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1 Introduction

The emergence of large-scale datasets in health care that record large amounts of in-
formation about the patients, their diseases and treatments and provide us with an op-
portunity to understand better the dynamics of the disease, efficacy of treatments, and
various influences affecting the well-being of a patient. The development of computer
methods and tools that would enable to analyze and utilize such data is badly needed.

The objective of this report is to briefly review data mining and machine learning
methods we have developed since 2009 [7, 10, 6, 11, 8, 9, 12, 5, 4, 13] that aim to
extract predictive patterns characterizing patient subgroups and their predictive differ-
ences in electronic health records (EHRs). Identification of such predictive patterns
can be extremely useful for both knowledge discovery purposes and for feature engi-
neering facilitating the construction of various predictive models from complex clinical
time-series data.

The temporal pattern mining approach we have investigated and developed builds
upon the temporal abstraction framework [19], that converts multivariate time-series
data into sequences of discrete values, and combines their components using temporal
logic operators [2] to form more complex temporally extended patterns. We have stud-
ied and made the following contributions to this line of work. First, we have proposed
and developed a newminimal predictive pattern mining approachthat lets us describe
the predictive differences in the data by stratifying the data into subpopulations rep-
resented by patterns of different complexity, that let us better predict the patient out-
comes. Second we have developed and tested two statistical criteria to filter random (or
spurious) patterns that represent subpopulation with significantly different outcomes.
Finally, we have developed and tested a new pattern mining heuristic that can be ap-
plied to event detection tasks. The heuristic searchers for minimum predictive patterns
backwards in time, starting from the time of the event, such that more recent patterns
with respect to the event are preferred and more likely included in the predictive pattern
set constructed by the algorithm.

We have shown our approaches leads to a smaller number of predictive patterns
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than other pattern-mining methods (that often retain many spurious patterns), while
they preserve their combined prediction strength. Hence our methods enable a more
compact description of predictive differences among patient groups. The majority of
our methods were tested on postsurgical cardiac patient data (PCP dataset) extracted
and applied in our previous work [16, 15, 18, 21, 14, 20].

2 Background

Frequent pattern mining is a very popular data mining technique to extract patterns
from the data. Since their introduction in [1], frequent pattern and association rule
mining have received a great deal of attention and have been successfully applied to
various domains. Briefly, frequent pattern mining aims to identify all combinations of
attribute-value pairs (defining patterns) that occur frequently in the data. Each such
pattern is then characterized by a support that reflects the frequency of occurrence of
the pattern in the dataset. Frequent patterns obey themonotonicityproperty: “if pattern
P is not frequent, then all its super-patterns (P ′′ ⊃ P ) are not frequent”. This property
implies that if P is frequent, then all its sub-patterns (P ′ ⊂ P ) are also frequent.
The basic algorithm for finding all frequent patterns, the apriori algorithm, searches
systematically the space of patterns staring from more general patterns and continuing
with more refined sub-patterns to identify those that surpass some predefined minimal
support threshold.

The frequent pattern mining idea and algorithms for finding frequent patterns have
been used or modified to identify other, more complex objects or relations in data.
One of the most common extensions, the association rule mining framework, seeks
to identify relationships among patterns, typically, a relation in between a pattern that
consists of a logical combination of attribute-value pairs (antecedent of the rule) and a
singleton pattern that consists of just one attribute-value pair (consequent of the rule).
The association rule is then characterized by its support (how frequently the antecedent
pattern occurs in data) and its precision (how often the consequent is associated with a
satisfied antecedent).

In our work we are interested in applying pattern mining in the supervised (clas-
sification) setting where we have a specific target variable (outcome variable) and we
want to identify patterns and sub-patterns (groups) in the EHR that are important for
explaining and predicting this variable. An example of such patterns are: “a subpopula-
tion of patients who received druga has lower incidence of the recurrence of symptom
b than the rest of the patients”.

The current pattern mining algorithms are not fit well for analyzing clinical data.
First the standard pattern-mining algorithms typically search exhaustively the feature
space for all patterns with the minimum support threshold which is not feasible for
high dimensional spaces we must work with in EHR. Second, the patterns these meth-
ods output are independent of each other and the output is a long list of association
rules that is hard to read and comprehend. Third the feature space itself for EHR is
very hard to define. The EHR data are temporal and are very different from other types
of data used in frequent pattern mining framework. Briefly, each EHR consists of com-
plex multivariate time series of clinical variables collected for a specific patient, such as
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laboratory test results, medication orders, physiological parameters, past patient’s di-
agnoses, surgical interventions and their outcomes. The times series can be of different
length. Second, the temporal data in EHRs are acquired asynchronously, which means
they are measured at different time moments and are irregularly sampled in time. This
prevents from directly applying many standard time series algorithms to analyze them.

3 Methods

Our objective is to develop methods for finding predictive patterns representing sub-
populations of patients with siginificantly different outcomes than the rest of the popu-
lation. An example of a predictive pattern is: “a subpopulation of patients who received
druga has lower incidence of the recurrence of symptom b than the rest of the patients”.

Identification of such predictive patterns is important for: (1) knowledge discovery
and (2) feature engineering purposes. In knowledge discovery the goal is to identify and
report such a pattern to human. This process may lead to the discovery of unexpected
relationships not known prior to the analysis. In feature engineering, the pattern when it
is present may lead to improved prediction of the outcome variable, e.g. “the recurrence
of symptom b” from the previous example. In the following, we focus our discussion
more on the utility of predictive temporal patterns for building and learning predictive
classification models.

health record systems.
The main challenge for building classification models for EHR data is to define

a good set of features that are able to represent well the temporal aspect of the data
important for the prediction. We have studied two approaches to solve this challenge.
First, we have build features by defining fixed feature mappings for each type of clini-
cal variable in EHR and its time series [16, 22]. The limitation of this approach is that
the mappings must be predefined by experts and are not built from data. Our second
approach builds features corresponding to predictive temporal patterns automatically
from data. We have developed the new pattern mining approach and published it in
multiple papers [7, 10, 6, 11, 8, 9, 12, 5, 4, 13]. The approach relies on temporal ab-
stractions and temporal pattern mining to extract a useful set of classification features.

Temporal abstraction features. To define ’flexible’ features for classifying tempo-
ral data in EHRs we studied and implemented temporal abstractions methods that let
us translate temporal data into sequences of temporal abstractions [19]. The temporal
abstraction approach first converts time series for all clinical variables into sequences
of discrete values and their time-intervals. Figure 1 illustrates the conversion of values
for platelets lab usingvalue and trend abstractions, where abstractions correspond to
discrete categories such as high value of platelets or increasing platelets. The temporal
abstractions can be then combined to form more complex temporal patterns using a set
of temporal logic relations [2, 17] (e.g. descrease in platelets co-occuring with decrease
in Hemoglobin, or, the administration of heparin followed by the drop in platelets). We
can view these abstractions as definitions of temporal patterns describing the subpopu-
lations of patients.
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Figure 1: An example illustrating the trend and value abstractions. The value abstrac-
tion is defined using five discrete values (Very Low, Low, Normal, High, Very High),
the trend abstraction using three values (Increase, Steady, Decrease).

Predictive pattern mining. The features based on temporal abstractions let us rep-
resent temporal patterns in time series data in the electronic health record. However,
not all temporal pattern features are important for the classification task we want to
solve. In particular we want to generate only features that help us to classify well the
patient time series. To address this problem, our first approach [10, 11] adopted the
frequent pattern mining paradigm that scanned groups and subgroups of data instances
by gradually refining their temporal abstractions till they reached some minimum sup-
port threshold. The set of most discriminative patterns was then selected in the second
pass. We found this approach to be inefficient whenever the number of temporal vari-
ables considered became large. First, the many patterns generated in the first phase
were irrelevant for the prediction, so huge amount of time was spent on checking and
scanning these patterns. Second, many predictive patterns selected were redundant or
spurious in that they did not bring any (or very little) new information when compared
to more general patterns that represented larger populations.

Minimal predictive pattern mining. To address these problems we have developed
a new class of algorithms [8, 9] that automatically build, scan and mine only those tem-
poral abstraction patterns that are important for the classification task represented by
the target class variable. In addition, we proposed and implemented the minimal pre-
dictive pattern mining approach that eliminates the pattern redundancies by selecting
only those discriminative temporal patterns that are significantly different (according
to a confidence parameterα) from more general patterns in terms of their prediction
strength. In [9] and later in [12] we showed that features generated by our minimal
predictive pattern mining algorithm lead to a small number of patterns (features) that,
when combined with an SVM classifier, lead to significant improvements in its classi-
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fication performance. More specifically, each temporal pattern selected by our method
was run on all data instances in the dataset, and used to generate either the value 1 if
pattern was observed or 0 if it was not. This information became a feature the SVM
classification model used to learn the classification model. We tested our approach
on the problem of predicting patients who are at risk of developing heparin induced
thrombocytopenia (HIT) [24, 23], an adverse clinical condition, that may lead to se-
rious complications (thrombosis) and even death if it is not managed promptly. The
results demonstrated the benefit of our approach in learning accurate classifiers, which
was important for developing intelligent clinical monitoring systems.

Pattern significance and selection. In the minimal predictive pattern mining frame-
work the significance of a candidate pattern is assessed in terms of a statistical score
measuring the consistency of the pattern with its sub-patterns. We have developed and
tested two scoring criteria for filtering the redundant patterns: the binomial score [12],
and the Bayesian score [4]. To calculate the binomial score [12] we first estimate the
probability of observing the outcomeθ = P (Y = 1|G) for the patternG using the
maximum likelihood estimate. After that we check and calculate the chance (using the
binomial distribution) that the examples in data satisfying a sub-patternP are consis-
tent withG in terms of outcomesY = 1. The pattern that is significantly different (at
some level) fromG is preserved, otherwise it is excluded. In [4] we proposed a more
robust Bayesian test [4] that lets us assess the chance of a more predictive sub-pattern
being generated by chance. LetM1 be the model that assumes that all instances ofG
have the same probability for outcomeY = 1, even though we are uncertain what that
probability is. We denote this probability byθ. Now us now assume a modelM2 for
which the probability ofY = 1 in the subpopulation ofG represented by patternP
is θ1 and the probability ofY = 1 for the complement ofP on G, P , is θ0. Let us
also assume thatθ1 > θ0 for M2. To represent our uncertainty about parametersθ, θ1

andθ0 and their distribution we assign them the noninformative Beta distribution prior.
The Bayesian score, reflecting the usefulness of the patternP for definingM2, is the
difference in the marginal likelihoodsBscore(P ) = P (data|M2)− P (data|M1).

Recent predictive patterns. The space of possible temporal patterns one can define
with the temporal abstractions is enormous. The key challenge is to find ways of reduc-
ing the complexity of this space as much as possible, hence improving the efficiency of
the mining algorithms. To address this concern we proposed and started to study a new
approach that builds predictive patterns for monitoring and event detection problem us-
ing the ’recent predictive pattern’ heuristic [5], which captures the intuition that most
recent information related to the clinical variable is likely the most important for the
future prediction. We succesfuly tested the initial version of this approach approach by
predicting: (1) the patients who are at risk of developing heparin induced thrombocy-
topenia (HIT) [3], and (2) complications (diagnosis of secondary diseases) for diabetes
patients [5].
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4 Conclusions

We have reviewed our recent effort and advances we have made in developing predic-
tive pattern mining framework based on temporal abstractions. However, many critical
issues remain open and a number of improvements of the framework are possible. First,
the most critical open problem is to find ways for reducing the space in which the pre-
dictive patterns are searched. Efficient heuristics for restricting clinical variables or
values the variables may take when building and searching more complex patterns are
neccessary and need to be designed. Second, the patterns/features based on temporal
abstractions may be used either for building better classification models or for the pur-
pose of knowledge discovery when subgroups. While the benefit of the patterns for
classification can be judged by the analysis of models built using these features, their
utility for knowledge discovery needs to be further investigated and would require a
carefully designed evaluation studies with human evaluators.
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