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ANALYSIS, VISUALIZATION AND INTERPRETATION OF

INTRODUCTION 5 oMmETRIC DATA FROM MOBILE SMART DEVICES

- Process:

Smart device collects data.
Access corresponding data.
Compile data.

-
Clean data. m’
Exploratory visualization : j p

P re d I Ctlve mo d e II ng ] Statistical Discovery.™ From SAS.
Engagement of stakeholders.
Scale-up and automation.
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TRACKING
WORKOUT METRICS

- Cardio metrics:

- Time

- Distance

- Steps

- Routes (GPS)

- Type of workout (steady-state, interval, etc).
- Resistance training metrics:

- Lifts or movements

- Weightused

- Max weight lifted (can be risky!)
- Other Data:

- Date/Time

- Weather

- Scores

- Meals




EXAMPLE

- Weight Lifting Exercises Dataset

- Data on Unilateral Dumbbell Bicep Curls
- Participant asked to perform bicep curls
- Curls watched by expert and judged:
- Good or Bad

- Goal Is to use metrics from sensors to
identify type of lift.

¥

Belt sensors’
orientation

Forear
Sensors,
orientatian
~ 4
Y
Dumbbell sensors'
orientation

The following symbol * [} designates one of
the set of sensors described in the text

Source: Velloso, E; Bulling, A.; Gellersen, H.; Ugulino, W.; Fuks, H. Qualitative Activity
Recognition of Weight Lifting Exercises. Proceedings of 4th International Conference in
Cooperation with SIGCHI (Augmented Human '13) . Stuttgart, Germany: ACM SIGCHI, 2013.
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DATA COLLECTION

Data from
separate
wearables
merged to
create
combined
dataset.

R G DL b e Saigraoen Teeh Astin e Vi e

Data imported
from wearables in
CSV format.

acach
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|iser_name, raw_timestamp_part_1,raw_timestasp_part_2,cvtd_timestamp,new_window,nus_window,roll_belt,pitch_belt,yaw_belt,total_accel _belt,kurtosis_roll_belt,l A SQL SELECT t1.user_name, tlra user_name | raw_timestamp_part_1 art.2 cvtd_timestamp | new_wind
< voll. arm sheiness pitch arm; ckaunase: yiu: arm, nax. oLl are;uix pLcth srm, e van asm,uin, FOLL apm,ain:piteh ara; min v ari,aeplitids; roll ars, saplitude. o b Source 1 | eurico 1322489729 34670 28-11-20111415 no -
011_forearm, skewness_pitch_forearm, skewness_yaw_forearm,max_roll_forearm,max_picth_forearm,max_yaw_forearm,min_roll_forearm,min_pitch_forearm,min_yaw_forea B Modify Quel 2 eurice 1322489729 62641 28-11-20111415 neo
eurico,1322489729,34670,28/11/2011 14:15,n0,1,3.7,41.6,-82.8,3,,,,,,,,,5555155155535,2.02,0.18,0.02,-3,-18,22,387,525,-267,132,-43.7,-53.6,38,,,,, 299 P Update From Database 3| eurico 1322489729 70653 28-11-20111415 no
eurico,1322489729,62641,28/11/2011 14:15,00,1,3.66,42.8,-82.5,2,,,,515525515555512252925,1.96,08.14,0.95,-2,-13,16,405,512,-254,129,-45.3,-49,38,,,,,, 5, ,2
eurico,1322489729,70653,28/11/2011 14:15,10,1,3.58,43.7,-82.3,1,,,, 555 5ssssss2s2s2ss2151.88,0.08,0.85,-2,-6,8,409,511, -244,125,-46.8,-83.7,35,,,,,, 51,2 4 |eurica 1322489729 82654 | 28-11-2011 1415 | no
eurico,1322489729,82654,28/11/2011 14:15,10,1,3.56,44.4,-82.1,1,,,,5,551152515252525222,1.8,0.03,0.08,-6,-5,7,422,513,-221,120,-48.1,-38.1,35,,,,,,,,5,,3-! 5 |eurico 1322489729 90637 28-11-20111415 no
eurico,1322489729,96637,28/11/2011 14:15,00,1,3.57,45.1,-81.9,1,,,,,121s15ss2s52222s22s21:77,8,0.13,-4,-9,0,418,508, -208,115,-29.1,-31.7,34,,,,,,,,,,,3.2, | o Cetume =R/, 6 eurico 1322480720 170626 28-11-20111415 no
eurico,1322489729,170626,28/11/2011 14:15,n0,1,3.45,45.6,-81.9,1,,,,, 03,0.16,1,-9,-5,432,510,-189,110,-49.6,-25.8,33,,,,,,,,,, tha User_name ~ 7 eurico 1320489720 190665 28-11-2011 1415 no
eurico,1322489729,190665,28/11/2011 14:15,n0,1,3.31,46.2,-81.9,3,, 06,0.15,1,-24,-8,438,508, -176,104,-49.9,-18.5,29,,,,,,,,, l raw_timestamp_part 1
eurico, 1322489729, 242723,28/11/2011 14:15,00,1,2.91,46.9,-82.2,4,,.,212121ss0s0ss0ssssssa,1-75,-0.06,0.23,2,-36,-9,440,503,-163,98.6,-49.7,-11.4,28,,,,,,., Al raw_timestamp_part 2 8 |eurico 1322480729 242723 | 28-11-2011 1415 | no
eurico,1322489729,267551,28/11/2011 14:15,n0,1,2.31,47.4,-82.6,2,, 290209523353223221.65,-0.03,0.33,-1,-19,-7,443,507,-140,93.2,-49,-4.49,27,,,,,,,,, A cvtd_timestamp 9 eurico 1322489729 267551 28-11-20111415 no
eurico,1322489729,274689,28/11/2011 14:15,00,1,2,47.7,-82.8,3,,,,,1511022021222222222,1.48,-8.06,8.21,-18,18,1,449,499,-132,88.5,-48.1,1.82,22,,,,,,,,,,,3 tha new_window 10 | eurico 1322489720 274689 28-11-20111415 no
eurico,1322489729,286648,28/11/2011 14:15,n0,1,2.41,47.8,-82.3,2,,,,,,11152052251225522s5,1.3,-0.98,0.1,-13,5,12,452,500, -115,83.7,-47,7.99,19,,,,,,,,,,,,3- o=y 1 eurice 1322480720 286648 28-11-2011 1415 no
eurico, 1322489729, 306662,28/11/2011 14:15,n0,1,2.49,47.8,-82.1,2,,,,,12125122222222222,1-18,-8.06,0.08,-5,-7,12,450,498, -112,79,-45.6,14.2,18, , ,,, ,,, ., roll_arm
eurico, 1322489729, 306720, 28/11/2011 14:15,10,1,2.32,47.5,-82.1,2,11121ssssssssssrssnssssss1-01,-0.08,0.11,9,-7,11,447,496,-79,75.7,-43.9,19.1,17, ., 11212 2» :p‘—k’h’mm 12 | eurice 1322480729 306662 28-11-20111415 no
eurico,1322489729,334711,28/11/2011 14:15,00,1,2.14,47,-82.1,3,10105555552200000955522,0.96,-0.13,0.16,27,-3,10,446,496, -85,72.2,-41.9,24,16, 1,5, ,, 3.0 oo 13 eurico 1322489729 306720 28-11-2011 1415 no
eurico, 1322489729, 334829, 28/11/2011 14:15,n0,1,2.03, 122222222,1,-0.18,0.18,47, -4,8,426,504, -84,69.2,-49,28.2,15,,,,55555,2:95, 4 totalaccel_arm 14 eurico 1322489729 334711 28-11-2011 1415 no
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DATA CLEANING
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99.5%

97.5%

90.0%

750%  quartile

50.0%  median

250%  quartile

10.0%

2.5%

0.5%

0.0%  minimum
4 = /Summary Statistics

Mean

Std Dev

Std Er Mean

Upper 95% Mezn

Lower 95% Mean

N

529
1 i . .
3§
Pt . .
% E|
g
56
:
LLE!
163
104 .
0 — ! % :i | ,2. :i
4 Quantiles 4 /Quantiles 4 Quantiles
100.0% maximum 0 100.0% maximum 51 100.0% maximum 51
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0.0%  minimum 0 0.0%  minimum -18 0.0%  minimum -19
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»
Search Dialog =
- E ymbol removed
Findwhat:  [FOVG] l rroneous s Ol removea.

Replace with: |0

| Replace

[ Match case

[ Match entire cell value

[] Use regular expressions

[ Restrict to selected rows

[ Restrict to selected columns
Search data

[] Search celumn names

Replace All

[] Multiple lines
Keep dialog open

By column +

e Columns converted from
nominal to numeric.
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EXPLORATORY DATA
VISUALIZATION
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Use of local data filter reveals structure by time




EXPLORATORY DATA
VISUALIZATION

Bicep Curl data - Graph Builder - IMP Pro - m} X Bicep Curl data - Graph Builder - IMP Pro - O x

4 = Local Data Filter
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4 [~/ Local Data Filter

4 =1 Graph Builder
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Where(Rep =8, 10,11, 12,13, 14)

time

Where{Rep = 32, 34)

T U )
050000 150000 250000 250000 450000 550000 650000 750000 850000 950000

Looking at only “Good” reps, we perhaps notice a
trend (positive slope).

However, this isn’t always the case — and we still
have 52 more variables to explore!




FUNCTIONAL DATA
ANALYSIS

- Data from wearable devices will often be “telemetric” type - many repeated
measures of several metrics through time.

- This is true of data from many sources.
- Machines output
- Traditional time series data
- Sensor data
- Vibration signals

- A wide variety of specific tools and methods have been created to deal with this

type of data: O O T TETI[ T Tee——
. Signal Processing Qe s =
- ARIMATime Series . Functional Data Analysis
- Partial Least Squares d  —
. Growth Curves via SEM http://www.psych.mcgill.ca/misc/fda/
- Mixed Models https://en.wikipedia.org/wiki/Functional_principal_component_analysis
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X3

X3 vs. Time
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FUNCTIONAL DATA
ANALYSIS

B-Spline on Initial data
Model Selection

71000 Y Legend 150 Legend
——Degree 0 7 ——Prediction
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Functional Data Analysis modeling for determining functional principal components to be used in prediction.
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EXPLORATORY DATA
VISUALIZATION
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showing distribution of Bad bicep curls



EXPLORATORY DATA
VISUALIZATION

yaw_belt FPC 1 vs. Good/Bad 160000 roll_belt FPC 1 vs. Good/Bad
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Violin plot of Functional Principal Components vs Bad/Good




PREDICTIVE
MODELING

Overall Statistics

Measure Training Validation
Entropy RSquare 0,7890 0,5008
Generalized R5quare 0,8800 0,6215
Mean -Log p 0,1354 0.2459
RMSE 0,151 0,2468

Test Definition
0,5965 1-Loglike(model)/Leglike()
0,7138 (1-(L(0)/Limodel}}*(2/n))/(1-LIO}™2/m])
0.2077 ¥ -Loglp(ll/n
0,2261  3(y[1-ell¥n

Mean Abs Dev 01216 02041 0,1718 3 |y[jI-p[1|/n

Misclassification Rate 00,0000 0,0556 0,0526 ¥ (p[jlzpMax)/n

M 123 36 19 n

Confusion Matrix
Training \Validation Test
Predicted Predicted Predicted
Actual Count Actual Count Actual Count

Good/Bad Bad Good | |Good/Bad Bad Good | |Good/Bad Bad Good
Bad 2] 0 Bad 29 0 Bad 15 0
Good 0 42 | | Good 2 5| |Good 1 3

Predictive modeling results using Random Forest

| Column Contributions

NMumber
Term of Splits

yaw_belt FPC 1

—
=}

roll_belt FPC 1
magnet_dumbkell_z FPC1
magnet_arm_z FPC 1
magnet_belt y FPC 1
yaw_belt FPC 2
magnet_arm_x FPC 1
magnet_forearm_x FPC 3
accel_belt y FPC1
magnet_forearm_z FPC 1

—
ra

LN O LN = Co (RN ]

accel_forearm_z FPC 1

Top summary column contributors to RF model

Gn2
124292884
10,9417496
7,56536005
6,96160266
3,43609159
2,89458554
2,50359549
242488651
2,27927422
2,01215381
1,98211032

N
s
|
o

N

Portion
0, 1411
0,1242
0,0839
0,0790
0,0390
0,0329
00284
0,0275
0,0239
0,0228
0,0225




ENGAGEMENT OF

Good ,325
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Prediction Profiler for visualizing and understanding complex models




ENGAGEMENT OF
STAKEHOLDERS

| =| Functional Data Explorer - yaw_belt ~ Functional Data Explorer - roll_belt | = Functional Data Explorer - magnet_dumbbell_z
4 =|B-Spline on Initial data < = B-Spline on Initial data 4 ~|B-Spline on Initial data
4 Functional PCA 4 Functional PCA 4 Functional PCA
Eigenvalue 20 40 60 80 0,002 Tt 0,002 Eigenvalue 20 40 60 80 0,002
978522608 L 0.0015 72082545 0001s 1,9017e+0 [, 00015
; 0,001 7 X — i . —_
358198515 | 8 oot 43712488 ] 2 00005 183942202 [ 2 0000s
66161052 | g T = 0 6550554 ] ! : N umg
D -0,0005 -0,
£ Un%? 17— = po0i & 6%8?%
3 -0,0015 -0,
-0,0015 ; -0,002
i o 0 400000 1000000 Lo
0 400000 1000000 EIFEES 0 400000 1000000
PC1(69.2%) o PC1(87,5%
roll_belt vs. time magnet_dumbbell_z vs. time

yaw_belt vs. time

Good/Bad
Bad Good
180 eewe 162 20
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5, 5, 140 3
: ® 138 g %
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time time

Referring back to Functional PCA and time-series plots for interpretation of model.




SCALE-UP AND

AUTOMATION : v _r
F

Fermula Depot
Manage Medels and Generate Scoring Code

Formula Scripts

Fit Generalized/Ridge - Good/Bad
Publish Prediction Formula

Table ‘Workeut Data_continucus variables- (user_name = adelmo) By
(num_window, Good-Bad)

Creator  Fit Generalized

Target Good/Bad

Created Most Likely Good/Bad

Factors accel_arm_x Maximum[num_window],
accel_arm_z Standard Deviation[num_window],
magnet_forearm_z FPC 6[num_window]
magnet_forearm_z Maximum[num_window],
roll_belt FPC 1[num_window], roll_belt
Integrated Difference[num_window],
total_accel_arm Mean[num_window]

Others  Probability{ Good/Bad=Bad ), Probability(

Good/Bad=Good )

ile Edit Tables DOE Analyze Graph SiSigmaTools Tools Add-lns View Window Help

W S| % 5@ iE BN - i WorkoutData continuou v [T .

1 from _future_ import division

2 from math import *
3 dmport jmp_score as jmp

2

s

-

7 Copyright(C) 2018 SAS Institute Inc.ALl rights reserved.

8

9 Hotice:

10 The following permissions are granted provided that the

11 above copyright and this motice appear in the score code and

12 any related documentation. Permission to copy, modify

13 and distribute the score code gensratad using

14 WP(R) softuare is limited to customers of SAS Institute Inc. ("SAS™)
15 and successive third parties, all without any warranty, express or
16  implied, or any other obligation by SAS. SAS and a1l other SAS

17  Institute Inc. product and service names are registered

18 trademarks or trademarks of SAS Institute Inc. in the USA

19 and other countries. Except as contained in this notice,

20 the name of the SAS Institute Inc. and JWP shall not be used in
21 the advertising or promotion of products or services without
22 prior written authorization from SAS Institute Inc

Python code generated by JHP v14.8.0

27 def getiodelietadata()
28 return {"creator”: u"Fit Generalized”, "modelName”: u"Ridge”, "predicted”: u"Good/Bad”, "tal

31 def getInputhetadata():

"accel_arm_x Maximum[num_window]"™: "float”,
u"accel_arn_z Standard Devistion[num_window

"magnet_forearm_z Maximum[num_window]

"roll_belt FPC 1[num_window]": "float

38 "roll_belt Integrated Difference[num_window]": .
B “total_accel_arm Mean[num_window]": "float”

a8 3

a1

a2

43 def getOutputiietadata():

a4 return {

a5 u"Probability( Good/Bad=Good )": "flost”,

Generate code from

indow - -
[£] 5AS Window - IMP ul X
Edit Tables

SaEd %= A H |

DOE Analyze Graph SixSigmaTools Tools Add-Ins View Window Help

- i Workout Data_continuou ~ | % _ i [T (3 51| G | &) | &

prediction model
formula.

v

W o R W e

7*
*
=
*
-

DE!

DE:

DE!

id

ac

P

N

va
IF

ENI
va
IF

ENI

SAS code generated by JMP v14.6.0
From the following model(s):

Fit Generalized/Ridge - Good/Bad
!

CLARE int idx_max;

CLARE double val max;

CLARE double acc_max;

x_max = @;

€ max = .

robability( Good/Bad=Good )'n = (1/({l+exp(-((-793,356655153349 + -0,0234286118505104* accel ar
-8,10569685844745% " accel_arm_z Standard Deviation[num_window]'n + -8,808117772837832622% magn:
-8,0526922808299455% "magnet_forearm_z Maximum[num_window]'n + 8,81895208946218257*'roll_belt Ff
"roll_belt Integrated Difference[num window]'n + 2,31645257734446% total_accel arm Mean[num_u:
*accel_arm_x Maximum[num_window] n®*2 + 0,B000006525727853578% accel_arm_x Maximum[num_window
‘accel arm_z Standard Deviation[num_window]'n**2 + -0,0080005935769349596 'accel arm_z Standar
+ 9,596433459018262-11% "magnet_forearm_z FPC 6[num_window] n®*2 + 2,265642580573712-14% magt
+ @,B@BBEESSI&)BSGSBISE"'magnet_fnrsarm_z Naximum[num_winduw]'n"‘Z + -9,0000008518394348246°
+ -9,0000001494510483371* "roll_belt FPC 1[num_window] n**2 + 3,78018291463241e-13*'roll bely
roll_belt Integrated Difference[num_window]'n**2 + 9,080380602749516315% roll_belt Integratec
3 + -8,170874225952954% "total accel _arm Mean[num_window]'n**2 + ©,80175826033222086* ' total act
210003

robability( Good/Bad=Bad )'n = 1 + -1%(1/(l+exp(-((-793,356658153349 + -0,0234286118508104"  ac
-0,10509505844745* "accel_arm_z Standard Deviation[num_window]'n + -8,800117772037832622* magnt
-8,0526922800299455% ‘magnet_forearm_z Maximum[num_window]'n + ©,0185520945210257* roll_belt FF
"roll_belt Integrated Difference[num window]'n + 2,31645257734446% total_accel arm Mean[num_u:
*accel arm x Maximum[num_window] n**Z + 0,2000006525727853578% accel arm_x Maximum[num_window
*accel_arm_z Standard Deviation[num_window] n®®2 + -8,00800059357693459895% accel_arm_z Standar
3 + 9,99643345901826e-11% "magnet_forearm_z FPC 6[num window]'n**2 + 2,265648508057371c-14% 'mag
3 + 0,0000865516385058185" 'magnet_forearm_z Maximum[num_window] n**2 + -@,0200000518394348246°
3 + -9,0000001494510483371* roll belt FPC 1[num_window] n**2 + 3,78018291463241e-13*'roll beld
*roll_belt Integrated Difference[num window] n®*2 + @,0003830502749518315% roll belt Integratec
3 + -8,170874225552954% total_accel_arm Mean[num_window] n**2 + 9,00178826033222086% total_act

W oW

BIDE
1 msx = 'Probability( Good/Bad=Good )'n;
(not missing(val_max) AND (missing(acc_max) OR val max > acc_max)) THEN DO;

idx_max = 13
acc_max = val_max;

D;

1_msx = 'Probability( Good/Bad=Bad )'n;

(not missing(val_max) AND (missing(acc_max) OR val max > acc_max)) THEN DO;
idx_max = 2;

acc_max = val_max;

D;




ANALYSIS, VISUALIZATION AND INTERPRETATION OF

SUMMARY  5|0METRIC DATA FROM MOBILE SMART DEVICES

- We showed you how you can:

Access biometric data from smart devices.

Compile and organize said data.

Clean data.

Visualize and explore.

Create predictive models.

Stakeholder engagement.

Generate code from predictive models for scale-up activities.

N o O bk~ 0D PRF

Special attention may be needed to extract meaningful features from
telemetric-type data.

9sas

THE
POWER
TO KNOW.




