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From Reactive Care to Preventative Care

Massive individuals having heterogeneous 
disease trajectories

Prognostics challenges
• Heterogeneity of the 

degradation processes
• Time-varying nature of 

the degradation

Monitoring challenges
• Need smart schedules for 

proactive health monitoring
• Able to update individuals’ 

dynamic condition  

Intervention challenges
• Difficult to identify the top 

high risk individuals
• Smart intervention 

resource allocation

Management of the 
Aging population

Management of mental 
health such as Depression

VA cohort with complex
chronic conditions

Process, limited resource, preventative care

https://www.va.gov/patientcenteredcare/about 
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Medicalized Smartphones & More Patient 
Engagement

Smartphones
❖ Built-in sensors: GPS, 

accelerometer, wifi-related, 
audio, proximity sensors, etc.;

❖ This sensor base continuously 
enhanced with more sensors, 
medical apps …

Patients
❖ Today, over 81% US adults own smart devices, 69% track at least 

one health indicator (e.g., weight, sleep), and 59% sought health 
information online in the last year. 

❖ Patients increasingly seek ways to engage in their healthcare using 
the emerging technologies such as smartphone
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From Sensor Data to Assessment of 
Health Conditions

The new technologies 
not just provide a way to 
collect existing data; 
they actually create new 
data, and challenge our 
concepts of “health” and 
“diseases”. 
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Google May Know the Diagnosis … 

❖ Boundaries between 
disciplines are vanishing …

❖ “The history of modern 
knowledge is concerned in 
no small degree with man’s 
attempt to escape from his 
previous concepts” –
Harold Himsworth
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Outline

❖ Overview
❖ Data Analytics for Disease Management

– Topic I: New methods for personalization in 
disease modeling and monitoring

– Topic II: Detection of depression from 
communication

❖ Highlights of other Works
❖ Conclusion
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Some Basics about Modeling of Disease 
Trajectory 

𝐗 = [𝒙1, … , 𝒙𝑇]
𝒚 = y1, … , y𝑇

y𝑡 = 𝑓 𝒙𝑡 + 𝜀𝑡, 𝑡 = 1, … , 𝑇Computational 
Model

Individual Measurements
Disease Trajectory 

𝑡

𝑦
𝑓 𝒙𝑡

Generalized Regression Model is widely used: 𝑓 𝒙𝑡 = 𝚽(𝒙𝑡)𝑇𝜷

Basis function, 
e.g. Polynomial basis; Spline basis
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Data Fusion to Create Contemporaneous 
Health Index

𝑡

𝑦
Each color repre-
sents a patient

However, the abundance 
of individual data is 
collected at irregular time 
points (i.e., uneven 
distribution of 
measurement 
frequency), at different 
stages of disease 
progression, subject to 
enormous individual 
heterogeneity

Data fusion models 
convert individual data 
into health index
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The Basic Framework for Collaborative 
Learning

One-size-fit-all: 
builds one 

prediction model 
for all the subjects

Fully individualized: 
builds a distinct 
model for each 

subject

Model Complexity

Too simple Too complex
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Our Formulation of the Collaborative 
Learning Framework

❖ Cluster structure is described by a set of latent models 𝑔𝑘 𝒙 , 𝑘 = 1,⋯ , 𝐾
❖ Use membership vector c for each subject

Goodness-of-fit Regularization

N 
Subjects 

Profiles on risk factors P1,P2,...,PN Similarity Matrix W

Subject 1 Subject 2

Subject 3 Subject 4

SDM 2015; Math Bio 2016 IEEE Reliability, 2018

min
𝒄𝑖,𝐐

෍
𝑖

𝒚𝑖 −෍
𝑘

𝑐𝑖𝑘𝑔𝑘 𝐗𝑖

2

+ 𝜆෍
𝑗,𝑙

||𝒄𝑗 − 𝒄𝑙||2𝑤𝑗𝑙

subject to 𝑐𝑖𝑘 ≥ 0,     σ𝑘 𝑐𝑖𝑘 = 1, 𝑔𝑘 𝐗𝑖 ≥ 𝟎,
∀ 𝑖 = 1,… ,𝑁 and 𝑘 = 1,… , 𝐾.
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Application on Alzheimer’s Disease

Cognitive degradation model [Sliwinski
et al., 2003]:

𝑓𝑖 𝑡 = 𝛽𝑖0 + 𝛽𝑖0𝑡 + 𝛽𝑖0𝑡2 + 𝜀𝑖𝑡

1. Reference: M. J. Sliwinski, S. M. Hofer, et al., “Modeling 
memory decline in older adults: The importance of preclinical 
dementia”, Psychology and Aging, Vol. 18, pp.658–671, 2003. 

❖ The data was collected from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) and processed by collaborators in Banner Alzheimer’s Institute

❖ 478 subjects including 104 cognitively normal aging individuals (NC), 261
patients with mild cognitive impairment (MCI), and 133 AD patients (AD).

❖ ApoE genotypes, baseline MMSE, features extracted from MRI are used in
the calculation of similarity.

❖ Quadratic model is used for modeling the disease trajectory of MMSE



Shuai Huang14

Application on Alzheimer’s Disease

SDM 2015

IGM CM MEM SCM
Target:MMSE

nMSE 1.799 0.936 0.755 0.531
wR 0.580 0.618 0.660 0.716

M48 rMSE 4.874 4.330 3.705 3.651
M60 rMSE 8.326 5.458 5.040 3.777

3 
canonical 
models 

are found

Number of canonical models (K)

Choose optimal number of canonical models 
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Application on Depression

❖ Data comes from NHRN (Mental Health Research Network), largest
depression dataset in U.S.
▪ 3,159 subjects, each subject has

▪ more than 5 depression assessments (PHQ-9 scores).
▪ Demographic features, treatment status, Charlson Comorbidity

Score, 9th question score

15

Exemplary individual depression trajectories
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Application on Depression

Method IGM MEM CM SCM
Target: PHQ-9

rMSE 12.534 5.913 5.178 3.210

Five depression trajectory 
patterns are discovered

Our model leads to more accurate 
prognostics of depression trajectories.
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Extension to Markov Disease Models

PHQ-9 
Score

Depression
Severity

1-4 Minimal
5-9 Mild
10-14 Moderate
15-19 Moderately 

Severe
20-27 Severe

Healthy
(H)

Mild 
Depression

(MI)

Moderate 
Depression

(MO)

Moderately 
Severe 

Depression
(MS)

Severe 
Depression

(S)

IIE Transactions, 2018
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Markov Based Collaborative Learning

(Π1, 𝜃1), … , (Π𝐾, 𝜃𝐾) 𝑃𝑙 =෍
𝑘

𝑐𝑖𝑘Π𝑘 𝜋𝑙 =෍
𝑘

𝑐𝑖𝑘𝜃𝑘

K Canonical Markov Models Individual Markov Models

𝒄𝑖

Transition Matrix Initial Distribution

SH
0.9

0.1
0.9

0.1

SH
0.1

0.9
0.1

0.9
SH

0.74 0.26

0.74

0.26
0.8

0.2

Π1

Π2

𝑃𝑙
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Markov Based Collaborative Learning

max
𝑐𝑖,𝜽𝑘,𝚷𝑘

σ𝑖=1
𝑁 σ𝑠 𝑒𝑖𝑠 log σ𝑘 𝑐𝑖𝑘𝜃𝑘𝑠 + σ𝑠1 σ𝑠2 𝑁𝑖 𝑠1, 𝑠2 log σ𝑘 𝑐𝑖𝑘𝚷𝑘 𝑠1, 𝑠2

− 𝜆
2
σ𝑗,𝑙 𝑤𝑗𝑙 𝒄𝑗 − 𝒄𝑙

2, 

s.t. σ𝑠2 𝚷𝑘 𝑠1, 𝑠2 = 1, σ𝑠 𝜃𝑘𝑠 = 1, σ𝑘 𝑐𝑖𝑘 = 1 ,
∀𝑠1 = 1, … , 𝑆, 𝑘 = 1,… , 𝐾,  ∀𝑖 = 1,… ,𝑁,

all parameters are nonnegative. (2)

❖ 𝑒𝑖𝑠(indicator of initial state): 𝑒𝑖𝑠 = 1 if 𝑥𝑖0 = 𝑠; 𝑒𝑖𝑠 = 0 otherwise
❖ 𝑁𝑖 𝑠1, 𝑠2 : number of transitions from 𝑠1 to 𝑠2 on individual 𝑖.
❖ MLE of 𝑃(𝑖) can be obtained by solving:

max log Pr 𝑋𝑖𝑡+1 = 𝑥𝑖1 + σ𝑠1,𝑠2 𝑁𝑖 𝑠1, 𝑠2 log P𝑖(𝑠1, 𝑠2) ,

Log-likelihood Function

Regularizer
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Extension: Hierarchical Collaborative 
Learning

…

…

Millions of patients

…

…

Collaborative learning is a concept that could be iterated
▪ A hierarchical collaborative learning framework could mitigate the problem if we 

aim to learn millions of personal models 
▪ Canonical models that ”span” the space for the personal models in a lower level, 

become the personal model for the canonical models in the next level
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From Trajectory Modeling to Disease 
Monitoring

Initial
monitoring

Time to come 
back

Sensing data

http://en.wikipedia.org/wiki/File:PETscan.png
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Collaborative Learning + Selective 
Sensing = Adaptive Patient Monitoring

❖ A prediction model for each individual to predict the risk of disease onset
❖ Collaborative prognostics and selective sensing: adjust the risk scores

based on the similarity of the individuals, and re-arrange the individuals
from high-risk to low-risk

❖ Modeling updating: update the prediction model for each individual based
on the new measurements of the selected individuals

Historical
observations
of N patients

Prognostics of the 
individuals Sensing strategy

CM SS

Similarity
information Update

Update New Observations

IIE Transactions, 2018
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Outline

❖ Overview
❖ Data Analytics for Disease Management

– Topic I: New methods for personalization in 
disease modeling and monitoring

– Topic II: Detection of depression from 
communication

❖ Highlights of other Works
❖ Conclusion
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Detect Depression from Communication

Video

Text

Audio

https://www.theguardian.com/sustainabl
e-business/2015/sep/17/ellie-machine-
that-can-detect-depression

https://www.theguardian.com/sustainable-business/2015/sep/17/ellie-machine-that-can-detect-depression
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The Computational Pipeline

M
ul

ti-
M

od
al

ity
 P

re
di

ct
io

n 
M

od
el

Random 
Forest

Signal 
Processing

Computer Vision Applied on 
Facial Coordinates

Sentiment Analysis on 
Transcript 

Speech
Random 
Forest

Random 
Forest
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Characterization of the Condition by 
Biomarkers

Audio 
Biomarkers

Description No. of 
Biomarkers

Modulation of 
amplitude

It is used to find the amplitude of two signals that are multiplied by the 
superimposed signals.

1

Envelope It represents the varying level of an audio signal over time. 1

Autocorrelation It shows the repeating patterns between observations as a function of the 
time lag between them.

1

Onset detector It is used to detect, a sudden change in the energy or any changes in the 
statistical properties of a signal.

1

Entropy of 
energy

It is a measure of abrupt changes in the energy level of an audio signal 1

Tonal power ratio It is obtained by taking the ratio of the tonal power of the spectrum
components to the overall power.

1

RMS power Root mean square (RMS) approximates the volume of an audio frame. 1

ZCR Zero Crossing Rate (ZCR) is the number of times the signal changes sign in 
a given period of time.

1

Description of audio biomarkers used in a time domain
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Characterization of the Condition by 
Biomarkers – cont’d 

Description of audio biomarkers used in a frequency domain

Audio 
Biomarkers

Description No. of 
Biomark
ers

PLP It is a technique to minimize the differences between speakers. 9

MFCC It is a representation of the short-term power spectrum of an audio signal. 12

Spectral 
decrease

It computes the steepness of the decrease of the spectral envelope. 1

Spectral rolloff It can be treated as a spectral shape descriptor of an audio signal. 1

Spectral flux It is a measure of spectral change between two successive frames. 1

Spectral centroid It is a measure to characterize the center mass of the spectrum. 1

Spectral slope It is the gradient of the linear regression of a spectrum. 1

Spectral 
autocorrelation

It is a function that measures the regular harmonic spacing in the spectrum of 
the speech signal.

1

Overall 35 audio biomarkers
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Characterization of the Condition by 
Biomarkers – cont’d 

Distance Biomarkers

41 biomarkers

92 biomarkers

Basic Statistics 
of Words or 
Sentences 

Depression 
Related Words

AFINN 
Sentiment 
Analysis 

Overall 133 video biomarkers Overall 8 text biomarkers

Head Biomarkers
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Prediction Performance

root-mean-square error (RMSE)

mean absolute error (MAE)



Shuai Huang30

Audio Biomarkers Relationship With Non-
Linguistic Speech Patterns

Audio Biomarkers Loudness ↓ Pitch ↓ Silence ↑ Interruption 
↑

Pauses ↑ Anger ↑ Laughter ↓

Modulation of Amplitude [12,13] [14,15]

Envelope [16] [17]

Autocorrelation [18] [19]

Onset Detector [20] [21]

Entropy of Energy [22] [23]

Zero Crossing [24] [17] [25]

PLP [26] [29] [30] [31]

MFCC [32,33] [34] [35,36] [37,38] [31]

Spectral Decrease [39] [16] [40] [31]

Spectral Roll off [39] [31]

Spectral Flux [39] [31]

Spectral Centroid [39] [31]

Spectral Slope [39] [31]

Spectral Autocorrelation [39] [31]
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Validation and Interpretation

Audio biomarkers for females Audio biomarkers for males 

p-value of the selected top 5 significant biomarkers for females and males
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Video Biomarkers

p-value of the selected top 5 significant biomarkers for females and males

Video biomarkers for females Video biomarkers for males 
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Text Biomarkers

p-value of the selected top 5 significant biomarkers for females and males

Text biomarkers for females Text biomarkers for males 
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Outline

❖ Overview
❖ Data Analytics for Disease Management

– Topic I: New methods for personalization in 
disease modeling and monitoring

– Topic II: Detection of depression from 
communication

❖ Highlights of other Works
❖ Conclusion
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Surgical Site Infection (SSI)

Wound photography could be used to monitor 
patients remotely after discharge, but timely 
review of the large volume of photos generated 
by an outpatient wound monitoring system may 
not be feasible by surgeons. Crowdsourcing
this task may provide a viable alternative method 
of SSI detection 

Surgery 2014, JACS 2016, JBI 2017, SI 2019
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Dynamic Inspection of Latent Variables in 
State-Space Systems

Latent

Obs

JBI 2017; JHIR 2018; AISTAT 2019; SI 2019

Individual’s health (latent) evolves 
over time

“Cheap” measurements (observed) 
using wearable sensors

https://time.com/4703099/continuous-
glucose-monitor-blood-sugar-diabetes/

https://time.com/4703099/continuous-glucose-monitor-blood-sugar-diabetes/
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Outline

❖ Overview
❖ Data Analytics for Disease Management
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disease modeling and monitoring
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❖ Highlights of other Works
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Norm and Derivation – An Old Song Sung 
to a New Tune of Data Science

Leonardo da Vinci’s 
“Vitruvian Man”

Alphonse Bertillon’s 
synoptic table of 

physiognomic traits

Quetelet’s “Average men”

https://en.wikipedia.org/wiki/Vitruvian_Man

❖ Boundaries between 
disciplines are vanishing

❖ Drawing boundary is an 
important skill for engineers!
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What is Alzheimer’s Disease?

http://adni.loni.usc.edu/

❖ A diseased condition has a 
definition that is usually in the 
later stage of the progression

❖ Or, shall we take the disease 
as a process

http://adni.loni.usc.edu/
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What is Type 1 Diabetes (T1D)?

❖ Risk prediction and monitoring using complex biomarkers
❖ Seek of surrogate endpoints
❖ Answer questions regarding progression rate, time to onset, etc.
❖ Mechanistic understanding: identify environmental triggers, regulators

Enormous individual variation 

Enormous statistical challenges
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When does a System Emerge?

Throwing 1 
die

Throwing 2 dice

Throwing 3 
dice

Throwing 5 
dice

Throwing 10 dice
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Models are Important, same as Domain 
Insight

The story of the statistician Abraham Wald in World War II
▪ The Allied AF lost many aircrafts, so they decided to armor their aircrafts up
▪ However, limited resources are available – which parts of the aircrafts should be 

armored up?
▪ Abraham Wald stayed in the runaway, to catalog the bullet holes on the returning 

aircrafts
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Communication with Multidisciplinary 
Experts Gives You New Perspectives

Why 60% accuracy is still very valuable
❖ Anti-amyloid clinical trials need large-scale screening: $3,000 per PET scan
❖ If the PET scan shows negative result, $3,000 is a waste
❖ Blood measurements cost $200 per visit
❖ Question: can we use blood measurements to predict the amyloid?
❖ Benefit: enrich the cohort pool with more amyloid positive cases
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Thank you.  Questions?


