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Synopsis, Purpose and Model Setup
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O Remote health monitoring
device trials and optimizing
error detection in wearable
devices

O Using logistic regression to model device
failure (dependent variable) based upon
the given attributes (independent
variables)

O Purpose is to test a sample device
monitoring telemetry daily aggregated
log data using logistic regression even

CENTRALIZED

before setting up SDV/tSDV modules in 4 I
EDC for RBQM

Source: https://www.idtechex.com/



Data Structure Specifications At-a-Glance

date: YYYY-MM-DD

A B | c | D | E | F | & | W | v | x| k | v
1 |date ldevice failure attributel attribute2 attribute3 attribute4 attribute5 attribute6 attribute7 attribute8 attribute9
. . . . 2 | 1/1/2015 51F01085 0 215630672 56 0 52 6 407438 0 0 7
DeV] ce 1 d . d evice 1 d 3 1/1/2015 S1FO1668 0 61370680 0 3 0 6 403174 0 0 0
— — 4 | 1/1/2015 S1FO1E6Y 0 173295968 0 0 0 12 237394 0 0 0
5 1/1/2015 SIFOLIEQ 0 79694024 0 0 0 6 410186 0 0 0
6 | 1/1/2015 S1FO1R2B 0 135970480 0 0 0 15 313173 0 0 3
. 7 | 1/1/2015 S1FOLTDS 0 68837488 0 0 41 6 413535 0 0 1
Fa] l ure O - NO 1 - yes 8 | 1/1/2015 SIFOLXDI 0 227721632 0 0 0 8 402525 0 0 0
) 9 | 1/1/2015 S1F023H2 0 141503600 0 0 1 19 494462 16 16 3
10 1/1/2015 S1FO2A0) 0 8217840 0 1 0 14 311869 0 0 0
11 1/1/2015 S1F02DZ2 0 116440096 0 323 9 9 407905 0 0 164
. . . . 12 1/1/2015 S1FO2EVN 0 112348104 0 0 0 7 388146 0 0 1
Attr]bute1 /attr]buteg. da] ly aggregated 13 1/1/2015 S1F02L38 0 223938928 0 0 0 2 215169 0 0 8
14 1/1/2015 S1FO2MGA 0 44399688 0 266 1 6 399286 0 0 2269
15 1/1/2015 S1FO2P76 0 104131304 1536 0 175 11 301679 0 0 0
16 1/1/2015 SIFO2VAX 0 61019512 168 2 521 3 38049 0 0 3
te l em et ry lo g d at a 17| 1/1/2015 SIFO2WFT 0 44348552 5160 14 1074 11 249515 0 0 21
18 1/1/2015 S1FO318A 0 35018688 0 0 0 9 394890 0 0 5
19 1/1/2015 S1F0322R 0 34540712 0 0 0 9 411399 0 0 0
. . . 20| 1/1/2015 S1FO330P 0 125539768 0 0 12 14 297284 0 0 5
L]
Test d ata . deV'I ce fa‘l lu re.csv.ZzZl p 21 1/1/2015 S1F0355) 0 220392160 0 0 0 9 389730 0 0 0
- device failure @ ]

Analysis
Model selection and effectiveness

Technology: Python

Source: https://leealbert52.github.io



Problem Statement and Model Assumptions

 Problem Statement
= Predict device failure given the daily aggregated device telemetry
attribute log readings
d Assumptions
= Each device is being used by one person only

= Device can be for repeat use at different dates by same person




Data Analysis for Model

: Jupyter Case 1 - Telemetry device failure analysis Last Checkpoint: an hour ago  (autosaved) a Logaut
Fila Edit View Insert Call Kamal Widgats Help Not Trusted ‘ Python 3 (ipykemal) © ==
B @ B 4% [wRn W[ C ow|com v|| = F
In [26]: M| #Run a Profile report for the data =

pandas_profiling.ProfileReport(data)

Summarize dataset. 100% [ 27727 (00:22<00.00, 1.09iUs, Completed)

Genarate report swucturs: 1007 [ 1/ (0003<00.00,3 6551
Render WL 100 [ /1 (0002<00:00,2 27241
Pandas Profiling Report Qverview  Vanables Interactions Correlations Missing values Sample Duplicate rows
Warnings @) Reproauction

Dataset statistics Variable types
Number of variables 13 NUM 10
Number of observations 124494 DATE 1
Missing celis [4] CAT i
Missing cells {%) 0.0% BOOL i
Duplicate rows 1
Duplicate rows (%) <0.1%
Total size In memory 12.3 MiB
Average record size in memory 104.0 B

m

" jupyter Case 1 - Telemetry device failure analysis Last Checkpoint an hour ago (autosaved)

Not Trusted

< @ B 44 v PRun B C W Code v =
1 > ure
ID, gte and B¢ &
Impo packoges ond load Case 1 d

import pandas as pd
import os
import seaborn as sns
import numpy as np
import pandas_profiling
from pandas_profiling import ProfileReport
import matplotlib.pyplot as plt
from sklearn.linear_model import LogisticRegression
from sklearn.metrics import confusion _matrix, classification_report
Zmatplotlib inline
###Quick read of the head/tail data
data=pd.read_csv('Case 1 Data device failure.csv')
data.head(s)

date device failure attribute! attribute2 attribute3 attributed attributeS attributeS attribute7 attribute8 attribute$
0 112015 S1F01085 0 215630672 56 0 52 6 407438 0 0 7
1 17122015 S1F016868 0 61370680 0 3 0 8 403174 0 0 0
2 112015 SI1FOIESY 0 173285968 0 o 0 12 237384 o 0o o
3 112015 S1FO1JEO 0 796594024 0 0 0 6 4101856 0 o o
4 112015 S1FOIR28B 0 135970480 o 0 0 5 313173 0 0 3

a

Python 3 (ipykemel) O

Logout

O Analysisis about device failure

U Exploratory and preliminary data analysis was done using

Python tools such as ProfileReport, Box plots

In[2: W data.tail)

atributed attribute? attributed attributed attrbuted attribute atiribute? attibuted attributed

ut[2]: date  device falure
124489 1122015 ZAFOMAIS 0 1831024 0
24480 1122015 Z1FOQBRT 0 172556580 %
243 12201 ZIF00K0 0 19029120 483
2482 1122015 ZIFOQLIN 0 226953408 0

124483 122015 ZOFQQLGY 0 17672840 0

0
1
0
0
0

353705
17
35040
356900
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0 0
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Data Analysis for Model
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_ Jupyter Case 1- Telemetry device failure analysis Last Checkpoint an hour ago (autosaved)

File Edit View Insert Cell Kemnel Widgsts Help Mot Trusted
+| 3|2 B |4+ ¥ | | PRun B C B Code v | | B3
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| Python 3 (ipykemel) O

Duplicate rows
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Histogram with fixed size bins (bins=50) A *5\ @
: Jupyter Case 1 - Telemetry device failure analysis Last Checkpoint: an hour ago (autosaved) Cad Logout
- 0
File Edit View Insert Cell Kemnel Widgets Help Mot Trusted | Python 3 (ipykemel) C| [ Diﬁlln ct 2 D 1243!:!3
DS O — failure
Pandas Profiling Report Overview Variables Interactions Correlations Missing values Sample Duplicate rows B | 1 ‘ 1[]ﬁ
e Distinct < 0.1%
Correlations o,
1}
Pearson's r Spearman's p Kendall's T Phik (k) ool consieion Sesgrinticns

failure
attribute1
attribute2
attributed
attributed
attributes
attributes
attribute?
afiributed
attributes
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Data Analysis for Model

: Jupyter Case 1 - Telemetry device failure analysis Last Checkpoint an hour ago (autosaved)

File Edit View Insert Cell Kemel Widgets Help

+ 3 9 B 4 ¥ (PRun B C W Code v || =

Overview

Warnings
Dataset has 1 (< 0.1%) duplicate rows
device has a high cardinality: 1169 distinct values
attributes is highly correlated with attribute?
attribute? is highly correlated with attributes
sttribute2 is highly skewed (y1 = 23.8579224)
sttribute3 is highly skewed (y1 = 82.712278)
attributea is highly skewed (y1 = 41.50261118)
attribute7 is highly skewed (y1 = 73.47645637)
attributes is highly skewed (y1 = 73.47645637)
attributes is highly skewed (y1 = 49.8992780%)
attribute2 has 118110 (94.9%) zeros
attribute3 has 115353 (92.7%) zeros
attributed has 115156 (92.5%) zeros
attribute? has 123036 (98.8%) zeros
attributed has 123036 (98.8%) zeros

sttributes has 97358 (78.2%) Zeros

Mot Trusted
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In [24]: M | data.boxplot{column=['attributsl’], figsize={(12,15))

Out[24]:
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1ot

a8

20

1.7

oo

wtribvube

Duplicate rows

Most frequent

date device failure attribute1 attribute2 attributed

0 2015-07-10 S1FOR4Q8 O 192721392 0 0
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Data Analysis for Model

In [95]: M # Step 3: Create a model and train it

model = LogisticRegression(fit_intercept = True, C = 1e12)

model.fit(device_means2, np.ravel(max_result,order="C"))

model.fit(device means2, max_result)

In [115]: M print(dev_fail.summary())
Logit Regression Results
Dep. Variable: failure MNo. Obserwvations:
Model: Logit Df Residuals:
Method: MLE Df Model:
Date: Wed, 17 bug 28622 Pseudo R-squ.:
Time: 11:58: 38 Log-Likelihood:
converged : True LL-Mull:
Covariance Type: nonrobust LLR p-walue:
coef std err z P>|z]| [e.825

Intercept -2.5583 2.686 -3.727 2.008 -3.904
attributel 1.641e-a% 41.57e-89 2.3309 2.741 -8.1le-89
attribute2 2.806e-a5 1.561e-85 1.744 2.a81 -3.47e-06
attribute3 -a.60a5 a.e82 -8.338 2.741 -0 .2e4
attributea 8.e823 a.eel1 1.6689 e.1es -8.2e6
attributes 8.015%9 a.e8c 2.558 2.811 e.804
attributes -5.942e-07 1.87=-86 -e.838 2.462 -2.98e-06
attribute? 8.e154 a.ee9 1.863 2.a71 -a.ael
attributeg -6.3%9e-85 a.86e -8.229 2.819 -a.ael

8.6e2954
-344 .99

In [119]: M dev_fail.pred_table()

Out[119]: array([[1060.,  3.],
[104., 2.1])

In [96]: M print (model.coef )
#print (model.. intercapt)

[[-1.45465653-08  9.79205536e-08 -1.01467323e-09 1.02154132e-09
2.09212350e-10 -2.03640257e-66  2.61251850e-10 -1.44239983e-09] ]

In [114]: W dev fail = logit( "failure ~ attributel + attribute? + attribute3 + attributed + attributeS + attributef + attribute? + attri
device means3, ).fit()

Optinization terninated successfully.
Current function value; 8.295114
Tterations 10

» Used mean values of the attributes for each device as the independent variables

= Null Hypothesis: The 9 device attributes don’t affect device failure

» Alternate Hypothesis: The 9 device attributes affect device failure; [if p-value <0.1, t-stat >1.65 or so]
» Device failure = a + 1 * Attributel + 2 * Attribute2 + 3 * Attribute3..... B9 * Attribute9

= P-values of <0.1 => imply significant effect on device failure




Conclusion and Suggestions for Further Analysis

0 The logistic regression model seems to perform well in identifying true negatives but does not
do as well in predicting true positives. The overall explanatory power of the model seems to
be low (Low R2).

Q Possible reasons:
= Multiple people using same device
= Telemetry data could be after device failure if device failed, was repaired, and reused by a
patient.

10



Questions?
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