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Biostatistics Collaboration Center (BCC)
Who We Are



Biostatistics 
Collaboration 
Center

Mission: to support investigators at FSM 
in the conduct of high-quality, innovative 
health-related research by providing 
expertise in biostatistics, statistical 
programming, and data management.

Cancer-related biostatistics needs → RHLCCC’s Quantitative Data Sciences Core (QDSC)

Multi-site data coordinating → NUDACC (NU Data Analysis & Coordinating Center)



Biostatistics 
Collaboration 
Center

13 PhD Faculty Statisticians

9 MS Statistical Analysts

> 300 Research Projects (Annually)

> 75 Grant Proposals (Annually)



What can we do?

Many areas of expertise, including: Many types of software, including:

- Bayesian Methods

- Big Data

- Bioinformatics

- Causal Inference

- Clinical Trials

- Database Design

- Genomics

- Longitudinal Data

- Machine Learning

- Missing Data

- Reproducibility

- Statistical Genetics

- Survival Analysis 

- Wearable Device Data



Come talk to us for an hour – we can learn about your work and how we might be able 
to help.  It’s covered by the FSM Office for Research, and the wait is not long!

Writing a grant?
Help with analysis? 

Constructing a database?

✓ Power/sample size

✓ Statistical analysis plan

✓ Co-Investigator

✓ Develop statistical analysis 
plan (no cost)

✓ Hourly charge for analysis 
($145 or $175/hour)

Request an Appointment here! 
https://www.feinberg.northwestern.edu/sites/bcc/index.html

https://www.feinberg.northwestern.edu/sites/bcc/index.html


Wearable Devices
What Are They?
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Wearing What?
Personal Wearable Devices

• Automatic data collection in high 
frequency

• Track physiological variables and 
clinical symptoms outside of clinical 
environment 

• Non-invasive and convenient

• Help MD and patients deliver better 
decisions and health care

• Increasingly used in health research

• Inherent data challenges

Basal Temperature Tracking Physical Activity / Sleep

Glucose Monitoring Phone Sensors

Source: Glucose Monitoring Image

Source: Yono Lab Earbud 

https://www.semanticscholar.org/paper/On-the-Management-of-Type-1-Diabetes-Mellitus-with-Rodr%C3%ADguez/8d34cef14e04a797c3276ce71bbc0f6208318f6b
https://www.speckdesign.com/projects/yono


Where to Wear?

9Source: Wearable Device Image

https://cacm.acm.org/news/236113-a-healthy-dose-of-wearables/fulltext?mobile=false


Wear for what?

Activity Monitoring

Sleep Tracking

Physical Health Monitoring

Behavioral Monitoring

Clinical Trials/Interventions

Disease Management
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Wear for what?
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Activity Monitoring

Sleep Tracking

Physical Health Monitoring

Behavioral Monitoring

Clinical Trials/Interventions

Disease Management

Source: Medication Adherence Cartoon

Source: Food Tracking Image

https://www.upnrx.com/post/medication-adherence-expectation-vs-reality
https://stock.adobe.com/bg/images/intermittent-fasting-isolated-cartoon-vector-illustrations/544709529


Wear for what?
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Activity Monitoring

Sleep Tracking

Physical Health Monitoring

Behavioral Monitoring

Clinical Trials/Interventions

Disease Management

Source: Intervention Prompt ImageSource: Blood Sugar Image Source: Mood App Image

https://ssri.psu.edu/news/self-monitoring-physical-activity-matters-according-smartwatch-study
https://stock.adobe.com/images/blood-sugar-chart-isolated-on-a-white-background-blood-sugar-balance-levels-blood-sugar-roller-coaster-diabetes-normal-or-ideal-low-and-high-unstable-levels-with-spike-and-crash/563012328
https://www.businessinsider.com/guides/health/mental-health/mood-tracker


Wear for what?
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Activity Monitoring

Sleep Tracking

Physical Health Monitoring

Behavioral Monitoring

Clinical Trials/Interventions

Disease Management

Source: CGM Image

Source: Food Tracking Image

https://www.ihs.gov/diabetes/education-materials-and-resources/diabetes-topics/glycemic-control/continuous-glucose-monitoring/
https://www.researchgate.net/figure/Multisensory-monitoring-for-obesity-research_fig2_270658501


Wear for what?
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Activity Monitoring

Sleep Tracking

Physical Health Monitoring

Behavioral Monitoring

Clinical Trials/Interventions

Disease Management

Source: Cartoon

https://www.vccafe.com/2011/02/09/you-have-a-great-idea-now-what-guest-post/
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Link Accreditation: Universe Zoom Out Gif

https://tenor.com/view/universe-zoom-out-dont-care-earth-zoom-out-to-universe-gif-26654664


Wearable Device Data
Cleaning/Processing/Summary Metrics
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Raw Data Processed  Data Data Analysis

Source: Wearable Device Image

https://cacm.acm.org/news/236113-a-healthy-dose-of-wearables/fulltext?mobile=false
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Raw Data Processed  Data Data Analysis

Source: Wearable Device Image

https://cacm.acm.org/news/236113-a-healthy-dose-of-wearables/fulltext?mobile=false
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Raw Data Processed  Data Data Analysis

Source: Wearable Device Image

https://cacm.acm.org/news/236113-a-healthy-dose-of-wearables/fulltext?mobile=false


• Capture continuous measures of objective activity

• Detects acceleration in 3 orthogonal planes

• Vertical (axis 1, x) 

• Horizontal (axis 2, y) 

• Perpendicular(axis 3, z)

• Considerations
• Raw to Processed Data?

• Sleep? Physical Activity?

• Single summary statistics? Patterns of activity?

Wearable Device Example: Accelerometers
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Raw Accelerometer Data
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Note: Many data 

points per second

Example: 60Hz 

devices capture 60 

readings per second



Processed Intensity Measurements

• AC: Activity Count (device 
specific)

• MIMS: Monitor-Independent 
Movement Summary

• ENMO: Euclidean Norm Minus 
One

• MAD: Mean Amplitude 
Deviation

• AI: Activity Intensity

Processed Accelerometer Data
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Kartas, Marta et al. “Comparison of Accelerometry-Based Measures of Physical Activity: 
Retrospective Observational Data Analysis Study”, JMIR Mhealth and uHealth, 2022. 
DOI: 10.2196/38077

https://doi.org/10.2196/38077


Processed Accelerometer Data – from Actigraph
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Granularity

Direction and AC Intensity

Step Count

Orientation Variables



•Data expressed as number 
of “Counts” (movements) 
per “Epoch” (unit of time)

- Epochs can vary… e.g. 10 second,      
one-minute, five-minute, etc.

• PA Intensity measures at 
each of 3 axes

- Vertical (axis 1, x) 

- Horizontal (axis 2, y) 

- Perpendicular(axis 3, z) 

- Vector Magnitude (VM):

    𝒙𝟐 + 𝒚𝟐 + 𝒛𝟐

Activity Count (AC) Data
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We Processed Our Data! Now what? 
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Determining Metrics

•Vector Magnitude (VM)
•“Lux”, or light intensity



Analyzing Sleep Data
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How Do We Estimate Sleep?



Analyzing Sleep Data
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What Sleep Measurements do we Care About?

Bed Time Wake Time Sleep Duration Sleep Timing Sleep Variability



Analyzing Physical Activity (PA) Data
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How Do We Estimate PA Intensities?



Analyzing Physical Activity (PA) Data Where do the cutoffs come from?



• There are many potential published 
cutoff classifications
• Validated against different subgroup 

populations and studies

• Many variables affect cutoff options

• Use of cutoffs derived from population 
that does not align with your own study
• Lead to incorrect or biased activity 

classifications

Activity 
Cutoffs

Device Type

Device Placement

Population Health
Age

Sex
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Analyzing Physical Activity (PA) Data
Intensity  Cutpoint Classifications
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Minutes per Day at 
each Activity Level

Analyzing Physical Activity (PA) Data
Intensity Classification Cutpoints
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Minutes per Day at 
each Activity Level

Analyzing Physical Activity (PA) Data
Intensity Classification Cutpoints



Analyzing Your Data
A few approaches
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Raw Data Processed  Data

Source: Wearable Device Image

https://cacm.acm.org/news/236113-a-healthy-dose-of-wearables/fulltext?mobile=false
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Raw Data Processed  Data Data Analysis

Source: Wearable Device Image

https://cacm.acm.org/news/236113-a-healthy-dose-of-wearables/fulltext?mobile=false


Analysis of Wearable Device Data

No “one-size-fits-all” approach

• Statistical Analysis depends on your research question

•Examples:

- Time from taking blood pressure medication until BP drops below a 
pre-specified threshold? Survival Analysis

- Association of sleep duration with (continuous) cognitive outcome? 
Linear Regression

- Effect of daily MVPA on mood over a one-week period? Longitudinal 
Modelling

39



Analysis of Wearable Device Data

Substitution Analysis

40

Cluster Analysis

Functional Data Analysis (FDA)

Highlighted Other Approaches



Substitution Modeling
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Analysis of Physical Activity

• Research Question

- What if an individual replaces 5% of Sedentary 
Behavior with Moderate-to-Vigorous Activity (MVPA)

• Note: Different question than can be answered with 
standard linear regression

- How would this substitution affect a health outcome 
(waist circumference)

• Results

- Substitution associated with a reduction in waist 
circumference by 1.35 cm with 95% CI = (− 1.91, 
− 0.79)

S
(45%)

MVPA
(15%)

L
(40%)

% of Wake Time at 
Each Activity Level

S
(40%)

MVPA
(20%)

L
(40%)

Aljahdali, A et al. “Sedentary patterns and cardiometabolic risk factors in Mexican 
children and adolescents: analysis of longitudinal data”, International Journal of 
Behavioral Nutrition and Physical Activity, 2022. DOI:10.1186/s12966-022-01375-0

http://dx.doi.org/10.1186/s12966-022-01375-0


Phenotype Clustering
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Analysis of multiple accelerometer metrics

• Research question

- Can individuals be clustered into “phenotypes” 
based on variables of interest from 
accelerometers 

Sleep
 Duration

Sleep 
Fragmentation

Sleep 
Variability

Sleep Timing

Sedentary 
Behavior

High Intensity 
Activity

Subject Level 
Accelerometer Metrics

Clustered 
Subjects

Clustering 
Algorithm

Source: Cluster Image

http://www.sthda.com/english/articles/31-principal-component-methods-in-r-practical-guide/117-hcpc-hierarchical-clustering-on-principal-components-essentials/


Phenotype Clustering
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Analysis of multiple accelerometer metrics

• Assess cluster-specific subject 
characteristics, or “phenotypes”

- Cluster 1:
• ↑ Sedentary Behavior 

• ↑ Sleep Duration 

- Cluster 2:
• ↑ Sedentary Behavior 

• ↓ Sleep Duration 

- Cluster 3:
• ↓ Sedentary Behavior

• ↑ Sleep Duration

Mean Daily Sedentary Behavior
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Banker, M and Jansen, E et al. “Associations between sleep and physical activity 
behavior clusters and epigenetic age acceleration in Mexican adolescents”, Under 
Review at Medicine & Science in Sports & Exercise. 2024.
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Functional Data Analysis
Data points as a Function rather than single value

What is Functional Data?
• Observations on subjects that you can imagine 

as  Xi ti  where ti is continuous

• i.e. Data in form of functions, images, shapes

Characteristics of Functional Data
• High dimensional

• Ordered over time and space

• Recorded over a continuous domain (e.g. time)

Blood PressurePM10 Exposure Curves Knee Angle in Walking Gait

Source: Blood Pressure Image Source: Knee Angle ImageSource: PM10 Exposure Curve

https://www.researchgate.net/figure/Ambulatory-systolic-blood-pressure-SBP-profiles-in-the-three-cluster-groups-of-the_fig2_348613230
chrome-extension://efaidnbmnnnibpcajpcglclefindmkaj/https:/imsarchives.nus.edu.sg/oldwww2/events/2019/stat/files/ogden.pdf
https://www.scirp.org/journal/paperinformation?paperid=127286


Functional Data Analysis
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Getting Started

Example from Jeff Goldsmith short course: 
https://jeffgoldsmith.com/ICAMPAM/shortcourse_notation.html

Functional Data from a single subject

Note: Here, the 

full curve is the 

unit of analysis 

https://jeffgoldsmith.com/ICAMPAM/shortcourse_notation.html


Functional Data Analysis
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Getting Started

Example from Jeff Goldsmith short course: 
https://jeffgoldsmith.com/ICAMPAM/shortcourse_notation.html

“Spaghetti Plot”: Functional Data from many subjects

Note: Here, the 

full curve is the 

unit of analysis 



Functional Data Analysis

47

Getting Started

Example from Jeff Goldsmith short course: 
https://jeffgoldsmith.com/ICAMPAM/shortcourse_notation.html

Note: Here, the 

full curve is the 

unit of analysis 

“Spaghetti Plot”: Functional Data from a many subjects

https://jeffgoldsmith.com/ICAMPAM/shortcourse_notation.html


Functional Data Analysis
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Getting Started

Example from Jeff Goldsmith short course: 
https://jeffgoldsmith.com/ICAMPAM/shortcourse_notation.html

Note: Here, the 

full curve is the 

unit of analysis 

“Rainbow Plot”: Functional Data from a many subjects

https://jeffgoldsmith.com/ICAMPAM/shortcourse_notation.html
https://jeffgoldsmith.com/ICAMPAM/shortcourse_notation.html


Scalar-on-Function Regression

𝑌𝑖 = 𝛽0 +න
𝑇

𝑋𝑖 𝑡 𝛽 𝑡 𝑑𝑡 + 𝜖𝑖

• Y is scalar outcome of interest (single measurement)
example: Health outcome of interest

• X is functional predictor/covariate
example: PA intensity from accelerometer

• 𝛽 is functional parameter we want to estimate
example: functional effect of PA intensity on health outcome 

• T is the continuous domain 

example: time

Notation



Scalar-on-Function Regression

• Research Setup: 

- PA was monitored continuously for 7 days in older 
adults with mild Alzheimer’s Disease (AD) and 
cognitively normal controls (CNC)

- Can temporal PA profiles be used to differentiate 
between CNC and mild AD?

• Scalar-on-Function Regression

- Model temporal aspects in wearable 
observations Xi(t) over 24 hours in a day

• Results

- Smoothed PA profiles for  CNC and AD participants 
suggest different activity patterns 

50

Research Example

Ghosal, Rahul et al. “Scalar on time-by-distribution regression and its application for modelling associations between daily-
living physical activity and cognitive functions in Alzheimer’s Disease. ”Scientific Reports. 2022.



Functional regression coefficient β(t)

Result:

- Higher PA during morning hours 
(∼ 10 a.m.–3 p.m.) is significantly 
associated with a lower odds of AD

51

Ghosal, Rahul et al. “Scalar on time-by-distribution regression and its 
application for modelling associations between daily-living physical 
activity and cognitive functions in Alzheimer’s Disease. ”Scientific 
Reports. 2022.

Increase log 
odds of AD

Decrease log 
odds of AD



Wear it Well
Ending Thoughts
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Ending Thoughts

53

wow, so much data

I have so much Data!! I have SO MUCH data!!



Ending Thoughts
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Start Planning Early 

Processing raw data is not trivial … but there are some standard practices

There are many metrics you can glean from the continuous data … let your research 
question guide your variable creation

You have options in data analysis … from more standard to novel methodologies 

The BCC is here to help! The earlier in the process, the better ☺ 



Ending Thoughts
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Into The Unknown ….



Thank you!

56

… and Questions ☺
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