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      Obesity is one of the leading preventable causes of death 

in the United States (U.S.). Risk factor analysis is a process to 

identify and understand the risk factors contributing to a 

particular disease, and is an imperative component in the 

development of efficient and effective prevention and 

intervention efforts. Most existing methods usually aim to 

build a one-size-fits-all model to identify the risk factors at 

the population-level. However, this type of methods do not 

take into consideration of population heterogeneity.  

 

 

      To overcome this limitation, we employ the framework of 

multi-task learning (MTL) to identify a ranked list of obesity 

risk factors for each subpopulation/participant (task) 

simultaneously with utilizing appropriate shared information 

across tasks. By learning multiple related tasks at the same 

time, MTL provides a paradigm to rank risk factors at multi-

levels. 
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Figure 4.Top 5 selected obesity risk factors for each 

participant using POMM data. 
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Figure 1. Graphical representation of our idea. 
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Abstract—Obesity is one of the leading preventable causes
of death in the United States (U.S.). Risk factor analysis is a
process to identify and understand the r isk factors contr ibuting
to a par ticular disease, and is an imperative component in the
development of efficient and effective prevention and intervention
effor ts. Most existing methods usually aim to build a one-size-
fits-all model to identify the r isk factors at the population-level.
However, this type of methods do not take into consideration of
heterogeneity in the population. To overcome this limitation, we
employ the framework of multi-task learning (MTL) to identify
a ranked list of obesity r isk factors for each subpopulation (task)
simultaneously with utilizing appropr iate shared information
across tasks. By synchronously learning multiple related tasks,
MTL provides a paradigm to rank r isk factors both at the
subpopulation and population-levels.

I . INTRODUCTION

At present, more than one-third (36.5%1) of adults living in

the United States (U.S.) are obese. Obesity is one of the most

common health threats and increases risk for negative health

comorbidities, e.g., diabetes, metabolic syndrome and cardio-

vascular disease [1] and mortality [2]. Risk factor analysis has

been extensively applied to identify, rank and understand the

underlying factors for prevention and treatment of obesity, e.g.,

[3].

Risk factor analysis is a statistical method to learn the

complex relationship between the dependent variable (i.e.,

target, outcome, output variable) and the independent variable

(i.e., predictor or input variable), which is applied for the

prevention, intervention and treatment of preventive diseases

(e.g., obesity, cardiovascular disease, type 2 diabetes) [4],

[5]. Conventional risk factor analysis utilizes either regression

methods to estimate the relations between the dependent and

independent variables, e.g., linear regression [6] and mul-

tivariate logistic regression [4], or standard statistical tests

to distinguish the significant/influential factors using p-value,

e.g., chi-square test [3], [7] and t-test [8].

The aforementioned risk factor analysis methods merely

study the risk factors at the population-level, considered as

single-task learning (STL) methods, which train a model

for the entire population. Therefore, they fail to capture the

heterogeneity in thepopulation. However, the causes of obesity

are multi-faceted and include both subpopulation-level and

population-level risk factors as well as obesity influences some

subpopulations more than others [9]. Subpopulations, e.g.,

*Corresponding Author
1https://www.cdc.gov/obesity/data/adult.html

people in various ages, diverse races, different living regions,

etc., can be vastly different in their risk factors for obesity; so

that precise identification and ranking of shared and unique

risk factors for specific subpopulations are necessary to maxi-

mize the efficiency and effectiveness of obesity prevention and

intervention efforts.

To conduct the risk factor analysis at both subpopulation

and population-levels, multi-task learning (MTL) is proposed

to rank the obesity risk factors for each subpopulation by

training multiple models simultaneously that incorporate the

heterogeneity between subpopulations [10]. Also, these sub-

populations may share some common information, which is

considered as the homogeneity in the population. To take into

account the homogeneity in the population, we hypothesize

that the multiple tasks are related though sharing a common

set of risk factors among tasks. To test this hypothesis, we

employ MTL with l2,1− norm regularization across all tasks

with a joint sparsity, which means each feature weight is either

small or large for all individuals [11].

In this paper, we conduct the obesity risk factors analysis

to implement a precise prevention, intervention and treatment

plan for both subpopulation and population simultaneously.

Fig. 1 demonstrates our MTL idea and compares with STL

approaches.
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Fig. 1: MTL trains multiple models simultaneously to obtain
multiple ranked lists of obesity r isk factors, i.e., one ranked list of
obesity r isk factors for each subpopulation, whereas STL trains
a single one-size-fits-all model to obtain a ranked list of obesity
r isk factors for all subpopulations. Note that, color box indicates
a higher weight and white box means the weight is zero.
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DATA 
Behavioral risk factor 

surveillance system (BRFSS) 
Pediatric obesity data 

collected in the Detroit 
and Metro Detroit 

(POMM)1 

Participants 2,000 adults (Adults aged 18 
years and older) living in 
various states in the U.S. 

23 children (Preschoolers 
aged 2-5 years) living in the 
Detroit and Metro Detroit 

Data 
collection 

Telephone or land phone 
interviews 

Paper-based surveys 

 
 
 
 

Input 
variables 

Multi-faced Multi-levels 

Demog-
raphy 

Health Social 
life 

Child Family Community 

Age, 
geogra-

phic 
inform-
ation, 
family 

size, etc. 

Number of 
days with 

bad physical 
or mental 

health, years 
of getting 
diabetes, 

etc. 

Phone 
usage, 
days 

of 
worki-
ng per 
week, 

etc. 

Hei-
ght, 
wei-
ght, 
etc. 

Lifestyle 
behavi-

ors, 
grocery 
behavi-

ors, 
social 

support, 
etc. 

Neighbor-
hood 

walkability/
safety, 

transpor-
tation 
access, 

built 
environme

nt, etc. 

 
Output 
variable 

 
Body mass index (BMI) 

 
Body mass index z-scores 

(BMI-z) 

Table 1. Descriptions of data we use for experiments. 

Figure 2. Top 5 selected obesity risk 

factors for each subpopulation using 

BRFSS data in terms of diverse age 

groups, i.e., T1 (Young adults:18-44), 

T2 (Middle-aged adults:45-64), T3 

(Older-aged adults: 65-99) and T4 

(Age information is missing). 

Figure 3.Top 5 selected obesity risk factors for each 

subpopulation using BRFSS data in terms of various states in U.S. 

RESULTS 
EnergyDaysPerMonth T1 T2 T3 T4

ExercisePerMonth T1 T2 T3

PainNonActiveDaysPerMonth T2 T3 T4

WorkHoursPerWeek T1 T2

DrinkPerMonth T1 T4

HoursSleepPerDay T2 T3

AgeOfDiabetes T1

AnxiousDaysPerMonth T3

PhonesUsage T4

PrediabetesBloodSugar T4

AL AZ AK CT CA CO DE FL IN HI ID IA KS KY SC SD LA ME MD MA MI MN MS

MONH NE NV NJ NM NY UT TN TX WYWI WVWARI PA OR OK OH ND NC VT VA

AL AZ AK CT CA CO DE FL IN HI ID IA KS KY SC SD LA ME MD MA MI MN MS

MONH NE NV NJ NM NY UT TN TX WYWI WVWARI PA OR OK OH ND NC VT VA

AL AZ AK CT CA CO DE FL IN HI ID IA KS KY SC SD LA ME MD MA MI MN MS

MONH NE NV NJ NM NY UT TN TX WYWI WVWARI PA OR OK OH ND NC VT VA

PhonesUsage CA DE HI IA KY SD ME NE NV NJ NY TN WI RI VT VA

BadPhysicalDaysPerMonth AK ID KY MA MS MO NH NE NV NJ TX OK

TimesSeeADocPerYear AZ FL SC MD NY UT TN TX WI RI VA

AnxiousDaysPerMonth AL IA SD MI WY PA OR OH NC

HealthDaysPerMonth CT IN KS MN WV OR OK

ChildrenNumber AZ IN LA MN WV ND

BadMetalDaysPerMonth CA ID ME MS WY

DrinkPerDay CO KS SC MO WA

IncomePerFamily CO LA MI NM WA

TimesBodyCheckPerYear AK MD NH UT PA

PainNonActiveDaysPerMonth FL MA NM ND

TimesUgentCarePerYear HI OH VT

AsthmaDaysPerYear AL NC

AdultsNumberPerFamily DE

NoInsuranceMonthPerYear CT

ExercisePerMonth

DrinkPerMonth

HoursSleepPerDay

Age_CG 201 202 204 206 207 209 211 212 213 218 219 220 222 223 224 225 229 230 231 232 234 235 236

BIS_Nonplanning 201 202 204 206 207 209 211 212 213 218 219 220 222 223 224 225 229 230 231 232 234 235 236

BIS_Motor1 201 202 204 206 207 209 211 212 213 218 219 220 222 223 224 225 229 230 231 232 234 235 236

total_score 201 202 204 206 207 209 211 212 213 218 219 220 222 223 224 225 229 230 231 232 234 235 236

avail_score 201 202 204 206 207 209 211 212 213 218 219 220 222 223 224 225 229 230 231 232 234 235 236

PSSTotal 201 202 206 207 209 211 212 213 218 219 220 222 223 224 225 229 230 231 232 234 235 236

FFBS_MaternalControl 201 202 204 209 212 213 219 220 222 223 224 225 230 232 235 236

BIS_Attentional 201 202 206 207 209 211 213 218 220 225 229 230 231 234 235 236

SNAPamt 206 207 209 212 219 220 222 223 224 230 232 234 236

BIS_Motor 202 204 207 211 212 218 222 224 225 229 231 232 236

FFBS_MaternalPresence 201 202 204 211 213 219 222 223 229 230 232 235

BIS_Self_Control 206 209 211 213 218 219 225 231 234

PromispTotal 201 204 206 212 218 220 231 234 235

DaycareDays_P 207 223 224

FFBS_ChildChoice 229

MSPSS_Family 204

Age_CG 201 202 204 206 207 209 211 212 213 218 219 220 222 223 224 225 229 230 231 232 234 235 236

total_score 201 202 204 206 207 209 211 212 213 218 219 220 222 223 224 225 229 230 231 232 234 235 236

PSSTotal 201 206 207 209 211 212 213 218 219 220 222 224 225 231 234 235 236

BIS_Nonplanning 201 202 206 209 211 212 213 218 223 225 230 231 232 234 235 236

avail_score 202 204 207 213 218 219 222 223 224 225 229 230 231 235

SNAPamt 206 207 209 212 219 220 222 223 224 230 232 234 236

BIS_Motor1 211 220 229 232

PromispTotal 201 204

FFBS_MaternalControl 202 204

BIS_Attentional 229
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 Research impact: transformative to other research areas, e.g., using 
ranking-CNN in images to estimate the age. 

 Educational impact: Data Science program at Wayne State 
University: 

1.Enhanced student training in a boarder sense via a campus-
wide data science program (e.g., at department or college 
levels); 
2.Multidisciplinary research training, i.e., the students in this 
and related projects meet with PIs each week to discuss 
research problems. 
 

SOLUTION 

1Targeted Research Grant Program, Society of Pediatric Psychology, Division 54 of the 
American Psychological Association. 
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