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Physical Activity in the U.S.

• Being physically active is important in
mitigating risks associated with
preventable diseases including, but not
limited to, diabetes, hypertension, and
heart disease

• It is recommended by the Physical Activity
Activity Guidelines for Americans that
most individuals receive 150-300 minutes
of moderate to vigorous physical
activity per week

• Despite these recommendations, most
Americans fail to meet these guidelines

• How do we motivate individuals to be
more physically active?
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Greenspace is widely hypothesized to motivate physical activity

Source: CDC.gov
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However... the evidence is mixed!

Lachowycz and Jones, 2011
Foster et al., 2009
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But, many of these studies are limited by...

• Self-reported measures of physical activity
• Measure “Exposure to Greenspace” using peoples’ home, work, or self-reported locations

• Fails to accurately capture the dynamic nature of peoples’ daily movements

• Lead to underestimating the duration of exposure to greenspace

• We can accurately assess exposure with high-resolution measurement devices
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The rise of wearable device data (Actigraph Data)

• According to a study of adults in the Health Information National Trends Survey, ∼ 1/3 Americans uses a wearable
device

• Among Wearable Device users, > 80% would share information with their doctor to support health monitoring

• People use wearable devices to monitor their daily physical activity levels, sleep cycles, vital signs, and more

• The data collected by wearable devices can be used to gain insights on how your environment affects your
physical activity levels
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Challenges in Analyzing Actigraph Data

1. Variation between Individuals makes it difficult to conclude what the overall effect of an
intervention is
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Challenges in Analyzing Actigraph Data

2. Actigraphy Data are Voluminous and
Computationally Intensive
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Physical Activity through Sustainable Transport Approaches in

Los Angeles (PASTA-LA) Study (Di Loro et al., 2023)

• A cohort study of 460 individuals in the Westwood
area monitored for a week in May 2017 and June 2018

• Participants wore Actigraph GT3X+ monitors, GPS
devices, and completed online questionaires on
demographic data (BMI, Ethnicity, Educational
Attainment, Sex, Age)

• Measured Variables:
• Normalized Difference Vegetation Index

(NDVI) is a measure of greenness corresponding
to a location

• Metabolic Equivalence of Task (MET)
measures the intensity of physical activity (i.e.
MET < 1.5 is sedentary activity, MET > 6
indicates vigorous exercise)

Figure: NDVI in Westwood
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Bayesian Subject-Level Pooling or, in other words,
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Bayesian Conjugate Model

• Suppose we have M subjects in our study where each subject has ni observations such
that the total number of observations in our study is N =

∑M
i=1 ni

• For each realization of the outcome, yij or MET for subject i observation j , we use the
Bayesian Gaussian Linear Regression Model:

yij = β0i + β1ixij + ϵij ; ϵij
ind∼ N(0, σ2) (1)

where xij = NDVI for subject i observation j and βi = (β0i , β1i )
T is a vector containing

the slope and intercept for subject i
• Priors:

• βi
ind∼ N(θ, σ2Vβi ) where Vβi = diag(γ2

i0, γ
2
i1) for each subject i

• θ
ind∼ N(µθ, σ

2Vθ) where µθ = (µθ0 , µθ1)
T and Vθ = diag(δ0, δ1)

• σ2 ind∼ IG (a0, b0)

• Our inferential objective is to estimate the subject-wise impact of the NDVI on MET
through the βi ’s and pooled impact through θ
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Augmented System

• Let Y = (Y T
1 , ...,Y T

M )T be the N × 1 vector obtained by stacking the ni vectors Yi for
i = 1, ...,M

• Let Xi be a ni × 2 design matrix for subject i and X = diag(X1, ...,XM) is a N × 2M
matrix

• Collecting these quantities, we have the following linear models:
• Y |β, σ2 ∼ N(Xβ, σ2IN) where β = (β1, ..., βM)T

• β|θ, σ2 ∼ N(Zθ, σ2V ∗
β ) where Z is a 2M × 2 matrix formed by stacking M I2 matrices and

V ∗
β = diag(Vβ1 , ...,VβM

)
• θ|σ2 ∼ N(µθ, σ

2Vθ)

• Rearranging these equations, we obtain the augmented system:

Y∗ = X∗γ∗ + ϵ∗; ϵ∗ ∼ N(0, σ2V∗) (2)

where Y∗ = (Y , 0, µθ)
T , X∗ =

 X 0
−I2M Z
0 I2

, γ∗ = (βT , θT )T , and V∗ = diag(IN ,V
∗
β ,Vθ)
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Posterior Quantities

• We can use the augmented system to obtain the joint posterior density

p(σ2, γ∗|Y∗) ∝ IG (σ2|a0, b0)× N(Y∗|X∗γ∗, σ
2V∗) (3)

∝ IG (σ2|a∗, b∗)× N(Y∗|γ̂∗, σ2(XT
∗ V−1

∗ X∗)
−1) (4)

where a∗ = a0 +
n
2 , b∗ = b0 +

1
2(Y − X∗γ̂∗)

TV−1
∗ (Y∗ − X∗γ̂∗) and

γ̂∗ = (XT
∗ V−1

∗ X∗)
−1XT

∗ V−1
∗ Y∗

• Composition Sampling:

1. We sample J values σ2
(i)

ind∼ IG (a∗, b∗)

2. We draw one value of γ∗ ∼ N(γ̂∗, σ
2
(i)(X

T
∗ V−1

∗ X∗)
−1) J times
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Pooled Parameters (θ0, θ1, σ
2)

Table: Parameter Estimates and 95% Credible Intervals
for θ0,θ1,σ

2

Quantiles
Parameter 50% 2.50% 97.50%
θ0 0.6734 0.6691 0.6776
θ1 0.0133 0.0091 0.0173
σ2 3.42E-08 3.41E-08 3.44E-08
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Subject-Wise Impact of NDVI on MET (βi ’s)

Subject-level point estimates and 95% Credible Intervals for β0 (top) and β1 (bottom)
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Conclusions

• At the population level, we observe a
positive association between green space
and physical activity

• The presence of subject-level
heterogeneity in the β1 coefficients
suggest that individual characteristics may
modulate the impact of greenspace and
physical activity levels

• The flexibility and scalability of the
augmented model makes computation fast
and would allow the inclusion of additional
covariates and interaction effects
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Questions?
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