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2015 Obesity Prevalence Across US States and 
Territories

• 2013-2014 
obesity 
prevalence: 38%

• No states with 
<20% obesity

• More than half 
with 30%+ 
obesity



The Obesity-Cancer Connection

• Obesity is now the #1 ranked cause of all cancers in non-smokers.

• 30% of cancer risk is attributed to poor diet, physical inactivity, and obesity.

• Directly and indirectly impacts cancer risk via insulin resistance, 
inflammation, etc. 

• Weight losses of 5-10% can reduce the risk of some chronic diseases. 
Greater weight losses might be necessary to reduce cancer risk.

• Weight loss maintenance will likely be necessary to reduce long-term risk.

• Without more effective weight loss and health behavior change interventions 
the prevalence of obesity and obesity-related disease will remain high.



Children/ 
adolescents

27%

Non-dieting 
adults
38% 2011       

market    
billion 

Dieting 
adults
35%

108 million

The US Weight Loss and Weight Management Market

Diet products (meals, beverages, and supplements); Equipment (fitness 
and surgical equipment); and Services(e.g., Weight Watchers) 

$148 billion in 2014

$206 billion by 2019
UPDATED



Sorensen TI et al. (2005) PLoS Med 
Wing RR and Phelan S (2005) Am J Clin Nutr

Bosomworth NJ (2012) Can Fam Physician

Intentional 
weight loss 

(36%)

No intentional 
weight loss 

(64%)
Weight gain 31% 33%
Weight stable 30% 30%
Weight loss 39% 37%

Body-weight trajectories do not vary by intention to lose weight



Maintain 
5%-10% 
loss of 
initial 

weight

Reduce energy 
intake by 500-
1000 kcal/day

> 150 min/week 
mod-to-vig

intensity exercise

Increase 
fruit/vegetable 

intake

Set realistic 
goals for weight 

loss and 
behavior change

Record food 
intake, physical 

activity, and 
weight

Reduce portion 
size, fat, and 

sugar

Protein intake: 
12%-15%

Fat intake: 
≤ 30%

Calorie restrict 
1200-1800 kcal/d

The current evidence-based weight control paradigm

Selected from over 200 LEARN program strategies (Brownell, 1989)



Look AHEAD Trial

The LOOK Ahead Trial was 
a multicenter randomized 
clinical trial comparing the 
effects of an intensive 
lifestyle intervention (ILI) to 
traditional diabetes support 
and education (DSE; the 
control group) on the 
incidence of major CVD 
events in over 5,000 
overweight or obese men 
and women with type 2 
diabetes. 

Study goal: 
7% sustained weight loss*

Recommended goal: 
5% sustained weight loss

*2X/month post intervention cal

• >7% weight loss in year 1
• Steady weight regain years 2-4 with counseling 

2x/month and optional monthly group sessions.



Diabetes Prevention 
Program 

The DPP was a large, 
randomized clinical trial 
involving more than 
3,000 non-diabetic US 
overweight and obese 
men and women at risk 
for diabetes. The trial 
compared the effects of 
an intensive lifestyle 
intervention to metformin 
and a placebo group on 
the incidence of diabetes.

• 6% weight loss achieved in lifestyle group after 24 
intervention weeks

• Intervention effects were maintained at 1 year with 
monthly sessions

• Steady weight regain thereafter



MD Anderson 

ttp://www.bis.gov.uk/assets/foresight/docs/obesity/12.pdf
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Appetite-related biological and 
neurocognitive processes

Genetic and/or 
epigenetic 

predisposition



Homeostatic model of energy balance

Short- and long-term 
energy stores;

‘energy homeostasis’ 

Learned 
behaviors and 
the perception 

of appetite-
related cues

Digestion and 
absorption, and optimal 

GI signaling;
‘Hunger and Fullness’ 



Eating can be highly 
rewarding
 Celebratory or happy social 

settings
 Behavior modeling – food as 

reward
 Emotional cues – food as 

comfort

Learned behavior become 
automatic/habitual when 
repeated
 Environmental/food-related cues 

can trigger eating

Desire to eat “mistaken” for 
physiological hunger

“Disruption” of energy homeostasis

Environmental 
cues

Access to high fat/ 
high sugar foods

Emotional eating

Social cues

In today’s plentiful food environment:

Reward homeostasis > Energy homeostasis 



Schembre, S.M. (2011) In: Preedy VR, Watson RR, Martin CR, eds. Handbook 
of behavior, food and nutrition. New York: Springer, pp. 487-506.

Learned eating behaviors



Weight-Related Eating Questionnaire

• External Eating (5-items)

• Emotional Eating (5-items)

• Routine Restraint (3-items)

• Compensatory Restraint (3-items)

Developing and validating a theory-based scale to assess 
weight-related eating behaviors

Schembre, S. et al. (2009) Eating Behaviors 10(2);119-124 
Schembre S. and Geller K. S. (2011) Obesity  449(12);2336-44
Schembre, S.M. (2011) In: Preedy VR, Watson RR, Martin CR, eds. 
Handbook of behavior, food and nutrition. New York: Springer, pp. 487-506.
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Non-diet approach to improving health outcomes

HEALTHY AT EVERY SIZE MINDFULNESS-BASED 
EATING AWARENESS

INTUITIVE EATING

• Key assumption: People can correctly distinguish between the desire to 
eat and physiological hunger, if they pay attention to it.



Individuals with high vs low susceptibility to external and 
emotional cues (EE) “perceive” greater levels of hunger

Subjective Appetite Ratings
High EE  (n=30)

M ± SD
Low EE (n=24)

M ± SD

Fasting Hunger (mm) 54.5±24.2 38.3±26.9 p=0.016

Fasting Satiety (mm) 60.0±27.2 59.1±25.8

Appetite-Related Fasting Plasma Biomarkers

Fasting Total Ghrelin (pg/ml) 661.1±166.3 653.0±214.9

Fasting Glucose (mg/dl) 95.2±37.8 88.2±10.2

Fasting Insulin (µIU/mL) 11.6±10.2 9.1±6.4
Participants fasted for 12 hours
Analyses controlled for gender (28% males) and BMI (74% normal weight).

Schembre, S. et al. / FASEB J. 23:B424.1 (2009) Meeting abstract 

Maladaptive eating traits are associated with a over-
sensitivity to hunger cues (not satiety).



Principles/Assumptions of Hunger 
training

• Eating in response to hunger facilitates 
energy homeostasis as an intermediary 
step in weight regulation.

• Eating behaviors that are not regulated by 
physiological signals of hunger have been 
empirically linked to weight gain.

• Blood glucose levels are an indicator of 
available short-term energy

• Individuals who are obese are less 
sensitive to elevated BG levels; 

• Decreased sensitivity to BG levels - less 
likely to distinguish between ‘true’ hunger 
and the hedonic desire to eat. 

• Sensitivity to physiological hunger cues 
can be (re)taught.

Using glucose monitoring to self-regulate eating behavior 



Hunger Training effectively reduces weight than 
traditional intensive lifestyle interventions  

Ciampolini et al. (2010) Nutr. Metab.
Jospe et al. (2015) Nutr. Metab.

Ciampolini et al. 2010
Pre-meal BG< 85 mg/dl

Control
(n=21)

All 
trained
(n=38)

Trained 
Low BG
(n=12)

Trained 
High BG
(n=26)

5 month changes
Standard
education

Standard education &
7 weeks hunger training

Pre-meal BG (mg/dl) +3.6 -8.0 +0.1 -11.7

Weight loss (kg) -2.3 -5.8 -4.0 -6.7

Weight loss (%) -3.0 -7.4 -5.2 -8.5

Energy intake (kcals) -418 -687 -668 -697

Jospe et al. 2015

Cohort A
(n=19)

Cohort B
(n=10)

2 week changes Pre-meal BG < 85 mg/dl Pre-meal BG ≤ fasting

Weight loss (kg) -1.1 -2.1

Weight loss (%) -1.2 -2.3

2 weeks 
of hunger 
training

7 weeks 
of hunger 
training + 
3 months 
follow-up

Overweight and obese men and women

Normal weight, overweight, and obese men and women



Aim 1: Feasibility of collecting EMA data

Aim 2: Explore discordance between 
perceived hunger and pre-
defined BG thresholds

Aim 2a: Lean vs. overweight/obese

Aim 2b: Meals vs. snacks

N=45 young men and women age 18-24 
years; 38% overweight or obese

Project TwEATs using EMA to identify and classify 
maladaptive eating events

Goal: Provide empirical support for 
the principles of Hunger Training



7 monitoring days
(N=45 enrolled)

Eating Records
(n=41 with ≥ 5d)

963 eating events

Self-reported 
hunger

(Yes/No)

241 ‘Not hungry’ 
(25%)

775 BG readings
80.6% of eating events

Standardized BG 
threshold 

(BG < 85 mg/dl)

597 > 85 mg/dl 
(62%)

Personalized BG 
threshold 

(BG ≤ fasting)

494 > fasting 
(51%)

Project TwEATs event sampling results

Schembre and Yuen, 2012, Appetite
Schembre et al., In press



Project TwEATs results
Summary of findings

• Lean were more sensitive than 
obese to pre-meal BG levels; 
reported being “Not hungry” at 
lower pre-meal BG levels (p<0.01)

• Eating when ‘not hungry’ was 
more likely to occur when snacking 
(not shown, p<0.01)

• Lean were less likely than obese 
to misclassify a ‘not hungry’ event 
(p<0.05)

• Snacks were less likely to be 
misclassified as a ‘not hungry’ 
eating event (not shown, p=0.01)

• Feasible, but 80% compliance with 
glucose monitoring protocol not 
optimal
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Discordance rates (%) All Lean Obese
Self-
reported
‘Hungry’

Standardized 
BG threshold
(BG>85 mg/dl)

57.7%** 53.1% 66.9%

Personalized 
BG threshold
(BG>fasting)

47.7%* 43.8% 54.5%

** p<0.01; * p<0.05)

Schembre and Yuen, 2012, Appetite
Schembre et al., Under review



Blood glucose (BG) represents short-
term energy status (Campfield & Smith, 2003)

• Pre-meal BG indicates a biological 
need to eat

Pre-to-post-meal changes in BG results 
from the absorption of carbohydrates – a 
major dietary macronutrient
• BG dynamics as a biomarker of food 

intake and dietary glycemic quality

Elevated post-meal BG (≥ 140 mg/dl) is a 
risk factor for cardiovascular disease, 
type 2 diabetes, and diet-related cancers 
(Gerich et al., 2003; Liu et al., 2000; Barclay et al., 2008)

• Affects cell proliferation and 
tumorigenesis via modulation of the 
IGF axis, even in the absence of 
diabetes (Giovannucci, 2001 and 2007)

Using Blood Glucose Dynamics to Provide 
Personalized Actionable Feedback in Interventions

Today

The Future



Primary aim: Examine the feasibility of collecting continuous glucose 
monitoring (CGM) data among free-living non-diabetic individuals

• Will healthy people wear a CGM and what do they think of it?

• Can we get useful data from the CGM?

Secondary aim: Explore the utility of using CGM data with the  
intent to provide actionable decision support for eating behaviors.

Pre-meal BG: To eat, or not to eat? 

• Characterize eating events as occurring without physiological need 

Post-meal BG: What was the (glycemic) quality of what I ate? 

• Identify hyperglycemic responses.

• Characterize the glycemic response to foods.

Pre-to-post-meal BG: Did an eating event occur? 

• Automating the detection of food intake.

• To what extent can we do the above without the self-report of eating.

Aims of Project SENSE



A 7-day* free-living observational study

• Blood glucose monitoring: Dexcom G4 
continuous blood glucose monitor (CGM) 

• CGM measures BG in the interstitial fluid via 
small insertable sensor.

• BG readings every 5 minutes during wear

• Dietary intake: (1) time-stamped in CGM, (2) 
food diaries self-reported in MyFitnessPal app, 
(3) time-stamped food photos by mobile phones. 

• Physical activity: (1) time-stamped in CGM, (2) 
self-reported in MyFitnessPal app, (3) objectively 
measured by accelerometer 

* 5 days of data used: first 2 days are “run-in” period 
and data are not intended for analyses 

Project SENSE – data collection



• 24 non-diabetic participants, 24 to 64 years old (M = 34.75, SD = 
11.30), 75% female, 33.3% normal weight, 45.8% overweight, and 
20.8% obese

Sample Collected Data in One Day

Sunday, November 20, 2016
10:55 AM 
Oatmeal, milk, coffee (GL=39)

1:51 PM   
Turkey sandwich, lima beans,
Cheetos (GL=35)

6:55 PM    
Rice, chicken, squash, zucchini, 
beer (GL=35)

8:22 PM   Ice cream (GL=8)

8:56 PM   Popcorn (GL=20)

9:45 PM   Beer (GL=40)

GL=Glycemic load, estimated from Nutrition Data System for Research (NDSR) based on food record from MyFitnessPal.



Sample Collected Data in One Week



Summary of findings: Participants on 
average reported 29 (SD = 11.8) eating 
events across the 5 analytical days
• 62.0% of those eating events 

occurred when BG > 85 mg/dL
• 43.5% occurred when BG > 

personalized fasting level
• Overweight or obese vs. lean had 

significantly more eating events 
occurring at a BG that was above 
the standardized threshold.

• On average, participants had 3 (SD 
= 4.4) hyperglycemic events

Results from Project SENSE

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

Eating events occurring at BG 
> 85 mg/dL by weight status

Normal Weight

Overweight/Obese

t = -.17, df = 22, p = .041

Schembre et al., In preparation

Frequency of hyperglycemic events by BMI status

All BMI<25 BMI≥25

Hyperglycemic events (freq.) 2.9±3.0 2.5±2.4 3.2±3.5



Rate of change in BG 30 minutes 
after a self-reported eating event 
are greater than in the 30 minutes 
prior to eating (p<0.001).  

Automating the detection and characterization of food intake

Schembre et al., In preparation

60 minute BG AUC vary by the 
computed glycemic load of a 
reported eating event (p<0.001).  



• 92% of participants agreed that the CGM 
device “was easy to use”

• 88% of participants agreed that the CGM 
sensor “was comfortable to wear”

• 64% of participants indicated that they would 
be willing to use a CGM device to help them 
achieve their health and wellness goals

• 91% indicated they would do so if the CGM 
sensor was non-invasive

Participants’ Experience with CGM



0% 0% 0% 0% 0%0%
8% 4%

13%

0%4% 0% 4% 8% 8%

54%
46%

58%

25%

54%

42% 46%

33%

54%

38%

CGM Sensor CGM Receiver MyFitnessPal Accelerometer Food Picture

“Usability: This tool is easy to use and user friendly.” 

Strongly Disagree (1) Disagree (2) Neither agree nor disagree (3) Agree (4) Strongly Agree (5)

0% 0%
8% 4% 4%

17% 21%

4%

21%
13%8%

17% 13% 17% 13%

54%

38%
46%

33%

50%

21% 25% 29% 25% 21%

CGM Sensor CGM Receiver MyFitnessPal Accelerometer Food Picture

“Convenience: This tool is convenient for me to use in my 
everyday life.” 

Strongly Disagree (1) Disagree (2) Neither agree nor disagree (3) Agree (4) Strongly Agree (5)

Selected process evaluation data



SENSE 2.0: Automating food intake detection 
• Just-in-time adaptive interventions

• Personalized diet (and physical activity) feedback
• Proactive decision support for people with diabetes
• Weight control

Take CHARGE: Choosing Health and Cancer Risk Reduction through 
Good Eating and Exercise (NIH/NCI R21)
• Adding Hunger Training to the Diabetes Prevention Program (DPP)
• 50 obese women at risk for breast cancer
• 16 week pilot intervention
• Goal: Test synergistic effect of hunger training and DPP on weight loss

• Feasibility of integrating hunger training (via CGM) into a ILI
• Effects size estimates on weight loss (and cancer-related plasma 

biomarker outcomes) 
• Future large-scale RCT will examine weight maintenance outcomes

Future Directions



• Thrust 1: Mobile Sensor 
Data-to-Information

• Thrust 2: Mobile Sensor 
Information-to-Knowledge
– Decision making
– JITAI

• Thrust 3: MD2K –
Computation

• Thrust 4: MD2K-
Applications

Advancing health behavior interventions

MD2K
https://www.youtube.com/watch?v=uSQn
2puExxM#action=share

https://www.youtube.com/watch?v=uSQn2puExxM%23action=share


• Advancement in wearable sensor technologies has automated the 
self-monitoring and feedback process.

• Use body sensors to unobtrusively and automatically detect health 
behaviors. 

• Process the data through algorithms designed to quantify current 
performance.

• Enhance the bi-directional communication between 
participants/patients and researchers.

• Deliver messages that prompt healthy decision making at critical 
moments to achieve health-related goals.

• Sensors that measure health-related biomarkers could be used to 
define critical moments – glucose, heart rate variability.

Sensor-Based Feedback in Health Behavioral Change 
Interventions



• Sensor-based, real-time interventions reflect a new 
paradigm shift in behavior change science. 

• How do we get the most of just-in-time interventions?

• How do we optimize the delivery of real-time feedback?
• Timing
• Content

• Optimization of real-time feedback content and timing and 
frequency
• Micro-randomization – timing and frequency 
• Multiphase optimization strategy (MOST) – content 

A new paradigm shift in behavior change science



Objective 
• Synthesize data on the content characteristics of real-time 

feedback used in energy balance-related behavior change 
interventions

• Propose a framework for the design of real-time feedback in 
future interventions.

Theoretical foundation
• Control Theory - behavior is goal-driven; behavior change occurs 

in response to feedback on current performance relative to a
behavioral goal.

• Feedback Intervention Theory - feedback motivates behavior 
change by focusing one’s attention on the behavioral task itself

Systematic review of real-time feedback used in 
energy-balance related interventions

Schembre and Liao, Under Review



• N=32 intervention studies published through 2016

• Physical activity (47%)

• Diet and physical activity (41%)

• Diet only (9%)

• Self-weighing (3%)

Included studies



• Consistent with Control Theory 4 key characteristics 
emerged:
• Timeliness of feedback

• Continuous feedback 31%
• Multiple times of day 10%
• Daily 69%

• Level of personalization
• Team-based feedback 3%
• Person-level feedback 97%

• Goal-orientation
• Self-selected, incremental, or adaptive goals 38%
• Static/standardized recommendations 38%

• Action-orientation
• Included explicit communication of what to do and how and 

when to do it 16%

4 key characteristics of real-time feedback



*Study inclusion criteria

Real-time feedback that is continuously-available, personalized, and 
actionable relative to a known behavioral objective or goal is prominent 
in intervention studies with significant behavior change outcomes. 

Real-time feedback efficacy

Significant 
effects (n=4)

Non-significant 
effects (n=5)

Timely* 100% 100%

Personalized 100% 100%
Continuously-available 75% 20%
Goal-oriented 75% 60%

Actionable 75% 40%



Testable model for real-time feedback content design

Schembre and Liao, Under Review



• Objective vs. subjective data

• Privacy concerns 
• Big brother
• People trust doctors to keep information confidential

• HIPAA compliance
• Compromised transmission of PHI

• Security issues
• Third-party hackers
• Terrorist threat

Considerations for future mHealth interventions
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