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Mechanical Turk Use Cases

1. How should the patients be diagnosed when doctors
disagree?

2. How do we evaluate the doctors’ diagnoses?




Model Assumptions

* 1. Multiple yet unreliable annotators.

e 2.Varying performance on types of data.
— Due to different expertise.
— Due to quality of data.



Typical Classification Problem

Age Temp. Symptoms... V4

Patient1 |1 96 not sick

Patient 2 | 50 102 sick

Patient N | 65 95 not sick
Learning

Input, X —— —> Prediction, Z

Algorithm




The Multiple Expert Problem

Temp. Symptoms...

Patient1 |1 96 not sick sick sick

Patient 2 | 50 102 sick sick sick

Patient N | 65 95 not sick notsick .. sick
Learning

Input, X, Y =——>

Algorithm

— Prediction, Z




Probabilistic Model

p(v,z1%) = | [pcixo | [po %2
L t

x; € RP,i =1,2,..., N observations;
-yl.(t) eR,i=12..,N;t=1,2,..,T annotation by t for sample i;
-z €ER, i =1,2,...,N true (hidden) label for sample i.



Probabilistic Model

pv, 210 = | |paixo|| [po Oz
e

p(z=1x) = (1 +exp(—a’x— )"

Classifier: Logistic regression model



Probabilistic Model

p(Y,Z|X) = Hp(zilxi)l p(”z)
i/
Bernoulli Model:
®_,. _v®_.
2 (50]) = G =Py

1n¢: Probability of labeler t to be correct

Gaussian Model:
p(v°z:) = N (352,00

o:: How labeler t deviates from the true label z




Probabilistic Model

p.210 = | [p@ixo | [p0 01 2)
i t

/

Bernoulli Model:

Dz _|y®_,.
P (yi(t)‘xi'zi) = (1 - Ut(xi))b]’ ‘ |17,;(xl-)1 |yl Zt|
700 = (1 + exp(—w/x— 7))

Gaussian Model:
p (yi(t)!xi»zi) =N (\yi(t)iziro't(xi))

7/

o, (x) = (1 + exp(—w/x—y;)) 7!




Implementation

Maximum Likelihood Estimation:

- argmaxnnp t)lxt,

=argmgxzt2f10gzzi ( v, zXz:G)

Since z; are hidden, EM algorithm is utilized:

E-step Compute:
p(z;) = p(z|X, i)
o p(z;, yilx;)
=[lep (yi(t)lxi:zi) p(zilx;)

> ) Eppllogn(?, 1))
t i

to update @ = {a, B, {w.}, {v:}}

M-step Maximize:



Insights on Classification Model

p(z=1|{y®} x)
p(z = 0|{y®},x)

LLR({y®},x) = log

 Bernoulli Case

LLR = +[Z(-1)“'J’ D (wlx+ n)}
t

by general learnt classifier by each annotator

* Gaussian Case
LLR = H T+ —T- + Z(_l)(l—ym)exp(—wg" X —¥¢)
DX )

by general learnt classifier by each annotator




Missing Annotators

 When not all annotators provided a label for a particular
sample, the true label is predicted based on:

Mok (v Pz x)p(z]%)
2 Mg P(y Ol zx)p(2[%)

Lo =

e 2.p(z=1|x) = (1 +exp(—a’x—p)) 1



Predicting Ground Truth without
Observation

» Estimate hidden label purely on annotations when
observation is not available.

+ p(zl{y®}) = [ Mep(y®|z x)p(zIx)dp(x)
~ =35 p(2lxo) [Tep (Y Oz, %)

Approximation is reached by sampling.



Evaluating Annotators

* |s it possible to evaluate annotators without ground truth?

p({yV}x)
p(y Oy} x) = P ({i“\’g} %)

_ Y, p({y O} zx)p(z|x)
Y, p({y(E\®)}|zx)p(z|x)




sensitivity

TPR (true positive rate)

Our method (x)
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UCI Data Classification

R.O.C Curves for iono data

—+— M.L.-Gaussian(x) AUC: 0.87
—— M.L.—Bernoulli(x) AUC: 0.89
—#— M.L.-Original AUC: 0.78

----- L.R.-Concatenation AUC: 0.69|

L.R.-Majority AUC: 0.76
L.R.—Annotator1 AUC: 0.6
''''' L.R.—Annotator2 AUC: 0.67
L.R.-Annotator3 AUC: 0.7
— = = L.R.-Annotator4 AUC: 0.66
L.R.—Annotator5 AUC: 0.64

0.4

0.6 0.8

FPR (false positive rate)=1-specificity

Data tested: lonosphere, Cleveland Heart.

sensitivity

TPR (true positive rate)

R.O.C Curves for cleve data
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—+— M.L.—Gaussian(x) AUC: 0.9

fors] g L.R.-Concatenation AUC: 0.77|]

—#— M.L.—Bernoulli(x) AUC: 0.91 |1
~—#— M.L.-Original AUC: 0.89

L.R.-Majority AUC: 0.76
L.R.—-Annotator1 AUC: 0.68
+= = L.R.—=Annotator2 AUC: 0.65
L.R.—=Annotator3 AUC: 0.71
- = = L.R.-Annotator4 AUC: 0.67
L.R.-Annotator5 AUC: 0.67

1 1

0.4
FPR (false positive rate)=1-specificity

0.6 0.8 1



TPR (true positive rate)=sensitivity

UCI Data Classification

Our method (x)

\ R.O.C Curves for glass data R.O.C Curves for housing data
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FPR (false positive rate)=1-specificity
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FPR (false positive rate)=1-specificity

Data tested: Glass, and Housing.



sensitivity

TPR (true positive rate)

Breast Cancer Detection

R.O.C Curves for breast data
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w—p— M.L.-Gaussian(x) AUC: 0.83
s M.L.-Bernoulli(x) AUC: 0.82
~—a#— M.L.-Original AUC: 0.81
+ == | _R.-Concatenation AUC: 0.79
—— L.R.-Majority AUC: 0.79 '
L.R.—Annotator1 AUC: 0.8
' : - | *= =+ L.R.-~Annotator2 AUC: 0.69
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FPR (false positive rate)=1-specificity

75 cases, 8 morphological features, 3 annotators (radiologists)




sensitivity

TPR (true positive rate)

Cardiac Wall Motion Anomaly Detection

multi-labeler methods comparison for AWMA data

TPR (true positive rate)
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three logistic—regression comparisons for AWMA data

| X e ——— indicated by Bernoulli(x), A.U.C:0.79}

T

—#— indicated by Gaussian(x), A.U.C:0.8

— - — - random selection, A.U.C:0.72
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FPR (false positive rate)=1-specificity

220 cases, 16 LV heart wall segments, 5 annotators (doctors), binary labels (-/+1)



Conclusions

We provided a probabilistic model that allows learning
from multiple annotators whose annotations may be
noisy;

Our model takes into account that the quality of
annotation may vary with data;

We show that this model can deal with missing
annotators/data;

Our model can also be utilized to evaluate annotators
even when ground truth is not available; and

We can also utilize our model to select the most
trustworthy/accurate annotator for each new instance
labeling.



Thanks for Listening

Questions?
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