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Motivation

Artificial intelligence (AI) tools are increasingly used to monitor large groups of similar units (e.g.,

patients, credit cards), but critical decisions must often be made at the individual level.

We propose a framework that:

• Borrows strength across a cohort for better accuracy,
• Enables automated, individualized inference, and
• Supports early detection of system breaches (e.g., tumor growth, fraud).

Applications include:

• Cancer screening via image analysis
• Credit card fraud detection
• Cybersecurity and ecological monitoring

Our work offers a scalable, mathematically grounded approach that blends cohort-level learning

with personalized monitoring, forming a key step toward digital twins and precision healthcare.

Model Structure

We observe data for I individuals over T time points:{
(Yi,t, Xi,t) ∈ Rd1×d2 × Rp : i = 1, . . . , I; t = 1, . . . , T

}
Main Model:

Yi,t = µ(Xi,t) + Ui + Ei,t

Yi,t ∈ Rd: Vectorized form of the d1 × d2 image, obtained by stacking columns

µ : Rp → Rd is the conditional mean function, where:

µ(Xi,t) = E[Yi,t | Xi,t]

Ui ∼ N (0, Σu): Individual-level random effect

Ei,t = ΦiEi,t−1 + ei,t : VAR(1) colored noise, ei,t
iid∼ Nd(0, σ2

eId)

Bayesian Framework

Simplified setup:

Assume a single pixel (d1 = d2 = 1), so,
Yi,t ∈ R

µ(Xi,t) = β0 + X>
i,tβ

Ui ∼ N (0, σ2
u)

Ei,t = φEi,t−1 + ei,t, ei,t ∼ N (0, σ2
e)

Model:

Yi,t = β0 + X>
i,tβ + Ui + Ei,t

Target:

θi = X>
i,tβ + Ui

Likelihood:

Yi,t | Fi,t−1 ∼ N
(
X>

i,tβ + Ui + φ(Yi,t−1 − X>
i,t−1β − Ui), σ2

e

)
Posterior of Ui:

Ui | data ∼ N (µu, σ2
v)

µu = σ2
v(1 − φ)

σ2
e

T∑
t=2

Ri,t, σ2
v =

[
1
σ2

u

+ (1 − φ)2(T − 1)
σ2

e

]−1

Adjusted Residuals:

Ri,t = Yi,t − φYi,t−1 − X>
i,tβ + φX>

i,t−1β

Monitoring & Automated Inference

Fitted Model:

Ŷi,t ≈ µ(Xi,t) + Ui

Ẽi,t = Yi,t − Ŷi,t

Estimates: φ̂, σ̂2
e , Σ̂u

Adjusted residuals:

Ri,t = Yi,t − φ̂Yi,t−1 −
µ̂(Xi,t) + φ̂µ̂(Xi,t−1)

Entropy:

Ei,t = −
∫

log νi,t(x) dνi,t(x)

CUSUM:

Si,t = max(0, Si,t−1 +
τ − E∗

i,t)

Simulation Setup

Cohort: I = 400 individuals, each with T = 100 baseline frames and n = 100 post-change
frames. Images Yi,t ∈ Rd1×d2 evolve over time as

Yi,t = Yi,t−1 + Ei,t

Noise Model: For t ≤ T , all Ei,t ∼ N (0, σ2). For t > T , a fixed patch has Ei,t ∼ N (δi, σ2) and
the rest remain zero-mean.

Group Assignment:

δi =


0.0 i ∈ [1, 100]
0.5 i ∈ [101, 200]
1.0 i ∈ [201, 300]
2.0 i ∈ [301, 400]

Entropy: Each image is quantized into 8 bins and a PMF p = (p1, . . . , p8) is computed. The
entropy score is:

Ui,t = log
(

−1
8

8∑
j=1

pj log pj

)

CUSUMMonitoring: After standardizing Ui,t using t ≤ 30, define:

Ci,t = max{Ci,t−1 − U∗
i,t + γ, 0}, γ = −0.5

Detection Rule: Change is flagged at

T̂i = min
{

t > T | Ci,t > max
t≤T

Ci,t

}
or T̂i = NA if no detection occurs.

Black-and-white synthetic image samples CUSUM plots

Results

DetectionTime Summary: Mean and variance of post change detection times across δ-groups
(based on non-NA detections):

δ E[T̂i] Var(T̂i)

0.0 19.57 651.90

0.5 25.50 483.57

1.0 14.59 77.92

2.0 7.76 25.01

Ribbon Plot (Mean± IQR): The plot below shows the CUSUM trajectory Ci,t (log-scaled) over

time for each δ group.

Each curve is the average log(Ci,t + 10−2) across 100 individuals in a group. Ribbons show interquartile range
(IQR). Higher δ causes sharper, earlier rises.

Conclusion & FutureWork

Summary. We develop a Bayesian monitoring framework that combines cohort-level learning

with individualized inference, using an entropy-based CUSUM approach for timely detection in

image sequences.

Simulation Highlights:

Detects early-stage changes even at low SNR (δ = 0.5)
Shows faster detection as signal increases (δ = 2.0)
Control group (δ = 0) maintains low false positives

Future Directions:

Extend µ(Xi,t) via deep learning architectures
Develop theoretical guarantees for entropy-based sequential tests

Explore other metrics: Wasserstein, graph curvature

Apply to clinical imaging and real-time surveillance
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