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OPPORTUNITIES AND CHALLENGES

Opportunities: 

• Scale (N) and length (T) of measurements
• Essentially identical measurements everywhere using smartphones (not so for wearables)
• Building partnerships across industry, academia, government

Challenges: 

• Data are very high dimensional and very noisy
• Many analytical and statistical challenges in these early days
• Data standards and reproducibility
• Data security and patient privacy
• Regulatory considerations
• Patient engagement and feedback (possibly useful, can be harmful, constitutes an intervention)
• Integration into clinical care and EHR (information overload)



• Complete mobility trace vs. simulated missingness
• Typical sampling cycle: on-cycle = 2 mins, off-cycle = 10 mins; 83.3% of mobility trace missing

MOBILITY
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Table 1. Example of a person’s mobility measures compared across different missing data
imputation approaches. GPS was collected continuously to establish the ground truth (92.17 minutes
are missing due to either loss of signal or power). For the missing data imputations, a Cauchy kernel
was used with scale factor denoted by the number following the period. Larger scale factors give
increased weight on nearby observations during resampling. For the TL, GL, and GLC approaches,
the margin of error represents the standard deviation over 100 repeated simulations.

Measures TL.1 TL.10 TL.20 GL.1 GL.10 GL.20 GLC.1 GLC.10 GLC.20 LI Truth

Hometime 831.5
±2.3

832.3
±2.4

833.4
±2.2

830.3
±2.2

830.5
±2.8

829.8
±1.9

829.1
±2.1

832.1
±2.2

831.3
±2.5 826.7 882.8

DistTravelled 22184
±969.7

22446
±843.5

22569
±811.6

18801
±466.3

18801
±337.5

18779
±369.4

21791
±969.9

22380
±712.1

22444
±645.6 17236 19344

RoG 2787.3
±2.3

2791.3
±2.6

2791.2
±1.9

2783.0
±1.6

2783.0
±1.9

2783.3
±2.5

2785.6
±1.3

2787.0
±1.5

2787.5
±1.8 2779.4 2781.3

MaxDiam 6717
±169

6745
±129

6727
±98

6494
±44

6483
±8

6496
±34

6516
±55

6517
±55

6562
±94 6479 6467

MaxHomeDist 6372
±165

6410
±123

6379
±93

6160
±49

6147
±16

6153
±39

6144
±30

6152
±5

6163
±24 6149 6129

SigLocsVisited 2.96
±0.73

3.20
±0.58

3.20
±0.71

3.16
±0.69

3.00
±0.76

2.96
±0.79

3.28
±0.61

3.12
±0.60

3.20
±0.65 2 3

AvgFlightLen 172.7
±10.7

160.2
±7.6

158.6
±7.4

200.2
±23.2

193.2
±19.2

191.7
±18.1

129.9
±13.6

122.8
±6.1

127.1
±7.6 478.8 251.2

StdFlightLen 152.9
±30.8

125.8
±10.1

123.2
±5.5

213.4
±51.5

205.8
±36.3

202.7
±43.5

151.0
±30.0

134.2
±8.4

137.1
±9.0 639.6 223.3

AvgFlightDur 79.0
±9.3

69.4
±5.8

68.8
±5.6

119.0
±17.9

115.2
±13.4

113.5
±13.7

65.4
±10.5

57.2
±4.1

60.0
±5.1 340.6 77.0

StdFlightDur 131.7
±17.0

115.3
±9.0

113.5
±10.2

170.3
±22.0

168.7
±14.8

166.7
±14.4

103.7
±18.2

85.0
±10.9

91.7
±13.1 289.8 55.2

FracPause 0.88
±0.01

0.89
±0.01

0.89
±0.01

0.87
±0.01

0.87
±0.01

0.87
±0.01

0.87
±0.01

0.88
±0.01

0.88
±0.01 0.86 0.93

SigLocEntropy 0.63
±0.01

0.63
±0.01

0.63
±0.01

0.63
±0.01

0.63
±0.01

0.63
±0.01

0.63
±0.01

0.63
±0.01

0.63
±0.01 0.63 0.63

MinsMissing 1243 1243 1243 1243 1243 1243 1243 1243 1243 1243 92

CircdnRtn 0.64
±0.02

0.63
±0.01

0.63
±0.02

0.67
±0.01

0.67
±0.01

0.67
±0.01

0.65
±0.02

0.66
±0.01

0.66
±0.02 0.69 0.66

WkEndDayRtn 0.76
±0.02

0.76
±0.01

0.76
±0.01

0.78
±0.01

0.77
±0.01

0.78
±0.01

0.76
±0.02

0.76
±0.01

0.77
±0.01 0.81 0.79
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Join work with Ian Barnett



PHYSICAL ACTIVITY

walk, stair up, stand, stair down
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• Activity segmentation using data from gyroscope
• Less data than accelerometer, more even sampling, relevant for activity classification

Join work with Emily J Huang



PHYSICAL ACTIVITY

• Accelerometer data has variable sampling rate and coverage
• Propagating uncertainty in data collection to inference is crucial

Join work with Emily J Huang

Accelerometer 
Data Quality



REPRODUCIBILITY

Statistical Challenges in Assessing and Fostering the Reproducibility of Scientific Results (Free PDF available online)

Questions about the reproducibility of scientific research have been raised in 
numerous settings and have gained visibility through several high-profile journal 
and popular press articles. Quantitative issues contributing to reproducibility chal-
lenges have been considered (including improper data management and analysis, 
inadequate statistical expertise, and incomplete data, among others), but there is 
no clear consensus on how best to approach or to minimize these problems. 

This is an issue across all scientific domains. A recent study found that 65 per-
cent of medical studies were inconsistent when retested, and only 6 percent were 
completely reproducible (Prinz et al., 2011). The following year, a survey published 
in Nature found that 47 out of 53 medical research papers on the subject of cancer 
were irreproducible (Begley and Ellis, 2012). The Begley and Ellis Nature study was 
itself reproduced in the journal PLOS ONE, which confirmed that a majority of 
cancer researchers surveyed had been unable to reproduce a result. 

A lack of reproducibility of scientific results has created some distrust in sci-
entific findings among the general public, scientists, funding agencies, and indus-
tries. For example, the pharmaceutical and biotechnology industries depend on 
the validity of published findings from academic investigators prior to initiating 
programs to develop new diagnostic and therapeutic agents that benefit cancer 
patients. But that validity has come into question recently as investigators from 
companies have noted poor reproducibility of published results from academic 
laboratories, which limits the ability to transfer findings from the laboratory to 
the clinic (Mobley et al., 2013). 
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