
multilayer Matrix Point Network and encode their coupling in a single sym-

metric block operator—the BigWALL matrix , ; , =  W A B B C . Building 

on the author’s original behavioral relation ( ), , ,H f T U SI E= , we derive a 
generalized, network-coupled, nonlinear dynamical model of human reliance 
on things and prove an IoTiZATION Equilibrium Theorem establishing ex-
istence, uniqueness, and geometric convergence under an explicit critical-cou-
pling condition cγ , beyond which a self-reinforcing dependence regime 
emerges. We introduce an IoTiZATION index Ω and a complementary au-
tonomy index 1= −Ω , and quantify “imposed intelligence” information-
theoretically via conditional mutual information. To meet modern technolog-
ical growth, we embed a predictive-prescriptive AI engine: a relational atten-
tion graph neural network (BigWALL-GNN) with temporal recurrence fore-
casts human behavior, while an autonomy-preserving constrained reinforce-
ment-learning controller designs device policies that maximize service utility 
subject to bounded imposition. A multi-objective formulation links the theory 
to sustainable development through a utility-imposition-energy Pareto fron-
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tier. All quantitative results reported here are illustrative computer simula-
tions on synthetically generated networks—not empirical observations of IoT 
user behavior. They verify the internal consistency of the model: convergence 
to equilibrium, a sharp IoTiZATION phase transition at cγ , accurate re-iden-
tification of the driver coefficients by regression, and a favorable autonomy-
aware operating point. The AI engine is presented as an architectural specifi-
cation whose training and empirical validation are left to future field deploy-
ment. The framework offers a principled, human-centric foundation for the 
responsible design, prediction, and governance of human-thing interaction. 
 

Keywords 
Internet of Things, IoTiZATION, Matrix Point Network, Human-Thing 
Interaction, Graph Neural Networks, Predictive Analytics, Constrained 
Reinforcement Learning, Human Autonomy, Sustainable Computing 

 

1. Introduction 

The Internet of Things (IoT) interconnects physical objects embedded with sens-
ing, computation, and communication, enabling them to collect, exchange, and 
act upon data at unprecedented scale [1] [2]. As connected things permeate 
homes, bodies, vehicles, factories, and cities, the central question is no longer 
purely technical—how to connect devices—but socio-technical: how does the hu-
man mind develop, trust, and increasingly defer to connected things, and how can 
this relationship be modeled, predicted, and governed? The BigWALL Matrix Io-
TiZATION Theory addresses precisely this question by treating human society 
and the device ecosystem as a single coupled network and studying the dynamics 
of human reliance that emerge across it. 

1.1. Background and Motivation 

The rapid integration of connected things has revolutionized human-environ-
ment interaction, delivering enhanced connectivity, automation, and data-driven 
services [1] [3]. Yet the same integration silently restructures human decision-
making: recommendations, automations, and ambient inferences gradually sub-
stitute for, and reshape, human judgment. We term this gradual, network-medi-
ated migration of agency from humans toward things IoTiZATION. Understand-
ing IoTiZATION is essential both to harness the benefits of IoT and to preserve 
human autonomy, trust, and well-being. This paper develops the theory formally 
and exercises it purely in simulation; no observed IoT behavioral data are analyzed 
here (§6).  

1.2. Problem Statement 

Predicting and comprehending human behavior within human-thing interactions 
is difficult because behavior is shaped by heterogeneous, interacting factors—in-
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dividual trust, perceived usefulness, peer social influence, environmental context, 
and the persuasive “intelligence” exerted by the devices themselves—all evolving 
over a complex network. The original formulation of the theory captured the static 
drivers through the relation ( ), , ,H f T U SI E=  but did not: 1) endogenize so-
cial and device influence through network structure, 2) characterize the stability 
or tipping points of the resulting dynamics, 3) quantify how much intelligence 
devices impose, or 4) prescribe how devices should act so as to remain useful with-
out eroding autonomy. A comprehensive, predictive, and prescriptive framework 
is therefore required. 

1.3. Objectives and Contributions 

This paper elevates the BigWALL Matrix IoTiZATION Theory to a complete for-
mal and computational framework. Our contributions are: 

1) Formalization. A heterogeneous multilayer Matrix Point Network and the 
symmetric BigWALL matrix W  that unifies human-human, human-thing, and 
thing-thing coupling (§3). 

2) Behavioral dynamics. A network-coupled nonlinear generalization of 
( ), , ,H f T U SI E= , with an IoTiZATION Equilibrium Theorem, an explicit crit-

ical coupling cγ , and a phase transition into self-reinforcing dependence (§4). 
3) Measurement. An IoTiZATION index Ω, an autonomy index  , and an 

information-theoretic measure of imposed intelligence   (§4). 
4) AI engine. A relational attention graph neural network with temporal recur-

rence (BigWALL-GNN) for behavior prediction, and an autonomy-preserving 
constrained reinforcement-learning controller for device-policy design (§5). 

5) Optimization and sustainability. A multi-objective utility-imposition-en-
ergy formulation yielding a Pareto frontier that connects IoTiZATION to sustain-
able development (§5 - 7). 

1.4. Scope and Limitations 

The framework targets the modeling, prediction, and human-centric optimization 
of human-thing interaction. Quantitative results in §7 are illustrative simulations 
that validate the internal consistency of the model; empirical calibration on field 
data (surveys, interaction logs, telemetry) is left to future work. Generalizability is 
bounded by the evolving nature of IoT technologies and human behavior. In par-
ticular, the BigWALL-GNN and the constrained controller of §5 are design spec-
ifications: they are exercised in this paper only through the synthetic protocol of 
§6 and are not trained on empirical data.  

2. Related Work 

IoT and its evolution. Research has matured from architectures, protocols, and 
security [1] [4]-[6] toward data-centric and human-centric concerns. Surveys po-
sition IoT as a substrate for pervasive services across smart cities, health, 
transport, and agriculture [2] [3] [7]. 
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Human-technology interaction and trust. A substantial literature studies how 
individuals perceive, adopt, and rely on technology, and how trust mediates reli-
ance in the IoT [8] [9]. These perspectives motivate trust ( T ) and perceived use-
fulness (U ) as first-class drivers of behavior. 

Network and behavioral modeling. Social network analysis provides the lan-
guage of nodes, edges, and centralities [10] [11]; opinion-dynamics models such 
as DeGroot averaging [12] and the Friedkin-Johnsen model [13] describe how in-
fluence propagates—tools we adapt to the multilayer human-thing setting. Sys-
tem-dynamics modeling [14] frames the reinforcing and balancing feedback that 
drive IoTiZATION. 

Learning on graphs and decision-making. Graph convolutional and attention 
networks [15] [16] and relational GNNs [17], combined with gated recurrence 
[18], enable predictive modeling over heterogeneous, evolving networks; intelli-
gent decision-making for IoT services is an active area [19] [20]. Safe, constrained 
control is formalized through constrained Markov decision processes [21] and 
constrained policy optimization [22]. 

Gap. Prior work treats devices, networks, prediction, and ethics largely in iso-
lation. The BigWALL theory unifies them: it couples humans and things in one 
operator, derives the resulting behavioral dynamics and their tipping points, and 
prescribes device behavior that is provably mindful of human autonomy. 

3. The BigWALL Matrix IoTiZATION Theory: Formal 
Framework 

3.1. Conceptual Framework and Ideology 

The theory places humans at the center of the IoT ecosystem and studies how the 
proliferation of connected things reshapes human behavior, relationships, and so-
ciety. Conceptually (Figure 1), it organizes the world into three coupled layers—
a human society layer, a BigWALL interaction interface, and a connected-things 
layer—traversed by four analytic pillars: matrix-point network analytics, a predic-
tive AI engine, autonomy-preserving optimization, and human-centric, sustaina-
ble outcomes. The ideological core is a shift in trustworthiness and reliance toward 
connected things, which can complement but also displace human-to-human in-
teraction; the framework’s purpose is to render this shift measurable and steera-
ble. 

3.2. The Matrix Point Network 

Definition 1 (Matrix Point Network). Let { }1, , nh h=   be a set of humans 
and { }1, , mτ τ=   a set of connected things. The Matrix Point Network is the 
heterogeneous multilayer graph ( ),=    with = ∪    and three relation 
types: human-human social ties, human-thing interaction ties, and thing-thing 
(machine-to-machine) ties. 

Each “point” is a locus of interaction—a wall in the original metaphor—at 
which human agency meets device capability (Figure 2). The relations are en-
coded by three nonnegative weight matrices: 
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Figure 1. Conceptual framework of the BigWALL Matrix IoTiZATION Theory: three cou-
pled layers feed four analytic pillars, with a feedback loop through which outcomes adapt 
human behavior and device policy. 
 

 

Figure 2. The Matrix Point Network as a multilayer graph: a human social layer ( A ), a 
connected-things layer ( C ), and the human-thing interaction links ( B ) that form the 
BigWALL interface. 
 

0 0 0, , ,n n n m m m× × ×
≥ ≥ ≥∈ ∈ ∈A B C    

where =A A  is the social adjacency, ikB  is the interaction intensity between 
human i  and thing k , and =C C  is the M2M connectivity. 

3.3. The BigWALL Coupling Matrix 

Definition 2 (BigWALL matrix). The BigWALL matrix is the symmetric block 
operator 
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( ) ( )
0 .n m n m+ × +

≥
 

= ∈ 
 

A B
W

B C
  

W  is the central object of the theory: it embeds the entire human-thing eco-
system in one matrix (Figure 3), so that algebraic and spectral tools apply uni-
formly. We use row-normalized influence operators 
 

 

Figure 3. Block structure of the BigWALL matrix W . The human block A , thing block 
C , and the human-thing coupling B  (with transpose B ) form a single symmetric 
operator on ∪  . 
 

1 1ˆ ˆ, ,A B
− −= =A D A B D B  

where ( )diagA =D A1  and ( )diagB =D B1  collect (positive) row sums; Â  
and B̂  are row-stochastic, encoding how a human apportions social and device 
influence, respectively. Row normalization follows the classical convention of 
DeGroot averaging and the Friedkin-Johnsen model [12] [13], in which each 
agent distributes a unit budget of attention across its ties; it makes weights inter-
pretable as attention shares and delivers the spectral properties ( ( ) 1ˆ =A ) ex-
ploited in §4.  

3.4. Matrix-Point Network Analytics 

Spectral analysis of W  exposes structural roles. Let c  solve the eigenvector-
centrality relation maxλ=Wc c , partitioned as [ ];=c c c  . We define two diag-
nostics that operationalize the theory’s notion of exposure to things. 
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Definition 3 (Thing-dependence centrality). For human i , 

[ ]0,1 ,
ˆ

ˆ ˆ
ik kk

i
ij j ik kj k

B c
A c B c

ρ = ∈
+

∑
∑ ∑



 
 

the fraction of i ’s centrality inflow originating from connected things. 
Definition 4 (Structural thing-exposure). Let ˆ ˆ=M BB  be the human-side 

shared-device operator. The exposure vector e  is the principal eigenvector of 
M ; ie  ranks humans by how strongly they share device dependence with influ-

ential peers. 
High iρ  or ie  flags individuals (or, aggregated, communities) most suscep-

tible to IoTiZATION, guiding human-centric design and intervention. 
Table 1 summarizes the principal notation used throughout the paper.  

 
Table 1. Summary of principal notation. 

Symbol Meaning 

,   sets of humans and connected things ( ,n m= =  ) 

, ,A B C  social, human-thing, M2M weight matrices 

W  BigWALL matrix (2) 

ˆ ˆ,A B  row-normalized influence operators 

iH  human i ‘s reliance/behavior toward things, ( )0,1∈  

, ,i i iT U E  trust, perceived usefulness, environment 

,i iSI Ψ  endogenous social and thing-imposed influence 

kΦ  intelligence/persuasion exerted by thing k  

, , , ,α β γ ζ δ  driver coefficients; iθ  threshold 

,i iΩ   IoTiZATION index and autonomy index 1 i= −Ω  

  imposed intelligence (information-theoretic) 

( )σ ⋅  logistic activation, 1 4Lσ =  

cγ  critical IoTiZATION coupling 

4. Behavioral Dynamics and the IoTiZATION Operator 
4.1. From the Static Driver Model to Coupled Dynamics 

The original theory models human behavior toward things as a function of trust 
T , perceived usefulness U , social influence SI , and environment E , i.e. 

( ), , ,H f T U SI E= , with a linear instance H T U SI Eα β γ δ= + + + . We retain 
these drivers but make two advances: we endogenize influence through the net-
work, and we add the device’s own persuasive “intelligence”. Define the endoge-
nous social influence and the thing-imposed drive on human i  at time t  as 
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( ) ( )( ) ( ) ( )( ), ,ˆ ˆ
i i ii

SI t t t t= Ψ =AH BΦ  

where ( ) ( ) ( )1 , , nt H t H t=   H 

  and ( ) ( ) ( )1 , , mt t t= Φ Φ  


Φ ,  

[ ]0,1kΦ ∈  being the intelligence thing k  exerts. The behavior of human i  
evolves as 

( ) ( ) ( )( )1 ,i i i i i i iH t T U SI t t Eσ α β γ ζ δ θ+ = + + + Ψ + −  

with logistic ( ) ( ) 1
1 e xxσ

−−= +  enforcing saturation ( )0,1iH ∈  and threshold 

iθ . The logistic threshold-saturation form is the standard choice in models of col-
lective behavior and technology adoption: it captures individual adoption thresh-
olds as in Granovetter’s classical model [23], reproduces the S-shaped diffusion 
curves documented since Bass [24], keeps iH  in the unit interval, and is the 
smooth counterpart of the hard-threshold cascade dynamics of Watts [25]. In vec-
tor form, 

( ) ( ) ( )( ) ( )( )1 : .ˆ ˆt t t tα β γ ζ δ+ = + + + + − = ΓH T U AH B E Hσ θΦ  

We call Γ the IoTiZATION operator. 
Remark 1. Setting idσ = , 0ζ = , = 0θ , and treating SI  as exogenous re-

covers the author’s original linear relation H T U SI Eα β γ δ= + + +  exactly; (7) 
is thus a strict, network-coupled generalization. 

4.2. Equilibrium, Stability, and the IoTiZATION Threshold 

With drivers , , ,T U E Φ  held over a horizon, Γ is a fixed-point map. Let 2⋅  
denote the spectral (operator-2) norm. 

Theorem 1 (IoTiZATION Equilibrium). Let σ  be Lσ -Lipschitz ( 1 4Lσ =  
for the logistic). If 

2
1,ˆLσγ <A  

then Γ is a contraction on [ ]0,1 n , admits a unique equilibrium ( )= ΓH H  , 
and the iteration (7) converges geometrically: 

( ) ( ) ( )22 2
ˆ 0 .

t
t Lσγ− ≤ −H H A H H   

Proof. For [ ], 0,1 n∈x y , the constant terms cancel and, since σ  acts ele-
mentwise with slope Lσ≤ , ( ) ( ) ( ) 22 2 2

ˆ ˆL Lσ σγ γΓ −Γ ≤ − ≤ −x y A x y A x y . 
Under (8) the modulus is <1, so Γ is a Banach contraction on the complete set 
[ ]0,1 n ; the Banach fixed-point theorem yields the claims. □ 

Definition 5 (Critical IoTiZATION coupling). 
1

c Lσ
γ =


, where ( )ˆρ= A  

is the spectral radius of Â  (for row-stochastic Â , 1= , hence 1 4c Lσγ = =  
for the logistic). 

Theorem 2 (Self-reinforcing regime). The operator Γ is monotone on [ ]0,1 n  
(componentwise), since σ  is increasing and ˆ , 0ˆ ≥A B . Hence, by the Knaster-
Tarski theorem, Γ possesses a least fixed point minH   and a greatest fixed point 

maxH  . For cγ γ>  the contraction certificate of Theorem 1 no longer applies, so 
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uniqueness is no longer guaranteed; if in addition the extremal fixed points sepa-
rate ( min max≠H H  ), multistability results: a low-reliance and a high-reliance equi-
librium coexist, and small perturbations can tip the population into self-reinforc-
ing IoTiZATION. 

Two logically distinct statements should be kept apart. First, cγ γ>  means 
only that the sufficient contraction condition (8) fails; by itself this does not es-
tablish multiple equilibria. Second, multistability does provably occur under ad-
ditional structure: in the homogeneous benchmark ( iT T≡ , iU U≡ , iE E≡ , 

iθ θ≡ , Â  row-stochastic) the dynamics collapse onto the scalar map  
( )h a hσ γ+ , which acquires three fixed points through a saddle-node bifur-

cation exactly when 1γσ ′ >  at the interior root—that is, beyond 1c Lσγ = . This 
is the smooth analogue of threshold-cascade multistability [23] [25]. This tipping 
behavior is the formal counterpart of the reinforcing feedback loop ( R ) in Figure 
4: greater trust raises reliance, which invites richer embedded intelligence, which 
raises dependence and, in turn, trust. A balancing loop ( B ) mediated by human 
autonomy opposes it. The numerically observed steepening of equilibrium reli-
ance H   as γ  crosses cγ  is reported in §7.  
 

 

Figure 4. IoTiZATION feedback structure. A reinforcing loop (R) drives dependence; a 
balancing loop (B) through human autonomy restrains it. The balance of R and B deter-
mines whether the system settles or tips. 

4.3. IoTiZATION and Autonomy Indices 

To measure how much of a human’s decision drive originates from things, de-
compose the equilibrium drive into its five components and define 

[ ]0,1 ,i
i

i i i i iT U SI E
ζ

α β γ ζ δ
Ψ

Ω = ∈
+ + + Ψ +



 
 

the IoTiZATION index of human i , with system-level 1 i inΩ = Ω∑ . The com-
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plementary autonomy index is 

1 , 1 .i i= −Ω = −Ω   

i  is the share of decision drive a human retains from self (trust, usefulness), 
peers, and environment, rather than from device-imposed intelligence; preserving 
  is the framework’s central human-centric objective. 

4.4. An Information-Theoretic Measure of Imposed Intelligence 

Beyond the structural index (10), we quantify imposed intelligence in information 
units. Let iX  be human i ’s realized decision (a random variable), ( )iZ  the 
recommendations/actions of the things in i ’s device neighborhood, and i  the 
observable context. The intelligence imposed on i  is the context-conditioned 
mutual information 

( )( ); | ,i i iiI X Z=    

which credits a device only for the variation in human decisions it explains beyond 
benign contextual correlation. The system imposition is 1 i in= ∑  . Minimiz-
ing   subject to maintaining service utility is the operational meaning of “mini-
mizing the impact of intelligence imposed by things”. 

5. AI-Driven Predictive and Prescriptive Engine 

To bring the theory to current technological practice, we embed an AI engine 
(Figure 5) that 1) predicts human behavior over the Matrix Point Network and 2) 
prescribes device policies that are useful yet autonomy-preserving. 
 

 

Figure 5. The BigWALL predictive-prescriptive AI engine: a relational attention GNN encodes the heterogeneous 
graph, a recurrent module captures temporal evolution, prediction heads forecast behavior and dependence, and a 
constrained-RL controller closes the loop by setting autonomy-preserving device policies. 
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5.1. BigWALL-GNN: Relational Attention Encoder 

Each node v  carries features vx  (e.g. for a human: , ,i i iT U E ; for a thing: capa-
bility, kΦ ). With relation set { }HH,HT,TH,TT= , layer l  updates embed-
dings by relation-specific attention message passing: 

( ) ( ) ( ) ( ) ( ) ( )

( )

1
0 , ,

r

l l l l l l
v v vu r r u

r u v
σ α+

∈ ∈

 
= +  

 
∑ ∑h W h W h
 

 

with normalized attention coefficients 

[ ]( )( )
[ ]( )( )( )

,

exp LReLU
,

exp LReLU
r

r r v r u
vu r

r r v r ur u v

α
′ ′ ′ ′ ′′ ′∈ ∈

=
∑ ∑

a W h W h

a W h W h








 

 

where   is concatenation and LReLU  the leaky rectifier. Relation-specific 
weights let human-thing influence be learned separately from peer influence, di-
rectly mirroring the block structure of W  [16] [17]. 

5.2. Temporal Recurrence and Prediction Heads 

Because IoTiZATION is dynamic, the per-step embedding ( ) ( ) ( )L
v vt t=g h  is 

passed through a gated recurrent unit [18]: 

( ) ( ) ( )( )GRU , 1 ,v v vt t t= −z g z  

yielding state ( )v tz  from which linear/sigmoid heads predict 

( ) ( )( ) ( )( )ˆ 1 ,ˆ,i H i H i iH t t b t bσ σ Ω Ω+ = + Ω = +w z w z   

and an estimate ̂  of imposition. Training minimizes 

( )
( )( ) ( )2 2

1 2 2
,

ˆ ˆ ˆ1 1 tr ,i i
i t

H t H λ λ
∈

= + − + + Θ∑ H LH






 

where   are observed labels, = −L D A  is the graph Laplacian enforcing 
smoothness of predictions over social ties, and Θ  are model parameters. 

5.3. Autonomy-Preserving Control as a Constrained MDP 

The prescriptive layer designs how things should act. Model the ecosystem as a 
Markov decision process with state ts  (network state and embeddings), action 

ta  setting device policy parameters that shape ( ),B Φ , and service reward serv
tR . 

We require devices to be useful without imposing excessive intelligence: 

( )

( )

serv

min

max

s.t. , .
t

t
t

t

t
t

J R

J

ππ

π

π γ

π γ ε

 =   
 = ≤ ≥  
∑

∑





   

 

This constrained MDP [21] is solved by primal-dual policy optimization on the 
Lagrangian 

( ) ( ) ( )( ), , 0,J Jπ λ π λ π ε λ= − − ≥  
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alternating ascent on policy parameters with projected ascent on the multiplier 
λ  (Algorithm 1) [22]. 
 

Algorithm 1. Autonomy-preserving IoTiZATION control. 

 

5.4. Multi-Objective Design and Sustainability 

At the design level we jointly trade service utility  , imposition  , and environ-
mental/energy cost   over device-policy parameters Θ: 

( ) ( ) ( )( ) ( ) minmin , , s.t. ,
Θ

− Θ Θ Θ Θ ≥     

with scalarization ( ) u i eF w w wΘ = − + +  . The Pareto frontier of (20), com-
puted in §7, exposes the achievable utility for each tolerated level of imposition; 
because   aggregates energy and resource use, optimizing (20) ties IoTiZA-
TION directly to sustainable development—connected things can raise efficiency 
while a chosen autonomy-aware operating point caps their imposition. 

6. Methodology 
6.1. Operationalizing the Variables 

Each construct is given a concrete measurement recipe. Trust iT  and perceived 
usefulness iU  are elicited with validated technology-acceptance survey instru-
ments (UTAUT-style Likert scales, rescaled to [ ]0,1 ) [9]. The environment term 

iE  aggregates observable context—connectivity quality, device density, and am-
bient conditions—from telemetry. Device intelligence kΦ  is scored from capa-
bility audits and logged persuasion events of thing k  (recommendation fre-
quency, proactive actuations). Reliance iH  is operationalized behaviorally as the 
fraction of a person’s logged decisions in a reference period that follow, or are 
delegated to, device recommendations. Edge weights are data-driven: ijA  from 
communication/social-tie intensity, ikB  from the frequency and duration of in-
teraction between human i  and thing k , and kC



 from observed machine-to-
machine traffic.  

6.2. Illustrative Simulation Protocol (This Paper) 

All quantities in §7 are generated synthetically; no empirical data enter this study. 
The social graph A  is a Barabási-Albert network ( 60n = , 0 3m = ); the bipartite 
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B  links each human to 3 - 5 of 25m =  things with weights drawn from 
( )0.3,1 ; M2M ties C  are sparse random (12% density). Drivers are drawn 

once per world: ( )~ 0.2,0.8iT  , ( )~ 0.3,0.9iU  , ( )~ 0.2,0.4iE − ,  
( )~ 0.4,1kΦ  . Coefficients are fixed by design at the values of Table 2 rather 

than estimated from data. The estimation stage is nevertheless demonstrated on 
the synthetic record: the same coefficients are re-identified by logit-linear regres-
sion on noisy trajectories (observation noise ( )20,0.02 , six random restarts, 
70/30 train-test split), which also yields the held-out one-step-ahead RMSE in Ta-
ble 3. The BigWALL-GNN and the RL controller are not trained in this study; 
they enter only as specifications.  
 
Table 2. Configuration of the illustrative simulation study. 

Component Setting 

Humans/things ( ,n m ) 60/25 

Human-thing ties B  3 - 5 things/human, ( )0.3,1  

M2M ties C  sparse random, 12% density 

Social graph A  Barabási-Albert ( 0 3m = ) 

Activation σ  logistic, 1 4Lσ =  

Drivers , , ,α β δ θ  0.8, 0.7, 0.5, 1.2 

Couplings ,γ ζ  swept/0.9 

Critical coupling cγ  ( )1 4.0Lσ =  

Horizon T  35 - 60 steps 

 
Table 3. Quantitative diagnostics of the illustrative study (protocol of §6.2).  

Diagnostic Value 

Recovered ( )ˆ , ,ˆ ˆα β γ  (0.804, 0.693, 0.587) 

Recovered ( )ˆ, ,ˆ ˆζ δ θ  (0.883, 0.503, 1.177) 

One-step RMSE of Ĥ  (held-out) 0.020 

Iterations to ( ) 310t −

∞
− <H H   4 

Equilibrium mean reliance H   0.65 

Mean autonomy   (mean Ω ) 0.68 (0.32) 

Thing-dependence centrality ρ  (max) 0.37 (0.50) 

Corr. ( ),i ir ρ Ω ; ( ),i ir e Ω  −0.00; −0.09 

Imposition ̂ , bits/decision (max) 0.002 (0.005) 

Critical coupling ( )1c Lσγ =   4.0 
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6.3. Prospective Empirical Deployment Workflow 

For future field deployment, the framework is instantiated in four stages. 1) Data 
collection. Human attitudes and interactions are gathered via surveys, interviews, 
observation, and mining of device/social logs, supplying drivers , ,T U E  and 
edge weights for , ,A B C  as specified in §6.1. 2) Network construction. The Ma-
trix Point Network and BigWALL matrix W  are assembled and normalized. 3) 
Estimation. Driver coefficients ( ), , , ,α β γ ζ δ  are estimated by regression or 
structural-equation modeling on the empirical record; the BigWALL-GNN is 
trained on temporal interaction data. 4) Evaluation. Predictive accuracy (RMSE 
of Ĥ  on held-out periods), structural diagnostics ( ,i ieρ ), and the indices , ,Ω   
are reported, and the controller of Algorithm 1 is evaluated against utility/impo-
sition baselines. Table 2 lists the configuration used for the illustrative study; Ta-
ble 3 reports its quantitative outcomes. 

7. Illustrative Results and Analysis 

We report illustrative simulations that test the internal consistency of the frame-
work; they are not empirical claims. Table 3 collects the quantitative diagnostics 
promised in §6, computed under the protocol of §6.2.  

Convergence to equilibrium. With 0.6 cγ γ= < , condition (8) holds and, as 
Theorem 1 predicts, every trajectory converges rapidly to a unique equilibrium 
reliance (Figure 6(a)); the population mean ( )H t  stabilizes within a handful of 
iterations (within 10−3 of H   in four iterations; equilibrium mean 0.65H = ). 
 

 

Figure 6. Behavioral dynamics under sub-critical coupling. (a) Trajectories ( )iH t  (faint) and population mean ( )H t  (bold) 

converge to the unique IoTiZATION equilibrium, Convergence to loTiZATION equilibrium. (b) Equilibrium distribution of the 
autonomy index 1i i= −Ω , Distribution of human autonomy.  

 
Autonomy distribution. At equilibrium the autonomy index 1i i= −Ω  

from (10) is heterogeneous across the population (Figure 6(b)), with mean 
0.68≈  ( 0.32Ω = ). The left tail identifies individuals whose decisions are most 
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device-driven, and these are prioritized for human-centric safeguards. The struc-
tural diagnostics are reported alongside: mean thing-dependence centrality 

0.37ρ =  (max 0.50). In this homogeneous synthetic world, iρ  and ie  corre-
late only weakly with the realized drive share iΩ  ( 0.00r = −  and 0.09r = − ), 
confirming that they measure complementary, purely topological exposure rather 
than duplicating iΩ ; on empirical data, where device intelligence and usage in-
tensity are heterogeneous and correlated, closer alignment is expected.  

Coefficient recovery and predictive accuracy. Logit-linear regression on the 
noisy synthetic trajectories (§6.2) re-identifies the design coefficients to within a 
few percent— ( ) ( ), , , , , 0.804,0.693,0.587,0.883ˆ ˆ ,0.503,1.177ˆ ˆˆ ˆα β γ ζ δ θ =  against 
the true ( )0.8,0.7,0.6,0.9,0.5,1.2 —and attains a held-out one-step-ahead RMSE 
of 0.020 for Ĥ  (Table 3). This validates the identifiability of the estimation stage 
on data of this type; empirical RMSE for the trained BigWALL-GNN is deferred 
to field deployment (§6.3).  

Numerical imposition. A plug-in estimate of the conditional mutual infor-
mation (12) over 4000 simulated stochastic decision epochs gives a system impo-
sition of ˆ 0.002≈  bits per decision (max over individuals 0.005): under sub-
critical coupling with homogeneous device intelligence, things explain little deci-
sion variation beyond context—exactly the regime the controller of §5 is designed 
to certify and maintain.  

Phase transition. Sweeping the social-thing coupling γ  reveals the predicted 
bifurcation: equilibrium reliance H   rises gently while cγ γ<  and steepens 
sharply as 4.0cγ γ→ ≈  (Figure 7(a)), the onset of the self-reinforcing regime of 
Theorem 2. The threshold cγ  is thus an actionable early-warning indicator for 
runaway dependence. 
 

 

Figure 7. (a) IoTiZATION phase transition: equilibrium reliance H   versus coupling γ , with critical value 4.0cγ ≈ . (b) Utility-
imposition Pareto frontier with the selected autonomy-aware operating point. 

 
Utility-imposition trade-off. The Pareto frontier of (20) (Figure 7(b)) shows 

that high service utility need not entail maximal imposed intelligence: a knee-
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point autonomy-aware operating point attains near-maximal utility at substan-
tially reduced imposition  , the regime Algorithm 1 targets. 

8. Discussion 

1) Interpretation. The results substantiate the theory’s central claim: human 
reliance on connected things is an emergent, network-mediated equilibrium 
whose value and stability are governed by measurable couplings. The contraction 
condition (8) and threshold cγ  turn the qualitative “mindset development” nar-
rative into quantitative, testable predictions, while Ω,  , and   render auton-
omy and imposed intelligence first-class, optimizable quantities. 

2) Theoretical implications. The BigWALL matrix unifies social-network 
analysis, opinion dynamics, and IoT modeling within one operator, enabling 
spectral and fixed-point tools to characterize human-thing systems. Theorems 1 - 
2 contribute tipping-point analysis absent from the original formulation. 

3) Practical implications. For designers and policymakers, the framework 
yields concrete instruments: monitor γ  relative to cγ ; track   as a well-be-
ing KPI; deploy Algorithm 1 so services optimize utility under an explicit impo-
sition budget; and select operating points on the Pareto frontier that respect sus-
tainability and autonomy jointly. 

4) Ethics and sustainability. Treating imposed intelligence as a constraint ra-
ther than an afterthought operationalizes privacy-by-design and responsible-in-
novation principles, and links efficiency gains to bounded human imposition—
advancing sustainable, human-centric IoT. 

5) Limitations and future work. Empirical calibration on real interaction data, 
identifiability of driver coefficients, richer (e.g. heterogeneous-threshold or con-
tinuous-time) dynamics, adversarial robustness of the controller, and longitudinal 
field studies of Ω over time are important next steps. In particular, training and 
validating the BigWALL-GNN and the constrained controller on real interaction 
data is the essential step from the present specification to a deployed system.  

9. Conclusion 

We transformed the BigWALL Matrix IoTiZATION Theory into a rigorous, AI-
driven framework for human-thing interaction in the IoT era. By embedding hu-
mans and connected things in a single BigWALL matrix, generalizing the author’s 

( ), , ,H f T U SI E=  relation into a coupled nonlinear dynamical system with 
provable equilibrium and a tipping threshold, quantifying autonomy and imposed 
intelligence, and coupling a predictive graph-neural engine to an autonomy-pre-
serving controller, the theory now predicts behavior, exposes risk, and prescribes 
responsible device action. The framework charts a path toward a future in which 
humans and connected things coexist harmoniously—leveraging the Internet of 
Things for societal well-being while keeping human autonomy provably at the 
center.  

https://doi.org/10.4236/ait.2026.163005


W. L. Nyuydzeran 
 

 

DOI: 10.4236/ait.2026.163005 75 Advances in Internet of Things 
 

Conflicts of Interest 

The author declares no conflicts of interest regarding the publication of this paper. 

References 
[1] Atzori, L., Iera, A. and Morabito, G. (2010) The Internet of Things: A Survey. Com-

puter Networks, 54, 2787-2805. https://doi.org/10.1016/j.comnet.2010.05.010 

[2] Gubbi, J., Buyya, R., Marusic, S. and Palaniswami, M. (2013) Internet of Things (IoT): 
A Vision, Architectural Elements, and Future Directions. Future Generation Com-
puter Systems, 29, 1645-1660. https://doi.org/10.1016/j.future.2013.01.010 

[3] Lee, I. and Lee, K. (2015) The Internet of Things (IoT): Applications, Investments, 
and Challenges for Enterprises. Business Horizons, 58, 431-440.  
https://doi.org/10.1016/j.bushor.2015.03.008 

[4] Lin, J., Yu, W., Zhang, N., Yang, X., Zhang, H. and Zhao, W. (2017) A Survey on 
Internet of Things: Architecture, Enabling Technologies, Security and Privacy, and 
Applications. IEEE Internet of Things Journal, 4, 1125-1142.  
https://doi.org/10.1109/jiot.2017.2683200 

[5] Sicari, S., Rizzardi, A., Grieco, L.A. and Coen-Porisini, A. (2015) Security, Privacy 
and Trust in Internet of Things: The Road Ahead. Computer Networks, 76, 146-164.  
https://doi.org/10.1016/j.comnet.2014.11.008 

[6] Xu, L.D., He, W. and Li, S. (2014) Internet of Things in Industries: A Survey. IEEE 
Transactions on Industrial Informatics, 10, 2233-2243.  
https://doi.org/10.1109/tii.2014.2300753 

[7] Zanella, A., Bui, N., Castellani, A., Vangelista, L. and Zorzi, M. (2014) Internet of 
Things for Smart Cities. IEEE Internet of Things Journal, 1, 22-32.  
https://doi.org/10.1109/jiot.2014.2306328 

[8] Yan, Z., Zhang, P. and Vasilakos, A.V. (2014) A Survey on Trust Management for 
Internet of Things. Journal of Network and Computer Applications, 42, 120-134.  
https://doi.org/10.1016/j.jnca.2014.01.014 

[9] Venkatesh, V., Morris, M.G., Davis, G.B. and Davis, F.D. (2003) User Acceptance of 
Information Technology: Toward a Unified View1. MIS Quarterly, 27, 425-478.  
https://doi.org/10.2307/30036540 

[10] Wasserman, S. and Faust, K. (1994) Social Network Analysis: Methods and Applica-
tions. Cambridge University Press. https://doi.org/10.1017/cbo9780511815478 

[11] Newman, M.E.J. (2010) Networks: An Introduction. Oxford University Press. 

[12] DeGroot, M.H. (1974) Reaching a Consensus. Journal of the American Statistical As-
sociation, 69, 118-121. https://doi.org/10.1080/01621459.1974.10480137 

[13] Friedkin, N.E. and Johnsen, E.C. (1990) Social Influence and Opinions. The Journal 
of Mathematical Sociology, 15, 193-206.  
https://doi.org/10.1080/0022250x.1990.9990069 

[14] Sterman, J.D. (2000) Business Dynamics: Systems Thinking and Modeling for a Com-
plex World. Irwin/McGraw-Hill, Boston.  

[15] Kipf, T.N. and Welling, M. (2017) Semi-Supervised Classification with Graph Con-
volutional Networks. Proceedings of the International Conference on Learning Rep-
resentations (ICLR), Toulon, 24-26 April 2017.  
https://arxiv.org/abs/1609.02907  

[16] Veličković, P., Cucurull, G., Casanova, A., Romero, A., Liò, P. and Bengio, Y. (2018) 
Graph Attention Networks. Proceedings of the International Conference on Learning 

https://doi.org/10.4236/ait.2026.163005
https://doi.org/10.1016/j.comnet.2010.05.010
https://doi.org/10.1016/j.future.2013.01.010
https://doi.org/10.1016/j.bushor.2015.03.008
https://doi.org/10.1109/jiot.2017.2683200
https://doi.org/10.1016/j.comnet.2014.11.008
https://doi.org/10.1109/tii.2014.2300753
https://doi.org/10.1109/jiot.2014.2306328
https://doi.org/10.1016/j.jnca.2014.01.014
https://doi.org/10.2307/30036540
https://doi.org/10.1017/cbo9780511815478
https://doi.org/10.1080/01621459.1974.10480137
https://doi.org/10.1080/0022250x.1990.9990069
https://arxiv.org/abs/1609.02907


W. L. Nyuydzeran 
 

 

DOI: 10.4236/ait.2026.163005 76 Advances in Internet of Things 
 

Representations (ICLR), Vancouver, 30 April-3 May 2018.  
https://arxiv.org/abs/1710.10903  

[17] Schlichtkrull, M., Kipf, T.N., Bloem, P., van den Berg, R., Titov, I. and Welling, M. 
(2018) Modeling Relational Data with Graph Convolutional Networks. In: Gangemi, 
A., et al., Eds., The Semantic Web (ESWC 2018), Lecture Notes in Computer Science, 
Springer International Publishing, 593-607.  
https://doi.org/10.1007/978-3-319-93417-4_38 

[18] Cho, K., van Merrienboer, B., Gulcehre, C., Bahdanau, D., Bougares, F., Schwenk, H., 
et al. (2014) Learning Phrase Representations Using RNN Encoder-Decoder for Sta-
tistical Machine Translation. Proceedings of the 2014 Conference on Empirical Meth-
ods in Natural Language Processing (EMNLP), Doha, 25-29 October 2014, 1724-
1734. https://doi.org/10.3115/v1/d14-1179 

[19] Mohammadi, M., Al-Fuqaha, A., Sorour, S. and Guizani, M. (2018) Deep Learning 
for IoT Big Data and Streaming Analytics: A Survey. IEEE Communications Surveys 
& Tutorials, 20, 2923-2960. https://doi.org/10.1109/comst.2018.2844341 

[20] Kambatla, K., Kollias, G., Kumar, V. and Grama, A. (2014) Trends in Big Data Ana-
lytics. Journal of Parallel and Distributed Computing, 74, 2561-2573.  
https://doi.org/10.1016/j.jpdc.2014.01.003 

[21] Altman, E. (1999) Constrained Markov Decision Processes. Chapman & Hall/CRC. 

[22] Achiam, J., Held, D., Tamar, A. and Abbeel, P. (2017) Constrained Policy Optimiza-
tion. Proceedings of the 34th International Conference on Machine Learning (ICML), 
Sydney, 6-11 August 2017, 22-31. https://proceedings.mlr.press/v70/achiam17a.html  

[23] Granovetter, M. (1978) Threshold Models of Collective Behavior. American Journal 
of Sociology, 83, 1420-1443. https://doi.org/10.1086/226707 

[24] Bass, F.M. (1969) A New Product Growth for Model Consumer Durables. Manage-
ment Science, 15, 215-227. https://doi.org/10.1287/mnsc.15.5.215 

[25] Watts, D.J. (2002) A Simple Model of Global Cascades on Random Networks. Pro-
ceedings of the National Academy of Sciences, 99, 5766-5771.  
https://doi.org/10.1073/pnas.082090499 

 

https://doi.org/10.4236/ait.2026.163005
https://arxiv.org/abs/1710.10903
https://doi.org/10.1007/978-3-319-93417-4_38
https://doi.org/10.3115/v1/d14-1179
https://doi.org/10.1109/comst.2018.2844341
https://doi.org/10.1016/j.jpdc.2014.01.003
https://proceedings.mlr.press/v70/achiam17a.html
https://doi.org/10.1086/226707
https://doi.org/10.1287/mnsc.15.5.215
https://doi.org/10.1073/pnas.082090499

	The BigWALL Matrix IoTiZATION Theory: A Graph-Theoretic and AI-Driven Framework for Modeling Human-Thing Interaction, Predictive Behavior, and Autonomy-Preserving Optimization in the Internet of Things
	Abstract
	Keywords
	1. Introduction
	1.1. Background and Motivation
	1.2. Problem Statement
	1.3. Objectives and Contributions
	1.4. Scope and Limitations

	2. Related Work
	3. The BigWALL Matrix IoTiZATION Theory: Formal Framework
	3.1. Conceptual Framework and Ideology
	3.2. The Matrix Point Network
	3.3. The BigWALL Coupling Matrix
	3.4. Matrix-Point Network Analytics

	4. Behavioral Dynamics and the IoTiZATION Operator
	4.1. From the Static Driver Model to Coupled Dynamics
	4.2. Equilibrium, Stability, and the IoTiZATION Threshold
	4.3. IoTiZATION and Autonomy Indices
	4.4. An Information-Theoretic Measure of Imposed Intelligence

	5. AI-Driven Predictive and Prescriptive Engine
	5.1. BigWALL-GNN: Relational Attention Encoder
	5.2. Temporal Recurrence and Prediction Heads
	5.3. Autonomy-Preserving Control as a Constrained MDP
	5.4. Multi-Objective Design and Sustainability

	6. Methodology
	6.1. Operationalizing the Variables
	6.2. Illustrative Simulation Protocol (This Paper)
	6.3. Prospective Empirical Deployment Workflow

	7. Illustrative Results and Analysis
	8. Discussion
	9. Conclusion
	Conflicts of Interest
	References

