COLLEX - Collecting Labels from Experts

Final Presentation - July 28, 2017




Outline

BD Lab

Introduction & Background
Declaration of Transparency
Technology

Sprint Overview

Results

o Software Engineering

o Pre-Processing / Cleaning

o Model Building & Statistical
Evaluation

Key Learnings & Outlook
Appendix: Sprint Details




Introduction &
Background




Parkinson’s Disease

e Second most common
neurodegenerative Disease worldwide

e Typical Symptoms:
o Bradykinesia
Rigor
Rest Tremor
Gait Disorders
Non-motor symptoms: Depression, urinary
dysfunction, autonomous disorders

O O O O



Purpose & Goal - Specific Use Case

e Application in biomedical research: Parkinson’s Disease (PD)

e (Objective) analysis of PD Symptoms, e.g. rest tremor, is a key success
factor in management of the disease

e Many scientific players to solve that problem
Giant amounts of motion data
Problem: No / little amount of labels'

— Solution: Fitting various machine learning models enabled by collection of
large amounts of expert labels and their meta-information (e.g. confidence)

T Ching et al 2017, Opportunities and obstacles for deep learning in biology and medicine, published online



Workflow
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Technology




Technology used

LANGUAGES
Python, R

FRAMEWORKS

Django rest framework

LIBRARIES/
PACKAGES DATABASE

SciPy, NumPy, Keras,

MLR, XGBoost mySQL




Sprint Overview

of the Big Data Lab




Sprint Overview

Sprint 3: Data Cleaning &
Model Building 2 (Core)

Sprint 4: Model Building
3 / Refine Inner Circle

i Sprint 5: Statistical
! Evaluation

Cw17 CW20 cw23 CW26 Cw29 Cwa31



Sprint 1: Research and Concept Phase

Goals: Achievements:

e Definition of Core Technologies

e Acquisition & Preparation of Clinical
Research Data
Component Structure of Project

e Assignment of team roles and
responsibilities z

e Discussion with supervisors and
implementation of feedback

ML Model Building

Inpyt = Backend Pipeline




Sprint 2: Database Setup / Inner Circle /

Model Building 1

Goals:

e Prototype Inner Circle of the System
o  Process Input Data
o  Setup prototype database
o  Decision on API

e Research on Machine Learning

Technology
e Evaluate Backend-Pipeline

e Implementation of first API version

e Authentication Service Input

e.g. Video

experts labels

aggregation
service

frontend

label
sampling statistics
service




Sprint 3: Data Cleaning & Model Building 2

(Core)

Goals:

e Connecting the components

e Cleaning Service: Preprocessing of IMU
data for Data Science analysis (e.g.
read-in, Spectrogram, FFT, Noise
reduction, DWT)

e Machine Learning Component: Implement
Several Machine Learning Models using

Test Data
o Random Forests
o KNN

o Trees

clean IMU

cleaning
service

label
assignment

: ML model
service

model building

labeled IMU .
supervised

learning datasets

window
extraction
service




Sprint 3: Data Cleaning & Model Building 2

(Core)

Goals: o e
e Connecting the components h = g 1 ' -
e Cleaning Service: Preprocessing of IMU - ' £ 0 -

data for Data Science analysis (e.g. ; - 17 - .
read-in, Spectrogram, FFT, Noise o T G~
reduction, DWT) N riining st T

e Machine Learning Component: Implement - ] I N v
Several Machine Learning Models using i1 BN ENN o
Test Data . A

o Random Forests o I I 17— .

o KNN “o0 o5 10 15 20 75 30 R

Predicted label

o Trees



Sprint 4. Model Building 3 / Refine Inner

Circle

Goals:
e Fine-tune current machine learning models
. . experts labels
e Add machine learning models, e.g.
o  Logistic / Linear / Spline Regression
o  Boosting (AdaBoost, XGBoost) aggregation
o Support Vector Machine (SVM) frontend service
o Multi Layer Perceptron (MLP)
o Convolutional Neural Networks (CNN) label
o  Long Short Term Memory (LSTM) sampling statistics
e Gathering more labels from more experts service
e Refine Inner Circle & Iterations




Sprint 5: Wrap-Up / Statistical Evaluation

Confusion Matrix and Statistics

Goals: o Reference
Prediction @ 1 2 3 4
@52 6 9 ©0 ©
1 3427 2 % 9
. . 2 4. 316 2 ©
e Refinement of ML techniques 302040
O parameter tuning Overall Statistics
o development of cost-sensitive approaches Necuigey 3 0iasn
L . 95% CI : (0.6574, 0.8154)
o Information Rate : 0.
e Statistical Evaluation of Pt s i
o  Machine Learning Models Kappa : 0.595

Mcnemar's Test P-Value : NA

o Label Statistics
o  Rater Statistics

Statistics by Class:

Class: © Class: 1 Class: 2 Class: 3 Class: 4

. . . Sensitivity 0.7324 ©.7500 ©.83333 ©.57143 1.00000
() WI"Ite flnal report and presentatlon Specificity ©.8947 ©.8152 ©0.93966 0.98347 ©.99206
Pos Pred Value 0.8966 ©0.6136 0.58824 0.66667 ©.66667

Neg Pred Value 0.7286 ©.8929 0.98198 ©.97541 1.00000

Precision 0.8966 ©0.6136 0.58824 0.66667 ©.66667

Recall 0.7324 ©.7500 ©.83333 ©.57143 1.00000

F1 0.8062 ©.6750 0.68966 ©.61538 ©.80000

Prevalence 0.5547 ©.2812 0.09375 0.05469 ©.01562

Detection Rate 0.4062 ©.2109 0.07812 0.03125 0.01562

Detection Prevalence 0.4531 9.3438 ©0.13281 ©.04688 0.02344

Balanced Accuracy 0.8136 0.7826 ©.88649 0.77745 0.99603



Results

of the Big Data Lab




SOftwa re - Spark/Flink vs Pandas

- SQL vs NoSQL

- Django vs Flask

Engineering
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subj id
accX (in mis"2)
accy (in m/s*2)
accZ (in m/s2)
offset (in s since start of video) gyrX (in m/sA2)
duration (in s) gyrY (in m/sA2)
pitch (in radians)

Relational
Database Model

sampling_strategy (see
models.pv)

status (see codes in models.py)

yme (years of medical experience)

ype (years of parkinson experience)
remark (string, maximum 200 characters)
member_MDS (0/1)

member_DPG (0A1)

member_DGN (0/1)




Backend of Collex System:
o Flask vs Django

Framework for Data Preprocessing
o  Spark/Flink vs

numpy/pandas

Data Model

API specs

Storage of IMU data

Storage of Video data

Overview of

Decisions
made




Challenges:

- Missing Data
Preprocessing / - Timestamp correction
- IMU data from
C I ean | n g different watches
- Matching IMU data

with Video segment




Label Collection

- Raw Data from 19 Patients with Parkinson's Video IMU
Disease (about 10min each), in total n
segments of motion data, equals to about E o J
11.400s of raw motion data

- accounts for 1.275 windows 4\

- Labels from 4 Expert Raters for 254 snippets D@ D@ m& Segments
S == S
each, accounts to 1.016 collected labels 1

N 1 1 [}
W Windows
2 I I

1 1 1

Source: © Freepik




Raw IMU Data

Issues

16:44:308.370,
16:44:30.370,
16:44:30.370,
16:44:30.370,
16:44:30.390,
16:44:30.398,
16:44:30.421,
16:44:30.421,
16:44:30.421,
16:44:30.421,
16:44:30.437,
16:44:30.437,
16:44:38.479,
16:44:30.479,
16:44:30.479,
16:44:30.479,
16:44:30.499,
16:44:30.500,
16:44:30.499,
16:44:30.533,
16:44:308.533,
16:44:30.533,
16:44:308.533,
16:44:30.544,
16:44:30.544,
16:44:30.588,
16:44:308.5880,
16:44:30.580,
16:44:30.5880,
16:44:30.589,
16:44:30.589,
16:44:30.602,
16:44:30.602,
16:44:30.620,
16:44:30.620,

16144:30.361, LOCKED, G4, 089597, 4. 20981, 4. 36942, 48707, -23. 47561, -0, 16293, 2146342, 31628, DL 080, .008, 26,080, 89424
275,-4.008,372.000, 339,680, 1375..698, 1480..089, 7388, 6482, 111,99
7,965,148, WORN, 33230, 275, 4,000, 372,860, 339. 808, 1375..000, 1450, 000, 7388, 452, 111,59
31628, IDLE, 0.900,8. 008, 26,090, 89 867,968,148, WORN, 33.230, 275, ~4 . 008, 372809, 339. 800, 1375..000, 1480. 000, 7368, 6482, 111,99
31628, IDLE, 0.0, 008, 26,000, 89 867,968.148, WORN, 33.230, 275, -4 008, 372809, 339, 800, 1375..000, 1480. 000, 7368, 6462, 111,99
16144:38.290, LOCKED, 64,0.89697, 5. 13796, 544874, -7.51300-192. 164642009634, 40. 5722, 02, IOLE0.600, 000, 26,080, 89124,, 2, 32.667,360. 148, NORN 10,220, 75,000, 172800, 20,00, 1175800, 180,000, 7368, 6482, 1,99
.398, LOCKED, 64, 089597, -5..13796, -5. 64874, -7 51389, ~236.. 78732, ~26..52439, 38. 44512, 31628, IDLE, 0.000, 0000, 26009, 89424, 0,2, 32..867, 968. 148, WORN, 33.230, 275, ~4. 00, 372. 809, 339,200, 1375..000, 1480. 000, 7388, 6482, 111,99
u 44:30.421, LOCKED, 64, 8.89597,~6.23929, -9, 15064, ~14. 84593, -236.78732, ~26..52439, 38. 44512, 31828, IDLE, 0000, 0..200, 26008, 89424, 8, 2, 32.867, 963. 148, WORN, 33.230, 275, ~4.. 088, 372.000, 339..809, 1375. 000, 1450..000, 7388, 6482, 111,99
31828, 1DLE, 0.860, .90, 26..098, 89424,8,2,32.867, 968. 148, WORN, 33,238, 275, -4..688, 372,008, 339.800, 1375.000, 1430.200, 7388, 6482, 111,99
3,24.51228, 31828, T0LE, 8.909,8.008, 26,890, 89 32,867, 968. 148, WORN, 33..230, 275, ~4. 809, 372,808, 339,008, 1375008, 1480009, 7388, 6482, 111,99
1 ,968.148, WORN, 33.238, 275, -4..088, 372.009, 339..809, 1375. 809, 1489..099, 7388, 6482, 111,99

16:44:30.370, LOCKED, 64, 0. 89597, -5. 10444, 4, 82910, 1, 62067 23, 47561, -9.16293, 21
16:44:30.370, LOCKED, 64,8,89597,-5. 10444 -4, 82918, -1.62087, 13832318, -
16:44:38.370, LOCKED, 64, 8.89597,-5. 18444, ~4. 82918, ~1. 62087, -192. 16464, -20.39634, 48. 4

64634,21828, T0LE, 0,000, 0. 000, 26,000, 89424, 0,2, 32,867, 968, 148, HORN, 33. 230, 7, ~4.080,372.000, 329, 008, 1375080, 1480, 000, 7388, 6482, 111,99
16144130.479, LOKED, 64, 0.89507, -5. 5887, 4. 94163, 8. 16662, 172 48354, 17. 13416, -19.72561, 31826, TDLE, 0.800,0.080, 26,800, 8942¢ 5, 3,33.867, 965 148, WORN, 33.230,27 ,372.008,339.00,1375..200, 1480..669, 7388, 6482, 111,99
16:44:30.479, LOCKED, 64,8.89597,-5.58807,~4.94163,-8. 16462, 189.45122, 19.14634,-22. 16463, 31828, IDLE, 0.800, 8. 000, 26,888, 89424, 8, 2,32.867, 968. 148, WORN, 33..238, 175 “4080,372.080,339.080, 1375..80, 1480008, 7338, 6482, 111,99
16:44:30.499, LOCKED, 64,8,89597,-5.37977,-5. 94081, -6.61997, 189, 45122, 19.14634,-22. 16463, 31828, IDLE, 0,800, 8. 000, 26,880, 89424, 8, 2,32.867, 968. 148, WORN, 33,239, 275, 4890, 372,088, 339000, 1375., 800, 1480. 800, 7388, 6482, 111,99

1828, TDLE, 0,088, 0,890, 26,008, B RN,33.238, 275, -4.088, 372.009, 339.860, 1375.800, 1480..899, 7388, 6482, 111,99
m,wm 33.239, 275, -4.000, 372..899, 339..088, 1375, 008, 1488008, 7388, 6482, 111,99

" -621%,21.16902,-33. 68903, 31623, I0LE .000,.000,26.000, 89424, 8,2, 32667, 95 . 148,WORN, 33.230, 275, ~4.00, 372,000, 339. 000, 1375. 000, 1430. 000, 7388, 6482, 111,99
:30.523,LOCKED, 64,0.89597, -4.98952, 2. 25531 9,-41.00610, 31828, I0LE, 0.000,0. 000, 26000, 89424, 8,2, 32,847, 968. 148, WORN, 33..230, 275, -4..809, 372,000, 339. 800, 1375.000, 1430, 200, 7388, 6482, 111,99
130,533, LOCKED, 64,0, 89597, -4 98952, -2, 25534, 5. 40371 13286586, 8.32317, -43. 62805, 31628, IDLE, 0.080, 0. 000, 26008, 89424, 8,2, 32.867, 968,148, WORN, 33.230, 275, 4,808, 372.000, 339,000, 1375. 008, 1480. 000, 7388, 6482, 111,99
+38.,544,LOCKED, 64,0.89597, -3.43568, 1. 7: 93523,132.86586, 8.32317, -43. 62805, 31828, IDLE, 0,800, 0,000, 26,888, 89424, 8, 2,32.867, 968. 148, WORN, 33,238, 275, 80,339.009,1375. 000, 1480.000, 7388, 6482, 111,99

LOCKED, 64,0,89597,-3..43568, -1 93523, -63.35366, 1.98171,-42..28659, 31828, TDLE, 0.0, 8. 090, 26,809, 89424, 8, 2,32.867, 968.143, WORN, 33.239, 275, -4..899, 372.088, 339000, 1375. 800, 1480.000, 7388, 6482, 111,99

-5.53779,-2.42054,-63.35366, 198171, ~42.28659, 31828, I0LE, 0.008, 0989, 26.809, 894240, 2, 32.867, 968. 148, WORN, 33.230, 275, -4 809, 372,809, 339,008, 1375.008, 1480 000, 7388, 6482, 111,99

0,580, LOCKED. 64, 0.89597, 2. 98318, -6..59842, 5. 48833, 252, 89635, 18, 75000, 10, 48761, 31828, IDLE, 0,080, .00, 26,000, 89424, , 2, 32,867 965, 148, WORN, 33,230, 275, 4. 000, 372..800, 339 800, 1375000, 1480080, 7388, 6482, 11,9
na 44:38.589, LOCKED, 64, 8.69597,-3.23935, -8, 37492, -12.47618,-252.89635, ~18. 75008, -10. 49781, 31828, DL, 0.860, .00, 26..088, 89424, 8, 2,32.867, 968. 148, WORN, 33.238, 275, ~4..868, 372.008, 339.800, 1375000, 1430..800, 7388, 6482, 111,99,
8,589, LOCKED, 64, 0.89597, -3.23935, -8, 37492, ~12..47618, ~211. 18903, -21. 21951, 16. 73780, 31828, IDLE, 0890, 0.890, 26,008, 894240, 2, 32.867, 968. 148, WORN, 33,238, 275, ~4..088, 372.000, 339..860, 1375, 608, 1480.,089, 7388, 6482, 111,99
Fratneey 662, LOCKED, 64,,89597,~4.40773,-8.18578, -14.00688, 211, 18983, -21., 21951, 16..73780, 31823, IDLE, . 000, 0.088, 26800, 89424, 0, 2, 32..867, 968. 148, WORN, 33.230, 275, ~4. 000, 372..869, 339,088, 1375. 000, 1488008, 7388, 6482, 111,99
16:44:30.602, LOCKED, 64,8,89597, -4, 48773,-8, 18578, -14, 00688, -86. 89756, -19.96951,31,37195, 31828, I0LE ,.008 0,009, 26.800, 894240, 2, 32,867, 968. 148, WORN, 33..230, 275, -4 800, 372,880, 339,008, 1375., 000, 140 000, 7388, 6482, 111,99
16:44:30.620, LOCKED, 64,8.89597,~4. 42209, -8. 01339, -12.55759, -86. 09756, -19.96951,31,37195, 31828, I0LE 8. 008, 0.988, 26.809, 894240, 2, 32.867, 968. 148, WORN, 33.230, 275, ~4. 809, 372,809, 339,008, 1375..008, 1480000, 7388, 6482, 111,99
16:44:30.620, LOCKED, 64,0. mw,-a 42209, -8.. m:q,-u ssvsv.-:z zam.-u 20732,35.42683, 31828, TDLE, 0.800, .09, 26..080, 89424, 8,2, 32.867, 968. 148, WORN, 33.238, 275, -4..888, 372,008, 339.. 800, 1375000, 1430. 800, 7388, 6482, 111,99
2,31
3
3

18,2,32.867,968.148, WORN, 33.238, 275, -4..889, 372.008, 339..800, 1375.000, 1430. 890, 7388, 6482, 111,99,

10,2,32.867,968. 148, WORN, 33.230, 275, -4 008, 372.800, 339,88, 1375..009, 1480..088, 7388, 6482, 111,99
16144:30.656, LOCKED, 64,0, 89597, -5..64553, 6. 69179, 1001495, 60,0080, 1. 18962, 50, 12195, 31626, IDLE .00, 8.000, 26,080, 89424 8,2, 32. 867, 968, 148, HORN, 33,230, 275, 009,372,000, 339,000, 1375. 800, 1480. 090, 7383, G482, 111, 99
16:44:30.656, LOCKED, 64,8,89597,-5..64563,-6. 69179, -10.01495, 148. 84146, 10, 00008, 52.80488, 31828, IDLE, 0.0, 8. 000, 26,889, 89424, 8, 2, 32.867, 968148, WORN, 33..238, 1375.800, 1480.00, 7388, 6462, 111,95
16144138670, LOCKED, 64,0, 69597, -6..23929, -6 69179, -8. 64897, 148, 84146, 10. 00808, 5280458, 31628, 1DLE, .00, 8.000, 26.080, 8942 ,8,2, 32,867, 568, 48, JORN, 33.238, 75, -4 m i m o nnn 1375.000, s, m ms 6482,111,99
16:44:30.678, LOCKED, 64, 8.89597,-6.23929,-6. 69179, -8.84897, 188. 24391, 1155488, 49. 21342, 31828, IDLE, 0.809, . 909, 26..080, 89424, 8,2, 32. 867, 968. 148, WORN, 33. 238, 275, -4..889, 372,008, 339.. 809, 1375.000, 1430. 890, 7388, 6482, 111,99,
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Cleaning & Preprocessing

- Cleaning of Raw Data: Duplicate Timestamps, Transmission Errors,
Matching

- Preprocessing of Raw Data (Discrete Wavelet Transform, PSD,
Periodogram, Welch Method, Kalman Filtering)

0.008 0.008 0.008

0.006 0.006 0.006

0.004 0.004 0.004
0.002 0.002 0.002
0.000 L 0.000 0000
0 5 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30




Feature Engineering

- Energy of each segment

- Energy between 3-7 Hz (characteristic frequency band of rest tremor)

- Maximum energy

- Maximum energy between 3-7 Hz

- Power Spectral Density in the frequency bands between 0 and 31 Hz at a
0.5Hz step size



1 Random Rater

Label Mean

Mode

Eng | neen ng Aggregation of Agreement

Cost-Sensitivity




Aggregation Strategies

2 different aggregation strategies rounded mean vs raters

samples samples



Cost-sensitive learning

- Different ways to do cost-sensitive learning
- Thresholding
- Direct weighting
- Rebalancing the data
- Rebalancing is done by rejection resampling
- with a probability of 1 - weight reject the observation
- otherwise add observation to data set

- How to choose weights?



Weighting strategies

weight

weight

weight = exp(- std*)
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Model
Building

Challenges:
& - class imbalance
. . - label noise
Statistical " few data

Evaluation




Interrater
Agreement
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Comparison of different machine learning approaches

Model 1RR | 1IER | SSD | Mod | Avg | Agr
Linear Regression* - - 61 - 58 | 1.06
Log. Regr. L1/L2** 31 | .31 | 48 | .31 - 71
Random Forest™** 68 | .64 | 61 | .69 | 41* | .84
AdaBoost** 64 | 72 | .73 | .66 - .81
XGBoost** 63 | .69 - 67 - .83
SV Dl .61 .08 Dl - il
FF Neural Network** | 42 | .51 2 40 | 42 | 53
CNN** D2 D2 - .40 41 | 53
LSTM (raw)** E : - - 34 -

Table 3: Overview of different Model Performances. Abbreviations: SLA = Best Perfor-
mance Small Label Amount, LLA = Best Performance Large Label Amount, 1RR = 1
Random Rater Baseline, 1IER = 1 Expert Rater, SSD = Small Standard Deviation, Mod
= Mode, Avg = Average / Mean, Agr = Agreement, WCS = Weighted / Cost-Sensitive
Approach, *MSE, **Accuracy, in bold: best performance



How do raters influence results of the ML model?

- in reality: train and evaluate on labels of one rater
- — high variance in rater’s results
- results of one model (same hyperparameters, same evaluation method)

Student Doctor 1 Expert Doctor 2

RF classification* 0.688 0.742 0.652 0.640

- Which setting to choose?

- How to find something near to the “ground truth”?
* evaluated by 10-fold CV



Linear / Logistic / Spline Regression

— predicted
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— truth — truth
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SVM - without Tuning

Kernel SVMs: Gaussian Kernel
Without Tuning: ACC = 0.477
(Mode)

True Class

Predicted Class

Freq
30
- 20

10



SVM - Tuning

With Tuning: ACC = 0.529
(Cost-Parameter C and Kernel
Width by Grid Search)

True Class

[
1

—_
1

0 1 2
Predicted Class

Freq

25
20
15

10



SVM - Challenges for Dataset

Number of Features

no accuracy gain
Class Imbalance

-  SMOTE: ACC = 0.577

count

400-

300-

200-

100~

Overall distribution of labels (mode)



AdaBoost

True Class

1 2
Predicted Class

Freq
! 30
e 20

10

Resample Result

Task: mode

Learner: classif.ada.multiclass

Aggr perf: acc.test.mean=0.654,mmce.test.mean=0.346

Runtime: 79.4886



XGBoost

Classification with tree
boosters (acc 0.673)
Regression with linear
boosters (mse 0.39)
Tuning by grid search

ESS
L

True Class

(]
!

-
1

w
1

2 3
Predicted Class

4

Freq
l 300
200

100

truth

50

100

— predicted
— truth



Random Forest for mode

Confusion Matrix and Statistics

Reference
e o RF Feature Importance
1 182 3086 31 5 L
— 2 37 42 1806 16
5 3 7 7 27 67 mode (19 features), filter = information.gain
Freq

Overall Statistics

2 300 Accuracy : 0.6941
95% CI : (0.668, 0.7193)
200 No Information Rate : @.3749
f P-Value [Acc > NIR] : < 2e-16
11 Kappa : ©.5612
100 Mcnemar's Test P-Value : ©.05879
Statistics by Class:

True Class

E Class: @ Class: 1 Class: 2 Class: 3 DB 00, 0,0
f Sensitivity 8.6946  ©.6955 0.6792 0.72826 -‘:;_\' .‘3:.‘2) eb«.‘ib.‘b.‘?.‘g.‘b-‘k-\ib*' -\3,-"
Specificity 9.8494 0.8395 .9059 ©.96534 \‘S\ (Q.\é' \{\
i L . . Pos Pred Value ©.7345 ©.6955 ©.6545 0.62037 e& 7 ég,-/
i] 1 2 3 Neg Pred Value ©.8226 ©.8395 ©.915@ 0.97858 &8

. Precision 8.7345 8.6955 0.6545 0.62037
Predicted Class Recall 0.6046 ©.6955 0.6792 0.72826
Fi 8.7140  ©.6955 0.6667 ©.67000
Prevalence 8.3749 ©.3451 9.2078 0.07216
Detection Rate 8.2604 ©.2400 9.1412 ©.85255
Detection Prevalence ©.3545 ©.3451 ©.2157 ©.08471
Balanced Accuracy @.7720 ©.7675 ©.7926 ©.8468@



True Class

Random Forest cost-sensitive

1 2
Predicted Class

Freq

p

20

Accuracy :
: (8.7167, ©.8628)

95% CI

No Information Rate :
P-Value [Acc > NIR]

Sensitivity
Specificity

Pos Pred Value
Neg Pred Value
Precision

Recall

F1

Prevalence
Detection Rate
Detection Prevalence
Balanced Accuracy

8.796¢

8.375

t < 2.2e-16

Kappa :
Mcnemar's Test P-Value :

8.7e74
NA

Class: © Class: 1 Class: 2 Class: 3

D0 000000000

.9e48
.8837
.7917
.9500
.7917
.9e48
.8444
.3281
.296¢
.3750
.8942

ODODDDDODODODOO®

.7788
.9125
.8489
.8690
.8489
.7788
.8e43
.3750
.2891
.3438
.8417

©.7000
©.9388
0.7778
0.9109
©.7778
©.7000
0.7368
09.2344
0.1641
0.2109
9.8194

D0 000000000

.7580ee
.875ee
.66667
.98319
.66667
.7580e0
.70588
.06250
.04688
.07831
.86250



Cost-Sensitive Approach & Agreement Aggregation

- tested with Random Forest
- Full agreement portion: 19.4%

Model | Accuracy Model _ | Accuracy
Small D Y RF 1 randomly picked rater .65
(a) — sfaseh . RF mode of all raters .69

(b) Large Dataset .62 RF /w cost-sensitivity .80



Random Forest regression

3 |
- MSE of 0.417
- even there weighting | q = 2
according to raters 2 ﬁ — fruth
confidence achieved good i~
results K m
: J

0 500 1000



Feed Forward NN

16 1 0
- lower performance than 2 : X
classical machine learning
methods N2 8 57 1 3
- aggregation approach slightly - . " o . ;
improved performance s
< - 0 5 10 5 1



Deep Learning: CNN & LSTM

- too little data N e P - °--;;Mz s oo [
- difficult to choose wo  FEMEEEN , s o -
—_— 0 25 0 &

hyperparameters wo SO NN . 210
- method not as robust, ~- o ager2 9 -0 b . e
sensitive tovarianceir |, ., o . < . =
Iabels | | | | -0 \ | \ \ | -0
0 1 2 3 0 1 2 3 4

LSTM CNN



Overall distribution of labels (mode)

Class

II Imbalance
N | l-




Conceptual Considerations (1)

Feature Engineering

e Manual/Automatic
feature engineering

e dimensionality

reduction

filtering

data augmentation

outlier removal

balancing of classes

D unknown ]—' y — Label Engineering

algorithm

Source: Leo Breiman (2001)Statistical Modeling: The Two Cultures



Conceptual Considerations (2)

COLLEX MODULAR CONCEPT COLLEX MODULAR CONCEPT
Input Modules Rating Modules Aggregation & Output Modules Input Modules Rating Modules Aggregation & Output Modules
)
Intensity
Raw Label (Quanceache Raw Label
Data Ordinal, Categorical, | Data
Discrete
(" ouality ) T TR SR
Quality - oty Aggregated
e Aggregal . \ggrega
Naime, Dastngeion Label Data neime: oserpion | Label Data
((pre-defired, free-text) (pre-defined, free-text)
7 N e Re =)
SR
) )
Time Period Time Period
Lael: Graphical o ubei':ux Graphical
eie-Th Data Match i~ Data Match
1 7 T -/
T )
b o irance Label Meta-
e %i(lllg“x) m;::;‘g"p'(ﬂix) | Information
| N
SR T I )
s Counting Text
Tt ety Fimsirorh Data
-
M
ROI ROI
Label Quality: Lists

graphical / border

Label Quaity:
graphical / border




Summary & Key Learnings

- Aggregation of multiple labels is a very helpful method to infer ground
truth

- Aggressive Sample Weighting is gaining accuracy

- Cost-Sensitive Approach, which takes the costs for each label within one
segment into account is gaining accuracy

- Large Inter-Rater Disagreement / Variability

- Inter-Rater Variability is very valuable in inferring ground truth

- Quality of Labels over Quantity of labels for medical data?



Outlook

- Add Active Learning Component

- Refining the current use case
- Collecting more labels from more experts
- Collecting more data (more severe cases)

- Other use cases



is a formalized framework system to collect
large-scale, high-quality, correctly labeled training
data from experts for machine learning applications in

the biomedical domain
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