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Abstract

Building classification models from clinical data collegtéor past patients often requires additional example
labeling and annotation by a human expert. Since examplelitad may require to review a complete electronic
health record the process can be very time consuming antycdstmake the process more cost-efficient, the number
of examples an expert needs to label should be reduced. odeand test a new approach for the classification
learning in which, in addition to class labels provided byexpert, the learner is provided with auxiliary information
that reflects how strong the expertfeels about the class.lafeshow that this information can be extremely useful for
practical classification tasks based on human assessmergamlead to improved learning with a smaller number
of examples. We develop a new classification approach bas#ukeosupport vector machines and the learning to
rank methodologies capable of utilizing the auxiliary imf@tion during the model learning process. We demonstrate
the benefit of the approach on the problem of learning an aterdel for Heparin Induced Thrombocytopenia (HIT)
by showing an improved classification performance of theetsothat are trained on a smaller number of labeled
examples.

1 Introduction

The vast amounts of clinical data collected, stored and éatzhived in electronic health records (EHRS) today previd

us with an excellent opportunity to better understand tkealie, its dynamics, the efficacies of different treatments
and may eventually lead to new computer models with a patetdtimpact and improve the decision-making and
patient management processes. However, the EHR data @ddhniypractice are often not complete and ready to be
applied to a specific problem, and additional human expsgsasnent or annotation of data and patient cases may be
needed before the analysis can be conducted and appraprdtds can be built.

Take for example the problem of building a monitoring andtaig system that aims to detect a risk of some adverse
condition with the help of data. While some of the temporadadauch as lab test time-series, or medications given)
are often archived and collected, the diagnoses or ocatesenf some adverse event are either not recorded at all or
their record is atemporal and it is not clear at what time aimdpwhat time interval the event occurred. Hence, if our
goal is to analyze these conditions and build models thadlaleeto predict them, individual patient instances must be
first labeled by an expert or a group of experts.

The process of labeling (annotating) patient instancesgusiibjective human assessments can be an extremely time-
consuming and costly process, since it requires one towdaige amount of information in the EHR. Optimizing the
time and cost of this process boils down to reducing the nummtexamples one must assess. One direction to address
this problem explored extensively by the machine learnmmmunity in recent years is to develop active learfing
methods that analyze examples, prioritize them and sdiesetthat are most critical for the task we want to solve,
while optimizing the overall data labeling cost.

In this work, we explore an alternative solution that is oghnal to the active learning approach and may alleviate the
costly example labeling process in practice. The idea iedas a simple premise, the human expert that gives us a
subjective class label (detect or not detect, alert or daleot) can often provide us with auxiliary information rield

to the case which reflects his or her confidence about thedalbelief about the underlying condition. The acquisition
and label assessment. To illustrate this point, assumepertereviewing patient data in order to assess if the alert fo
some adverse condition is appropriate or not. Clearly thepbexity of the data in EHR prompts the expert to spend a
large amount of time reviewing and analyzing the case (aljyieninutes). However, once the decision about alerting
or not alerting on some adverse condition is made, it is gftessible to refine the decision with additional information
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related to the underlying adverse condition reflecting hwangjly the reviewer believes the condition occurs or how
strong the alert should be.

The auxiliary information a human expert can provide in #ddito the class label can be represented and acquired
in different ways. One possibility is to use numerical valuepresenting directly the chance (or probability) the
patient suffers from the target condition, another po#sitis to use ordinal categorical values representing itgiale
assessment of the belief using a finite number of categoeigsstrong disbelief, weak disbelief, weak belief the
adverse condition is present, etc.). Our objective is tcelbgva framework in which a classification model (that
assigns class labels to patient cases) can be learned rfiorendlfy with a smaller number of labeled examples with
the help of this auxiliary information.

We develop and present a new learning method based on thersupptor machine framework that lets us incorpo-
rate the auxiliary information in terms of order constrairriefly, our method learns the discriminative boundary by
assuring that examples with a higher belief are projectetiédn away from the decision boundary than examples with
weaker beliefs. Conceptually, our method draws upon thatseand research on the learning to rank probkins
vestigated in various information retrieval applicatiove test our method on the problem of learning a classifinatio
model for generating Heparin induced thrombocytopenid it alerts for post surgical cardiac patients. We show
that with additional auxiliary information we are able tafe alert models with a smaller number of examples than
with just the alert label information. Moreover we show that are able to learn a model even if the model is trained
with examples from just one class, which can be extremelyomamt for problems in which the prevalence of the two
classes in the population and data is highly unbalanced.

2 Problem description

We aim to learn a binary classifigr: X — Y whereX is a feature vector an¥l is a binary label, i.eY € {0, 1}.

In the common setting, a set of exampias x», .., xy and their binary labelg; , -, .., yn are provided for training.
Here we assume that we also have access to additional irtiorma scorep; reflecting one’s belief the exampig
belongs to class$. p; can be a discrete scope € {0, 1,2, .., k} or a probability numbep; € [0, 1]. Hence each data
entry in the data sed = {d, do, - - - dn } consists of three components: = (x;, y;, p;), @an input, a class label and a
belief score for class.

The belief information can be often obtained when labelsaarpiired from human assessment. For example jsf

a patient and; denotes the presence or absence of a disease or some adrelgmie that is based on physician’s
evaluation of the patient, the score captures the physsdmtief the patient indeed suffers from the condition. The
cost of obtaining this additional information is typicalignall once the patient case is reviewed and assessed by the
expert.

Despite possible noise in the human-based assessmentretelislass labe); and the score; are closely related.
Adopting a decision-theoretic perspective, we assumel#ss abely; is a function (although unknown) of the belief
score.

Our main conjecture in this work is that additional beligfioinrmation can help us to learn a classifier more efficiently
and with a smaller number of examples. This can be partigulezeful when the data is unbalanced (the prior
probability of one of the classes is small), and when the rerroblabeled examples is limited.

Surprisingly, not much prior research work has been donéatng the class labeling and related belief information.
Perhaps the closest to our framework is the resear€fi wiro considers probabilisticinformation as a vital compune
of the learning process because of the ambiguities in tiss &deling. This work applies the approach to classifioatio
of volcanos from radar images of distant planets. The difiees from our framework are: they rely only on the
probabilistic information to build the models, class labate ignored; only classification models based on simple
neural network and probabilistic models are consideregl; thake no attempt to correct for the variations and noise
in subjective estimates.



3 Learning with binary labels

Before developing the methodology capable of utilizingihary information we briefly review one of the most widely
used methods for learning binary classification modelsstipport vector machine (SVK) The main reason for this
review is that our solution builds directly upon and extetids methodology.

The support vector machine is an instance of a (discrimiaptilassification methdl that aims to learn a function
f + X — R that discriminates examples from the two classes. Onceutinetibn f is known, the class decision is
made with the help of a threshaddsuch that for valueg(x) > o we classify the example as claksotherwise we
classify it as class.

The (linear) SVM is popular in the machine learning commypitimarily thanks to its ability to learn high-quality
discriminative patterns in high-dimensional datasets. oAgimany linear decision boundary that can separate the
examples from two classes, the linear SVM chooses one tkahleamaximum margin. The margin is defined as the
distance of the decision line to its nearest examples. Foctasses that are linearly separable, SVM has the following
form:

9w
subject to:
VX, Ui WTxl-yl- +b>1
Vi : n; >0

wherei = 1,2, ..., N indexes examples)(w) a regularization penalty, typicall%wTw. Solving this problem will
give us the weight vectow and the discriminant functiofi(x) = w”'x that that has the maximum margin. When the
two classes are not linearly separable, slack variablegtdized and the SVM takes the following form:

min Qw)+C Z 7

w,b
subject to:
VX, Ui WTxl-yl- +b>1—mn
Vi : n; >0
where C is a constant. This form is called the soft-margie easl allows violating some of the difficult constrains.

After computingw andb in the above formulation, one can classify new examples theeinspecting the sign of
w’!'x + b, or by using a threshold for defining the class decision.

4 Learning with auxiliary belief information

In this section we develop classification learning algonigtthat let us accept and learn from the auxiliary belieflgbe
We start with a simple and straightforward approach byazitig regression to learn from the auxiliary belief labels.
After that we adapt a well-known ranking algorithm, the R&WM1°, that utilizes both binary and probabilistic
labels when constructing the model.

4.1. A simple regression approach

In the standard binary classification setting (see abolie)discriminant function is learned from examples with€las
labels {0, 1}) only. In our framework, in addition to class labels, we haeeess also to auxiliary belief information
associated with these class labels. The question is howntloisnation can be used to learn a better model. One
relatively straightforward solution is to regress a fuantf where(x;, p;) are the input-output pairs. Assuming the
functionf : X — R is formed by a linear modef(x) = w’x , the learning problem becomes a linear regression
problem solved by minimizing the error function based ongime of squared residuals.

Error(D,w) N ; w’l X; — pl 1)



The solutionw™ = argmin Error(D, w) yields a weight vector optimizing the linear model.

Defining the classification threshold.Once the discriminant function is learned a classifier caddfmed using a
decision threshold. To find the optimal threshold, we use true class labels (pilabels) and minimize the overall
loss in the training data.

Regularization. The regression methods are quite common and can be envigtiedifferent bells and whistles that
let it perform better in different settings. In our data thigrary concern is the dimensionality &fand the number of
samplesV in the data set. Briefly, if the dimensionality ®fis high and the number of examplesMis small, the
possibility of the model overfit. In such a case we can modify enprove the performance of the regression model
using one of the regularization approaches, such as theeRadd.,) regularizatiort?, lasso (orL;) regularization
12.13 or their elastic network combinatidh Briefly, the optimization in Equation 1 is modified as thddaling using
the regularization:

w* = argmin Error(D, w) + Q(w) 2

such that)(w) is a regularization penalty. Examples of regularizationgiées are)(w) = A\|w|; for the L1 (lasso)
regularization, o (w) = \|w|, for the L2 (ridge) regularization.

Sensitivity to the noise in subjective estimates_earning a regression function directly from auxilianyibginfor-
mation raises a concern of what happens if these subjeatmpilistic assessments are not consistent and subject to
noise due to inaccurate subjective human estimates. gldaHe estimates differ widely one expects them to impact
the quality of the discriminant function. Intuitively, ihé noise is too strong, the benefit of auxiliary probabisti
information disappears and the binary label informatiory nacome more reliable when learning a classification
model.

Another problem with learning a regression function frora tielief scores results from the characteristics of the
belief scores when they are provided in the form of discretalversp; € {0,1,2,..., k}. In such cases, the belief
information are in form of ordinal class label whose abselutimerical value does not necessary carry meaningful
information; i.e. the distance betweérand1 might not be the same as the distance betweand2, and etc. This
problem is well-known in rankint? when the relevancy scores are considered as absolute waineiues.

4.2. Using ranking to improve the noise tolerance

As mentioned, the regression approach introduced in Sedtiearns the model by relying on the numeric value of
auxiliary probabilistic information. As a result it may lmene very sensitive to the noise and inconsistencies in the
numerical assessments. Since humans are not very goodviipgowell calibrated probabilistic estimatés'’, the
deterioration of the performance due to the noise becoméesortant issue and methods that are more robust to this
noise must be used to alleviate the problem.

To address the problem we propose to adapt ranking methatisrthmore robust and tolerate the noise in the estimates
better. Briefly, instead of relying strongly on exact bebstimates, we try to model the relation in between the two
belief assessments only qualitatively, in terms of paievdeder constraints.

Let f : X — R be alinear modef(x) = w”x that discriminates between examples in class 0 and clagscan
also represent a linear ranking function that order indisidiata points such that if the instanceis ranked higher
thanx, then f(x1) > f(x2). Now assuming any two data points andx, are ordered according to their subjective
belief score®; andp., we expect the ranking function to preserve their order.

The learning to rank algorithmsconstruct a ranking function from the training data by miizimg the number of
violated pairwise constrains between the data points aadathount of these violations. Such a formulation of a
learning problem makes the problem of learning the diserative model less dependent on exact subjective value
estimates that are used to induce the pairwise orderingcéd@e hope this relaxation provides a tool to better absorb
some amount of noise in the subjective probability estisyageentually leading to more robust learning algorithms.

Let »* be the target ranking order determined by the belief infoiongy; associated with each example. Then for
every pair of exampleg; andx; thatp; > p; we say(x;,x;) € r* we can write a constraiw” (x; — x;) > 0 that



the ranking functiory(x) = w’x needs to satisfy. Just, like in the classification SVM, wewlsome flexibility in
building the hyperplane by adding slack varialdgs representing penalties for the constraint violation andrestant

C to regularize these penalties. Now the learning-to-rdnk @xamples is equivalent to the following optimization
problem:

w

min Q(W) + Cz gi,j
,J

subject to:
V(xi,x;) € r*: wl(x; —x;) >1-§&
V’LV_] : gi,j Z 0

wherei,j = 1,2,..., N indexes examples)(w) is the regularization penalty similar to SVM, adtis a constant.
Solving this problem will give us the weight vecter and the discriminant functiofi(x) = w”'x that violates the
smallest number of constraints.

4.3. Optimizing the discriminant function by weighting the importance of belief information

As mentioned, the absolute numerical values provideg bwre not meaningful and only the relative magnitudge; sf

is important. However, in the previous section, we only édeied the order information provided by the belief scores
and ignored the relative magnitude of the belief assessnienemphasize the importance of the relative magnitude
provided by the reviewer, we recommend to give more weightidse pairs that have bigger difference in their belief
assessment; in other word, we weight examplesagaandz; in 7* by p; — p; difference normalized to intervif), 1]

and get the following new objective function.

w

min - Q(w)+C Y (pi — p;)éi;
@,

subject to:
V(xi,x;) € r*: wl(x; — xj)>1-&,
V’LV_] : gi,j Z 0

In this new formulation, more weight is given to the slackiahles that correspond to pairs with a larger difference
in their belief assessment. In other wordspif- p; is large, the slack variablg ; gets more weight and contributes
more to the minimization process. This is equivalent to emspting more the satisfaction of the hard constrain
w’(x; — x;) > 1 by reducing the value df; ;.

5 Experiments

We test the performance of our methods on clinical data nbthirom EHRSs for post-surgical cardiac patients and the
problem of monitoring and detection of the Heparin Inducedombocytopenia (HIT)'8 HIT is an adverse immune
reaction that may develop if the patient is treated for a éorigne with heparin, the most common anticoagulation
treatment. If the condition is not detected and treated ptbynit may lead to further complications (such as thrombo-
sis) and even to patient’s death. An important clinical peabis the monitoring and detection of patients who are at
risk of developing the condition. Alerting when this conadlitbecomes likely prevents the aggravation of the conulitio
and appropriate countermeasures (discontinuation ofé¢parin treatment or switch to an alternative anticoaguati
treatment) may be taken. In this work, we investigate thaipdgy of building a detector from patient data and human
expert assessment of patient cases with respect to HIT @ndetd to raise the HIT alert. This corresponds to the
problem of learning a classification model from data whegeets alert or no-alert assessments define class labels.

Data collection

In this experiment we have started with data from Electrdrgalth records of approximatelly 500 post-surgical
cardiac patients stored in PCP datad&$& Each patient record was sliced in time at 8:00am and wastogggherate



thousands of patient instances. Out of these we have sgtE8Pinstances and asked an expert — a clinical pharmacist,
who routinely attends to and evaluates patients at risk df Hto provide us with the following information: (1)
whether she agree with the decision to raise an alert onskefiHIT, and (2) how strongly she agrees or disagrees
with alert decision. We used 5 discrete belief scores 4rgjly-agree’, 3:’agree’, 2:'weakly-disagree’, 1:'disag’

and 0:'strongly-disagree’. Note, that these labels craatenking of how much the expert agrees with an alert. In
order to make the qualified judgement, the expert was ableadise complete patient medical record, including text
reports. Out of 182 labeled instances, there were 4, 33, 2768 instances labeled with 'strongly-agree’, 'agree’,
'weakly-disagree’, 'disagree’ and 'strongly-disagresspectively, from which 37 instances (or 20.3%) were pasiti

We would like to note that 182 examples selected for the ass=# were not selected randomly from all patient
instances, instead they were chosen via a stratified sagnpfiproach to assure we observe a larger proportion of
positive HIT alerts. Briefly, the incidence of HIT in the psstgical cardiac population is about 396. Hence, if

we were to sample patient instances randomly from all ptestilne segmented patient cases, the chance of seeing a
positive HIT alert on a randomly picked instance would be/Jew.

Data instances

The data in medical records are high dimensional. For theqagr of this study, we have selected 50 features derived
from the patient health record and clinical variables int@otrfor the detection of HIT. These features represent time
series of labs, medications and procedures. From labs weRIatelet counts, Hemoglobin levels and White Blood
Cell Counts and their time series. The features generatddlis in the experiment included: last values observed,
time elapsed since the last value was observed, quangitedive trends, apex and nadir values and differences of
last values from the nadir and apex values. From medicati@nased Heparin and its administration record. The
medication related features generated for all patienaimess reflect whether the patient is currently on the heparin
or not, the time elapsed since the medication was startethaniime since last change in its administration. Finally,
the procedure features included in the data were the iradicéita major heart procedure and the time elapsed since
such a procedure. All these features were used to define tieapease. The alert decision by the expert was used as
a class label. The degree of belief information collected t@ auxiliary information supplementing the class label
information.

Methods

To test the benefit of the auxiliary information on the quatif the classification model, we trained the models with
training data of different size (from 10 to 100 with a step 6) And compared them on the data witheld from the
training stage. We used the following models in our compass

e SVM. The linear SVM with the hinge loss and L2 regularizationriesl on binary labels only,
e LinReg. The linear regression with the lasso regularization tiigieectly on the auxiliary information,

e SVM-Rank. The SVM-Rank method (Section 4.2.) with the hinge loss &ajio the pairwise data points and
L2 regularization, and

e SVM-RankW. The weighted version of the SVM-Rank procedure from Secti@n

The constant’ in SVM methods was set tt)—2.

We evaluated and compared the performance of the differetitads by calculating the Wilcoxon statistic (the area
under the ROC curve) on the test data. The results are suredan Figure 1. Since one of the main objectives of this
work was to show the value of auxiliary belief informatiom tmbalanced datasets, we constructed three different sets
of training data by limiting the rate of positive sampleslie training set to 10%, 5% and 0% of the size of training
set (Figures 1(b), 1(c), 1(d) respectively). For all theortpd experiments, we used 30 different training and tgstin
data splits and reported the average performance over thesponding testing datasets.

Discussion
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Figure 1: The average area under the ROC curve for diffeeanhing methods for varied training-set sizes on the HIT
data set. Figures (a)-(d) show the performance of the mstivben the percentage of positive examples included in
the training data was limited to 20.3% (a), 10% (b), 5% (c)a#l(d).



The results of this experiment show that auxiliary beligbrmation can improve the learning process and can help
us to obtain better models with a smaller number of trainengles. For example, when the frequency of positive
samples in the training data is kept at 20.3% (Figure 1(gha)SVM.RankW method reaches the AUC score@fs

with the training size is 30. To reach the same AUC score, YHd Siethod needs 65 and the linear regression method
85 examples respectively.

Other experimental results in Figure 1(a) show that the fiteoeauxiliary information becomes more pronounced
when datasets are more unballanced and the rate of positiv@as in the training set is small. For the most extreme
case, when there are no positive examples in the trainin@&gire 1(d) d), the AUC score for the SVM remains at or
close ta0.5 (not reported in the figure) confirming the method is not ablearn anything from such a data. However,
other methods, relying on auxiliary information are stiil@to learn a classification model. Out of the three models,
the SVM_RankW method is the best and outperforms other two methatsély on auxiliary information. More
specifically, the weighted SVM-Rank model learned on 3traj examples is better than models learned by other
two methods even if they are trained on 100 training examples

The reported results demonstrate the benefit of auxilagrintion collected at the time of case review and case
annotation for learning classification models. In genenal approach can be very useful when: (a) the amount of
accessible medical data is limited, (b) the cost of label;ngigh and the expected number of labeled examples
that can be obtained is low and (c) the two classes of exanipldata are unballanced. The results are especially
encouraging for classification problems with highly unibakd classes, which are quite common in medical domain,
such as HIT where the rate of positive HIT examples in pogtsal cardiac population is about 224, Intuitively,

if the expert is able to rank the cases with respect to thenyidg condition we alert on, we are able to benefit and
extrapolate from this information and apply it to rare cases

6 Conclusion

Making use of many real-world data sets often prompts onelltadditional information with subjective human
labels. However, this process is often very time consumirdhdifferent ways of reducing the labeling costs need to
be sought. In this work we investigate a new framework fouo#ag this cost by reducing the number of examples
one must label. The trick is to use an auxiliary probabdiistformation that reflects how strongly the human believes
in the label which can be extracted cheaply and virtuallyoeadditional cost. We propose multiple methods that use
this information to make the learning more sample-effici&ihce the subjective estimates are often inconsistent and
noisy we propose and test ranking based methods that areresilient to the noise. We test the methods and show
the improved performance on a real-world medical data set.
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