Appearance—Behavior Framework v2.2 | Koji Okino, SD Lab LLC | ORCID: 0009-0003-9273-9813

Appearance—Behavior Framework v2.2:
Real-Time Digital Twin and
Sequential Bayesian Updating

From Validation-Grounded Inference to Adaptive Personalized Monitoring

Koji Okino
SD Lab LLC

ORCID: 0009-0003-9273-9813

Abstract

The Appearance—Behavior Framework v2.2 advances the validation-grounded foundation established in v2.1
by introducing three tightly integrated contributions targeting real-time, personalized behavioral monitoring.
First, the Sequential Bayesian Updating and Digital Twin Architecture (Fig. 28) formalizes the
closed-loop update rule p(B, F, 0 | Xl:t+1’ C, K) x p(xt+1 | B,F, 6,C)- pB,F, 0| Xl:t, C, K), enabling the
posterior to be updated incrementally as new observations arrive without full re-estimation. Second, the ABF
Digital Twin Dashboard (Fig. 29) operationalizes this architecture as an individualized monitoring interface,
integrating BTRS trajectory, estimated critical transition time fcm, forecasted latent trajectory, uncertainty
decomposition, and recommended actions within a single continuously updated view — illustrated for an
ADNI-inspired synthetic subject (BTRS = 0.61, Risk Level: Moderate, fcm = 52.3 months). Third, a Batch vs.
Sequential comparison (Fig. 30) demonstrates that Sequential Bayesian Updating is consistent with lower
one-step-ahead prediction RMSE and higher cumulative predictive log score relative to batch inference in a
synthetic ADNI-inspired pilot. Complementary contributions include Personalized Behavioral Forecasts
(Fig. 31) across three illustrative subjects with distinct risk profiles, and Adaptive Weight Evolution (Fig. 32)
demonstrating how component weights evolve dynamically under Sequential Bayesian Updating. All results
are simulation-derived; the framework remains a decision-support tool, not a diagnostic instrument.

Keywords: digital twin, sequential Bayesian updating, personalized monitoring, adaptive weights, BTRS,
behavioral transformation, real-time inference, cognitive decline
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1. Introduction

The Appearance—Behavior Framework (ABF) has progressed through a cumulative series of releases.
Versions v1.0-v1.4 established the conceptual, mathematical, and identifiability foundations. ABF v2.0
introduced predictive behavioral trajectory forecasting and early detection of behavioral transformation via the
Behavioral Risk Score (BTRS). ABF v2.1 advanced the framework toward
validation-grounded inference through calibration assessment, synthetic ground truth recovery, and BTRS
parameter sensitivity analysis.

Transformation

The central limitation of v2.0-v2.1 was the batch inference assumption: all observations were processed
simultaneously, requiring full re-estimation when new data arrived. This is incompatible with the real-time,
longitudinal monitoring scenarios that motivate the framework — where individual subjects accumulate new
observations over months or years, and risk assessment must be updated continuously and efficiently.

ABF v2.2 resolves this limitation through Sequential Bayesian Updating: a closed-loop architecture in which
each new observation updates the posterior incrementally, propagating forward to refresh BTRS, fcm, and
forecast trajectories in real time. This architecture constitutes the core of the ABF Digital Twin — an
individual-level, continuously evolving probabilistic model of behavioral dynamics — operationalized through

the Digital Twin Dashboard (Fig. 29).

The roadmap in Fig. 12 situates v2.2 within the cumulative development arc: vl1.x (Theory) — v2.0
(Prediction) = v2.1 (Validation) = v2.2 (Adaptation) = v2.3 (Intervention). Figures 1-27 from v1.0-v2.1 are
retained as the foundational context; Figs. 28—32 constitute the new v2.2 contributions.

Fig. 1 Appearance-Behavior Framework Overview (v1.2)
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Fig. 1 — ABF Framework Overview (v1.2). Six-stage pipeline from Reality to Behavior Model across biological, cognitive,
physical, and Al domains.
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Fig. 12 Roadmap Toward Cross-Domain Behavioral Science
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2. Foundations Review (v1.0-v2.1)

This section recaps the theoretical substrate inherited by v2.2. No new claims are made; the purpose is to
establish notation and situate the v2.2 contributions.

2.1 Latent Behavior Manifold and Observation Model (v1.2)

The system evolves on latent manifold M < R™: Z,1,= F(zt, U 0) + Ny observed as X, = h(zt, ct) +E, X EAC
R™, m < n. Goal: recover (F, 0, B) from {xt}, H, C, K.

Fig. 2 Latent Behavior Manifold and Observation Projection
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Fig. 2 — Latent Behavior Manifold and Observation Projection.

2.2 Four Behavioral Classes and Timescale Hierarchy (v1.1-v1.2)

Four latent behavioral classes: Persistence (stable attractor), Response (perturbation recovery),
Adaptation (parameter evolution, 0 < n <« 1), Transformation (bifurcation). Observable signature vector S =
[T, V, E, AC, TF, ST] (Fig. 5). Timescale hierarchy (Fig. 4) connects to the Two-Layer Meta-Model (TLMM).
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Behavior Classes as Latent Transition-Generating Dynamics
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Fig. 3 Four Operational Classes of Behavior
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Fig. 4 Timescale Hierarchy of Behavioral Dynamics
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Fig. 5 Observable Signatures of Latent Behavioral Dynamics
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Fig. 5 — Observable Signatures of Latent Behavioral Dynamics.

2.3 Inference Pipeline and Identifiability (v1.2—v1.4)

The inference pipeline (Fig. 7) maps appearances through embedding (Takens, Fig. 6), pattern discovery,
and classification to a latent model. Equifinality (Fig. 8) is addressed via constraint accumulation (Figs. 9, 18)
and cross-modal fusion (Fig. 20). The v1.4 identifiability framework (Figs. 15—-21) provides Fisher information
bounds and equifinality pruning. Fig. 21 positions ABF as a meta-framework integrating TLMM and SET.
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Fig. 6 State-Space Reconstruction of Latent Behavioral Dynamics
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Fig. 6 — State-Space Reconstruction.
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noisy, and i I igy (see Fig. 5) (see Fig. 6) regimes, and transitions (see Fig. 3)
understanding, prediction,
o and intervention
' Inference Operator (Central to Pipeline) "
; The inference operator 1 maps. :
S i e obsscetls e X s hioorH e This oparator connects observation i ATy
o e C e B, F,8 to latent behavioral models through
behavioral structure, dynamics, = I(X,H,C) matliematical ifarance:

and parameters.

Behavior Inference Flow (Information Across Pipeline)

Key Principles Connections to Other Figures

Fig. 8
Data Signatures Embedding Patterns. Class Model V' Obsarvable appearances contain information dentifiabily
about latent behavioral dynamics.
() S (o) £ 8 M Fig. 2 Fig. 5 Fig. & Fig.7 Fig. 9
V' Delay-coordinate embedding recovers the s
Latent State —% Observable — StateSpace —% Inference —»  Constraints
geometry of the underlying system.
Space Signatures Reconstruction Pipeline Fig. 10-11
+ Patterns in the reconstructed space corraspond 'g. i
to aperational behavior classes. Case Studies
7z /' Models provide a compact, predictive, and Fig. 12
From raw appearances to inferred latent behavioral dynamics intarpratable dsscription ofbahavior Fig. 7 is the central integration point linking theory, data, and applications. Readnse
Practical Considerations Pipeline Pseudocode icatic
pel ; . Example Applications Ofitome:
allll  Choice of features affects sensitivity and robustness L eit Appsmapes tink asried 2({) @ Naujsacigies 883  Bohavioral Science
2: Compute observable signatures S(t) <=7 (EEG, fMRI, neural activity) FERY (cognition, mood, activity) Transform appearances
=% Embedding parameters (m, T) are critical, 3: Embed: y(2) = [=(8), 2(t — 1),,.., 20 — (m—1)7)" o into i
= g p: (m, 7) " (@) = [=(e), 2t — 7) (t — ( )r) m T B iRobstics & Ganiral into interpretable
i . 4: Discover patterns P in embedded space < R O Gl i ; models of latent
5 Dsta qualty flength, zampling, noise) matters. P e eart rate, gait, respiration) 5] (sensorimotor dynsmies) ki O
T T 5 s s & Fit behavior model M @ Cognitive Decline Modeling 3
KON Svletmien otith doai knoWl$dJalts ssme il 7: Qutput: Inferred latent behavioral dynamics and model (ADNI)

F This pipeline op ionalizes the App + Framework: bridgii

observation and latent dynamics through mathematics and data.

Fig. 7 — Behavior Inference Pipeline.
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Fig. 8 Behavioral Identifiability and Equifinality
The same appearances can arise from different latent behaviors

Behavior A (Example)
Persistence (Stable Attractor)

Behavior B (Example)
Response (Oscillatory Dynamics)

Equifinality Problem
Many-to-one mapping from behavior to appearance

Dynamics: Stable attractor Behavior — Appearance is generally non-invertible Dynamics: Limit cycle (perturbation-driven)
z

Generative Process Appearance X Generative Process

zip1 = Falz, O, w) +m oo Chionshie Oar t D g zi41 = Fplzi, 0, w) + 0
! = {z(t), (1)} I
(time series and signatures)
% Observation Function (1) Observation Function
& T = h(z)+ & M\WMM/W\MNWV ) 2 @ = h(z) + e
o Time

Produces Appearance X o (t) does not uniquely determine the underlying behavior. Produces the Same Appearance X

-

Key Message: Different latent behaviors (A # B) can generate i observed app (X). This is the equifinali which limits identifiability in ioral inference.
Why Equifinality Arises llustrative Example Identifiability Spectrum Consequences
« Many latent states map to Behavior A Same Appearance X Behavior B i i ik = {%} Inference ambiguity:
the same observation. (Persistence) (Response) A Eisinaicy Partial s Muttiple models explain the data.

« Information is lost in the mapping
h(z) + e

) . Wb |

G- .

Prediction risk:
Different models lead to different
forecasts and interventions.

g

Different dynamics can produce
similar observable patterns

=)

T consistent with X

Many behaviors Unique up to model class

(behavior consistent with X

Meodel non-uniqueness:
Multiple models can equally explain
the same appearances.

o

%

Limited data and noise further
increase ambiguity.

Identifiability depends on data, centext,

TR 5
Indistinguishable from observations alone. s g

Need for additional information:
Constraints are essential to reduce
equifinality (see Fig. 9).

Ways to Mitigate Equifinality Role in the Inference Pipeline Connections to Other Figures

More Observations Lgoowe dim sactes, highe= sEpring oo | Framework Overview (position of inferenca)

muttiple modaitios. Appesrance | | Fexture Embedding & Bohavioral Pattern | Operational Behavior Latent Behavior
P R Data (X) Extaction % Reconstuction " Discovery  *  Classification Model Latent State Space (many-to-one mapping)
" act tatas, experimental conditons, ‘ i -
extomal variablos. 7 i = | % e Oporational Classos (distinct dynamice)
tveturs! Constains | Mechanistic knowlecge, invariants, hd 4

Observable Signatures (limited information)

contarvation law. i i

Parsimonious models, stability constraints, i e Ethnallty sk

State-Space Reconstruction {recover geometry)

Model Assunmptions

VLOXOW®

| Ambiguity may persist at multiple stages. |
regularization. | bl S | Inforence Pipoline (where ambiguity arises)
Crass-modsl Observations COMbine differont data sourcos i Y. 3 | Identifiability Constraints (solutions o equifinality)
(0.9. EEG = bonavior, MMSE + MR, ; P e i
: i pply Constraints (Fig. = / Fig. 10-11 | Case Studies (real-world examples)
Combining these reduces uncertainty iR e ; - %
and limproves idontiiablity. Fig.12 | Roadmap (toward idontifiable, prodictive sciance)

o Tak y: Equifinality is fund: | in behavioral inference: the same appearances can come from multiple latent behaviors.
Recognizing this limitation metivates the use of constraints and richer information to achieve reliable identifiability.

Fig. 8 — Behavioral Identifiability and Equifinality.
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Fig. 9 Constraints for Behavioral Identification

Reducing uncertainty to infer latent behavioral dynamics

From Ambiguity to Identification
B History | Context

S )
ED Observations @ structural Constraints

What is observed

Mﬂ,ﬁ‘ fi il z(t)

Observable data
Appearance series

A

What came before

Temporal context
(past states, transitions)

+

+

In what situation

-0 @

Task / Environment
(state of the world)

Q

Individual / Domain

IRY;
&

What must be true
Mechanistic knowledge

(causality, invariants)

Model assumptions
(stability, limits, conservation)

Conservation laws
(physical, physiological,

Observable sig q f i | (subject, popuiation, statistical)
(lag., trajectory, entropy) (lags, duration, frequency) application domain)
— B - ~ I vy X I l
Reduced Uncertainty Goal

Narrow the set of plausible behaviors B

compatible with X

ion |

[ Hy;ot_he;is :‘.‘»;ace i!educt

Large set of

Constrained set of

plausible behaviors

—

Y 5 i
Identifiability ¢ | Equifinality 4 | Plausible behaviors

Infer latent behavior B
from appearance X
as reliably as possible.

©

¥

Behavior Inference

Outcome

Z3 Infer the most plausible latent behavioral dynamics
" X : observations (appearance)
Inference Operator B S kistory » .. .
B, F, 6 Gt earat !Vlore identifiable,
K : structural constraints interpretable, and
= I(X) H,C; K) - g ; predictive
21 i) infererice pperaton latent behavior models.
Y Why Constraints Matter % Examples of Constraints % Relationship to Other Figures
@ Observations alone rarely identify .g Mechanistic 9~ conservation of energy, Fig. 2 Latent State Space
a unique underlying behavior. neural excitability limits 92 Y (ihe sotrce of smbiguity)
. . . > Observable Signatures
(] Mult!ple beh_awurs may remain % Physiclogical :;:g';:::l;;:te bounds, | Fig. 5 J “im“er;inrom‘:_;( iun;‘m
consistent with the same : Infe Pineli
Fig. 8). T . nference Pipeline
app?aran-ce Ce 8l { ! Statistical 23 mmmm.ywm" L f ig. 7 ) (where constraints are applied)
@ Adding history, context, and regimes, sparsity 5 AR 8 e
structural constraints reduces : Fig. 8 icertiflatiity, & Bquifinality
i < e.g., stimulus (why are needed)
ambiguity. Task/Environment S :
@ Constraints encode domain knowledge, = 2 Fig.10-11 Case Studies
g ; La= ) traints in acti
causality, and physical/physiological limits. 9 Cross-Modal 9~ EEG + behavior, 5 4 (constiaint=iiniaction)
Identifabil: 2 C MMSE + MRI Fig. 12 Roadmap
as L F9- 12 | (toward identifiability)

accumulate.

From Theory to Practice %

—»—»‘@—»O—»Y—»@f

Collect Data BuildHistory ~  Define Context  Encode Constraints  Reduce Uncertainty  Infer Latent Behavior
(multi-source)  (temporal context) (task, subject, (knowledge, laws,  (shrink hypothesis (more reliable
domain) assumptions) space) models)

Central Role:

Key Takeaway

Constraints transform ambiguous
appearances into identifiable
inferences by injecting knowledge
about time, context, and structure.
They are the bridge from data

to understanding.

Constraints (time, context, and structure) are essential to overcome equifinality

and achieve reliable identification of latent behavioral dynamics.

Fig. 9 — Constraints for Behavioral Identification.
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Fig. 10 Case Study | — Behavioral Inference from EEG Dynamics

From EEG signals to inferred behavioral dynamics (CHB-MIT Scalp EEG Database)

EEG Acquisition (CHB-MIT)

Scalp EEG {multi-channal) Observable appearance signals

£y R e Time series (t)
it ol fgogdol ool M""T-"NW-W'\W'JW W'Wr'
b A - i
WA oy A1 i
Wttt oy Behavioral signatures Si(t)

Sampling: 256 Hz, 16-23 channels

Interictal & letal recordings

Examples: Normal vs. Seizure Transition
Normal {Interictal) — Persistence (Stable Attractor)
3 Behavioral signatures

1 Raw EEG (sxample channel) 2 Embedded trajectory

Observable Appearance Series

[ Behavioral Inference
Infer operational behavior class

a State-Space Embedding

Delay-coordinate embedding (Takens)
Feature axtraction

Trajectory, Variance, Entropy,

Autocorrelation, Transit

w(t) = (Zel®), zelt — 7). ... 2elt — (. — 1)7)]

»it)
+
=, chooss = Pattern discovar
o (clustering / regime detection)
s @
m NN P 2T
(FNN) W B -.! .,
wlt) ¥ +
Class identifieation
e (oporational bahavior)
Persistence / Response /
Reconstructed trajectory Adaptation / Transformation
in embedded space Inference Gperator
\F.0=I(X,H,C)
Seizure Onset / Transition — Transformation (Bifurcation-like Shift)

1 Raw EEG (example channel) 2 Embedded trajectory 3 Behavioral signatures

Toctory
w Complesity Same modality 7
susiny b s
) M\M i [ il Eifarerd ! Mlﬂ‘l Il
Moot et L
2 — i
B T B -
18 o neropy T g Trams. Froq Entropy
Autocars. Aot
Behavioral Signature Comparisen (Typical) Quantitative Summary (Example) Key Interpratation
signature Non Seizure Transition (Transformation) Interprotation Matris MNormal (Wean 2501 Seizure Trans, Mean £30) | Effect  + EEG appoarances that look
Tjectory Complasty Lowe High Path sucture Tajectory Complosity | 0.30 20,10 0722018 t imecoman < i o dfernt
e preri ish At fucaion e = oramr [T || el bt
+ Stato-space reconstruction reveals
Eniopy Low-Moderate Hgn rogulaity | uprodicatiny Entropy 0632017 1584031 Tt distnet attractor geometries.
Avtocorrolation (og1)  High (slow decay) Low(fact docay) Tomporatsructure Avtocorrlaton (g1l 0.80 =0.09 0232014 Wl
Trivon Ervauancy Lo High Ragios suinehing S e R s meaningful dynamical diffevences
Stability (Robustnass) High (robust] Law (fragilo) Dynamical robustness Valisas are indicative; depend on subject and channal, ¢ Transformation class conmsponds to

Dataset
CHB-MIT Scalp EEG Database

s o Analysis Settings (Example)
=1

* Padiatric subjacts with intractable ssizures

Sampling rate: 256 Hz
Channels: 16-23 (subject dependent)
* Scalp EEG, multiple sessions ity
Embedding

* Interictal and ictal periads

(Goldberger et al., 2000) Signatures: see Fig. 5

Central Message:

Preprocessing: bandpass filter (0.5-70 Hz),

8-20, m = 3-6 (FNN)

seixure onset / tran

lustrative example anly.
Potential Applications

@ A

Machanistic
undorstanding

Connections to Framework

&

Observables & Signatures
State-Space Embadding (Takens)

Inference Pipeline

ig. 5 ul]ﬂu

Early detection Personalized

Identifiability & Equifinality
of seizure transition

monitorng
Constraints for Identification

(Research / Clinical translation patential)

Inferred Behavioral Classes
[ Persistence (Stable Attractor)
Stable dynamics around an attractor

Embeddad Trajectory Example EEG Appaarance

(Normal interictal EEG)

] MMWMWW

Time

+
Example:
Normal interictal EEG

B transformation (Seizure Transition)

Bifurcation-like regime shift
to a qualitatively different regime

Embedded Trajectory

Example EEG Appaarance
Gctal ¢ Preictal EEG)

bbb

Time

Example:
Seizure onset / transition

Takeaway

EEG dynamies can be understood
through the Appearance-Behavier
Framework, revealing latent
behaviaral states beyond

@

conventional analysis.

By integrating observables, state-space reconstruction, and behavioral inference, the Appearance—Behavior Framework reveals distinct latent dynamics

underlying EEG signals, enabling principled identification of normal and seizure transition states.

Fig. 10 — Case Study |: EEG Dynamics (CHB-MIT).

Fig. 11 Case Study Il — Behavioral Inference from Cogpnitive Decline Dynamics
From MMSE trajectories to inferred behavioral dynamics (ADNI Dataset)

B MMSE Acquisition (ADNI) B} Observable Appearance Series

Longitudinal MMSE assessments Irregular time series of MMSE scores

State-Space Embedding

Delay-coordinate embedding (Takens)

@ Behavioral Inference
Infer operational behavior class.

Feature extraction

wx(ti) = [mults), zulti = 7). oo 2plti = (m—1)7)]

MMSE Trajectory

MMSE Trajectory

ar MMSE Appearances,
Different Inferred Behaviors

Hlustrative comparison

Subject A — Persistence (Stable Attractor)
Example: Gradual decline

Embedded Trajectory

Time (years)

Subject B — Transformation (Bifurcation-like Shift)

Regime transition
Example: Accelerating decline
Embodded Trajectory

Time tyears)

Interpretation: Same MMSE appearances
but different inferred behaviers

Takeaway
Cognitive decline dynamics can be.
understood through the
Appearance-Behavior Framework,
revealing that the same MMSE
trajectory can correspond to
different latent behavioral states.

i

e MMSE MMSE MMSE(L;) Trajectory, Variance, Entropy,
= % Autocorralation, Transition freq.,
v --r‘\-\./\ vz
20 . 20 - I Pattern discover »
o— 3 Cliocss (elustering / ragime detection) S
0
o o T (mutual info.)
Time (years)
Time (years) m  (FNN) .
~ dentification
Observable signatures  Si(2) Lo L (oparational Behavior)
Irregular intervals (0.5-2 years) o e o R
Trend, Variance, Entropy, Autocorr., 2 SISE |
Subjects: CN, MCI, AD 7 Reconstructed trajectory Adaptation / Transformation
Transition freq. i
P infer B, F, § = I(X,H,C)
(inference operator)
Examples: Similar MMSE, Different Inferred Behaviors
A. Persistence (Stable Attractor) B. Response (Fluctuating Decline) C. Transformation (Accelerating Decline) e
Example subject Example subject Example subject 0:
1 MMSE Series. 2 Embedded Trajectory 3 Behavioral Signatures. 1 MMSE Series 2 Embedded Trajectory 3 Behavioral Signatures 1 MMSE Series. 2 Embedded Tojectory 3 Behaviaral Signatures.
I ooy o & Tojeaory
M msE " Compleny st i Gompiaaity
B N oy e et i o
-, \ . behavior | RN
= .y LN /‘\ » . ¥
4 (Response)
10 o 5 o .
sy Yo breq, e ey = g TemFrea
oo reart T ) Aecan. Tenetyese) suase.
Behavioral Signature Comparison (Typical) Quantitative Summary (Example) Key Interpretation
= A Parsisten 8. Response C. Transformation " " APeristence  B.Respomse G Tanformation = i e
o {Statde Decirn) Fsturing ] s e 0] (Mean s 50} Moz SHRIAEPAMSE CragecK 5
Trsjactory Complasity Low Moderats High Path structure Tisjectory Complasity  0.21 % 0.08  0.48 012 0.81+015 1 fromidistinct unclerlying dynadrics.
Variance Low-Moderate vigh High Ampitude fuctuation Veriance 072022 1342028 231041 11 ; :_”:"”’:’:;‘Q "‘;:"“"‘"'“:”"’“”‘
Low-phaderate Medorato-tigh ion eglriy o e haaa s = Hfereit it e
Autocorrsisionlog 1) | High (slow decas) Moderate L i iy | aen | onien T + Operational behavioral classes capture
meaningful dynamies! differences.
Tnghtcn Prequancy Low Mocerrn Pagh Boge suteching Tonsiton Froquency 0,06 =004 021007 052013 i o4 L
Stabilty Robustross) High (tablex Modersta Low (stable)  Dymamcalrobustness: + Transformation elass <orrasponds to
Values are indieative; illustrative example only (subjéct and sampling dependant), Sy At e kR it
Dataset Analysis Settings (Example) Connections to Framework % s
v L e c Potential Applications:
ADNI (Alzheimer's Diseass Neuroimaging Initiative) « Interpolation: irregular —» regular (optional) ® Latont State Spece = Fg-2
+ Longitudinal MMSE sssessments + Sampling rate: ~1 assessment / yoar » Observables & Signatures  — | Fig. 5 d
« Diagnostic groups: CN, MCI, AD + Embadding: 7 = 1year, m = 3-6 (FNN) 5 ?‘;‘“'SP’:‘ Elf"b"‘ A LT =
« Irregular follow-up intervals + Preprocessing: smoothing (low-pass) g e I“”a‘“: _ B 7
« Publicly available benchmark dataset + Signatures: see Fig. 5 £ Kt QR g 8 Early dotection  Mechani Personalized
(Mueller et al., 2005) it el — + Constraints — [ Fig.9 of decline prognosis
. g o + Rosdmap = (Fig.1
Key M The same MMSE trajectory can correspond to qualitatively different behavioral dynamics. The Appearance—Behavior Framework reveals and interprets these differences.

Fig. 11 — Case Study II: Cognitive Decline (ADNI).
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Fig.13 Cross-Domain Signature Profiles: Observable Signatures Across Behavioral Classes (lllustrative)

A. EEG (CHB-MIT) B. Cognitive Decline (ADNI) C. Cardiac Dynamics (HRV) D. RL Agent (OpenAl Gym)
Neural Dynamics Longitudinal Cognition ‘ Autonomic Regulation Learning Dynamics
L o 1
(Trend Strength) (Trend Strength) (Trend Strength)
1. Signature o 1 .
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Values shown are il
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Fig. 13 — Cross-Domain Signature Profiles.

Fig.14 Classification and Predictability Results Across Domains and Behavioral Classes (lustrative)

A. EEG (CHB-MIT)

L

B. Cognitive Decline (ADNI)
Longitudinal Cognition

C. Cardiac Dynamics (HRV)

Autonomic Regulation

<

|

D. RL Agent (OpenAl Gym)
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Fig. 14 — Classification and Predictability Results.
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Fig.15 Embedding Sensi

A. EEG (CHB-MIT)
Neural Dynamics

|

B. Cognitive Decline (ADNI)
Longitudinal Cognition
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ity and Equifinality: Identifiability under Constraints nustrative)

c. Cardlac Dynamics (HRV)
Autonomic Regulation

|

D. RL Agent (OpenAl Gym)
Learning Dynamics
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Equifinality: Moderate (3-4 comparable models)

Equifinality: Moderate (2-3 comparable models)

Equifinality: Moderate (3-4 comparable models)

Equifinality: High (4-6 comparable models)

Notes: p = Reconstruction Correlation (higher is better). SNR = Signal-to-Noise Ratio. H = Behavior Model Entropy (lower is better, higher identifiability)

Equifinality indicates multiple behavior models consistent with the same observable appearances.

Fig. 15 — Embedding Sensitivity and Equifinality.

values shown are illustrative examples intended to demenstrate the framewurk_]

Fig.16 Quantitative Appearance—Behavior Mapping and Identifiability Framework

Comparative methodologies for inferring latent behaviors from observable appearances under constraints and uncertainty
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Fig. 16 — Quantitative Appearance—Behavior Mapping.
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INFERENCE PIPELINE
ABF Bayesian Formulation

Koji Okino, SD Lab LLC | ORCID: 0009-0003-9273-9813

Fig.17 Bayesian Behavioral Inference

From Appearance and Constraints to Posterior Behavioral Distributions
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Fig. 17 — Bayesian Behavioral Inference.

Fig.18 Constraint-Induced Identifiability Gains

How constraints reduce behavioral uncertainty and increase identifiability
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Fig. 18 — Constraint-Induced Identifiability Gains.

14

ABF loverages constraint accumulation
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Fig.19 Equifinality Typology and Pruning

Classifying multiple plausible behaviors and pruning via constraints to achieve identifiability
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Fig. 19 — Equifinality Typology and Pruning.

Fig.20 Cross-Modal Constraint Fusion
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Fig.21 ABF as Meta-Framework for TLMM/SET

Appearance-Behavior Fusion as the principled bridge between Theory-Laden Mechanistic Modeling and SET
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Fig. 21 — ABF as Meta-Framework for TLMM/SET.
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2.4 Predictive Contributions (v2.0)

ABF v2.0 extended inference to prediction via the Bayesian predictive distribution:
p(XHl:T | X4 G Ky=][ p(Xtﬂ:T |B,F,6,C) pB,F0| X4 G K) d&
and the Behavioral Transformation Risk Score:
BTRS(t) = WlH(t)/HmaX + WZACFl(t)/ACFmaX + W3Var(t)NarmaX + W4(1—EIQ(t)/EIQmaX), Zwizl

=t

estimating fcm = tow before critical transitions occur (Figs. 22—-23).

crit  no

Fig.22 Predictive Behavioral Trajectory Forecasting with Uncertainty (ABF v2.0)
From Reliable Behavioral Inference
to Predictive Behavioral Science
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Fig. 22— Predictive Behavioral Trajectory Forecasting with UnZertainty (ABI;VZ.O).
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Fig.23 Early Detection and Risk Stratification of Behavioral Transformation (ABF v2.0)

From Predictive Signals to Behavioral Transformation Risk Assessment
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Fig. 23 — Early Detection and Risk Stratification of Behavioral Transformation (ABF v2.0).

2.5 Validation Contributions (v2.1)

ABF v2.1 advanced the framework toward validation-grounded inference through: (1) Predictive accuracy
assessment (ECE=0.041, Well-calibrated, Fig. 24); (2) Synthetic ground truth recovery (R2=0.92, Fig. 25); (3)
BTRS parameter sensitivity analysis (dominant driver: W, aBTRS/awlzl.85, Fig. 26); (4) Uncertainty

propagation DAG (Umtal = Uobs+Uparam+Uinf+Upred+Uagg, Fig. 27).
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Fig. 24. Predictive Accuracy Assessment and Forecast Reliability (Revised)
Quantitative evaluation of predictive accuracy, calibration, and forecast reliability across forecasting horizons.
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Figure 24. Predictive Accuracy Assessment and Forecast Reliability (Revised).

(A) Comparison between observed trajectories and ABF forecast ensembles with 95% credible intervals. The dashed vertical line indicates the prediction starting point.

(B) Distribution of forecast errors (prediction minus ground truth) with summary metrics. Bias (mean error) indicates average deviation from zero; values close to 0 imply unbiased predictions.
(C) Calibration curve comparing predicted probabilities with observed event frequencies. Summary includes ECE, MCE, Brier Score, and the number of samples used.

(D) Performance metrics as a function of forecast horizon. For error metrics (RMSE, MAE), lower values are better; for R? and coverage, higher values are better.

Note: All values are illustrative and simulation-derived. No empirical performance claims are intended.

Fig. 24 — Predictive Accuracy Assessment and Forecast Reliability (ABF v2.1). ECE=0.041; Well-calibrated under
synthetic conditions.

Fig. 25. Synthetic Ground Truth Recovery

Recovery of Known Latent Dynamics and Forecast Accuracy Using Synthetic Data
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v ABF successfully recovers latent ics and under synthetic conditions. All results are based on synthetic data with known ground truth.
v Recovered latent trajectories closely match the ground truth. This figure illustrates the ability of ABF to recover known latent dynamics
¥ Forecast performance remains robust across multiple horizons. and g predicti under hetic idation settings.

Fig. 25 — Synthetic Ground Truth Recovery (ABF v2.1). R?=0.92.
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Fig. 26. Sensitivity Analysis: BTRS vs. Weight Parameters (w,,w,, w;, w,)

Global and local sensitivity of BTRS to weight parameters in Eq. (15) across multiple scenarios
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Warmer colors indicate higher (normalized) BTRS.
Baseline lies in a moderate-sensitivity region.

Key Takeaways

- Under the illustrative settings used here, BTRS shows the highest sensitivity 0 w;

(Sharpened Potential), followed by w3, w3, and w,.

= wj (Mean CI Width) and 1w, (Historical Variability) have smaller but non-negligible effects.

- Weight selection controls the trade-off between early warning sensitivity and stability.

Increasing w, or w; leads o earlier and higher BTRS.
1wy and w, have milder impact

1wy and w 1end 10 exend T
(less aggressive risk response).

Notes

« Sensitivity analysis performed on synthetic datasets (N = 100 trajectories, T = 600 time steps).
- BTRS and 7o computed using the same framewark as in Eq. (15) and Sestion 4.3.

« Results are illustrative and intended to guide weight selection in practice

« Sensitivity values depend on the normalization and baseline parameter settings.

Fig. 26 — BTRS Parameter Sensitivity Analysis (ABF v2.1).

« Time Steps = 600
= Weight perturbation: £20%
* Noise: @ = 0.1 (obs, noise)

Legend (Components)

S : Sharpened Potential (n,)
EIQ : Equifinality Index (nz)
M : Mean CI Width (ns)

H : Historical Variability (724)

Fig. 27. Uncertainty Propagation and Quantification in the ABF Framework
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3. Sequential Bayesian Updating and Digital Twin Architecture (Fig. 28)

The core architectural contribution of ABF v2.2 is the transition from batch inference to Sequential Bayesian
Updating (SBU): a closed-loop mechanism in which each new observation x 1 updates the posterior
incrementally, without requiring re-processing of the full history Xl_t.

t+

3.1 Sequential Update Rule

The fundamental update rule follows from Bayes' theorem applied sequentially:

p(B,F, 8X, .. C.K) xp(x, |B,F 6C) pBF8|X_,CK)

1:t+1’
The prior for step t+1 is the posterior from step t. This recursive structure enables O(1) per-observation
updates rather than O(T) full re-estimation, making real-time operation feasible. Practical implementation
proceeds via Particle Filtering or Variational Bayes (Fig. 28, Posterior Evolution panel).

3.2 Posterior Evolution

Fig. 28 illustrates the sequential posterior evolution in both latent state space (Bt) and parameter space (8).
As observations accumulate from t=1 to t, the posterior density progressively concentrates: broad initial
uncertainty narrows into an increasingly peaked distribution reflecting accumulated evidence. This
concentration is the formal mechanism underlying improved BTRS precision and tighter 'Ecm confidence
intervals over the monitoring period.

3.3 Closed-Loop Digital Twin

The Sequential Bayesian Update drives a closed-loop Digital Twin architecture with three output streams: (1)
BTRS(t): current risk score from the updated posterior; (2) 'fcrit: estimated time-to-transformation with
updated uncertainty; (3) Forecast Trajectory: next-H-step prediction with +95% CIl. An Update Trigger
mechanism monitors uncertainty: when U > T or U > T ., a High-Fidelity Re-estimation

pred trigger total trigger
(MCMC/Variational Bayes) is triggered, preventing uncertainty accumulation while maintaining computational

efficiency.
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Fig.29 ABF Digital Twin Dashboard (lllustrative Example)

Fig.28 Sequential Bayesian Updating and Digital Twin Architecture
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Fig. 28 — Sequential Bayesian Updating and Digital Twin Architecture (ABF v2.2). Left: Sequential update flow and
posterior evolution. Center: Closed-loop Digital Twin outputs (BTRS, 'Ecm, Forecast). Right: Embedded Figs. 29-32
overview and ABF Series Roadmap.
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4. ABF Digital Twin Dashboard (Fig. 29)

The ABF Digital Twin Dashboard operationalizes the Sequential Bayesian Updating architecture as an
individualized, human-interpretable monitoring interface. Fig. 29 presents an illustrative example for a
synthetic ADNI-inspired subject (ID: P-0042) at update time t = 36 months.

4.1 BTRS Trajectory (Panel A)

Panel A shows the continuous BTRS trajectory: observed (black), estimated from posterior (blue), and
forecast (red dashed). The trajectory crosses from Low Risk into Moderate Risk around t = 24 months, and is
projected to reach High Risk (BTRS = GH) in the forecast window. At t = 36 months: BTRS(t) = 0.61, Risk
Level: Moderate, Trend: Increasing.

4.2 Estimated Critical Transition Time (Panel B)

Panel B shows the probability distribution over fcm derived from the posterior predictive distribution. The
distribution is approximately unimodal with fcm = 52.3 months (median), 95% CI [44.1, 61.8] months. The
width of this CI reflects the current level of posterior uncertainty and is expected to narrow as additional

observations accumulate via Sequential Bayesian Updating.

4.3 Forecasted Latent Trajectory (Panel C)

Panel C shows the 24-month forecast of the latent state z, with observed trajectory (black), posterior-mean
forecast (red), and 95% uncertainty band (pink). The forecast shows continued gradual decline with widening
uncertainty at the forecast horizon — consistent with principled uncertainty propagation established in v2.1
(Fig. 24D).

4.4 Uncertainty Decomposition (Panel D)

Panel D presents the uncertainty decomposition at t = 36 months: UObs = 28%, Uparam = 23%, Uinf = 17%,
Upred = 22%, Uagg = 10%. Observation uncertainty (28%) is the dominant source at this time point,
suggesting that higher-frequency or multimodal data collection would most efficiently reduce total uncertainty

— directly actionable guidance from the Utotal decomposition established in v2.1.

4.5 Latest Covariates, Risk Summary, and Recommended Actions (Panels E-G)

Panel E displays the latest covariate values at t = 36 months: MMSE z-score = —1.23, Amyloid B (z) = 1.15,
Tau (pg/mL) = 234, CSF Neurofilament (z) = 18.7, Sleep Score (z) = —0.45. Panel F summarizes risk: BTRS
= 0.61, Risk Level Moderate, Trend Increasing. Panel G provides illustrative recommended actions:
Monitoring Increase, Next Assessment in 6 months, Illustrative Intervention Candidate: Cognitive Training. All
actions are illustrative and require domain-specific clinical validation.
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g.29 ABF Digital Twin Dashboard (lllustrative
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All values are simulated for methodological illustration.
Future implementations may incorporate real longitudinal data and domain-specific constraints.

The dashboard is updated sequentially as new observations arrive.

« This figure does not represent any actual patient or clinical data.

Fig. 29 — ABF Digital Twin Dashboard (lllustrative Example, ABF v2.2). Individualized monitoring interface for synthetic
subject P-0042 (ADNI-inspired) at t = 36 months. BTRS = 0.61, ‘fcm =52.3 months [44.1, 61.8]. All values synthetic; no
real patient data.
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5. Batch Inference vs. Sequential Updating (Fig. 30)

A key empirical question for v2.2 is whether Sequential Bayesian Updating offers predictive advantages over
batch inference in practice. Fig. 30 addresses this through a synthetic ADNI-inspired pilot comparison over a
60-month monitoring period.

5.1 One-Step-Ahead Prediction RMSE (Panel A)

Panel A shows one-step-ahead prediction RMSE (lower is better) as a function of time. Both methods start
from similar RMSE levels at t = 0. Sequential Updating (blue) shows consistently lower RMSE than Batch
Inference (black) from approximately t = 6 months onward, with the gap widening over time. At t = 60 months,
Sequential Updating RMSE is approximately one order of magnitude lower than Batch Inference on the log
scale. This is consistent with the theoretical expectation: Sequential Updating incorporates new observations
as they arrive, continuously refining the model, while Batch Inference remains fixed on the initial dataset.

5.2 Cumulative Predictive Log Score (Panel B)

Panel B shows the cumulative predictive log score (higher is better): the sum of log predictive densities over
time, measuring how well the predictive distribution covers the actual observations. Sequential Updating (blue
solid) accumulates substantially less negative log score than Batch Inference (black dashed) across the full
60-month period, indicating consistently better-calibrated predictive distributions. The divergence begins early
and widens monotonically, suggesting that the advantage of Sequential Updating is robust across monitoring
duration.

These results are consistent with the sequential Bayesian updating framework producing better-calibrated
and more accurate real-time predictions than batch inference in this illustrative synthetic pilot. Prospective
empirical validation on real longitudinal datasets is the essential next step.

Fig.30 Batch Inference vs. Sequential Updating (Synthetic ADNI-Inspired Pilot)
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in this illustrative example.

All results are simulated for methodological illustration only.

e o o =

No real patient-level data were used.

Fig. 30 — Batch Inference vs. Sequential Updating (Synthetic ADNI-Inspired Pilot, ABF v2.2). Panel A: One-step-ahead
RMSE (lower is better). Panel B: Cumulative predictive log score (higher is better). All results simulated for methodological
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illustration.
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6. Personalized Behavioral Forecasts (Fig. 31)

A central motivation for the Digital Twin architecture is the capacity for personalized forecasting: different
individuals with superficially similar appearances may have distinct latent behavioral dynamics, and their
BTRS trajectories and 'fcm estimates should reflect these individual differences. Fig. 31 illustrates this
capacity across three synthetic subjects with qualitatively distinct decline profiles.

6.1 Subject A — Slow Decline (Low Risk)

lllustrative Subject A shows a gradual, low-variance latent state decline. BTRS(t) = 0.28 at t = 36 months:
Risk Level Low. fcm = 63.4 months, 95% CI [54.1, 72.8]. lllustrative interpretation: Low current risk; potential
transition in the late horizon. The wide CI reflects the substantial remaining time and associated uncertainty.

6.2 Subject B — Moderate Decline (Moderate Risk)

lllustrative Subject B shows a steeper decline with moderate variance. BTRS(t) = 0.52 at t = 36 months: Risk
Level Moderate. fcm = 45.7 months, 95% CI [37.6, 54.3]. lllustrative interpretation: Moderate current risk;
potential transition in the mid-term. The narrower ClI relative to Subject A reflects greater certainty about the
transition timing given the steeper trajectory.

6.3 Subject C — Rapid Decline (High Risk)

lllustrative Subject C shows a rapid, high-variance latent state decline. BTRS(t) = 0.78 at t = 36 months: Risk
Level High. i’cm = 28.9 months, 95% CI [22.1, 35.8]. lllustrative interpretation: High current risk; potential
transition in the near-term. The ordering A > B > C for fcm (63.4 > 45.7 > 28.9) is consistent with the ordering
C > B > A for BTRS (0.78 > 0.52 > 0.28), demonstrating internal consistency of the Digital Twin framework
across heterogeneous profiles.

The heterogeneity across subjects — same monitoring duration (36 months), same domain, qualitatively
different outcomes — illustrates the core value proposition of personalized Digital Twin monitoring over
population-level risk scoring.
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No real patient data were used in this figure.

Fig. 31 — Personalized Behavioral Forecasts (Synthetic ADNI-Inspired Pilot, ABF v2.2). Three illustrative subjects with
Slow (Low Risk), Moderate (Moderate Risk), and Rapid (High Risk) decline profiles. fcm: 63.4, 45.7, 28.9 months

respectively. All data synthetic; no real patient data.
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7. Adaptive Weight Evolution (Fig. 32)

A distinguishing feature of the v2.2 Sequential Bayesian Updating framework relative to v2.1 is the capacity
for adaptive weight evolution: component weights wi(t) are no longer fixed parameters but evolve
dynamically as new observations inform the posterior. Fig. 32 characterizes this evolution over a synthetic
60-month pilot.

7.1 Time Evolution of Adaptive Weights (Panel A)

Six model components are tracked: Wobs(t) (Observation Model), Wtrans(t) (State Transition Model), wcov(t)
(Covariate Emission Model), winf(t) (Inference Component), wreg(t) (Regularization Prior), wother(t) (Other
Components), subject to Zi Wi(t) = 1 at all times. The Observation Model weight Wobs(t) increases
monotonically from 0.42 to 0.51 over 60 months, reflecting the growing evidential weight of accumulated
observations relative to prior model assumptions. Conversely, w, __ (t) and wcov(t) tend to decrease, as the

trans
posterior becomes less dependent on structural model assumptions and more data-driven.

7.2 Weights at Key Time Points (Panel B)

Panel B reports weights at t = 0, 36, 60 months with trend indicators. The normalization constraint Wi(t) =1
is maintained at all three time points (Sum = 1.00 each). Trends: Woe and W, o tend to increase (data and
uncertainty more influential); Wyans and Wy tend to decrease (structural assumptions less constraining); wreg

and w remain relatively stable.
other

7.3 Effective Number of Active Components (Panel D)

Panel D tracks Neﬁ(t) — the exponential of the Shannon entropy of wi(t) — as a measure of weight balance.
Neﬁ(t) increases from approximately 4 at t = 0 to a peak near 5.3 around t = 36 months, then decreases
slightly toward t = 60. Higher Neff indicates more balanced contributions across components; the peak around
t = 36 suggests that the model achieves maximum component diversity at mid-monitoring, consistent with the
uncertainty decomposition observed in Fig. 29D where no single uncertainty source overwhelmingly
dominates.

The sensitivity analysis established in v2.1 (Fig. 26) characterized BTRS sensitivity to fixed weights. The
adaptive weight evolution of v2.2 extends this by allowing the effective weight profile to self-adjust based on
incoming data, potentially achieving better calibrated BTRS estimates than any fixed-weight configuration.
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Fig.32 Adaptive Weight Evolution Synthetic Data
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¥, wi(t) =1 (normalization constraint) i

Updiate Time (¢ = 36 months) ¢ All data are synthetic and g for jcal il only.
* No real patient data were used in this figure.

Fig. 32 — Adaptive Weight Evolution under Sequential Bayesian Updating (ABF v2.2). Panels A-D: time evolution, key
time points, normalized contribution, and effective number of active components Neff(t). Synthetic data; for methodological
illustration only.
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8. Discussion

8.1 From Batch to Sequential: Architectural Significance

The transition from batch to sequential inference in v2.2 is more than a computational optimization — it
represents a fundamental shift in the epistemological stance of the framework. Batch inference treats the
dataset as fixed and the model as estimated once; sequential inference treats both as evolving, with the
model continuously adapting to new evidence. This shift aligns ABF with the natural structure of longitudinal
monitoring, where new observations arrive regularly and risk assessment must be continuously updated
rather than periodically recalculated.

8.2 Personalization as a Design Principle

The three-subject comparison in Fig. 31 illustrates a key implication of the Digital Twin architecture:
heterogeneous outcomes are not noise to be averaged out but informative signals about individual-level
dynamics. The same monitoring protocol applied to Subjects A, B, and C yields BTRS values spanning the
full [0, 1] range and 'Ecm estimates spanning 35 months. Population-level risk scoring would obscure this
heterogeneity; individual Digital Twins preserve and quantify it.

8.3 Adaptive Weights and the Sensitivity Analysis Connection

The adaptive weight evolution of v2.2 directly extends the sensitivity analysis of v2.1 (Fig. 26). Where v2.1
established that BTRS is most sensitive to wy (Sharpened Potential) under fixed weights, v2.2 shows that
weights themselves evolve in response to data. The observed increase in wObS(t) over time suggests that the
model progressively relies more on direct observational evidence, which may naturally reduce the relative
influence of the sensitivity-dominant component as monitoring accumulates — a built-in regularization effect.

8.4 Limitations

Synthetic conditions only. All v2.2 results are simulation-derived. The batch vs. sequential comparison
(Fig. 30), personalized forecasts (Fig. 31), and adaptive weight evolution (Fig. 32) are illustrative
demonstrations, not empirically validated claims. Real-world longitudinal validation is the essential next step.

Update trigger calibration. The threshold parameters ngger for the High-Fidelity Re-estimation trigger (Fig.
28) are domain-specific and require calibration. Miscalibration could lead to either over-frequent re-estimation
(computationally expensive) or under-frequent re-estimation (uncertainty accumulation).

Particle degeneracy. Particle filter implementations of Sequential Bayesian Updating are susceptible to
particle degeneracy in high-dimensional parameter spaces. Resampling strategies and particle diversity
maintenance are important practical considerations not addressed in this version.

8.5 Responsible Use

ABF v2.2 remains a risk assessment support tool, not a diagnostic or prognostic instrument. The
individualized Digital Twin Dashboard (Fig. 29) presents Recommended Actions that are explicitly labeled
illustrative and require domain-specific clinical validation before any operational use. The BTRS and fcm
estimates are probabilistic indicators to be interpreted alongside clinical judgment, not as deterministic
predictions. All prior responsible use guidance from v2.0 and v2.1 remains in force.
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9. Conclusion

ABF v2.2 advances the validation-grounded inference of v2.1 toward adaptive personalized monitoring by
introducing Sequential Bayesian Updating as the core architectural mechanism. The closed-loop Digital Twin
framework — updating the posterior incrementally with each new observation and propagating updates to
BTRS, fcm, and forecast trajectories — enables real-time, individual-level risk assessment that is both
computationally efficient and epistemologically principled.

The batch vs. sequential comparison (Fig. 30) is consistent with the expected advantages of sequential
inference under synthetic conditions; the personalized forecast comparison (Fig. 31) demonstrates the
heterogeneity that individual Digital Twins can capture; and the adaptive weight evolution (Fig. 32) shows
how the framework self-calibrates as monitoring accumulates.

Future development targets empirical domain validation (EEG, ADNI, HRV, RL) as the immediate priority,
followed by intervention optimization (v2.3) and clinical decision support translation (v2.3+), with prospective
validation as the prerequisite for each step.
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