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Preface

With increasing globalization, urbanization, and ecological pressures, the threat of
devastating global pandemics becomes more pronounced. The impact of Zika, MERS, and
Ebola outbreaks over the past decade has strongly illustrated our enormous vulnerability to
emerging infectious diseases. There is an urgent need to develop sound theoretical
principles and transformative computational approaches that will allow us to address the
escalating threat of a future pandemic. Data mining and Knowledge discovery have an
important role to play in this regard. Different aspects of infectious disease modeling,
analysis and control have traditionally been studied within the confines of individual
disciplines, such as mathematical epidemiology and public health, and data mining and
machine learning. Coupled with increasing data generation across multiple domains (like
electronic medical records and social media), there is a clear need for analyzing them to
inform public health policies and outcomes. Recent advances in disease surveillance and
forecasting, and initiatives such as the CDC Flu Challenge, have brought these disciplines
closer--public health practitioners seek to use novel datasets and techniques whereas
researchers from data mining and machine learning develop novel tools for solving many
fundamental problems in the public health policy planning process. We believe the next
stage of advances will result from closer collaborations between these two communities,
which is the main objective of epiDAMIK. The workshop is also an integral part of the
‘Health Day @ KDD’, which brings together domain and machine learning experts to discuss
challenges and trends in the healthcare industry as well as techniques and methodologies
the machine learning community is using, and in process of developing to address these
challenges.

The main program of epiDAMIK’19 consists of four papers that cover various aspects of
data mining and public health. In addition there were two keynotes. All the papers were
presented orally, and also during an interactive session joint with the KDD poster session as
part of the Health Day. We sincerely thank the authors of the submissions and the attendees
of the workshop. We also wish to thank the members of our program committee for their
help in selecting a set of high-quality papers. Furthermore, we are very grateful to Ben
Althouse and Elaine Nsoesie for engaging keynote presentations.

B. Aditya Prakash
Anil Vullikanti
Shweta Bansal

Adam Sadelik

Arlington, August 2019
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Invited Talk

Novel data streams (NDS) for surveillance

Benjamin Althouse
Principal Scientist, Co-Chair of the Epidemiology team
Institute for Disease Modeling
balthouse@idmod.org

Abstract:

Novel data streams (NDS), such as web search data or social media updates, hold promise
for enhancing the capabilities of public health surveillance. In this talk I will explore several
case-studies of how NDS can be used for infectious disease surveillance; understanding how
individuals seek information about health behaviors such as depression and smoking
cessation; “organic advocacy” wherein celebrities or other viral announcements affect
individual search behavior; “crowd diagnoses” of sexually transmitted diseases on Reddit;
and novel surveillance of bed bug infestations. Through these disparate examples of the
uses of NDS, I highlight the necessities of accurate model building and thorough and
appropriate interpretation of surveillance using NDS.

Bio:

Ben Althouse is a Principal Scientist and Co-chair of the Epidemiology team at the Institute
for Disease Modeling where he explores pneumococcal pneumonia vaccines, the
transmission dynamics of respiratory pathogens, and the role of complex human contact
structures on disease transmission. He was an Omidyar Fellow at the Santa Fe Institute,
holds a PhD in Epidemiology and a Master of Science in Biostatistics from the Johns Hopkins
Bloomberg School of Public Health where he was awarded an NSF Graduate Research
Fellowship, and holds Bachelor of Science degrees in Mathematics and Biochemistry from
the University of Washington. His previous work has included mathematical modeling of
sylvatic dengue virus transmission in nonhuman primates in Senegal, examining the role of
antimicrobial use on the evolution of drug resistance, using Twitter as a model system of co-
infection dynamics, and using novel data sources (such as Google searches, Twitter, and
Wikipedia article views) for population-level surveillance of infectious and chronic diseases.
Ben is an Affiliate Faculty member in the Department of Biology at New Mexico State
University, Las Cruces, and an Affiliate Assistant Professor at the Information School at the
University of Washington.



Invited Talk

Non-traditional Approaches to Public Health
Surveillance

Elaine Nsoesie
Assistant Professor
School of Public Health
Boston University.
onelaine@bu.edu

Abstract:

Data from a variety of sources, including social media, e-commerce websites and remote
sensing, offer unique opportunities for studying and addressing problems in public health.
In this talk, we will present examples on the use of data from a variety of sources for public
health surveillance. We will also discuss the biases inherent in these datasets and potential
implications on the public’s health.

Bio:

Dr. Nsoesie is an Assistant Professor of Global Health at Boston University (BU). She is also a
BU Data Science Faculty Fellow as part of the BU Data Science Initiative at the Hariri
Institute for Computing, and a Data and Innovation Fellow at The Directorate of Science,
Technology and Innovation (DSTI) in the Office of the President in Sierra Leone. Dr. Nsoesie
applies data science methodologies to global health problems, using digital data and
technology to improve health, particularly in the realm of surveillance of chronic and
infectious diseases. She completed her PhD in Computational Epidemiology from the
Genetics, Bioinformatics and Computational Biology program at Virginia Tech. She also have
an MS in Statistics and a BS in Mathematics. She has written for NPR, The Conversation,
Public Health Post and Quartz. Dr. Nsoesie was born and raised in Cameroon.



Improved Automatic Pharmacovigilance: An Enhancement to
the MedWatcher Social System for Monitoring Adverse Events

Andre T. Nguyen
Booz Allen Hamilton
Nguyen_Andre@bah.com

Edward Raff
Booz Allen Hamilton
Raff Edward@bah.com

ABSTRACT

Traditional pharmacovigilance systems rely on adverse event re-
ports received by regulatory authorities such as the United States
Food and Drug Administration (FDA). These traditional systems
suffer from underreporting and are not timely due to their reliance
on third-party sentinels. To address these issues, the MedWatcher
Social system for monitoring adverse events through automated
processing of digital social media data and crowdsourcing was
launched in 2012 by Boston Children’s Hospital and the FDA. The
system is rooted in the well-established FDA MedWatch system.

MedWatcher Social uses an indicator score approach to identify
adverse events. This study evaluates the MedWatcher Social adverse
event classifier’s performance on Twitter data and proposes an
enhancement to the indicator score method that results in improved
adverse event identification.

Our research suggests that automatic pharmacovigilance sys-
tems using the original indicator score approach should be updated.
Careful consideration of modeling assumptions is critical when de-
signing algorithms for computational epidemiology, and algorithms
should be regularly reevaluated to identify enhancements and to
remedy concept drift.

ACM Reference Format:

Andre T. Nguyen, Julia Lien, Edward Raff, and Sumiko R. Mekaru. 2019. Im-
proved Automatic Pharmacovigilance: An Enhancement to the MedWatcher
Social System for Monitoring Adverse Events. In Proceedings of epiDAMIK:
Epidemiology meets Data Mining and Knowledge Discovery Workshop at KDD
(epiDAMIK @ KDD’19). ACM, New York, NY, USA, 6 pages.

1 INTRODUCTION

Pharmacovigilance, also known as drug safety monitoring, is the
pharmacological science relating to the detection, assessment, un-
derstanding, and prevention of adverse effects and other possible
drug-related problems [19]. Although the safety of a drug is as-
sessed through clinical trials before approval by regulatory author-
ities, the short timescale and the limited number of participants
involved prevent clinical trials from comprehensively uncovering
all possible adverse effects and drug interactions. Indeed, extremely
rare adverse events are expected to be missed barring impractically
massive clinical trials. As a result, continuous drug surveillance via
pharmacovigilance is critical for consumer safety.

Traditional pharmacovigilance systems rely on spontaneous ad-
verse event (AE) reports received by regulatory authorities such as
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the United States Food and Drug Administration (FDA). These tra-
ditional systems suffer from underreporting and lack of timeliness
due to their reliance on third-party sentinels which are affected by
lack of adverse event mentions from patients experiencing these
events and then lack of follow through by medical staff who are
often overtasked. The availability of adverse event data received by
traditional government pharmacovigilance systems has a known
lag time of 6 to 12 months [3]. A 2010 study conducted by the United
States Department of Health and Human Services Office of the In-
spector General found that 27 percent of hospitalized Medicare
beneficiaries in October 2008 experienced adverse events during
their hospital stays that required treatment, half of which resulted
in prolonged hospitalization, required life-sustaining intervention,
caused permanent disability, or resulted in death [7]. A follow up
study found that 86 percent of the adverse events were not reported
to a traditional government pharmacovigilance system [8]. To ad-
dress the issues with traditional government pharmacovigilance
systems, multiple automatic pharmacovigilance techniques using
social media data have been suggested [18]. Drug surveillance sys-
tems based on social listening and intelligent automation are valu-
able and complement traditional systems because they monitor
a mostly different population from that monitored by traditional
systems and because they do not suffer from a data availability lag.

The MedWatcher Social system for monitoring adverse events
through automated processing of digital social media data and
crowdsourcing was launched in 2012 by Boston Children’s Hos-
pital and the FDA [5, 6, 12, 13]. The system is rooted in the well-
established FDA MedWatch system. Recent research in the field of
digital disease detection has shown that computational epidemiol-
ogy systems should be reevaluated frequently to ensure that the
best methodologies are being used [16, 17]. In this paper, we evalu-
ate the MedWatcher Social adverse event classifier’s performance
on Twitter data and propose an enhancement to the indicator score
method that results in improved adverse event identification. We
also show how a careful consideration of modeling assumptions is
critical when designing algorithms for computational epidemiol-
ogy. Additionally, the pharmacovigilance community has developed
some of its own tools which have existing counterparts in the ma-
chine learning space. In many fields, the tools of machine learning
often outperform community built tools. We hope to illustrate an
example of how and why this is the case.
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2 METHODS

2.1 Data

This study used English-language public Twitter posts collected
by MedWatcher Social. The Twitter data was ingested from third-
party data vendors, filtering for selected medical product names and
synonyms. After ingestion, tweets were processed by a taxonomy-
based tagger to extract symptoms and products associated with
each tweet. The tagger used an expert-curated ontology that maps
colloquial synonyms to formal names of products and symptoms.
The symptoms for which a tagged product is used to treat, also
known as indications, were removed from the extracted list of
symptoms. Duplicated tweets, most commonly retweets, were then
removed using a string comparison algorithm [5, 6, 12, 13].

2.2 Curation

The MedWatcher Social system defines an adverse event report as
a post consisting of an identified medical product, a specific patient,
and a physiological or cognitive symptom that is believed to be due
to the product [6]. The primary objective is to identify posts that
resemble an adverse event (proto-AE) containing product-symptom
associations. The secondary objective is to label non-proto-AE posts
as mentions or junk, where a mention is a post in which a drug
was discussed and a junk post is a tweet that is not of interest for
pharmacovigilance. For training and testing purposes, each post
was labeled by a MedDRA certified curator as Proto-AE, Mention,
or Junk. An example of each type post can be found in Table 1.

Table 1: Example posts.

Post Type | Example Post

Junk I'm watching Baret Jackson auction: Commercials
are for Viagra, diarrhoea, online dating

& Arthritis. On that note I'm gonna attempt to...

Mention | the flu shot lady didn’t give me a band-aid,
i could bleed to death.
Proto-AE | arms are swollen, think im allergic to ibuprofen :(

We sampled 100 000 curated data points from the data ingested
by MedWatcher Social from 2011-08-18 to 2017-11-20. This sample
was then split into a training set of size 70 000 and a test set of
size 30 000. The class distribution of the data is 64% Junk, 21%
Proto-AE, and 15% Mention. Usually, mainly posts tagged as Proto-
AE by the MedWatcher Social algorithm were curated, with the
objective of removing false positives. The curated data pool is thus
likely to be somewhat different from the overall ingested data pool
as a good number of the posts labeled as Junk or Mention by a
curator represent harder to classify examples. As a result, reported
performance metrics in this study are likely to be lower than what
would be observed in an actual deployment of the algorithms on
all of the ingested but not fully curated data.

2.3 Feature Extraction

In order to represent the text data in a format amenable to machine
learning algorithms, we transform the posts into numerical form
as follows:

Andre T. Nguyen, Julia Lien, Edward Raff, and Sumiko R. Mekaru

(1) Tokenization: Given a sequence of symbols, tokenization
chops the sequence up into pieces called tokens. The set of
all observed tokens across posts is called the vocabulary. We
used word unigrams, bigrams, and trigrams as tokens for
our study.

(2) Bag-of-Words: Bag-of-words is a representation model often
used in natural language processing for simplifying text data.
Bag-of-words ignores token order but keeps token duplicates.
Not all information from word ordering is lost however as
our use of bigrams and trigrams preserves local ordering
information.

(3) Count Vectorization: Given a bag-of-words representation of
a text document, a numerical representation of the document
can be computed by counting the number of occurrences of
vocabulary tokens in the document.

2.4 Spectral Embedding via Laplacian
Eigenmaps
High-dimensional data such as text documents in count vector
form are hard to visualize. Dimensionality reduction can be used
to help visualize the structure of a dataset. Manifold learning is a
nonlinear dimensionality reduction technique that assumes that
high-dimensional data can be mapped to a lower-dimensional em-
bedding that locally preserves distance relationships.

Spectral embedding using Laplacian eigenmaps is a technique
for constructing the lower-dimensional nonlinear embedding using
a graph that discretely approximates the lower-dimensional mani-
fold [1, 2]. There are a few variations of the algorithm. The simplest
to tune instantiation of the algorithm is as follows. Given k data
points in R4 a weighted graph with k nodes is built with each node
corresponding to a data point. A n nearest neighbors approach is
used to connect the graph where nodes i and j are connected by an
edge if data points i or j are among each other’s n nearest neigh-
bors. Let W be the adjacency matrix of the resulting graph, let D
be a diagonal matrix whose entries are column or row sums of W,
and let L be the Laplacian matrix L = D — W. The eigenvalues and
eigenvectors for the generalized eigenvector problem are then com-
puted: Ly = ADy. Let y,, Y5, . . ., Yi_; be the eigenvector solutions
ordered from smallest to largest by eigenvalue. The projection of
data point i under the embedding into a lower dimensional space

R™is (y,(i), . ...y,,(0).

2.5 Multinomial Naive Bayes

The multinomial naive Bayes classifier is a generative classifier
for multinomial distributed feature vectors such as those resulting
from count vectorization. Generative modeling has the goal of
explaining how to generate data by learning the class conditional
distribution of the feature vectors p(x|y = ¢) and the class prior
p(y = c). The class posterior, the probability of a class given the
data, can be computed from the class conditional and the class prior
using Bayes rule:

plxly = c)p(y = c)

20x) o p(xly = e)p(y = ¢)

Py =clx)=
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The evidence p(x) does not depend on the class so can be ignored
in practice. Naive Bayes takes the simplest approach for specify-
ing the class conditional distribution by assuming that features
are conditionally independent given the class. In the case of the
multinomial naive Bayes classifier, the class conditional is a multi-
nomial distribution with independent event probabilities. For D
dimensional data, this is mathematically:

D
plxly=c)=[ | praly =0)
d=1

Inference for the multinomial naive Bayes model consists of
learning the class prior and the event probabilities that form the
class conditional. Naive Bayes has sometimes been inappropriately
called a Bayesian probabilistic algorithm in the digital pharmacovig-
ilance literature. It is important to note that the use of Bayes rule
is not enough to make an algorithm statistically Bayesian. If, as is
most commonly done in terms of naive Bayes inference, the full
posterior is not computed and a maximum likelihood estimate or
maximum a posteriori estimate is used to fit naive Bayes, then the
algorithm is not Bayesian [9].

2.6 Logistic Regression

Logistic regression is a discriminative classifier. While generative
classifiers such as naive Bayes model the class posterior p(y = c|x)
indirectly by modeling the class conditional and the class prior,
discriminative classifiers fit the class posterior directly. In the two-
class case, logistic regression corresponds to the following model
where w is a vector of parameters:

p(ylx, w) = Bernoulli(y|p(y = 1|x)) = Bernoulli (y| sigmoid (wa))

Inference for logistic regression model consists of learning the
model parameters w. Logistic regression can be regularized by
placing a prior on w or by adding a regularization term to the
objective function. The two-class logistic regression model can be
extended to a multi-class setting using a one versus rest scheme
where a binary classifier is trained for each class separately. A
second way to extend logistic regression to a multi-class setting
is through the use of the softmax function, a multidimensional
generalization of the logistic function.

2.7 Classification Using Indicator Scores

The MedWatcher Social system currently uses an indicator score
approach for adverse event detection [13]. The indicator score tech-
nique uses a two-class naive Bayes classifier that discriminates
Proto-AE posts from Junk posts. The naive Bayes probability esti-
mate of belonging the Proto-AE class is used as the indicator score.
If the indicator score is greater or equal to an upper threshold, then
the post is classified as Proto-AE. If the indicator score is less or
equal to a lower threshold, then the post is classified as Junk. If the
indicator score is strictly between the lower and upper thresholds,
then the post is classified as Mention.

Some studies have used a variant of the naive Bayes classifier,
called the Robinson classifier, that combines event probabilities
using Fisher’s method for combining p-values instead of conditional
probability [12]. The justification for the use of Fisher’s method has

epiDAMIK @ KDD’19, August 5th, 2019, Anchorage, Alaska, USA

been that it does not assume independence [15]. This justification
is somewhat unsatisfying as event probabilities are not p-values
and, more importantly, the form of Fisher’s method used in these
studies is meant for independent tests [4]. The Robinson variant of
the indicator score approach also includes a penalty adjustment for
lack of symptom mentions in a post. For completeness, we evaluate
both the naive Bayes and Robinson variants of the indicator score
algorithm, optimizing thresholds for predictive performance while
retaining the prior beliefs.

2.8 Ordinal Regression

Another way to build a classifier that encodes the same prior be-
liefs about the data as the indicator score approach is to use ordinal
regression. In a manner similar to the indicator score approach,
ordinal regression classifies data into one of several discrete but
ordered classes. In other words, ordinal regression can encode the
indicator score approach’s assumption that Mention class lies be-
tween the Proto-AE and Junk classes on a spectrum. We evaluate
the all-threshold loss variant of the ordinal logistic model which
jointly learns the weight vector of a logistic regression model as
well as the thresholds separating the classes [14].

2.9 Evaluation Metrics

Precision is the probability that a datum belongs to the positive
class given that the algorithm predicted the datum belonging to the
positive class. Probabilistically, if y is the true value and § is the
predicted value, then:

Precision =p(y =1|§ =1)
Recall is the probability that the algorithm predicts a datum
belonging to the positive class given that the datum belongs to the
positive class:

Recall =p(f =1y =1)

The F1-score is the harmonic mean of the precision and recall:

ply=1g=1*p@G=1ly=1)
Py =115 =D+ p(G = 1ly= 1)

In a multiclass setting, different types of averaging can be used
to compute the overall F1-score, precision, and recall. In particular,
we report the micro average (which calculates the metrics globally
by considering total true positives, false negatives, and false pos-
itives across classes) as well as the macro average (which is the
unweighted mean of the individual metrics for each class). The mi-
cro average describes classifier performance on the data as a whole,
while the macro average does not take class imbalance into account.
The macro average is particularly appropriate here as two thirds
of the data belong to the Junk class when the classes of highest
interest are instead Proto-AE and Mention.

F1 =2x

3 RESULTS
3.1 Spectral Embedding

We project a random 3000 item subset of the training data in count
vector form to a 2-dimensional space from a 24397-dimensional
space using spectral embedding with Laplacian eigenmaps. The
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projection is shown in Figure 1 where data points are colored by
class.

25
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Table 3: The performance of the Robinson variant of the In-
dicator Score algorithm.
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Precision Recall Fil-score
Junk 0.82 0.87 0.84
Proto-AE 0.73 0.71 0.72
Mention 0.25 0.19 0.22
Micro Average 0.74 0.74 0.74
Macro Average 0.60 0.59 0.59

Table 4: The performance of Multinomial Naive Bayes.
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Figure 1: Spectral embedding of a training data subset.

3.2 Classification Using Indicator Scores

The model parameters and thresholds for the indicator score algo-
rithms are learned from the training set. The performance of the
naive Bayes variant of the algorithm on the test set is reported in
Table 2. The performance of the Robinson variant of the algorithm
on the test set is reported in Table 3.

Table 2: The performance of the Naive Bayes variant of the
Indicator Score algorithm on the test set.

Precision Recall Fil-score
Junk 0.97 0.69 0.81
Proto-AE 0.52 0.93 0.66
Mention 0.70 0.78 0.74
Micro Average 0.75 0.75 0.75
Macro Average 0.73 0.80 0.74

3.4 Logistic Regression

The model parameters for a three-class, one versus rest, L2-regularized
logistic regression classifier are fit to the training data. The logistic
regression classifier is then run on the test set. Classifier perfor-
mance on the test set is reported in Table 5.

Table 5: The performance of Logistic Regression.

Precision Recall F1-score
Junk 0.91 0.93 0.92
Proto-AE 0.80 0.74 0.77
Mention 0.80 0.80 0.80
Micro Average 0.87 0.87 0.87
Macro Average 0.84 0.82 0.83

Precision Recall F1-score
Junk 0.84 0.82 0.83
Proto-AE 0.59 0.79 0.67
Mention 0.12 0.07 0.09
Micro Average 0.70 0.70 0.70
Macro Average 0.51 0.56 0.53

3.5 Ordinal Regression

The model parameters and thresholds for an all-threshold ordi-
nal logistic model are learned from the training data. The ordinal
logistic regression classifier is then run on the test set. Classifier
performance on the test set is reported in Table 6.

Table 6: The performance of Ordinal Regression.

3.3 Multinomial Naive Bayes

The model parameters for a three-class multinomial naive Bayes
classifier are fit to the training data. The learned classifier is then

run on the test data. Performance on the test data is reported in
Table 4.

Precision Recall F1-score
Junk 0.89 0.91 0.90
Proto-AE 0.57 0.60 0.59
Mention 0.74 0.63 0.68
Micro Average  0.80 0.80 0.80
Macro Average 0.73 0.71 0.72
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4 DISCUSSION

Our experiments suggest that the Robinson variant of the indica-
tor score method performs better than the naive Bayes variant. As
such, in the following discussion, the stronger Robinson variant is
used when comparing the indicator score approach to other meth-
ods. The macro average is used primarily as well in the following
discussion as the majority class (Junk) is the class of least interest
in a pharmacovigilance setting.

Our results show that regularized logistic regression has a bet-
ter classification performance than the indicator score approach
currently used by automatic pharmacovigilance systems like Med-
Watcher Social. In particular, on the test data, macro average pre-
cision was increased from 0.60 to 0.84, macro average recall was
increased from 0.59 to 0.82, and macro average F1-score was in-
creased from 0.59 to 0.83. In practice, these improvements translate
to more efficient pharmacovigilance, better consumer safety, lower
costs, and faster data availability. The performance gain can be
explained by a combination of factors.

The indicator score approach implicitly assumes that the Men-
tion class is lexically an affine combination of the Proto-AE and
Junk classes. This is a strong assumption to make that results in
a high bias learner when untrue. To illustrate the problem with a
toy example, imagine a three-word vocabulary consisting of tokens
P, M, and J. Additionally, imagine that Proto-AE documents only
use token P, Mention documents only use token M, and Junk docu-
ments only use token J. Clearly, the best way to identify a Mention
in this toy example is to use the M token. However, the two-class
plus thresholds nature of the indicator score approach will force
the algorithm to ignore token M as it is never seen in Proto-AE
and Junk documents. The indicator score approach will incorrectly
model the Mention class as documents that contain a certain mix of
P and ] tokens. This illustrates how the indicator score approach re-
sults in a high bias algorithm. The indicator score algorithm is not
able to properly model the data, even in the theoretically simplest
to model toy case.

It could be argued that in real world scenarios, the indicator
score’s affine combination assumption might be met for a subset of
the vocabulary. While this is true, the indicator score approach will
not be able to identify and take advantage of the subset because
of the approach’s lack of regularization and because the thresh-
old optimization is performed separately from the fitting of the
model’s event probability parameters. In other words, for the in-
dicator score algorithm to achieve low bias, the data would need
to conform to the affine combination assumption generally across
the vocabulary space. The projection of the data from the full vo-
cabulary space to a 2-dimensional space using spectral embedding
in Figure 1 strongly suggests, though does not confirm, that the
affine combination assumption is not generally met. If the affine
combination assumption was generally well met, we would expect
the Mention class to likely broadly lie between the Proto-AE and
Junk classes. Instead, we observe that the Mention and Proto-AE
densities are correlated in many regions of the 2-dimensional space.
This suggests that overall the vocabulary tokens used by Mention
documents and Proto-AE documents are highly related, translating
to a probable large number of similar class conditional event prob-
abilities in the naive Bayes and Robinson models, creating a need
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for feature importance learning and regularization not provided by
the indicator score approach.

Another argument that could be made in favor of the indicator
score approach is that the indicator score itself is interpretable. This
argument relies on the Proto-AE class posterior computed by naive
Bayes being a well-calibrated posterior probability. Naive Bayes is
known to produce poorly calibrated class posterior probabilities
[11]. The unrealistic assumption of feature independence condi-
tioned on class distorts and pushes the produced probabilities to-
wards the extrema of 0 and 1. Classifiers such as regularized logistic
regression that do not make the assumption of feature indepen-
dence conditioned on class produce better calibrated and therefore
more interpretable probabilities.

Further, we note the indicator score approach with naive Bayes
and Robinsons’ variant imposes a number of contradictory statisti-
cal assumptions. Intrinsically, naive Bayes assumes that a feature
x; is conditional independent of all other features x; given the
class label y.. The indicator approach then implicitly assumes that
the middle class y,, is dependent upon the features for both other
classes, since its determination is dependent on the scores for the
two original classes. The indicator approach thus has internal in-
consistencies in statistical modeling. The use of Robinsons’ variant
of using a p-value correction on what are not p-values adds an-
other inconsistency. This would lead us to question if the indicator
approach’s lower performance is due to the use of naive Bayes,
combining techniques in statistically inconsistent ways, or an issue
with the underlying hypothesis of a manifold / ordinal relationship
in the data.

The simplest modification to make to the indicator score ap-
proach to fix the problem created by the affine combination assump-
tion is to abandon the indicator score’s use of a two-class naive
Bayes model and use a three-class naive Bayes model instead. This
eliminates the need to specify probability thresholds and reduces
bias by properly modeling a three-class problem with a three-class
model instead of a repurposed two-class model. A comparison of
Table 2 and Table 4 confirms that abandoning the indicator score
approach’s use of a two-class naive Bayes model in favor of a three-
class naive Bayes model does improve classifier performance. In
particular, the macro average F1-score is increased from 0.53 to 0.74.

The projection via spectral embedding of the data suggests a
second straightforward improvement to the classifier that can be
made. The high density overlap between the Mention and Proto-AE
classes provides evidence that it is likely that the two classes share
a similar probable token vocabulary subset. The likely wide shar-
ing of probable tokens between classes justifies a need for feature
importance learning and regularization. Regularized logistic regres-
sion provides both and eliminates unrealistic feature conditional
independence assumptions. Logistic regression is preferable over
naive Bayes from a model fitting perspective as well. While logistic
regression and naive Bayes fit the same probability model, they
take different approaches. Logistic regression takes the discrimi-
native approach by directly optimizing the class posterior, while
naive Bayes first fits a joint probability distribution by learning the
class conditional and class prior and then second obtains the class
posterior via Bayes rule. Research by Ng and Jordan has shown
that given enough training data, logistic regression will outperform
naive Bayes because a discriminative approach will have a lower
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asymptotic error than a generative approach [10]. If naive Bayes is
performing better than logistic regression on a problem, it is likely
that additional training data will be beneficial. A comparison of
Table 4 and Table 5 shows that regularized logistic regression out-
performs the three-class naive Bayes algorithm. The macro average
F1-score is increased from 0.74 to 0.83. Overall, regularized logis-
tic regression when compared to the MedWatcher Social indicator
score approach increases the macro average F1-score from 0.59 to
0.83 while using the same data and feature set.

Finally, we tried ordinal regression to map the original indicator
score hypothesis onto a more formally developed framework. Ta-
ble 6 shows that ordinal logistic regression performs better than
both the naive Bayes and Robinson variants of the indicator score
approach, but also that ordinal logistic regression performs worse
on all metrics when compared to logistic regression. Logistic re-
gression outperforming ordinal logistic regression provides further
evidence that the original indicator score hypothesis of ordered
classes does not hold well in this scenario. The improvement in per-
formance seen when switching from the indicator score approach
to ordinal logistic regression indicates that the original assumption
is potentially partially validated, and a partial ordinal relationship
could exist within the data. However, the ordinal relationship does
not accurately model the entire underlying data distribution. Given
sufficient data, a model without the indicator/ordinal assumption
appears to have the best performance.

We note that logistic regression is a simple, standard machine
learning tool and that many more complex classification algorithms
exist. Future avenues of research include exploring alternative fea-
ture extraction procedures, models, and inference techniques for
adverse event identification with this data. A standardized compar-
ison and characterization of automatic pharmacovigilance systems
using common training and testing data would also be a beneficial
avenue of future research. As pointed out by Sarker et al., it is unfor-
tunately difficult currently to rigorously compare the performance
of different social listening driven pharmacovigilance systems be-
cause various data sources, data sizes, and gold standards were used
in the different research studies [18].

5 CONCLUSION

This study examined the MedWatcher Social indicator score algo-
rithm for automatic pharmacovigilance using social media data. An
analysis of the indicator score approach’s modeling assumptions
suggests that performance can be improved by switching to a reg-
ularized, three-class logistic regression. Careful consideration of
modeling assumptions and regular reevaluation are critical to the
design and proper use of algorithms for computational pharma-
covigilance and computational epidemiology.

More broadly, the pharmacovigilance community has developed
some of its own tools, and some of these tools have existing coun-
terparts in the machine learning space. In many fields, the judicious
application of machine learning often outperforms community built
tools. We have demonstrated an example of when this is the case.

ACKNOWLEDGEMENTS

Special thanks to Carrie Pierce and Clark Freifeld for interesting
conversations and insights.

Andre T. Nguyen, Julia Lien, Edward Raff, and Sumiko R. Mekaru

REFERENCES

[1] Belkin, M. and Niyogi, P., 2002. Laplacian eigenmaps and spectral techniques for
embedding and clustering. In Advances in neural information processing systems
(pp. 585-591).

[2] Belkin, M. and Niyogi, P., 2003. Laplacian eigenmaps for dimensionality reduction
and data representation. Neural computation, 15(6), pp.1373-1396.

[3] US. Food and Drug Administration., 2017. FDA Adverse Event Re-
porting System (FAERS): Latest Quarterly Data Files. Available at:
https://www.fda.gov/Drugs/GuidanceComplianceRegulatoryInformation/
Surveillance/AdverseDrugEffects/ucm082193.htm [Accessed 26 Dec. 2017].

[4] Fisher, R-A., 1925. Statistical methods for research workers. Genesis Publishing

Pvt Ltd.

Freifeld, C.C., Brownstein, J.S., Menone, C.M., Bao, W., Filice, R., Kass-Hout, T. and

Dasgupta, N., 2014. Digital drug safety surveillance: monitoring pharmaceutical

products in twitter. Drug safety, 37(5), pp.343-350.

[6] Freifeld, C.C., 2014. Digital pharmacovigilance: The medwatcher system for moni-
toring adverse events through automated processing of internet social media and
crowdsourcing (Doctoral dissertation, Boston University).

[7] Levinson, D.R., 2010. Adverse events in hospitals: national incidence among Medi-

care beneficiaries. Department of Health and Human Services Office of the Inspec-

tor General.

Levinson, D.R., 2012. Hospital incident reporting systems do not capture most

patient harm. Washington DC: Office of the Inspector General.

[9] Murphy, K.P., 2012. Machine learning: a probabilistic perspective. MIT press.

[10] Ng, AY. and Jordan, M.I, 2002. On discriminative vs. generative classifiers: A
comparison of logistic regression and naive bayes. In Advances in neural informa-
tion processing systems (pp. 841-848).

[11] Niculescu-Mizil, A. and Caruana, R., 2005, August. Predicting good probabilities
with supervised learning. In Proceedings of the 22nd international conference on
Machine learning (pp. 625-632). ACM.

[12] Pierce, C.E., Bouri, K., Pamer, C., Proestel, S., Rodriguez, HW., Van Le, H., Freifeld,
C.C., Brownstein, J.S., Walderhaug, M., Edwards, LR. and Dasgupta, N., 2017.
Evaluation of Facebook and Twitter monitoring to detect safety signals for medical
products: an analysis of recent FDA safety alerts. Drug safety, 40(4), pp.317-331.

[13] Powell, G.E., Seifert, H.A., Reblin, T., Burstein, P.J., Blowers, J., Menius, J.A.,
Painter, J.L., Thomas, M., Pierce, C.E., Rodriguez, HW. and Brownstein, J.S., 2016.
Social media listening for routine post-marketing safety surveillance. Drug safety,
39(5), pp.443-454.

[14] Rennie, J.D. and Srebro, N., 2005, July. Loss functions for preference levels: Re-
gression with discrete ordered labels. In Proceedings of the IJCAI multidisciplinary
workshop on advances in preference handling (pp. 180-186). Kluwer Norwell, MA.

[15] Robinson, G., 2003. A statistical approach to the spam problem. Linux journal,
2003(107), p.3.

[16] Santillana, M., Zhang, DW., Althouse, B.M. and Ayers, JW., 2014. What can
digital disease detection learn from (an external revision to) Google Flu Trends?.
American journal of preventive medicine, 47(3), pp.341-347.

[17] Santillana, M., Nguyen, AT, Dredze, M., Paul, M.J., Nsoesie, E.O. and Brownstein,
J.S., 2015. Combining search, social media, and traditional data sources to improve
influenza surveillance. PLoS computational biology, 11(10), p.e1004513.

[18] Sarker, A., Ginn, R., Nikfarjam, A., O’Connor, K., Smith, K., Jayaraman, S., Upad-
haya, T. and Gonzalez, G., 2015. Utilizing social media data for pharmacovigilance:
A review. Journal of biomedical informatics, 54, pp.202-212.

[19] World Health Organization, 2002. The importance of pharmacovigilance.

[5

8



Machine learning in healthcare - a system’s perspective

[Position paper]

Awais Ashfaq
Center of Applied Intelligent Systems Research,
Halmstad University. Sweden
Halland Hospital, Region Halland. Sweden

awais.ashfag@hh.se

ABSTRACT

A consequence of the fragmented and siloed healthcare land-
scape is that patient care (and data) is split along multitude
of different facilities and computer systems and enabling in-
teroperability between these systems is hard. The lack inter-
operability not only hinders continuity of care and burdens
providers, but also hinders effective application of Machine
Learning (ML) algorithms. Thus, most current ML algo-
rithms, designed to understand patient care and facilitate
clinical decision-support, are trained on limited datasets.
This approach is analogous to the Newtonian paradigm of
Reductionism in which a system is broken down into elemen-
tary components and a description of the whole is formed
by understanding those components individually. A key
limitation of the reductionist approach is that it ignores
the component-component interactions and dynamics within
the system which are often of prime significance in under-
standing the overall behaviour of complex adaptive systems
(CAS). Healthcare is a CAS.

Though the application of ML on health data have shown
incremental improvements for clinical decision support, ML
has a much a broader potential to restructure care deliv-
ery as a whole and maximize care value. However, this ML
potential remains largely untapped: primarily due to func-
tional limitations of Electronic Health Records (EHR) and
the inability to see the healthcare system as a whole. This
viewpoint (i) articulates the healthcare as a complex system
which has a biological and an organizational perspective, (ii)
motivates with examples, the need of a system’s approach
when addressing healthcare challenges via ML and, (iii) em-
phasizes to unleash EHR functionality - while duly respect-
ing all ethical and legal concerns - to reap full benefits of
ML.
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Introduction

System’s thinking is a holistic approach to understand Com-
plex Adaptive Systems (CAS) by not only focusing on in-
dividual components of the system but also the intercon-
nections between those components [1]. A CAS is (i) a col-
lection of several individual agents, (ii) without centralised
co-ordination, (iii) with freedom to act in ways that are not
always totally predictable and, (iv) whose actions are inter-
connected so that one agent’s actions change the context for
other agents resulting in novel characteristics exhibited by
the system as a whole. Put differently, the overall output
of a CAS is not equal to the sum of outputs of all its sub-
systems. Examples include, but not limited to, the global
climate, the financial market and the healthcare system.

Since the beginning of the 21st century, healthcare has
been widely framed and studied as CAS on many levels
such as diseases, patients, epidemiology, care-teams, hierar-
chy, practices and education to unravel the complexity and
improve decision-making [2-5]. The complexity triggers in
healthcare can be broadly described from a biological (intra-
human e.g. the immune system) and organizational (inter-
human e.g. multidisciplinary care teams) perspective.

From a biological perspective, an important source of com-
plexity is the uncertainty in medical knowledge: explained
by the complex human biology which is subject to nearly
constant change within physiological pathways due to a com-
plex series of gene/environment interactions [6]. Concur-
rently, International Classification of Diseases (ICD-10) spec-
ified over 68,000 diagnoses and the list keeps growing as we
await ICD-11. In order to cure or alleviate patient suffer-
ings, clinicians practice thousands of drugs and therapies.
As a result, the gap between the rapidly advancing medical
knowledge base and the application of that knowledge to es-
calating population size continues to widen [7]. Since clinical
decisions deal with human life, we want to be as certain as
possible about practice and desired clinical outcomes. Put
differently, unravelling biological complexity aims at reduc-
ing the uncertainty in clinical decisions.

From an organizational perspective, an important source
of complexity is healthcare structure, which - unlike an engi-
neered complex system - is a system that emerged over time
with independent actors (patients, care-providers, technol-
ogists, tax-payers; and hospitals, clinics, laboratories, gov-



ernment etc.) involved [8]. The actors often have distinct
leaderships, budgets, goals, regulations and tools of opera-
tion. Controlling the output of such a socio-technical com-
plex system is - if not impossible - very challenging because
of the high degree of inter-relatedness among the roles of ac-
tors which renders the overall system output not equal to the
sum of outputs of all the sub-systems. Put differently, unrav-
elling organizational complexity aims at identifying problem
areas in healthcare where interventions can have significant
impact on the overall system output.

Healthcare complexity and Machine Learning

The application of ML in healthcare is widely anticipated
as a key step towards improving care quality and curbing
care costs [9]. A boon to this anticipation is the widespread
adoption of Electronic Health Records (EHRs) in the health
system. In Sweden, EHRs were introduced in the 1990s and
by 2010, 97% of hospitals, and 100% of primary care doc-
tors used them for their practice [10]. EHRs are real-time
digital patient-centred records that allow secure access to
authorized care-providers across multiple healthcare centres
when required. This digitization in healthcare generates un-
precedented amounts of clinical data, which when coupled
with modern ML tools provides an opportunity to expand
the evidence base of medicine and facilitate decision process.

For instance, inpatient crowding (or high levels of hospital
occupancy) are often associated with reduced quality of care
and access burden on care-providers [11]. The benefits of
discharge are both monetary: hospital stays are expensive,
bed availability is increased; and non-monetary: patients
are less prone to medical complications and can spend more
time with family and return to work. However the bene-
fits depend on patient outcome (prognosis), so discharging
a patient is worthy only if he or she does not need to be re-
admitted in near future, which makes it a prediction prob-
lem. Put differently, the ML predictive challenge is: which
patients are likely to be readmitted using data available at
the point of discharge.

Similarly, for instance, long waiting times for patients to
access the next step in the care-process has long been a cause
of dissatisfaction for patients and care-providers [12]. The
benefits of reducing waiting times are several: better value
for patient’s time, less work stress among care-providers,
improved care quality and quick monetary reimbursements.
However to reduce waiting times, we want to predict demand
- or patient path - in order to allocate resources (staff, drugs,
equipment etc.) efficiently. Put differently, the ML predic-
tive challenge is: what path will the patient follow in the
healthcare system using data available at the time of entry.

In the current era, where algorithms can beat GO champi-
ons [13] or drive a man to the hospital [14], it is tempting to
believe that the aforementioned ML challenges are not far-
fetched. However, it is worth remembering that the utility of
ML tools largely hinges on underlying data and in most sit-
uations, access to complete healthcare records is extremely
challenging. Though there are inklings of AI in medicine, the
necessary resources - data - are still lacking. The Dataset In-
formation Resource' (DIR) [15] describes over 12 commonly
used EHR datasets for research projects, of which only 2 are
publicly available [16, 17]. The more comprehensive datasets
with 100,000+ subjects and integrating healthcare informa-

Mhttps://cci-hit.uncc.edu/dir/index.php/Welcome_to_DIR

tion from diverse care points are proprietary and often re-
quire approvals from one or more advisory committees along
with access charges [18-22].

Advancements in medical knowledge and guidelines have
progressed a paradigm shift in healthcare: from care in a
single unit to care across multiple units with varying but
specialized expertise. It is often referred as fragmentation
in medicine. Thus, patient care (and of course data) is split
along multitude of different facilities and computer systems
and integration of this information into a single system faces
numerous challenges, primarily from an organizational per-
spective [23]. These include privacy and security concerns,
lack of acceptable standardized data formats, use of propri-
etary technologies by disparate vendors, costly interface fees
and more. As a result, care-providers are impeded from ac-
cessing complete datasets and thus unable to understand all
aspects of the patient health journey.

Just as humans are better equipped to understand the
world when given complete facts, so too are algorithms. As
a consequence of the fragmented and siloed landscape of
healthcare, the potential of ML algorithms to understand
care patterns remains largely untapped, both due to unavail-
ability and inaccessibility of necessary data. For instance,
one barrier to prediction studies (such as in the readmis-
sion example) is that patient information after the course of
treatment - the true outcome data - is not always available
in EHR. Though, patient reported outcome and experience
measures are being developed and validated, their integra-
tion into EHRs is scarce [24]. Data from health devices at
homes — that monitor patient’s health beyond the hospital
radar - are also an important source of information, yet their
integration to existing EHRs is a challenge [25].

Similarly, one hurdle to predict patient flows is the lack of
interoperability between EHRs in different care chains. In
healthcare, we consider care fragments (primary, secondary,
emergency etc.) as independent bodies; however, they con-
stitute a single body from a patient’s perspective who travels
through them during the care process. Thus addressing the
ML predictive challenges would require accessing and merg-
ing data from all levels of the care chain to have a holistic
(complete) approach to healthcare delivery. The urge of a
holistic approach is highly emphasized today; else - given the
huge number of ML applications in healthcare - we might
soon face another wave of interoperability challenges. Only
this time, it will be between ML prediction models for dif-
ferent care fragments.

Text focus and context demise

The process of training most current ML algorithms on lim-
ited and often different health datasets, to understand pa-
tient care and facilitate decision-support is, to a large ex-
tent, analogous to the Newtonian paradigm of a clockwork
universe that aims to understand a system by breaking it
down into elementary components and understanding those
components to form a description of the whole. This mode
of scientific inquiry is often referred as Reductionism (as op-
posed to Holism) following the belief that any system can
be explained by analysing the most basic components of the
system. Reductionism has guided scientific reasoning for
centuries with great success such as the development of the
cell theory or formulation of the periodic table etc. that are
fundamentals of explaining a wide variety of things that we
encounter in our lives. Despite being a very powerful ap-



proach in explaining individual components, Reductionism
struggles to understand the new emergent behaviour that re-
sults due to non-linear interactions between the individual
components. In the context of ML on limited EHR data,
one might consider a ML model trained to predict hospital
admission given Emergency Department (ED) data. The
developed model might exhibit strong discrimination ability
and rightfully recommend transfer of a sicker patient from
ED to the hospital. However, the utility of this decision
largely hinges on the availability of resources in the hospital
(beds, care-providers) at the time of admission and transfer-
ring a patient without assuring resource availability in the
hospital might deteriorate the health state of an already sick
patient.

Conclusion

EHRs are, in sum, valuable resources for clinical and orga-
nizational decision-making in healthcare. However, in order
to reap full benefits of ML in healthcare, we need to realize
the limitations of existing datasets and appreciate a sys-
tem’s approach to model the complex healthcare landscape.
In the context of healthcare data, a system’s perspective
would mean a comprehensive data resource covering com-
plete clinical, operational and financial information of care
processes at individual, organizational and population levels.
The Institute of Medicine also recommends including social
and behavior measures into patient EHRs (stress, isolation
levels, physical activity, geocoding etc.) to better character-
ize the diverse range of factors that drive complex diseases
and influence individual and population health [26]. The
challenge of interoperability among different EHR, systems
is, albeit hard but, not insurmountable [19, 27]. Simultane-
ously, the rejiggering of EHRs would demand novel research
challenges in fields of data security and differential privacy
to create scalable and secure data warehouses to store sen-
sitive medical information and facilitate responsible access
to researchers when required. Dual-purposing of EHRs also
demands reorientation of ethical and legal rules because in
addition to medical professionals, EHRs are being accessed
by data scientists and administrators.
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ABSTRACT

Epidemiologists use a variety of statistical algorithms for the early
detection of outbreaks. The practical usefulness of such methods
highly depends on the trade-off between the detection rate of out-
breaks and the chances of raising a false alarm. Recent research
has shown that the use of machine learning for the fusion of mul-
tiple statistical algorithms improves outbreak detection. Instead
of relying only on the binary output (alarm or no alarm) of the
statistical algorithms, we propose to make use of their p-values for
training a fusion classifier. In addition, we also show that adding
additional features and adapting the labeling of an epidemic period
may further improve performance. For comparison and evaluation,
a new measure is introduced which captures the performance of
an outbreak detection method with respect to a low rate of false
alarms more precisely than previous works. Our results on syn-
thetic data show that it is challenging to improve the performance
with a trainable fusion method based on machine learning. In par-
ticular, the use of a fusion classifier that is only based on binary
outputs of the statistical surveillance methods can make the overall
performance worse than directly using the underlying algorithms.
However, the use of p-values and additional information for the
learning is promising, enabling to identify more valuable patterns
to detect outbreaks.
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1 INTRODUCTION

The early detection of infectious disease outbreaks is of great sig-
nificance for public health. The spread of such outbreaks could be
diminished tremendously by applying control measures as early as
possible, which indeed can save lives and reduce suffering [19]. For
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that purpose, statistical algorithms have been developed to auto-
mate and improve outbreak detection. Such methods raise alarms
in the case that an unusually high number of infections is detected
which results in a further investigation by an epidemiologist [10].
Ideally, such algorithms are completely automated while still being
able to be applied on a wide spectrum of different infections and syn-
dromes [20]. However, if not chosen wisely or configured properly,
they may also raise many false alarms which can overwhelm the
epidemiologist. In particular for large surveillance systems, where
many time series for different diseases and different locations are
monitored simultaneously, the false alarm rate is a major concern
and therefore highly determines the practical usefulness of an out-
break detection method [23]. However, regulating the false alarm
rate usually has an impact on the ability to detect outbreaks. To
find a good trade-off between those measures is one of the major
challenges in outbreak detection [1, 19].

Traditional outbreak detection methods rely on historic data
to fit a parametric distribution which is then used to check the
statistical significance of the current observation. Choosing the
significance level for the statistical method beforehand makes the
evaluation difficult. In line with Kleinman and Abrams [15], we
propose a method which uses the p-values of the statistical methods
in order to evaluate their performance. In particular, we propose a
variant of Receiver Operating Characteristic (ROC) curves, which
shows the false alarm rate on the x-axis and the detection rate—
in contrast to the true positive rate—on the y-axis. By using the
area under the partial ROC curve [17], we are able to obtain a
measure for the performance of an algorithm satisfying a particular
constraint on the false alarm rate (e.g. less than 1% false alarms).
This criterion serves as the main measure for our evaluations and
enables to analyze the trade-off between the false alarm rate and
the detection rate of outbreak detection methods precisely.

Prior work on outbreak detection mainly focuses on forecast-
ing the number of infections for a disease (e.g. [3, 4]). However,
only little research has been devoted to use supervised machine
learning (ML) techniques for improving algorithms, which can
raise alarms. Jafarpour et al. [11] used Baysian networks to identify
the determinants for detection performance to find appropriate
algorithm configurations for outbreak detection methods. Further-
more, classification algorithms and voting schemes have been used
for the fusion of outbreak detection methods on univariate time
series [12, 24] as well as on multi-stream time series [2, 16, 18].
However, the examined approaches only rely on the binary output
(alarm or no alarm) of the underlying statistical methods for the
fusion which limits the information about a particular observation.
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Prior research in the area of ML has shown that more precise infor-
mation of the underlying models improves the overall performance
of the fusion [25]. Therefore, we propose an approach for the fu-
sion of outbreak detection methods which uses the p-values of the
underlying statistical methods. Moreover, one can also incorporate
different information for the outbreak detection (e.g., weather data,
holidays, statistics about the data, ...) by just augmenting the data
with additional attributes. As a first step, we put our focus on im-
proving the performance of outbreak detection methods using an
univariate time series as the only source of information. Further-
more, the way outbreaks are labeled in the data also has a major
influence on the learnability of outbreak detectors. Thus, we pro-
pose adaptions for the labeling of outbreaks in order to maximize
the detection rate of ML algorithms.

2 STATISTICAL ALGORITHMS FOR
SYNDROMIC SURVEILLANCE

The key idea of our approach is to learn to combine predictions
of commonly used statistical outbreak detection methods with a
trainable ML algorithm. Thus, we first need to generate a series of
aligned prediction vectors, each consisting of one entry for each
method. This sequence can then be used for training the ML model.

Let us denote with C = (cg,c¢1,...,¢n) € N the time series
of infection counts for a particular disease. Many methods rely
on a sliding window approach which uses the previous m counts
as reference values for fitting a particular parametric distribution.
Therefore, the mean i(t) and the variance o%(t) can be computed
over these m reference values as follows:

==Y e o=
i=1

On the fitted distributions, a statistical significance test is performed

in order to identify suspicious spikes. For the purpose of outbreak

detection, we rely on one tailed-tests for the statistical algorithms

in order to only capture the observation of unusual high number

of infections. For a particular observed count c; and a fitted distri-
. . . 00

bution p(x), the p-value is computed as the probability fc . p(x)dx

m

% Der-i—p)’
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of observing c; or higher counts. Hence, small p-values represent
uncommonly high counts of ¢;. The sensitivity of raising an alarm
is regulated by the significance level a and if the p-value is inferior
to the threshold & an alarm is raised.

We have chosen to base our work on the following methods
which are all implemented in the R package surveillance [22]:

EARS C1 and EARS C2 are variants of the Early Aberration
Reporting System [7, 9] which rely on the assumption of a
Gaussian distribution. The difference between C2 and C1
lies in the added gap of two time points between the refer-
ence values and the current observed count c;, so that the
distribution of ¢; are assumed as in the following:

e S Nu).0%1) e © Nu(t - 2). o%(t - 2)

EARS C3 combines the result of the C2 method over a period
of three previous observations. For convenience of notation,
the incidence counts ¢; for the C3 method are transformed
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according to the statistics so that it fits to the normal distri-

bution.
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Despite the inaccurate assumption of the Gaussian distribu-
tion for low counts, the EARS variants are often included in
comparative studies due to its simplicity and still serves as
competitive baseline [1, 7, 8].

Bayes method. In contrast to the family of C-algorithms, the
Bayes algorithm relies on the assumption of a negative bino-
mial distribution:

Bayes
e X% NB(m

1
1)+ =,
pO+ 50 —)

RKI method. Since the Gaussian distribution is not suitable
for count data with a low mean, the RKI algorithm, as imple-
mented by Salmon et al. [22], assumes a Poisson distribution:

RKI | Poisson(Lu(t)] + 1),
T AN, o2,

They all have in common that they require comparably little
historic data on their own, which allows us to train the ML method
on longer sequences. Moreover, such methods are universally ap-
plicable and serve as drop-in approaches for surveillance systems
since they only rely on the detection of a local increase in incidents
without the need to capture effects like seasonality and trend.

if (1) < 20

otherwise

3 FUSION METHODS

The combination of information from several sources in order to
obtain a unified picture is known as fusion [14]. Classifier fusion is
a special case which combines the outputs of multiple classifiers
in order to improve classification performance. In our context, the
statistical algorithms for syndromic surveillance can be seen as
classifiers, each classifying the current observation into the classes
alarm or no alarm. A straight-forward way for combining the pre-
dictions of multiple outbreak detection methods is to simply vote
and follow the majority prediction. A more sophisticated approach
consists of training a classifier that uses the predictions of the de-
tection methods as input, and is trained on the desired output, a
technique that is known in ML as stacking [26].

Recent work in the area of outbreak detection and fusion has
focused on fusing the information obtained by simultaneously mon-
itoring multiple time series for a particular disease. Lau et al. [16]
have shown that the performance of statistical algorithms can al-
ready be improved by combining them with simple voting schemes.
Mnatsakanyan et al. [18] could further improve the performance
using Bayesian networks and including further information about
the patients (e.g., age) as additional attributes. Moreover, Burkom
et al. [2] have used a hierarchy of Bayesian networks in order to
incorporate additional information about health surveillance data
and environmental sensors. However, all of these fusion methods
aim to capture the degree of dependence between the monitored
time series relying on spatial correlations.

Only little research has been devoted to improving the perfor-
mance of statistical algorithms on univariate time series. In par-
ticular, Texier et al. [24] have used the ML technique hierarchical
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Figure 1: Example for the creation of training data for the learning algorithm including the statistical algorithms Bayes and
RKI with a window size of one (w = 1) and the mean over the previous four counts (m = 4) as features. On the left hand side,
the time series for a particular disease is visualized at the center representing the number of cases of infections over time. The
computed p-values of the statistical algorithms (underneath) and the label indicating an outbreak for each observation (above)
are placed at the respective time index ¢. Using this information the data instances can be created as shown on the right: Each
particular time point is represented by one training instance, labeled according to the original targets Oy.

mixture of experts [13] to combine the output of the methods from
EARS. However, the authors note that all algorithms rely on the
assumption of a Gaussian distribution, which limits their diversity.
In contrast, Jafarpour et al. [12] have used a variety of classifica-
tion algorithms (logistic regression, CART and Baysian Networks)
for the fusion of outbreak detection methods. As underlying sta-
tistical algorithms they have used the Cumulative Sum (CUSUM),
two Exponential Weighted Moving Average algorithms, the EARS
methods (C1,C2,C3) and the Farrington algorithm [19]. In general,
the results of Texier et al. [24] and Jafarpour et al. [12] indicate that
ML improves the ability to detect outbreaks while simple voting
schemes (e.g. weighted voting and majority vote) did not perform
well. Moreover, the algorithms have not been evaluated with respect
to data which include seasonality and trend.

4 FUSION WITH AUGMENTED STACKING

In this work, we show that the availability of additional information
can further improve the performance of the fusion classifier. There-
fore, we first propose to use p-values of the statistical methods for
the fusion in order to include information about the certainty of an
alarm, and then show how to add additional external information
to the learning process of the ML algorithm. Finally, we investigate
different variants for labeling outbreaks.

4.1 Fusion with p-values

Given base estimators g1 (x), . . ., g (x), a fusion combiner is a func-
tion h(g1(x), . . ., gx(x)) that combines the predictions of the base
functions. In the simple case of binary voting, i.e., g;(x) € {0, 1}, the
combiner h(x) = % 2.1 9i(x) with a threshold of 0.5 would model
the majority rule. In stacking the function h : XX — O is learned

by training a machine learning classifier on a set of previous ob-
servations (g1(x1), . . ., gx(x1)), ..., (91(xn), - . ., gx (xn)) —derived
from applying g; on x;— with associated targets o1, . ..,0, € O. We
refer to this as the training set in contrast to the evaluation set,
which contains new, unseen observations. In outbreak detection,
the instances x; correspond to the points in the time series C of
infection counts ¢; and o; € {0, 1} denotes the labelling of a time
point as belonging to an outbreak (1) or not (0).

Previous approaches [12, 24] used the binary alarms ({0,1}) of
base outbreak detectors. In this work instead, we propose to base
our stacking model on the p-values, i.e., gi(x) € [0, 1], provided
by the underlying statistical approaches (cf. Sec. 2). In fact, the p-
values can directly be seen as the certainty of currently observing an
outbreak, enabling the learning algorithm to make use of the base
estimations in a much more fine grained way. This information is
otherwise lost when using binary alarms, which are indeed obtained
by just applying a fixed threshold on the computed p-values. In
addition to the circumvented difficulty of tuning such threshold,
previous studies on stacking have shown empirically that using the
raw predictions can improve over the discretized option [25].

Figure 1 visualizes an example on how the data for the learn-
ing algorithm is created by using the p-values of the statistical
algorithms Bayes and RKI. The columns RKI; and Bayes; repre-
sent the computed p-values for the current observation while the
other columns (mean;, RKI;_; and Bayes;_1) represent additional
information explained in the following section.

4.2 Additional Features

The use of a trainable fusion method allows us to include addi-
tional information which can help to decide whether a given alarm
should be raised or not. As additional features, we propose to in-
clude the mean of the counts over the last m time points (the same
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number of time points as used by the statistical methods), which
can give us evidence about the reliability of a particular outcome.
For example, the assumption of a Gaussian distribution for a low
mean of count data (< 20) is known to be imprecise. Therefore, a
learning algorithm might induce in this scenario that the p-values
of the statistical methods C1, C2 and C3 may not be trustworthy.
Moreover, under the assumption that a time series is stationary
an unusual high mean can also be a good indicator to detect an
outbreak, especially in the case that an outbreak arises slowly over
time. The column mean; in Figure 1 illustrates how the mean over
the last four observed counts (m = 4) is added as an additional
feature.

Finally, we also include the output of the statistical methods
for previous time points in a window of a user-defined size w as
additional features. For the example in Figure 1, we have used a
window size of one (w = 1) which includes the previous output of
both statistical algorithms.

4.3 Modelling the Output Labels for Learning

A major challenge for ML algorithms is that the duration of an
outbreak period is not clearly defined [23]. A simple strategy—
which we refer to as Op—is to label all time points positive as long
as cases for the particular epidemic are reported (e.g. time points
prior to the peak of an outbreak and a few time points after the
peak). In this case, the goal of the learning algorithm is to predict
most time points in an ongoing epidemic as positive, regardless of
their time stamp. Indeed, our early results indicate that the predictor
learns to recognize the fading-out of an outbreak (e.g. weeks 40 to
42 in Figure 1). This is due to the fact that the peak of the outbreak
is included in the reference values which results in a considerably
high mean p(t) for the significance test. Because of this, unusually
high p-values are generated for the counts after the peak, which
provide sufficient evidence for the stacking algorithm to raise an
alarm. However, this also increases the number of false alarms as
the ML approach learns to raise alarms when the count is decreasing
outside an epidemic period.

To avoid this, we propose three adaptations of Op: O labels all
time points until the peak (the point with maximum number of
counts during the period) as positive. Oy instead skips the time
points whose count is decreasing compared to the immediate pre-
vious count (i.e., it labels all increasing counts until reaching the
peak). Finally, O3 labels only the peak of the outbreak as positive.
Figure 1 visualizes an example outbreak with the corresponding
different options to label the epidemic period on the top-left.

5 EVALUATION MEASURES

Instead of manually adjusting the o parameter of the statistical
methods and examining the results individually, which is mostly
done in previous works, we propose to evaluate the p-value as it
is done by Kleinman and Abrams [15]. In particular, the p-value
can be interpreted as a score, which sorts examples according to
their degree to which they indicate an alarm. This allows us to
analyze an algorithm with ROC curves [5]. A ROC curve can be
used to examine the trade-off between the true positive rate (i.e.,
the probability of raising an alarm in case of an actual outbreak)
and the false alarm rate (i.e., the probability of falsely raising an

Moritz Kulessa, Eneldo Loza Mencia, and Johannes Fiirnkranz

1.0 { —— C1 method
—— random chance/—,'

0.8
g
© 0.6 - 03
{ =g
2 g
© T 9.2
(7}
5 0.4 A 5
© 7
3 0.14 dAUC:s,
0.2 1 /

0.0 T T
0.000 0.005 0.010 0.015
0.0 false alarm rate

0.0 0.2 0.4 0.6 0.8 1.0
false alarm rate

Figure 2: ROC curve using the detection rate on the y-axis.
The better-than-chance performance is lifted above the di-
agonal since the detection rate is an interval-based metric.

alarm when no outbreak is ongoing). In order to only focus on high
specificity results (e.g., with a false alarm rate below 1%), which is of
major importance for many medical applications, we only consider
partial ROC curves. By using the partial area under the ROC curve
as proposed in [17], we obtain a simple measure to evaluate the
performance of an algorithm, satisfying particular constraint on
the false alarm rate. We refer to this measure as pAUC, where the
parameter e defines the maximum allowed false alarm rate to be
considered. It is computed as

¢ d

where ROC(f) denotes the true positive rate given a false alarm
rate of f. However, alarms raised in cases when the epidemic has
already been detected are typically not very decisive and informa-
tive anymore. To incorporate this, we consider the detection rate,
which represents the proportion of recognized outbreaks (i.e., the
outbreaks in which at least one alarm is raised during their activity).
Following Kleinman and Abrams [15] and Jafarpour et al. [12], we
therefore use a ROC curve-like representation with the detection
rate on the y-axis instead of the true positive rate, and use dAUC,
to refer to the partial area under this curve. Figure 2 shows an ex-
ample of the ROC-curve like representation and visualizes the area
of dAUC;4. Kleinman and Abrams [15] proposed to use weighted
ROC curves to also incorporate the influence of the measure timeli-
ness (mean time to detect an outbreak). However, we argue that the
weighing with the timeliness introduces a trade-off (importance of
timeliness over detection rate) and a loss in interpretability of the
absolute numbers.

6 EVALUATION

The key aspect of our experimental evaluation is to demonstrate
that the fusion of p-values leads to a further improvement in perfor-
mance compared to only using the binary output of the statistical
algorithms. However, for a deeper understanding of our proposed
approaches, we first performed experiments to evaluate the influ-
ence of including additional features for the stacking in Section 6.2,
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followed by an analysis of adapting the labeling for the learning in
Section 6.3. Finally, using the obtained knowledge about the effect
of the proposed techniques, we compare them with the underlying
statistical algorithms in Section 6.4, which represents our main
result.

6.1 Experimental Setup

As an implementation baseline for the statistical methods, we have
used the R package surveillance [22] and adapted the implementa-
tion of the methods EARS (C1, C2 and C3), Bayes and RKI in order
to also return p-values. All methods use the previous 7 time points
as reference values, which is the standard configuration. For the
ML part, we rely on the Python library scikit-learn [21]. To keep
the evaluation simple, we use a random forest classifier. Basically, it
learns an ensemble of randomized decision trees, which has proven
to be robust in performance theoretically and practically [6, 27].
Each model is composed of 100 decision trees with a minimum
number of instances per leaf of 5 and default settings otherwise. To
allow comparability between the fusion methods, we also evalu-
ated the approach which only combines the binary outputs of the
statistical methods as proposed in [12, 24] and which we refer to as
the standard fusion. Our preliminary experiments have shown that
a = 0.5% for the underlying statistical methods performs best for
this fusion approach. For all evaluations, we focused on our pro-
posed evaluation measure dAUC14, where we fixed the constraint
on the false alarm rate to be less than 1%.

Our evaluation is based on synthetic data which have been pro-
posed by Noufaily et al. [19]. In total 42 different test cases are used
which reflect a wide range of application scenarios allowing to
analyze the effects of trend (T), seasonality (S1) and biannual sea-
sonality (S2) explicitly. For each parameter configuration 100 time
series are generated, each containing a total of 624 weeks. Follow-
ing Noufaily et al. [19], the last 49 weeks of each time series serve
as evaluation data which include exactly one outbreak whereas the
first 575 weeks contain four outbreaks and represents the so called
baseline data. Each outbreak starts at a randomly drawn week and
the number of cases per outbreak is generated with a Poisson dis-
tribution with the mean equal to a constant k times the standard
deviation of the counts observed at the starting week. The outbreak
cases are then distributed over time using a log-normal distribu-
tion with mean 0 and standard deviation 0.5. We evaluated each
stacking configuration separately for each test case using the base-
line data of the 100 time series for training (in total 57.500 weeks
including 400 outbreaks) and the remaining 4.900 weeks for testing
(100 outbreaks), respectively. The statistical methods were applied
separately for each time series in order to obtain the p-values as
inputs for the learner as well as the predictions on the evaluation
set.

Instead of reporting the average over dAUCy4 scores, which
could have different scales for different test cases, we determined
a ranking over the compared methods for each test case. After-
wards, each method’s rank is averaged across the evaluated test
cases to obtain an overall rank. In order to evaluate the effects
of trend and seasonality explicitly, we average the rankings only
over the test cases which include these effects. To differentiate be-
tween our proposed approaches, we use the notation M(a, 0, w)
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where M € {P, S} specifies whether p-value fusion (P) or the stan-
dard fusion (S) has been used, a € {—p, u} whether the mean is
included, o € {Oy, O1, Oz, O3} which labeling for the learning, and
w € {0,1,...,12} the window size which has been used for the
evaluation. In total, we tested 192 configurations from which we
compare only a small subset , respectively, depending on the ana-
lyzed aspect.

6.2 Evaluation of Additional Features

The first aspect to review concerns the inclusion of the mean count
over the last seven time points. Therefore, we have analyzed the
effect of this feature independent of the other parameters using
Oy for the labeling of the outbreak and window size w = 0. The
results for the average rank are displayed in Table 1. Comparing
the standard to the p-value fusion method reveals a beneficial effect
especially for the p-value approach, for which the variant including
the mean achieves an average rank of 1.31 over 1.91. In contrast,
the average ranks of 3.36 over 3.43 for the standard method not
only shows that there are issues regarding the usage of the mean
for some of the test case configurations, but also the substantial
gap between using the binary outputs and the more fine-grained
p-values. A closer examination reveals that the best improvement
for both fusion methods can be achieved on time series without
trend and seasonality. By adding effects like trend and seasonality,
the mean changes over time, making it difficult for the learning
algorithm to use this information. In contrast to the standard fusion,
the p-value fusion method still enhances by including the mean
over the previous time points.

The observation that the p-value fusion method is superior to the
standard fusion can also be seen when comparing different window
sizes. The results of this experiment, using O for the labeling of the
outbreak and not including the mean, are displayed in Table 2. In
particular, no window configuration of the standard fusion method
can outperform any of the p-value configurations with respect to the
average rank. Overall, a window size of 1 performed best for both
fusion approaches. Being able to compare to the most immediate
previous output of the underlying statistical algorithms seems to
make it easier to detect anomalies. In contrast, larger window sizes
harm the overall performance, which suggests that the additional
information is not relevant for detecting sudden changes and rather
confuses the learner. Interestingly, on certain combinations of trend
and seasonality a larger window size for the p-value fusion method
seems to be beneficial. Actually, the increase of the window size
also results in taking a further look back in the past allowing to
detect effects like trend and seasonality achieving good results on
the test cases which only contain biannual seasonality. However,
the observed results for larger window sizes are inconsistent across
the different test cases, making it difficult to draw valid conclusions.

6.3 Evaluation of the Labeling Adaptions

In addition to augmenting the input data, we have evaluated the
effect of adapting the labeling of the epidemic period for the training
of the stacking algorithm. The comparison shown in Table 3 was
performed without the augmentation.
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Table 1: Comparison of including or not including the mean in the data for ML algorithms: overall denotes all 42 test cases,
{(=)T,(—)S1,(—)S2} only cases (not) containing trend, annual/biannual seasonality, respectively. Each particular subset, fulfill-
ing constraints on seasonality and trend, include 6 test cases.

Approach Overall {-T,-S1,-S2} {-T,S1,-S2} {-T,S1,82} {T,-S1,-S82} {T,S1,-S2} {T,S1,S2}

S(=u, Oq, 0) 3.429 3.714 3.571 3.000 3.429 3.286 3.571
S(u, Oy, 0) 3.357 2.571 3.286 3.571 3.571 3.714 3.429
P(=y, Op, 0) 1.905 2.571 1.857 2.000 1.714 1.714 1.571
P(u, O, 0) 1.310 1.143 1.286 1.429 1.286 1.286 1.429

Table 2: Comparison of different window sizes for the data (including the mean and using the labeling Oy).

Approach Overall {-T,-S1,-S2} {-T,S1,-S2} {-T,S1,S2} {T,-S1,-S2} {T,S1,-S2} {T,S1,S2}

S(=41,00,0) 9.738 9.000 9.571 8.286 11.143 10.571 9.857
S(=,00,1) 8.738 8.857 7.000 9.000 7.571 8.857 11.143
S(=p,00,2) 10.762 10.571 10.857 10.714 10.571 10.143 11.714
S(=p1,00.,4) 11.310 11.429 11.714 11.714 10.857 12.000 10.143
S(=1,00,6) 11.619 12.714 12.286 10.286 11.571 11.857 11.000
S(=p,00,8) 11.548 11.143 11.571 12.000 10.857 12.000 11.714
S(=p1,00,12) 11.929 12.143 12.143 13.000 11.714 11.571 11.000
P(=41,00,0) 5.000 5.714 5.000 5.714 4.429 3.714 5.429
P(—41,00,1) 3.405 3.143 2.571 4.571 3.286 4.286 2.571
P(—1,00,2) 4.381 5.000 4.714 4.000 4.571 4.571 3.429
P(=1,00,4) 4.667 4.143 5.000 4.000 5.143 5.286 4.429
P(—41,00,6) 4310 5.000 4.429 3.857 3.857 3.857 4.857
P(=p,00,8) 4.000 3.000 4.000 4.714 5.000 3.857 3.429
P(=41,00,12) 3.595 3.143 4.143 3.143 4.429 2.429 4.286

Table 3: Comparison of the different labeling strategies for the epidemics (not using the average and w = 0).

Approach  Overall {-T,-S1,-S2} {-T,S1,-S2} {-T,S1,52} {T,-S1,-S2} {T,S1,-S2} {T,S1,S2}

S(=4, 0o, 0) 6.476 6.286 5.571 4.857 7.143 7.571 7.429
S(—y, 01, 0) 6.738 7.286 6.714 6.286 6.429 7.000 6.714
S(—p, 02, 0) 5.738 6.286 5.714 5.286 5.429 6.000 5.714
S(=y, 03, 0) 5.524 5.286 5.143 5.429 6.000 5.429 5.857
P(—p, Oy, 0) 3.762 3.857 3.857 2.714 4.857 4.000 3.286
P(—y, Oy, 0) 3.262 2.857 4.143 4.857 2.429 2.429 2.857
P(—y, O, 0) 2.690 3.143 3.000 3.286 2.714 2.143 1.857
P(—p, O3, 0) 1.810 1.000 1.857 3.286 1.000 1.429 2.286

Table 4: Comparison of the standard fusion, the p-value fusion and each individual statistical algorithm.

Approach  Overall {-T,-S1,-S2} {-T,S1,-S2} {-T,S1,S2} {T,-S1,-S2} {T,S1,-S2} {T,S1,S2}

C1 5.381 6.429 5.429 4.143 5.714 5.714 4.857
C2 4.810 4.571 4.000 4.286 5.857 5.286 4.857
C3 4.690 5.429 4571 4.286 4.857 4.429 4.571
Bayes 2.595 4.000 3.143 2.571 1.571 1.714 2.571
RKI 3.619 3.571 2.857 4.571 3.714 3.286 3.714
S(y, O3, 1) 5.238 3.000 6.000 5.714 4.714 5.857 6.143

P(u, 03, 1) 1.667 1.000 2.000 2.429 1.571 1.714 1.286
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Figure 3: Results for the measures dAUC1% and pAUC;%. Each box plot represents the distribution of measure values for a
particular method computed over all 42 test cases for a fixed outbreak size defined by the parameter k (a bigger value for k

indicate more cases per outbreak).

In general, we can observe that by narrowing the labeling of the
outbreak on particular events (i.e., O1, Oz or O3) a better perfor-
mance can be achieved. This effect is clearly visible for the p-value
fusion method and less obvious for the standard fusion method,
for which the adaption O; seems to be an exception. In particu-
lar, learning only the peaks (O3) achieved the best results for both
fusion approaches. The benefit of this variant is that the learner
can actually focus on the identification of strong and sudden peaks
which is indeed the main goal of outbreak detection. However, in
case of biannual seasonality the frequent change of the counts over
the season results in many random peaks which apparently makes
it difficult for the stacking approach to distinguish between an
epidemic peak and a peak caused by random effects. On the test
cases without trend ({—T, S1, S2}) outbreaks are better identifiable
by also including the fading of the outbreak (Op), whereas on the
test cases which contain trend ({T, S1, S2}) the best option seems
to be Oz, which only includes only the increasing counts until the
peak of the outbreak is reached (O2).

6.4 Comparison to the Statistical Surveillance
Baselines

Considering the results of the previous experiment, we have chosen
to evaluate the p-value and the standard fusion approach with a
window size of 1, the adaption of the labeling O3 and including
the mean. In order to draw conclusions, we have evaluated the
underlying statistical methods itself which serve as a baseline.
The results for the average rank are represented in Table 4. Here,
we can observe that p-value fusion achieves the best rating across
all test cases. In contrast, the performance of the standard fusion
approach is often worse than the underlying statistical algorithms.
In line with Texier et al. [24] and Jafarpour et al. [12], we can ob-
serve an improvement of the standard fusion approach on the time
series without trend and seasonality. However, this improvement
is not consistent for all compared test cases, resulting only in an
average rank of 3.0 while our proposed p-value approach always

achieves the best result. Indeed, the ability to detect outbreaks with
the standard fusion approach is reduced since it is based on the
output of the statistical algorithms given a particular pre-defined
significance level a for them. This limits the information about
sudden changes encapsulated in the training data which makes it
pretty difficult for the ML algorithm to identify valuable patterns. A
closer examination reveals that trend and seasonality has an impact
on the evaluated stacking approaches. In particular, by learning
over the baseline data of time series which include trend, the learner
is fed with observations which are not representative for the future
(evaluation data) due to the changed circumstances. Moreover, the
learning algorithm usually assumes that the instances are consid-
ered to be independent and identically distributed in the learning
data set, not allowing to capture concept drift. Our proposed ap-
proaches are not designed to adjust to these settings but we believe
that further investigations on the influence of trend and seasonality
and how they can be handled is an interesting avenue for future
work.

Furthermore, we have evaluated the approaches with respect
to the number of cases per outbreak. In contrast to the previous
experiments, where the value for the parameter k (used to define
the number of cases per outbreak) was randomly drawn between 1
and 10, we have fixed this parameter to a particular value for all
time series of the 42 test cases. The results for the measure dAUC1
across the 42 test cases with a fixed value for the parameter k is
visualized as box plots, representing minimum, first quantile, mean,
third quantile and maximum, in Figure 3. In addition to dAUC)4,
we include the analysis of the pAUCi4 measure and compare to
the original labeling Oy in order to further investigate the effect of
the labeling on detection rate and true positive rate.

As the cases per outbreak increases all methods are more likely to
obtain a better performance. While the C1, C2, C3 and RKI method
achieve comparable results across all outbreak sizes, we are sur-
prised to observe that the Bayes method has a better performance
in case of larger outbreaks. This contradicts our expectation that
the RKI method should obtain the best results across these methods



epiDAMINK 19, August 05, 2019, Anchorage, Alaska - USA

since the Poisson assumption was specifically used to generate the
synthetic data. Regarding the p-value fusion approaches, the results
confirm the better overall performance across all outbreak sizes
while the performance of the standard fusion approach gets worse
compared to the other methods with an increasing number of cases
per outbreak. This gives further evidence that the standard fusion
is not ideal. A closer examination of the graphs for the measures
dAUCy4 and pAUCyy, reveals the difference between the adaption
of the labeling for the learning. In particular, without adaption the
ML algorithm achieves a tremendously better performance for the
trade-off between the true positive rate and the false alarm rate.
However, this also has an effect on the ability to detect outbreaks
as discussed in Section 4.3, yielding a slightly worse result for the
measure dAUC}4, than with adapting the labeling.

7 CONCLUSIONS

In this work, we introduced an approach for the fusion of outbreak
detection methods using machine learning, more specifically stack-
ing. The original idea is to use the alarm or no alarm prediction of
the underlying statistical algorithms as inputs to the learner. We
improved that setup by incorporating the p-values instead, which
contain more information about the certainty of an event than the
simple binary outputs. In addition, we proposed to add additional
information to the learning data and to adapt the labeling of an
outbreak in order to improve the ability to detect outbreaks. For
evaluation, we proposed a measure based on ROC curves which
better adapts to the specific need for a very low false alarm rate
but still considers the trade-off with the detection rate.

Our experimental results on synthetic data show that the fusion
of p-values improves the performance compared to the underlying
statistical algorithms. Contrary to previous work, we could also
observe that simple fusion of binary outputs using stacking does
not always lead to an improvement. By incorporating additional
information to the learning data, more specifically the mean count
of the previous observations and the previous outputs of the sta-
tistical methods, the machine learning algorithm is able to capture
more reliable patterns to detect outbreaks. Furthermore, the label-
ing of an outbreak has an influence on the performance for the
classification algorithm to detect outbreaks. By setting the focus
on the peak of an outbreak during the learning process, a better
performance to detect sudden changes can be achieved.

The effectiveness of the proposed method has still to be con-
firmed on real data. Nevertheless, our results suggest that p-value
stacking is generally well-suited for combining the outcomes of
established methods for outbreak detection with only a low risk
of decreasing performance. Moreover, stacking allows to enrich
the detection by additional signals and sources of information in a
highly flexible way. However, a major challenge remains the treat-
ment of the outbreak annotations during training, since these labels
are inherently non-binary (endemic vs. epidemic) and additionally
noisy and unreliable for real data.
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ABSTRACT

The problem of analyzing patient trajectories is fundamental to our
ability to understand and characterize diseases and how we treat
them in our hospitals, and to devise and explore effective alternative
strategies for healthcare. In this paper, we present a new approach
to analyze hospital patient trajectories. Based on visual analytics,
our approach is aimed at aiding the domain scientist (in this case,
a hospital bioinformatician or a data analyst) to visually navigate
and analyze patient health trajectories in a scalable manner. More
specifically, we view the problem as one of structure discovery and
tracking how such structure evolves with time over the course of
patients’ stay at the hospital(s). An ability to scalably track and
view the temporal progression of context variables associated with
patients in conjunction with health indicator variables could pro-
vide vital clues on how practices affect outcomes. Furthermore,
by enabling compact and consolidated views of complex patient
trajectories, our approach can help to delineate subpopulations (i.e.,
subgroups of patients) that show divergent behavior. As a concrete
case study in application and evaluation, we present results and
initial findings on a large patient data set obtained from the Duke
Antimicrobial Stewardship Outreach Network (DASON) database,
with an aim of extracting factors relevant to antibiotic usage and
stewardship in hospitals.

KEYWORDS
Electronic Health Records, TDA, Patient Trajectories

1 INTRODUCTION

The digitization of patient records has become a key instrument of
change in the way biomedical healthcare is administered. Digiti-
zation has resulted in an abundance of data, and that has in turn
resulted in an increased emphasis on scalable analytics and deci-
sion support systems that are primarily data-driven. Consequently,
“data” in the form of patient electronic health records (EHRs) have
exploded over the past decade [5]. While there are still a number of
issues and challenges pertaining to the collection, formatting, cura-
tion, and integration of EHR data, from an analytical standpoint,
one of the lead challenges in the area has been to generate analyti-
cal and computationally scalable frameworks for gleaning useful
“information” from such data, and in the process aid and enable
healthcare providers to improve the quality of decision-making.
In this paper, we focus on patient trajectories, obtained from
in-patient hospital records that typically cover a patient’s stay at a
hospital from the day of admission to the day of discharge. These

data sets cover a wide array of treatment activities and all related
meta-data associated with the health of a patient, as administered
by caregivers as a function of time. Consequently, these data sets
represent a treasure trove of information relating to understanding
how a patient’s health changes with every passing day at the hos-
pital. For instance, these data sets can be very useful in the study
of hospital-acquired infections (HAIs) [12, 14], or for analyzing
conditions such as sepsis [11].

However, mining such information with actionable insights from
hospital records can be significantly challenging owing to a number
of factors, including but not limited to: size, variety, high dimen-
sionality, ontology, etc. [4]. First, the size of these patient records
in large hospital networks could be significantly large, covering
possibly millions of patients treated across hundreds of hospitals
and healthcare locations. Secondly, these large data sets also cover
a wide variety of patient conditions, treated in hospitals with dif-
ferent healthcare specialties and healthcare practices, and often
different/unstandardized ways to gather patient data. Noise and
missing data introduce an additional layer of complexity into the
analysis of such data. Under these circumstances, trying to un-
derstand how treatment and healthcare practices affect patient
outcomes and to devise effective strategies to help improve those
outcomes, become challenging tasks. The tools and approaches
that are currently used in the area are mostly database-oriented,
where hospital informaticians store and retrieve data using hand-
scripted queries and supplement them with custom pipelines that
use standard statistical and regression tools for analysis.

Contributions: In this paper, we present an alternative ap-
proach to analyze hospital patient trajectories. Our approach, which
is mathematically rooted in topological data analysis [16], is a visual
analytics-based approach aimed at aiding the domain scientist (in
this case, a hospital bioinformatician or a data analyst) to visually
navigate and analyze patient health trajectories in a scalable man-
ner. More specifically, we view the problem as one of “structure
discovery” and tracking how such structure evolves with time over
the course of patients’ stay at the hospital(s). For instance, a patient
could undergo different procedures, get administrated with a vari-
ety of drugs, change units within the hospital—all over the course of
the stay; as the healthcare providers try to continually monitor and
assess health risks and vulnerabilities. An ability to scalably track
and view such temporal progression of context variables associated
with patients, in conjunction with health indicator variables could
provide vital clues on how practices affect outcomes—a key piece of
information toward decision making at the coarser level of hospitals



or units within hospitals. Furthermore, by enabling compact and
consolidated views of complex patient trajectories, our approach
can help in delineating subpopulations (i.e., subgroups of patients)
that show divergent behavior.

As a concrete case study in application and evaluation, we present
results and initial findings on a large patient data set obtained from
the Duke Antimicrobial Stewardship Outreach Network (DASON)
database [2] with an aim of extracting factors relevant to antibiotic
usage and stewardship in hospitals. The DASON database contains
a large collection of patient records from a network of 25 commu-
nity hospitals curated by the Duke University School of Medicine.
Although explained in this context, our approach is generalizable
to analyzing patient trajectory data sets in other contexts.

The rest of the paper is organized as follows: Section 2 presents
a brief overview of related works on patient trajectories and on
topological data analysis applied to health analytics, along with a
statement of how the framework presented in this work is different.
In Section 3, we present our approach to problem modeling and
describe our visual analytics framework. In Section 4, we present
our results and findings on the DASON data set.

2 RELATED WORK

There have been many studies conducted on health registry al-
though the fraction of studies that focus on studying temporal tra-
jectories have been relatively small. Giannoula et al. [3] presented
a time-analysis framework to identify common disease trajecto-
ries from electronic health records and, based on that information,
cluster similar trajectories together. The core purpose is to find
statistically significant disease associations in patients. Jensen et
al. [6] presented a network representation of diseases to understand
temporal disease progression and to predict the probable next stage
in a patient’s life line.

The use of topological data analysis (TDA) in healthcare is rela-
tively new. Nicolau et al. [15] used TDA to analyze breast cancer
transcriptional data. They identified a unique subgroup of patients
with 100% survival rate. Li et al. [9] generated a patient-patient net-
work from electronic health records, where each patient is a node
and there is an edge between two nodes if they exhibit significant
similar behavior (e.g., similar lab tests etc.). The authors used topo-
logical analysis to build this network, and identified three subtypes
of Type 2 diabetes (T2D). They also analyzed disease comorbidities
associated with each T2D subtype.

The work presented in this paper complements the above efforts.
More specifically, we present a visual analytic framework that could
be used to analyze and interact with large patient trajectory data
sets acquired from hospitals. The results of applying our tool can
help reveal, in an unsupervised manner, hidden higher-order struc-
tures about how different subpopulations within a large population
show varied behavior, and how different factors possibly contribute
to the variant behavior. This new analytical capability can provide
valuable structural and behavioral insights into data that current
pipelines are ill-equipped to reveal, and in the process could help
us formulate better hypotheses from patient data.

3 APPROACH

In this section, we first present our approach for modeling the prob-
lem of analyzing hospital patient trajectories, identifying the dif-
ferent variables of interest, and the goals of analysis. Subsequently,
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we present our visual analytics framework for this problem. We
present all our discussion viewing antimicrobial stewardship as
our target application, as this application is used as a case-study
throughout our study. However, the methodologies associated with
the problem modeling as well as our visual analytics framework
are both generalizable to other application contexts that involve
patient trajectories.

3.1 Problem Modeling and Formulation

The goal of our antimicrobial stewardship study is to identify po-
tential factors that contribute to antimicrobial exposure of patients
in hospitals. We consider only in-patient data, i.e., for patients who
are admitted and stay in the hospital for at least one day. The factors
we consider can be broadly categorized into three classes:

Temporal: length of stay (LOS), which is the number of days start-
ing from the day of admission to the day of discharge or mortality
for a given patient;

Spatial: the hospital where the patient is admitted, and the hos-
pital units where the patient receives care; and

Treatment-based: agents and Standardized Antimicrobial Admin-
istration Ratio (SAAR) groups that a patient is exposed to over the
course of their hospital stay.

The main performance (outcome) variable that we are interested
in is cumulative Days of Therapy (cDOT), which is defined as follows.
Days of Therapy (DOT) is the number of different agents a patient
receives on any given day of the admission. The cumulative DOT
(cDOT) on day i is the cumulative sum of DOT from day 1 through
day i. We also use the term Days Since Admission (DSA) to mean the
number of days since the admission date (including the admission
date). Note that when DSA equals LOS for a patient, the patient is
either discharged or deceased.

N [
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Cumulative Days On Therapy (cDOT)
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Days Since Admission (DSA)

Figure 1: A scatterplot of patient trajectory data shown as a distribu-
tion of cumulative Days-of-Therapy (cDOT) values as a function of
Day-Since-Admission (DSA). A single patient’s trajectory of points
is represented as a series of dots from DSA 1 to the last day of the
patient’s admission.

In Figure 1, we show a simple scatterplot of patients’ trajectories
that we obtained from the DASON database (see Section 4 for more
details). It shows the distribution of cDOT values (performance,
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on y-axis) as a function of DSA (time, on x-axis). This scatterplot,
while informative in its own to show the diversity of cDOT values,
could become easily overwhelming for decoding or identifying
any hidden patterns or substructures, particularly for large data
sets containing millions of patients. Nevertheless we show this
scatterplot to illustrate the simplistic view of data that it presents.

Hypothesis: We used the following two-part working hypoth-
esis to guide our study in understanding antimicrobial exposure
for inpatients:

Part 1: cDOT is responsive to a combination of temporal, spatial
and treatment-based factors, although to varying degrees; and

Part 2:there can be significant variability across different (hidden)
segments of the patient population in the way ¢cDOT is correlated
to these factors.

In other words, a patient’s antimicrobial exposure is a combined
function of time (i.e., their respective length of stay (LOS)), and is
also potentially influenced by spatial attributes such as the units and
hospitals they receive treatment in. Furthermore, we hypothesize
that the type of antibiotic drug agents a patient receives in the
earlier stages of their stay could influence the type of agents they
receive in later stages of their stay.

Ideally, we would like to construct a robust mathematical model
(or models) to describe how the antimicrobial exposure is a function
of all the above factors. However, such a model construction is
likely to require a significant and complex effort; instead in this
paper, we focus on obtaining information from the data (of patient
trajectories) that is already available, in order to guide future model
construction efforts in a data-guided manner.

The second part of our hypothesis provides a way to contex-
tualize the level of influence, as we expect variability in cDOT
responses among different patient subgroups (or subpopulations).
These subpopulations are not necessarily known a priori (i.e., they
are hidden) and they need to be discovered as part of the analysis.

3.2 A Visual Analytics Framework

To test our working hypothesis, we implemented an unsupervised
approach that has its principles rooted in the mathematical field of
topological data analysis (TDA). Algebraic topology is the branch
of mathematics dealing with the shape and connectivity of spaces
[1, 13]. The important properties of topology that make it partic-
ularly effective for extracting structural features from large, high-
dimensional data sets are: a) coordinate-free representation, b)
insensitivity to small changes in data, and c) compressed repre-
sentations [13]. Compared to more traditional techniques such as
principal component analysis, multidimensional scaling, and clus-
ter analysis, topological methods are known to be more sensitive
to both large and small scale patterns [10].

Our approach is unsupervised in that no prior information or
models are assumed and that the approach makes its inferences
entirely based on the data. However, we wish to point out that the
inferences made by the TDA approach do not necessarily imply
causality. They should be viewed as identifying generalized corre-
lations between variables across the spectrum of a heterogeneous
population—there is increased variability in the degrees of the cor-
relations across the population. Such generalized correlations could
not be identified by direct application of traditional data analysis
techniques.

In this paper, we present an implementation for analyzing patient

trajectory data sets using the Hyppo-X framework [7, 8], which is
an implementation of the Mapper algorithm [16]. Hyppo-X is a com-
putational tool for modeling and exploring multidimensional data
where one set of (continuous) variables f = {f1, f2,... fr} can be
modeled as “filters” to study their impact on a target performance
(continuous) variable g. In the context of our application, each f;
variable can be any of our potentially influential variables (tempo-
ral, spatial, treatment-based), while the performance variable g is
chosen as ¢cDOT. We now elaborate the use of Hyppo-X framework
in the context of our application.
Input: The input is a set of n points where each “point” is a unique
combination of [patient id, hospital id, admission id, DSA]. These
are the key fields that define a patient record (or a point) in our
analysis. In addition, each point also has a set of attributes including,
but not limited to, cDOT, NHSNunit-id, the agents that the patient
was administered on that DSA, etc. Figure 2a shows an example
input distribution of points (just for illustration purposes). Note
that a trajectory can be defined by following the trail of points for
a patient through the DSA interval [1, LOS]. As the LOS is different
for each patient, the different trajectories are expected to be of
varying lengths.

Low Zth Input variable High

(a) Dividing the input points into smaller overlapping bins and clustering on
each bucket

Subpopulation

 AO@
\ Compare

subpopulation by
performance
variability and filter
variables

Subpopulation

Subpopulation

(b) Compact topological object. Clusters are shown colored based on their
originating interval over the input filter variable.

Figure 2: Generation of topological object from a point cloud.

Output: Hyppo-X takes a set of input points as defined above and
outputs a compact visual representation of the points, grouped into
clusters that are connected via inter-cluster edges, that summarily
shows the evolution of points along the particular dimension (or
dimensions) chosen by the user.



Algorithm: Let X denote the set of points, and f, denote a partic-
ular dimension that we would like to use as a “filter” to view the
set of points. Intuitively, a filter can be thought of as a variable of
interest (e.g., DSA) that we would like to use as a “lens” through
which we would like to view the entire distribution of points.

Given X and a filter f, the goal is to generate a graph-like rep-
resentation of clusters, where each node in the graph is a cluster of
points, and an edge exists between any two nodes if the correspond-
ing two clusters intersect in points. Here, a cluster is a subset of
points in X that show similar cDOT performance (i.e., have highly
similar cDOT values) under a certain interval of the filter variable
(e.g., DSA 5 through DSA 10).

Intuitively, each cluster represents a set of patient records that
show similar cDOT values observed around the same DSA interval;
and an edge exists between two nodes in our graph if the corre-
sponding two clusters share at least one patient record in common.
This representation allows us to track the progression of patient
records as their trajectories evolve in time and cDOT performance.

Subsequently, a graph is generated, where every cluster is rep-
resented as a node, and an edge is drawn between any two nodes
where the respective clusters share at least one point in common.
Note that by construction, an edge can exist only between clusters
originating between two adjacent bins. We refer to the resulting
graph as a topological object (simplicial complex, to be precise) as
shown in Figure 2b. If three clusters share points, the object includes
the triangle connecting the corresponding three nodes. In this work,
we limit our attention to the vertices and edges in the topological
object, i.e., its graph. This graph is a compact representation of the
set of input points, and allows one to efficiently visualize a large
collection of patients.

3.2.1 Feature extraction: We can extract features as a structural
property of the topological object, which in turn help to generate
hypotheses. One such structural feature is a “flare” that represents
branching phenomenon in the topological object. We now describe
the structure of a flare; an algorithm for detection of flares was
presented in our previous work [8].

A flare is a combination of a stem, branching node, and branches.
A stem in a flare is a simple path that ends at a branching node. A
branching node is a node that has at least two outgoing edges. Finally,
a branch is a simple path that starts at a branching node and ends at
either another branching node or a terminal node (zero out-degree
node). For instance, in Figure 2b the nodes labeled [A, B, C, D] refer
to a stem. The node D is a branching node with two branches—one
covering the path with nodes labeled [D, E, F, G, H], and the other
covering the path with nodes labeled [D, I, J, K]. The topological
object contains a single flare here.

Branching phenomena as captured by a flare help us understand
divergent behavior of two (or more) subpopulations covered by
the branches. The comparative analysis of two divergent subpop-
ulations could help us formulate and subsequently test plausible
hypotheses pertaining to distinct behavior of hidden subpopula-
tions of a larger population.

3.3 Software

We implemented the project in C++, PHP, and D3 (for visualization).
The library generates graph objects in the JSON format for analysis.
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Our framework is publicly available and can be accessed as part of
the Hyppo-X open source software kit [7].

4 EXPERIMENTAL RESULTS

4.1 Data

We used the DASON database [2], which comprises of 25 commu-
nity hospitals with full inpatient data. DASON contains detailed
electronic medication administration records (eMAR) for antimicro-
bials, patient movement data (bed flow), demographics, and billing
data. It includes information for millions of admissions, but we ex-
cluded the records for outpatients when preparing our final dataset.
Also for calculating DOT, we counted only the antibacterial agents.
We imposed some other constraints as well, e.g., removing null
values, narrowing the dataset in between a specific range of dates,
and so on. Table 1 provides a brief summary of the final data set
that we used in all our analysis.

Table 1: Summary of the data set

Number of hospitals 25
Number of hospital unit-categories 9
Number of distinct patient-admission records | 349,610
Number of adult patients 334, 207
Number of male patients 148, 540
Number of female patients 201,052
Number of antibacterials used 66
Number of agent ranks 4

4.2 Experimental Evaluation

We ran the Hyppo-X framework on our hospital data set using
Days Since Admission (DSA) as a single filter function with bin
size of 5 days. Figure 3 shows the snapshot of the topological object
output by our framework (in the actual tool, all topological objects
allow interactive visualization). The clusters appear left to right
in an increasing order of their mean DSA values. The label within
each cluster node shows the mean cDOT value for the patients in
the corresponding DSA interval. We can see that the branching
phenomena starts to appear around day 70-80. This observation
suggests that there is little divergence among the patients during the
early part of their stay. However, the cluster size becomes smaller
along the way, and branches with higher cDOT values start to
emerge for longer term patients. This structure is expected because
increasingly more patients are discharged with time.

We now analyze the distribution of patient clusters at different

stages of their trajectories by showing each cluster as a pie-chart
within it, based on different patient record attributes. The attributes
we use to analyze (one at a time) include (but are not limited to):
distribution of hospital units within clusters (Section 4.2.1), antibi-
otic agent ranks used within clusters (Section 4.2.2), and hospital-
specific analysis (Section 4.2.3).
4.2.1 Analysis based on unit category for patient clusters. There are
42 hospital units in our data set. These units can be grouped into 9
categories. In Figure 4, the pie-charts show the distribution of the
hospital unit categories within each cluster.

We make the following observations based on Figure 4:

1) The majority of the clusters are dominated by patients in
the adult medical/surgical ward (shown in red), followed by adult
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Figure 4: The distribution of hospital unit categories shown as a pie-chart within each cluster.

critical care (shown in green). However, these patient clusters corre-
spond mostly to the low ¢cDOT branches (see corresponding clusters
in Figure 3), suggesting a relatively low use of antibiotics for these
patient groups.

2) The composition of clusters (by unit categories) start to change
in the later branches of the object (with DSA values of 100 or more).
In fact, on one dominant set of branches around DSA 100, we see a
more even distribution among adult critical care, pediatric critical
care, and Hematology/Oncology/ Transplant wards. These clusters
also see a relative spike in their cDOT values (see corresponding
clusters in Figure 3).

3) Another interesting observation is that there is a distinctive
set of cluster branches in around DSA 130 and above, that also see
an increase in their cDOT values. This set of cluster branches is
dominated with patients from the neonatal unit (shown in light
green). In addition, we see a divergence in cDOT usage even among
this small group of neonatal unit patients—with some branches
receiving a higher ¢cDOT values than the others.

Collectively, these observations suggest that antibiotic use does
not necessarily show a linear increase with time. Instead, different
patient groups receiving treatment in different units show spikes
in their antibiotic use at different intervals of their hospital stay.
Furthermore, not all units see a comparable use of antibiotics—for
instance, adult medical/surgical ward is frequently occurring but
receives lower antibiotics; whereas pediatric ward or some segment
of neonatal unit populations are rarer but receive higher antibiotics.
There are also units that are both rare and are exposed to lower an-
tibiotics (e.g., labor and delivery/post-partum/GYN). Finally, there
is also a cDOT divergence within the same unit category—in partic-
ular, patient groups in the neonatal ward.

4.2.2  Analysis based on agent rank on patient clusters. There are a
total of 66 antibacterial agents used on patients in the DASON data.
We can rank and group these agents into four groups—from rank
1 through rank 4—roughly in order of their type/target microbial
coverage. This ranking also reflects a rough ordering based on the
agent severity (with 1 being low to 4 being high).



Using this ranking scheme, we computed the distribution of
agent ranks used within each cluster. This distribution is as per
the agents used by the patients in a given cluster (within the DSA
range represented by that cluster). In addition, there were many
days when a patient did not receive any agent. To capture such
cases, we introduced a separate “No agent usage” rank category.
Figure 5 shows the distribution of agent ranks within each cluster.
We make the following observations based on this figure:

1) The most dominant category is the “No agent usage” category
across the range of clusters. However, in the initial days of stay
(DSA range 1 through 60-70) this is not necessarily true (i.e., other
agent ranks are visible).

2) Among the agents used, rank 3 agents appear most frequent
(shown in blue), followed by rank 1 (shown in yellow), and subse-
quently by rank 2 (shown in cyan).

3) Rank 4 agents appear rarely (represented by red) but they also
generally appear in the branches with the higher cDOT values. This
observation probably suggests that use of this agent is reserved
typically for patients with worsening health conditions.

Note here that the use or non-use of an antibiotic agent (rank)

could potentially be a matter of preference or practice protocol
across different hospitals. In the following section, we analyze their
impact across different hospitals.
4.2.3  Rank based analysis on specific hospital. Patient data from a
total of 25 hospitals are represented in the DASON data set. How-
ever, the Duke medical hospital (hospital id: 2000) is the dominant
contributor accounting for almost 15% of the unique patient records.
To elucidate any potential differences in antibiotic use across these
different hospitals, we performed two studies—one by consider-
ing records only from the Duke hospital (id: 2000), and another
by considering records only from the remaining 24 hospitals. The
resulting objects are shown in Figure 6. Even though the pie-charts
in the clusters are shown by their agent rank distributions, we also
compare information that is contained in the general structure of
these two objects.

We make the following observations based on Figure 6:

1) The sizes of the clusters stay roughly uniform over the first
100 days along the main stem of the topological object for Duke
hospital, whereas the sizes rapidly shrink for the other hospitals in
the same period.

2) Patients in the Duke Hospital are more likely (than ones in
the other hospitals) to receive some antibiotic at least once during
their stay.

3) The use of agent rank 4 is relatively more frequent at the Duke
hospital than for the other hospitals.

4) Even though these two objects were constructed individu-
ally, the general topological structure (i.e., overall shape) is roughly
comparable, suggesting we have similar branching/divergence at-
tributes between the two classes of hospitals (Duke vs. non-Duke).

4.3 Interesting features/flares

So far, we have described observations on the topological object
without necessarily examining its branching structure in detail. In
order to more thoroughly examine the branching structure within
different parts of the object (i.e., different subpopulations), we ap-
plied our flare detection algorithm (Section 3.2.1) to the DASON
data. Recall that a flare is a structural features comprising of a stem
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region that ends at a branching node, and is subsequently followed
by a number of child branches. For the purpose of our study, we
used the hospital id attribute of the dataset to identify the coverage
of a flare. The coverage of a flare specifies the boundary to which
we can extend a given flare. This is done in order to ensure that
we recover a meaningful branch which covers data points from the
same subpopulation. Also note that two flares can share an edge
along a branch.

Figure 7 shows the two most interesting flares detected by our
approach (shown in blue and red arcs). Note that our tool computes
a score for each flare and outputs them in decreasing order. We
make the following observations based on the detected flares:

1) From DSA 1 to DSA 80, there is little divergence in the cDOT
values of the patient clusters (with a few exceptions), and this is
shown by the long stem of the blue flare.

2) This behavior changes around DSA 80. A group of patients
were treated with higher dose of antibiotics compared to the re-
maining group (Figure 7(A)). The branching node (shown with
thick border) in the blue flare represents this branching event. This
branching event essentially serves to bifurcate patients in the Hema-
tology/Oncology/Transplant or the Pediatric wards into two sub-
groups as shown in Figure 7(C)—those for whom ¢DOT increased
(higher branches) and those for whom it did not, along the lower
branches.

3) The other flare (shown in red arcs), with a branching occurring
around DSA 100, shows a further split in the population between
the neonatal branches (lower) vs. non-neonatal branches (higher).

4) In terms of agent rank usage, we see that it is the subpop-
ulation corresponding to the first flare (blue) that is exposed to
agent rank 4 (see Figure 7(B)). This subpopulation corresponds to
patients mostly in either the Adult Medical/Surgical Ward or the
Hematology/Oncology/Transplant Ward (see Figure 7(C)).

In summary, our approach was able to identify in an unsuper-
vised manner the major branching events in the data. Further, the
analysis presented above shows which subgroups within the larger
patient population are more prevalent in those branches.

5 CONCLUSIONS

Topological data analysis has a potential to represent complex data
in compact and visually friendly formats. In this paper, we have
used this technique for clustering patient trajectories (by their an-
tibiotic use or cDOT) so that they can be concisely viewed along
the temporal dimension. We used multiple attributes such as hospi-
tal units or agent ranks to analyze and observe patterns in these
clustered trajectories.

The analysis enabled us to find differing propensities for use of
antibiotics within certain hospital units as well as across hospitals.
Furthermore, we observe divergence within patient groups (e.g.,
neonatal) on how antibiotics are used. These observations are di-
rectly inferred from the data in an unsupervised manner, and could
in turn inform future construction of more robust models in this
space.

Future research directions include (but are not limited to) the
following. In addition to the attributes used, we plan to explore
using other variables in our framework to study antibiotic use
in hospitals including patients’” Elixhauser score (which gives an
indication of comorbidities in a patient), disease diagnostic codes
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Figure 6: A comparison of rank based analysis on Duke (top) vs Non-Duke (bottom) Hospitals.

(associated with each admission), and others. These variables could
collectively throw more light into the context under which a patient
receives treatment in a hospital.

The observations made in this work also open new questions
about what makes a patient more susceptible toward antibiotic
exposure in hospitals, and about whether there is a way to build
predictive/probabilistic models based on training data obtained
from these trajectories. Also, more work is needed to understand
and better characterize the structural properties of the topological
objects created for different hospitals. In particular, comparing
and contrasting them can help us better understand similar and
discrepant practices across those healthcare locations and also help
us devise consistent and standardized procedures toward improving
antibiotic stewardship.
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