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Abstract
In this work, we propose a novel autoregressive event time-series model that can
predict future occurrences of multivariate clinical events. Our model represents
multivariate event time-series using different temporal mechanisms aimed to fit
different temporal characteristics of the time-series. In particular, information
about distant past is modeled through the hidden state space defined by an
LSTM-based model, information on recently observed clinical events is modeled
through discriminative projections, and information about periodic (repeated)
events is modeled using a special recurrent mechanism based on probability
distributions of inter-event gaps compiled from past data. We evaluate our
proposed model on electronic health record (EHRs) data derived from MIMICIII dataset. We show that our new model equipped with the above temporal
mechanisms leads to improved prediction performance compared to multiple
baselines.
Keywords: Event time series prediction, Recurrent neural network, Sequential
models, Clinical time series, Modeling electronic health record data

1. Introduction
With recent advances in data acquisition and processing technologies, we
have gained access to enormous collections of sequential data that capture various aspects of our lives on the axis of time. These data and our ability to
model and analyze them are becoming increasingly important in various areas
of science, engineering, and business. Our ability to model and analyze such
data is also extremely important for healthcare since it can directly impact the
physical and mental well-being of patients.
In this work, we are particularly interested in sequential data derived from
electronic health records (EHRs), a comprehensive collection of data and information related to many aspects of patient care in hospitals. Data in EHRs are
invaluable assets with a great potential for improving patient care as they contain in-depth information about patient’s condition, relevant diagnoses, treatment strategies, and prognoses. Hence, successful modeling of sequential data
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Figure 1: Illustration of a patient’s clinical care history in electronic health records (EHRs).
The history is represented as multivariate event time-series. A circle on time-axis corresponds
to occurrence of one clinical event. The number of clinical events (|E|) in each category (on
the left) are based on MIMIC-III counts.

from EHRs has the potential to improve and advance patient care beyond traditional methods. For example, we may be able to identify and explore temporal
relationships among various types of clinical events, such as symptoms and patient management actions on one side and symptoms and outcomes with or
without management interventions on the other. Further, we could predict the
future occurrence of adverse events and help healthcare practitioners to intervene ahead of time or prepare resources to get ready for their occurrence. All
of this, in turn, can improve the quality of patient care [1, 2, 3, 4].
EHRs consists of various types of data such as records of symptoms, medication orders and their administration records, lab test orders and results, procedures performed, records of physiological signals from bedside monitoring devices, diagnostic and administrative codes, and other clinical information. From
the perspective of sequential data, each data entry in the EHR is an entry of a
sequence. For example, when a new clinical event occurs during the patient care
(e.g., a clinician orders a medication for a patient), the new event is recorded
in the patient’s EHR with timing information as well as attributive information
such as the type of event (e.g., medication administration), the item involved in
the event (e.g., name of the medication), and the value associated with the event
(e.g., the medication dosage). Various types of clinical events associated with a
patient can be aggregated to a multivariate event time-series where each event
forms univariate event time-series, as shown in Figure 1. One way to represent
these multivariate event time-series is by discretizing the events in time by placing a fixed time-window over the original multivariate event time-series and by
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Figure 2: A part of a patient’s record in real-world EHRs (MIMIC-III database) that represented as a sparse matrix. Rows correspond to different clinical events and columns correspond
to time. Each cell (bin) indicates occurrence or non-occurrence of an event during a timewindow (e.g., 6 hours).

defining a binary matrix where value 1 indicates that the specific event occurred
within the corresponding time window. More details about this procedure are
described in Figure 5. As shown in Figure 2, the matrix rows correspond to different types of clinical events, and columns correspond to segmented time-steps
between beginning and end of a patient’s hospitalization.
One challenge of using EHR-derived multivariate clinical event time-series is
their complexity. For example, tens of thousands of clinical events could occur,
but some events occur rarely. Due to its high-dimensional and sparse nature,
EHRs data incur challenges for many machine learning algorithms. In the case of
MIMIC-III database1 [5], more than 30, 000 different types of clinical events exist, but the average number of occurrences2 of each event across event category is
usually small. More specifically, average number of medication administrations
is 10.1, lab tests 7.3, and procedures 1.5. Furthermore, EHR-derived sequential
data consists of heterogeneous events. Each event has different characteristics
and complex dependencies to the same or different events that occurred before
it. Also, in EHR-derived sequential data, many events co-occur, and this contributes to the complexity in modeling and predicting EHR-derived sequential
data. To fully utilize EHRs data, it is important to resolve these issues. Hence,
in this work, we focus on developing efficient and scalable methodologies to
address these challenges.
1 MIMIC-III

is a publicly accessible EHRs dataset for research. It contains de-identified
53K hospital admissions records from Beth Israel Deaconess Medical Center in Boston, USA
2 We computed the average counts from the following tables in MIMIC-III:
inputevents-mv, labevents, procedureevents-mv
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Figure 3: Prediction task defined over the multivariate clinical event time-series introduced
in Figure 2. Given the full patient event history (blue box), the goal is to predict occurrences
of each event in the future window (purple box).

1.1. Clinical Event Time-series and Prediction
Briefly, event time-series is a time-series of events that occur in continuous
time. In statistics, these are modeled as temporal point processes, that is, point
processes defined on time dimension [6, 7, 8]. The basic temporal point process
defines occurrence of just one type of event. Marked point processes associate
values with each event [9, 10]. If values associated with events are categorical,
they represent multivariate event processes. That is, each event category defines
its own basic point process [11]. In the context of EHR-derived sequential
data, multivariate clinical event time-series is a representation of patient records
projected to multiple event time-series where each event time-series represents
a specific type of clinical event, such as administration of medication.
The task of predicting multivariate event time-series is defined as follows:
given a full history of events in a sequence y[1:t] (from the beginning until current
time t) predict the occurrence of the next (future) event. For continuous-time
prediction, this is typically done by defining and modeling an intensity function
of the point process. Hawkes process models [12, 13] or its variants [11, 14] can
be used for this case. However, instead of defining and learning the intensity
function for continuous-time prediction, one may also restrict predictions to
t
a finite time interval (window). As the event time-series is multivariate, yi=1
can be represented by a multi-dimensional binary vector, as shown in Figure 3.
Detailed introduction of the multivariate event time-series and formal definition
of the prediction task will be shown in Section 2.
1.2. Clinical Relevance of the Event Prediction Models
Our work develops predictive models for a broad range of events in EHRs.
These models can be used for different purposes. If events predicted are equal
to adverse events our ability to predict boils down to adverse event predictions.
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Examples of such problems are predictions of sepsis [15, 16] or acute kidney
injury [17]. However, we would like to note that some adverse events may not
be directly logged in the EHR. In that case, surrogate events and conditions
can be used to define these events and enrich the EHR data with augmented
event sets. For example, one may define the sepsis event by the time when
the standardized Sepsis-3 definition is satisfied [18]. Similarly, AKI prediction
targets can be incorporated into EHR using AKI definitions based on the serum
creatinine levels and urine output [19, 20, 21].
Our event prediction models can be also used for outlier detection and medical error detection as defined in the works of Hauskrecht et al. [22, 23, 24, 25].
Briefly, by defining high-quality models for predicting the events like lab orders
or medication administration, one can use them to infer unexpected omission
or commission of medications or labs. Finally, our ability to predict the occurrence of future events for multiple patients at the same time can be used to
predict various future resource demands which in turn can be used to optimize
the workflows or predict various capacity limits.
1.3. Existing Approaches to Clinical Event Time-Series Prediction
In what follows, we briefly introduce existing approaches to predicting and
modeling EHR-derived multivariate event time-series.
• Temporal Templates. Early work on predicting clinical events from
EHR data had focused on patient state models generated by predefined
temporal templates (featurization) of individual time series and their combinations [23, 26]. Briefly, the temporal template approach transforms
complex multivariate clinical time-series with either discrete and realvalues into fixed-sized vector representations. The key idea of the method
is to define a set of feature functions (also called feature templates) that
map time-series defined over clinical variables to fixed-size vectors and
their combinations [23]. The advantage of the methods is that it allows
efficient processing of complex EHR-based sequence data into feature vectors that feed (off-the-shelf) classification algorithms such as support vector machines (SVM), Naive Bayes classifiers, decision trees, or neural networks for future event prediction. The approach has been successfully used
for different EHR prediction [27, 28] and outlier detection [25, 24] problems. The main disadvantage of the approach is that temporal templates
should be defined a priori and the number of possible features generated
with these methods can be very large. One solution to alleviate the need
to define the templates apriori is to use predictive patterns extracted directly from data using frequent data mining methodologies [29, 30, 31].
Frequent data mining methodologies have been used to modeling complex
clinical temporal processes such as onset of adverse events following immunizations [32], drug-drug interactions [33], treatment of acute coronary
syndrome [34], patient management of diabetes mellitus [35, 36] and other
chronic diseases [37].
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Finally, Sheetrit et al. [38] have developed temporal probabilistic profiles (TPF) for sepsis onset prediction that model frequently repeating
temporal patterns of multivariate ICU time-series. However, unlike our
approach that predicts a wide range of events, the objective of TPF is to
predict the future occurrence of a single target event from multivariate
input time-series.
• Probabilistic Latent State Models. More recent work has focused
on defining the patient state and predictions using various probabilistic
latent state-space models such as hidden Markov models, linear dynamical systems [39, 40], Gaussian processes [41, 42] or their combinations
[43]. The approach allows more flexibility by modeling complex dynamics of the clinical time-series through a (shared) latent state-space which
is defined by an autoregressive function of a previous latent state and a
recent observation. The benefit is that correlated observations can be represented more compactly in the latent space. A limitation of probabilistic
models is that the behavior and expressiveness of the latent state-space
are determined by a specific (pre-defined) probabilistic distribution such
as Gaussian distribution, Bernoulli distribution, or Weibull distribution
which may not exactly fit the observed data.
• Modern Neural-based Models. In most recent years, the advances
in modern latent embedding and deep learning models led to new lowdimensional latent state representations with good predictive performances
on a variety of tasks. Examples of the relevant works include modeling of
patient state using real-valued vector-based representation methods such
as Skipgram and CBOW [44, 45, 46, 47, 48], or hidden state-space models
based on recurrent neural networks (RNN) [49, 50, 51, 52, 53, 54, 55, 56,
57]. These modern approaches typically do not assume specific probabilistic distribution form for generating the hidden state space. Instead, they
use a data-driven approach to learn a mapping of the input to the hidden
state and ultimately to the output using a series of linear transformations
(matrix multiplications) and non-linear activation functions (e.g., sigmoid
or tangent hyperbolic). Hence, it is typically more flexible (no specific
distribution form is assumed) compared to the probabilistic latent-space
approaches.
In this work, we build upon and explore models based on modern neuralbased temporal methods.
1.4. Challenges and Directions
Modeling of EHR-derived multivariate clinical event time-series is not an
easy task and it comes with a number of challenges which we review below.
1.4.1. High Dimensionality
Multivariate clinical event time series for hospitalized patients consist of
several thousands of different types of clinical events corresponding to the ad6
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Figure 4: Histogram of time differences for two consecutive events of administration of fluconazole, antibiotics medication. It illustrates how events in EHRs occur with periodicity.

ministration of many different medications, lab orders, lab results, various physiological observations, procedures, etc. For example, as mentioned before, there
are more than 30,000 different types of events exist in MIMIC-III Database.
When representing multivariate event time-series in a matrix form, such as in
Figure 2, the matrix becomes large and sparse, and its complexity may not fit
well standard statistical time series models [58].
To address this issue some works attempted to predict a singly occurring
target event (i.e., one type of target event) instead of concurrently predicting
all multivariate events [46, 53, 49, 51, 52, 59]. In this work, we aim to predict high-dimensional targets from the sequence of high-dimensional
events. It is more challenging as the models need to learn more complex associations between context and target over multiple time steps.
1.4.2. Time-Representation and Temporal Granularity
The original EHR-based multivariate event time-series consist of events recorded
in continuous time. To efficiently process the time-series, the original continuoustime representation is typically transformed into discrete-time based representation using window-based segmentation [54, 57, 24, 25, 60] which maps multiple
events that happen during a specific time-window in a fixed-sized binary vector.
During the segmentation process, the derived event time-series can be generated
at a certain temporal granularity that corresponds to the window’s size. Finer
temporal granularity results in a more detailed (high-resolution) representation
of patient states that leads to longer and sparser sequences which in turn make
the modeling of event dependencies much harder, and computationally more
expensive.
To alleviate these problems, some of the prior works on modeling EHRbased event time-series used coarser temporal granularity such as admission or
visit level [50, 52, 46]. In this work, we consider and build models with
event time-series based on finer temporal granularity with a segmentation window (a time-step in a sequence) corresponding to 24, 12, or 6 hours
intervals.
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1.4.3. Different Temporal Characteristics
The EHR-based multivariate event time-series consists of individual event
time-series that have different temporal characteristics. For example, some types
of events occur repetitively with certain time gaps (e.g., medications administered at regularly scheduled intervals, as shown in Figure 4). Also, each event
has different temporal ranges of dependencies for precursor events. Some events
are strongly dependent on very recent occurrences of other events. For example, the administration of norepinephrine (a medication that increases blood
pressure) is highly related to an observation of hypotension (low blood pressure
state) in its recent past. In other instances, events may depend on a preceding
event that occurred a long time ago. For example, the incidence of acute kidney
injury (AKI) in the distant past can impact the necessity of dialysis. To accurately predict future events from the multiple event time-series with different
temporal characteristics, we need more flexible and expressive models. In this
work, we focus on developing methods that can model different temporal characteristics with its modularized architecture. Specifically, we
develop models that consist of a set of modules where each focuses on a specific
temporal attribute. With this approach, we can build an expressive and flexible
ensemble model for multivariate time-series prediction.
1.5. Overview of Our Approach
To alleviate the outlined challenges, we propose a new autoregressive neural temporal model that can handle complex multivariate event time-series with
more expressiveness by equipping different information channels for various temporal characteristics of the event time-series. We particularly hypothesize that
events in EHR-based multivariate event time-series has dependencies with certain temporal structure and proper handling of various temporal dependency
structures could enhance the predictability of a future event. Specifically, we
focus on the following temporal structures of the EHR-based event time-series:
The patient information from longer-term distant past is abstracted through
hidden states of the neural abstraction module that is based on Long Shortterm Memory (LSTM) [61]. The recent information on the patient state is
compiled by recent context module that projects the recent event information into discriminative space. The patient information from repeatedly occurring events is modeled through periodicity mechanism that compiles each
event’s periodic statistics into external memory and utilizes in prediction of
next event occurrence based on the elapsed times of recent past occurrences.
With the three modules, our model can summarize and utilize different aspects
of complex clinical event time-series toward accurate prediction of future event
occurrence.
To evaluate our model, we use the real-world clinical data derived from EHRs
of critical care patients in MIMIC-III database [5]. The clinical events considered
in this work correspond to multiple types of events, such as medication administration events, lab test result events, physiological result events, and procedure
events. These are combined in a dynamically changing environment typical of
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intensive care units (ICUs) with patients suffering from severe life-threatening
conditions. Through rigorous evaluations on MIMIC-III data we show that our
model outperforms multiple baseline models in terms of the quality of event
predictions. To provide further insights into its benefit and prediction performance, we also split the results with respect to different types of clinical events
considered (medication, lab, procedure, and physiological events), as well as,
based on their recurrence patterns, again showing the superior performance of
our model.
2. Background
In this section, we first define the multivariate event time-series, their representation, and the prediction task considered in this work. After that, we
review work and approaches for multivariate time-series modeling and their applications to clinical event time-series.
2.1. Multivariate Event Time-Series
We define multivariate event time-series by a time-stamped sequence of
events U = {uj }j , where each event uj = [ej , tj ] is represented by a pair of
an event type ej and its time tj . We assume there are |E| different event types
defining the multivariate event time-series. A univariate event time series would
be defined by a single event type |E|=1.
The event time series (with continuous time stamps) can be directly modeled using point processes [6, 7, 8]. Examples of such processes are a Poisson
process [62] or a Hawkes process [12, 13] and its variants [11, 14]. These models
have been applied to various event sequence problems, including clinical event
prediction [11, 14]. However, these models are known to be hard to optimize
directly using gradient-based methods and require additional sampling methods
to compute the integral of log-likelihood of intensity function. Intensity functions defining the point process are functions of time and are very challenging
to model and optimize, especially in multivariate settings with many possible
dependencies among the different events. Hence, the event time series are often
converted to discrete-time models (see Figure 5) where the original event time
series are segmented using a window spanning a certain fixed period of time,
and events within the window are considered to co-occur in the discretized time.
2.2. Segmentation (discretization) of Event-Time Series
We define the discrete-time event time-series as follows:
• Discrete-time event time-series Y = {yi }i consist of a sequence of states
yi where yi ∈ {0, 1}|E| is a multivariate binary vector that represents
occurrences of events of different types at a discrete time step i, and |E|
denotes the total number of event types.
• Discrete-time event time-series are generated from time-stamped multivariate event time-series U through segmentation of event occurrences
with a time window W as described in Figure 5.
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Figure 5: Time discretization of multivariate event time-series. The original EHR-based timeseries data consists of event occurrences in continuous time. These are discretized in time
using a non-overlapping segmentation window. The events are represented by a binary vector
yi ∈ 0, 1|E| that cover all event occurrences spanning the period covered by the window.

In the following sections we assume we have data that consists of N discretetime event time-series: D = {Y1 , ..., YN }. Next, we review existing modeling
approaches for the discrete-time event time-series.
2.3. Markov Models
Markov models form a foundation of discrete-time time-series models. Given
their simplicity and tractability, the majority of the event time-series models are
special cases of Markov models [63, 64]. Markov models represent a sequence
of observations over time using a sequence of states and their transitions. The
Markov property assumes that the current state captures all necessary information relating the future and past. In other words, the next state depends only
on the most recent state, and is independent of the past states:
P (yT |yT −1 , yT −2 , ..., y1 ) = P (yT |yT −1 )

(1)

The joint distribution of an observed sequence is modeled by a product of
conditional probabilities:
P (y1 , y2 , ..., yT ) = p(y1 )

T
Y

P (yi |yi−1 )

(2)

i=2

A standard Markov model assumes all states of the time series are directly
observed. However, the states of many real-world processes are not directly
observable. One way to resolve the problem is to define the state in terms of
a limited number of past observations or features defined on past observations
[26, 65, 25] and another is to use Markov models with hidden states.
2.3.1. Hidden Markov Models
A Hidden Markov model (HMM) [66, 67] introduces hidden states zi of d × 1
dimension. The observation yi is modeled through the hidden state zi and the
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emission table B ∈ R|E|×d with components: Bm,n = P (yi = n|zi = m). The
transition table A is used to update the hidden states and the emission table B
is used to generate observations:
zi = A · zi−1

yi = B · zi

The prediction for next event yi+1 can be made straightforwardly, given the
hidden state of the current time step zi : P (yi+1 |zi ) = B · (A · zi ).
Clinical Applications. HMMs have been shown to reach good performance in many applications such as stock price prediction [68], DNA sequence
analysis [69], and time-series clustering [70]. For clinical tasks, HMMs have
been used to model dynamics of various clinical variables such as progressions of
glaucoma and Alzheimer’s disease [71], epileptic seizure events [72], medication
administration patterns from post-surgical cardiac patient [73], and neonatal
sepsis events [74].
Traditional HMM models assume discrete (categorical) hidden states. Linear dynamical systems (LDS) [75, 76] alleviate this issue by defining real-value
hidden and observable states. Another issue with the hidden state in Markov
models is that the dimensionality of their hidden state space is not known a priori. Various methods for hidden state space regularization, such as [39, 77, 40]
have been able to address this problem.
2.4. Neural-based models for event time-series
Recent advances in neural architectures and their application to time-series
offer end-to-end learning framework that is often more flexible than standard
time-series models. In this section, we summarize the following neural-based
methods for event time-series processing: recurrent neural network (RNN), long
short-term memory (LSTM), attention mechanism, and convolutional neural
network (CNN).
2.4.1. Recurrent Neural Network
RNN is a type of neural network that models a sequence with the hidden
state, similarly to HMM. But RNN is more flexible and efficient: given fixed input and target from data, RNN is to learn the intermediate association between
them. Unlike HMM, the value of the hidden state of RNN is computed purely
deterministically. Without any stochastic component, at each time step t, the
hidden state ht is computed given the previous time step’s hidden states ht−1
and new information from the current time step’s input yt with the following
rule:
ht = tanh(U · yt + W · ht−1 )
where tanh(·) is hyperbolic tangent used as an activation function that helps it
to learn non-linearities. U ∈ Rd×|E| and W ∈ Rd×d are weight matrices. Once
trained, the same weights are shared over time. Hence, no smoothing or filtering
is required to compute the values of the hidden state. The prediction for the
next event ŷt+1 is generated as follows:
ŷt+1 = g(V · ht )
11

(3)

where V ∈ Rd×|E| is output layer weight matrix and g(·) is an output transformation function. g(·) can be any activation function, and it needs to be selected
to match the type of the target in data. For instance, if the target variable is
a multi-class variable the softmax function is used. On the other hand, if the
target is binary or is defined by a set of binary variables a sigmoid function
(such as logistic function) is used. The parameters of RNN are learned through
a stochastic gradient descent algorithm. Loss is determined by cross-entropy
function (multi-class) or binary cross-entropy function (multi-label), summed
over all time-steps of each sequence as well as across all sequences [78].
Meanwhile, RNN is known to have limitations on learning and prediction
with long sequences, problems are called vanishing and exploding gradient [79].
Several solutions are proposed for the problem. One is to apply backpropagation
on chunked sequence with a limited number of time steps (Truncated-BPTT)
[80, 81]. Another is to add gates to produce paths where gradients can flow
more constantly in longer-term without vanishing or exploding such as Long
Short-Term Memory (LSTM) [61] and Gated Recurrent Units (GRU) [82].
2.4.2. Long Short-Term Memory
LSTM effectively prevents the vanishing and exploding gradient problems
with memory cell states and gates that control the information flow. Each gate
is composed of linear transformation with sigmoid activation function on ht−1
and yt . In detail, the hidden states ht and cell states Ct are updated as follows:
first, LSTM updates the candidate for the new cell states C̃t as a function of
ht−1 and yt :
(4)
C̃t = tanh(Wc · [ht−1 , yt ] + bc )
where [, ] represent concatenation of two vectors. Then, it computes forget ft
and input it gates which will be used to determine how much contents from the
previous cell Ct−1 will be erased and how much of values of the new candidate
cell states C̃t combined into the new cell state Ct respectively:
ft = σ(Wf · [ht−1 , yt ] + bf )
it = σ(Wi · [ht−1 , yt ] + bi )

(5)

Ct = ft · Ct−1 + it · C̃t
Output hidden states ht will be based on the cell state Ct with filter from
output gate ot which decides which part of the cell state Ct will be in the output:
ot = σ(Wo · [ht−1 , yt ] + bo ) ht = ot ⊗ tanh(Ct )

(6)

where ⊗ denotes element-wise multiplication and Wf , Wi , Wo ∈ R|E|×d and
Wc ∈ Rd+|E|×d . With these parameters ready, we can simply denote LSTM as
a function of the previous hidden states ht−1 and current time-step’s input yt :
ht = LSTM(yt , ht−1 )
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The final prediction for the next event ŷt+1 is computed the same way as
RNN in Eq. 3. The parameters are also trained through the same method used
for RNN.
Clinical Applications. RNN and LSTM have been applied to many areas
of prediction and modeling of sequence data such as time series [83, 84], vision
[85], speech [86], and language [87] problems and many others. For modeling
of clinical event time-series, the hidden states of RNN and LSTM can directly
correspond to a real-valued (latent) representation of patient states. With this
property, RNN and LSTM have been successfully applied to many clinical event
predictions such as medication prescriptions [88, 50], heart failure onset [89],
readmission of chronic diseases [90], outcome of kidney transplantation [52],
disease progression of diabetes and mental health [53], and ICU mortality risk
[55]. Specifically, Bajor et al. [88] tested performances of LSTM and GRU
[82] models along with non-recurrent models such as random forests [91] on
the task of predicting the next medication given a sequence of ICD-9 diagnosis
codes. Also, Choi et al. (2017a) [89] tested GRU with non-sequential models
such as SVM [92] and Multi-Layer Perceptron (MLP) for the task of predicting
the onset of heart failure given events such as disease diagnosis, medication
orders, and procedure orders that happened within a fixed observation window
from longitudinal EHRs data. Choi et al. (2016b) [50] used GRU to predict
diagnosis and medication at a next visit given a sequence of diagnosis codes,
medication codes, or procedure codes in previous visits. Esteban et al. [52] used
RNN to predict the outcomes of kidney transplant operations given a sequence of
medications, lab tests along with and demographic and static information about
patients such as age, gender, blood type, weight, primary disease. One challenge
of modeling EHR-derived time-series is that data are sparse, and values for
many clinical variables are missing. An example of a probabilistic model that
deals with these problems for real-valued clinical variables is the work of Liu
et al. [93]. An example of an RNN-based approach for the same problem is
the work of Che et al. [94]. It augments GRU with a novel mechanism called
GRU-D that decays hidden states and inputs to capture the missing temporal
patterns explicitly. However, we note that our work aims to predict discrete
event occurrences while the GRU-D is designed to model real-valued time-series;
hence it is not applicable to event time series.
2.4.3. Attention Mechanism
When the length of a sequence is longer, it typically deters RNN/LSTM to
learn dependencies between distant positions [79, 95]. Attention mechanism [96]
tackles the challenge by using hidden states of all available time steps h1 , . . . , ht ,
instead of the last one ht . At current time step t, attention mechanism generates
an output ot as a weighted sum of h1 , . . . , ht . Softmax is used to compute the
attention weight αit which measures relative importance of hi among all available
hidden states h1 , . . . , ht to the output ot . The weight is computed through as
follows:

exp score(hi , qt )
t
αi = Pt

(7)
j=1 exp score(hk , qt )
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Typically, the previous time-step’s output ot−1 is used for the query term qt
. In the original paper [96], the score function is parameterized by a simple
feed-forward neural network with tangent hyperbolic (tanh) activation:
score(hi , qt ) = va · tanh(Wa · [hi , qt ])

(8)

where va and Wa are weight vector and matrix. Then, we can compute the
output ot as a weighted sum of hidden states:
ot =

t
X

αit · hi

(9)

i=1

For prediction, ot is plugged into Equation (3) at the place where ht is used:
ŷt+1 = g(V · ot ).
Clinical Applications. Attention mechanism has been widely adopted in
many machine translation and NLP tasks [97, 98, 99, 100, 101, 102]. For the
clinical sequence modeling, attention mechanism has been applied to the treatment (medication) recommendation [103], prediction of sequential diagnoses
and heart failure prediction [49, 104], and prediction of in-hospital mortality,
readmission rate, and length of stay [60], and in these works, attention-based approaches consistently show outperforming results over RNN/LSTM based models. Specifically, Zhang et al. [103] developed a model that learns a predictive
mapping between a bag of diagnoses at a visit (input) and a bag of medications
at the same visit (labels). The relationship between medications is modeled
through attention mechanism, and the relationship between medications and
diseases is modeled through an RNN-based decoder, which sequentially predicts
the most probable medication at each time-step. Choi et al. (2016a) [49] approached next diagnosis prediction task (multi-class sequential prediction) and
heart disease onset prediction (binary sequence classification) with reverse-time
attention mechanism (RETAIN). Briefly, it computes hidden states of RNN in
reverse time-order and uses two attention mechanisms to compute attention
weights. Interestingly, Choi et al. (2017b) [104] used attention mechanism to
comprehend prior knowledge in medical ontology for sequence prediction. In
detail, the authors developed a sequential diagnosis prediction model that predicts all diagnosis categories in the next visit. The model uses the attention
mechanism over a tree-like structured knowledge graph (ICD-9 diagnoses code
ontology) to compose a representation of a leaf diagnosis code as a weighted
average of ancestor nodes. Leveraging prior knowledge in ontology led to better
predictability compared to GRU-based baseline models.
2.4.4. Convolutional Neural Network (CNN)
Unlike RNN/LSTM that recurrently computes an internal representation of
sequences over time, Convolutional Neural Network (CNN) [105] uses a different
mechanism to summarizes the history of past events: briefly, it first uses sliding
(convolving) filters over time to compute local features. Then, after processing the local features into non-linear activation function (e.g., ReLU), it uses
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pooling operation to summarize the local features. Particularly, CNN is known
to be powerful in dealing with complex input features (such as ones in images
and videos) due to its key properties: location invariance and compositionality. Location invariance: from high dimensional input, convolution and pooling
operations help to extract key information regardless of the location of the key
information. That is, CNN is invariance to scaling to extract key features.
Compositionality: each convolutional filter creates a local patch (information
channel) of lower-level features into a high-level representation. Typically, multiple convolutional filters of different sizes are used together, and this creates
multiple channels that effectively summarize local features with different scales
and projections. Especially, with a deeply layered network structure, important information for a task (e.g., classification) is hierarchically composed from
bottom to top.
Clinical Applications. CNN has been very successfully used in wide areas
including image recognition [106, 107, 108, 109], object detection [110, 111, 112],
text detection and recognition from images [113, 114, 115], automatic speech
recognition [116, 117, 118]. Also, CNN also has been used to NLP tasks such
as text classification [119, 120, 121] and language modeling[122, 123, 124]. For
clinical time-series such as complex high-dimensional real-valued biomarkers
(e.g., lab values) or discrete event sequences, CNN has been used to predict
clinical events [125, 126, 127] (e.g., the onset of disease) and clinical outcomes
[59]. Specifically, Razavian et al. [125] leveraged CNN to predict the onset of
diseases (ICD9 code) given time-series of lab test values of patients. Suresh et al.
[126] tested CNN and LSTM for the prediction of five intervention tasks given
numeric lab values and clinical free-text notes over time: invasive ventilation,
non-invasive ventilation, vasopressors, colloid boluses, and crystalloid boluses.
To obtain feature representation of complex clinical free-text data, they used a
topic distribution of the notes learned from Latent Dirichlet Allocation (topic
modeling) [128]. Nguyen et al. [59] used CNN to predict readmission rate given
previous clinical event history (diagnosis and medication). They considered the
time-gap between consecutive events as a special token. Cheng et al. [127]
used CNN to summarize diagnosis codes (ICD9) of patients for prediction of
the onset of congestive heart failure (CHF) and chronic obstructive pulmonary
disease (COPD).
2.5. Modeling Periodic Signals
Clinical event time series often come with temporal patterns defined by
periodic events. In terms of modeling periodic signals, existing researches have
traditionally focused on standard models defined by spectral decomposition of
the signals using Fast Fourier Transformation (FFT) [129, 130, 131, 132, 133,
134]. However, FFT is known to require sequential data with comparably high
sampling rates [135] and due to this reason, FFT-based approaches may not
fit with the modeling of clinical event time-series data which consists of many
sparsely occurring events. Temporal pattern mining has been used to model
periodic events in sparse sequence data. Ozden et al. [136] introduced a method
that discovers temporal patterns with strict periodicities (uniform inter-event
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intervals) based on association rule mining approaches [137]. Subsequently,
Han et al. [138], Ma and Hellerstein [139], and Cao et al. [140] developed
methods that can discover relaxed periodic patterns such as periodicities with a
few skips in event occurrences or with non-uniform inter-event intervals between
event occurrences. Statistical parametric models are also used to model sparsely
occurring temporal events. Based on hidden semi-Markov models, Kapoor et al.
[141] attempted to model repetitive music listening events. Trouleau et al. [142]
model video binge-watching behavior based on a Poisson mixture model with
latent factors. Kurashima et al. [143] predicted everyday human actions from
smart wearable devices with temporal point processes defined based on Weibull
distributions. Using the histogram of inter-visit timing intervals for websites,
Adar et al. [144] clustered re-visitations of a website.
3. Methodology
In this section, we introduce a new autoregressive event time-series model
that represents different aspects of multivariate clinical event-time series with
multiple temporal mechanisms. Briefly, information from the distant past is
abstracted and carried through the hidden states of the LSTM-based neural
abstraction module. Information about the most recent observations (context)
is processed by the recent context module. Finally, information about event
recurrence and their periodicity is modeled and processed through a periodicityaware mechanism. The final event prediction model combines all three channels
of information and outputs the probabilities of multivariate event occurrences
for the next time step. The architecture of the proposed model is summarized
in Figure 6. In the following, we describe each module and its role in depth.
3.1. Neural Abstraction Module
LSTM has been successfully used to model time series with the help of
hidden states, allowing one to abstract and summarize information from a more
distant past. At a glance, at each step of a sequence, LSTM gets (event) input
and updates its hidden state based on the hidden state from the previous step.
Then it feds predictive signals for the occurrence of events in the next step.
In detail, at each time step t, events in the input sequence represented as
|E|
binary vector yt ∈ (0, 1)
are processed and mapped to a real-valued vector
zt through embedding matrix Wemb : zt = W(emb) · yt . Then, given the processed input zt and previous hidden states ht−1 , LSTM updates hidden states
ht through the update rules defined in Equations 4-6:
ht = LSTM(zt , ht−1 )

(10)

3.2. Recent Context Module
When properly trained, the hidden state in the LSTM module can be sufficient to represent and model future behaviors of event time-series by abstracting dependencies of past and future events. However, to be trained properly,
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Figure 6: Architecture of the proposed model. Different temporal aspects of information
in the multivariate event time-series (y1 , ..., yt−1 , yt ) are processed through three different
mechanisms: neural abstraction, recent context and periodicity memory modules.

LSTM (or any deep-learning based models) requires large amounts of training
instances. In the clinical domain, obtaining large amounts of clinical cases (e.g.,
rarely ordered medication or lab tests) is hard in general. This constraint may
deter us from training LSTM for predicting rare clinical cases. Meanwhile, for
certain clinical event categories such as medications, an event’s future occurrence may highly depend only on the most recent events and not the distant
past. Hence incorporating this information through the hidden state of LSTM
does not make much sense. To address the above issues, we propose to distinguish and model two sources of information from past event sequence: (1) the
abstracted information of past event sequence through hidden states of LSTM
representing more distant past and (2) the specific information about event occurrences in a very recent context window. The recent context module serves
to capture and process the recent event information. Briefly, the recent event
at the current time step t is in binary vector yt ∈ (0, 1)|E| and it is incorporated
into the model through a linear transformation to model:
bu = Ws · yt + bs

(11)

bs can be seen as additional bias term that reflects recent event occurrence
information.
3.3. Periodicity Memory Module
Many events in the EHR-based multivariate event time-series occur periodically. For example, administrations of various medications occur with certain
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periodicity due to the nature of the medication administration dosage regime.
Figure 9 shows the distribution of time gaps between two consecutive administration events for one of the medication with a typical period of 12 hours.
One approach to modeling the periodicity of the time-series is to rely on the
hidden states of RNN/LSTM. Briefly, if the RNN is properly trained, it could
figure out sufficient statistics and counting processes needed to drive periodic
signals. However, when the number of the different periodic events in the EHR is
large, it is not feasible to expect the model will be able to cover all periodic events
using the same hidden state (of limited size). To prevent this from happening,
we propose a simple mechanism to enhance the handling of periodic events and
incorporate them into the periodicity module. Briefly, the new module relies
on a memory that stores observed temporal characteristics of many periodic
events and uses them to derive a new periodicity-aware signal to enhance event
predictions further, and this at any time and for any prediction window size.
In a nutshell, our module uses memory that stores gaps (time differences)
observed for pairs of two consecutive events of the same type (a) for all past
patients and (b) for the current patient. At the time of the prediction for the
current event time-series, the module calculates how much time has elapsed since
the latest occurrence of the event of the same type, and based on the prediction
window size and information stored in the memory of past event gaps, it predicts
the probability of the signal to be repeated in the next prediction window. As
noted earlier, two different sources of information are used: (a) event gaps for
the current patient and (b) compiled event gap distributions obtained from
time-series of past patients in the training set. We describe the event prediction
mechanisms in more detail in the next subsections.
3.3.1. Event Prediction Based on Recent Event Gap for the Current Patient
The periodicity module models periodicity of individual patient’s event stream
and utilizes it for predicting the next occurrence of each event type. To predict the future occurrence of event e ∈ E for the current patients, we use two
periodicity-related statistics:
• Recent interval (ζ), that is a time period between the two most recent
occurrences of the event e in the current event stream:
e
ζte = τte − τt−1
e
where τte and τt−1
are timings of the two most recent occurrences of the
event e in the current event stream (that is, events closest to current time
t).

• Elapsed time () that is the time elapsed from the last occurrence of the
event e in the current stream:
et = t − τte
where t denotes the current time.
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Figure 7: Event gap distribution and calculation of the probability of future event occurrence.
Event gap distribution is formed by summarizing event gaps observed in time series of past
patients and compiling them into a (normalized counts) histogram. The event prediction for
the current time t and prediction window W is made by calculating the histogram probability
mass defined by the time elapsed since the last event and the size of the future prediction
window (sum of probabilities inside yellow solid line) and by normalizing it with the remaining
probability mass defined by current time and onward time (sum of probabilities inside green
dotted line).

With the above two statistics, the model outputs patient-specific periodicitybased prediction pet for event e and the prediction window of size W : as
(
1
if et < ζte < et + W
e
pt =
(12)
0
otherwise.
One drawback of this approach is that it cannot make predictions until
it observes the first two occurrences of events (τ1 and τ2 ). In addition, the
recent interval statistic keeps only recently observed time gap between the two
consecutive events for the current patient and hence its predictions may become
inaccurate. To address this issue, we rely on event gap statistics and their
distribution as obtained from the training patient set.
3.3.2. Event Prediction Based on Event Gap Distribution of Past Patients
The probability distribution of event gaps (time differences between two consecutive events) for each individual event type can be compiled from across all
patients in the training set and represented (non-parametrically) in a histogram
structure. Figure 7 illustrates such a histogram.
To predict the probability of occurrence of the next event e in the prediction window W for the current patient’s time-series, the histogram structure,
the time elapsed since the most recently observed event et , and size of the prediction window W are considered. To do so, we define a function mass(ta , tb )
that returns the probability mass between two time points [ta , tb ] (such that
ta < tb ) when projected on the histogram. Then, the signal rte predicting the
probability of the next event occurrence within the next time window based on
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the histogram probabilities is defined as follows:
rte =

mass(et , et + W )
mass(et , ∞)

(13)

This process is illustrated in Figure 7. Briefly, the numerator reflects a
probability of observing the next event from the current time (projected on the
event gap histogram using the elapsed time since the most recent event time)
to the new time defined by the window size W . The denominator defines a
normalizer that takes into account the fact that no event has been seen during
the time period defined by the elapsed time and basically corresponds to the
probability of observing the event from the current time till the infinity. We
assume that rte = 0 if there is no prior occurrence of the event e.
3.4. Combining Predictive Signals
With the predictive signals bu (Eq. 11), ht (Eq. 10), pet (Eq. 12), and rte
(Eq. 13) ready, we compute final output of the model as follows: First, we
compute event-specific intermediate output õe :
e
õe = (Wout
· [ht , pet , rte ] + beout )
e
∈ R1×(h+2) and beout ∈ R are parameters of the linear transformation
where Wout
of the vector combining all signals. The final output for next event occurrence
is computed as follows:

ŷt+1 = σ([õ1 , ..., õ|E| ] + bu )

(14)

The proposed predictor combines information on distant past from LSTM’s
hidden states and event gap-based information from the periodicity module
through concatenation and important signal for each event e is selected through
e
, beout . Then, the recent state (most
linear regression parameterized with Wout
recent events) information is added as an additional recent bias term. The
addition of the recent bias can be seen as adjusting information from LSTM’s
hidden states and the periodicity module with information from recent event
occurrences.
3.5. Parameter Learning
The parameters of the model are learned by backpropagation through time
(BPTT) [145] with an adaptive stochastic gradient descent based optimizer
(ADAM) [146]. For loss function L, we use binary cross entropy between the
prediction vector ŷt and the true event occurrence vector yt over all sequences
in the training set and 1 denotes a vector filled with 1s:
X
L=
−[yt · log ŷt + (1 − yt ) · log(1 − ŷt )]
t

For the prior event gap distribution, the parameter are learned nonparametrically by counting and normalizing the histogram bins of each event-type.
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Category

Medication

Procedure

Lab test

Physio signal

64

44

155

19

59K

53K

308K

181K

5.8%

7.6%

12.7%

60.9%

4

2

4

12

6

12

7

15

Cardinality
Num. of occurrences
across all patients
Avg. rate of occurrence
throughout all time-windows
Median number of event
occurrences per admission
IQR of number of event
occurrences per admission

Table 1: Clinical data statistics by event categories (W =6)

4. Experimental Evaluation
In this section, we evaluate the performance of our new autoregressive model
on MIMIC III data [5] and compare it with alternative baselines.
4.1. Clinical data
We test the proposed model on MIMIC-III, a clinical database generated
from real-world EHRs of intensive care unit patients [5]. We extract 5137 patients from the database by applying the following selection criteria: (1) adult
patients with age between 19-99 (2) patients with a length of ICU stay between
48 and 480 hours, and (3) patients with records represented in the Meta Vision, one of the systems used to generate MIMIC-III dataset. Except for these
criteria, we do not filter out any patient in order to test our model across the
general patient pool regardless of disease, symptoms, or conditions. We split
the patients into the training and test sets with a ratio of 8:2.
For the sake of the robust experimental evaluation, we build ten different
train-test data splits by randomly shuffling the patients before splitting. We
report averages over these ten different splits.
4.1.1. Feature Preparation
We generate discrete-time event time-series by segmenting all EHR sequences
with three different window sizes (W =6,12,24 hours). As mentioned in Section
2.1, at each step of a window segment, the input yt is as a binary vector formed
by aggregating all types of events in the window and the prediction target yt+1 is
formed as a binary vector of events that occurred in the next window segment.
We use four clinical event categories: medication administration events, lab
results events, procedure events, and physiological result events. For medication,
lab, and procedure event categories, we filter out those events observed in less
than 500 different patients. Further, for each of 10 splits, we filter out those
events that are not observed in both train and test sets. The number of resulting
events (|E|) is 282. The table 1 shows relevant data statistics collected from the
train set.
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4.2. Baseline models
We compare our model with multiple baseline models that can predict events
for multivariate event time series given their previous history. The baselines are:
• Logistic Regression based on the Recent Context information
(LR-Recent) predicts the next event occurrence yt+1 using the current
events yt . The model is defined by a linear transformation with the sigmoid
output function: ŷt+1 = σ(Wlr · yt + blr ), Wlr ∈ R|E|×|E| .
• Logistic Regression based on the Full history (LR-Binary): aggregates all event occurrences from the complete past event sequence and
represents them as a binary vector. The vector is then projected to the
prediction of yt+1 by using the same parameterization as the above model.
• REverse-Time AttenTioN (RETAIN): RETAIN is a representative of
attention-based approaches that uses attention mechanisms to summarize
clinical event sequences. Proposed by Choi et al. (2016a) [49], RETAIN
uses two attention mechanisms to comprehend the history of hidden states
from RNN (GRU) in reverse-time order. For multi-label prediction, we
use sigmoid function at the output layer. (See Section 2.4.3 for details of
attention mechanism)
• Logistic regression based on Convolutional Neural Network (CNN):
This model uses CNN to build predictive features summarizing the event
history of patients. Following Nguyen et al. [59], we implement this
CNN-based baseline model with a 1-dimensional convolution kernel operation followed by ReLU activation and max-pooling operation. To give
more flexibility to the convolution operation, we use multiple kernels with
different sizes (2,4,8), and features from these kernels are merged at a
fully-connected (FC) layer. (See Section 2.4.4 for details of CNN)
• Logistic regression based on the Hidden States from LSTM (HS):
predicts yt+1 based on the hidden states of the LSTM in Eq. 10. Linear
transformation with sigmoid activation function is used similarly to the
above models.
• Logistic regression based on the Hidden States from LSTM and
Recent Context information (HS-RC): predicts yt+1 based on hidden
states of LSTM and recent context state. The information is projected via
linear transformation with the sigmoid activation function at the output.
The proposed model that combines all three sources of information is referred
to as HS-RC-PM. (PM stands for Periodicity Memory)
4.3. Evaluation metrics
We evaluate the quality of predictions by calculating the area under the
precision-recall curve (AUPRC). AUPRC provides a more accurate performance
profile of models for a highly imbalanced dataset [147]. Due to the nature of
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Figure 8: Overall prediction results. The results show average test AUPRCs over all events
and 10 different random train-test splits.

EHR-derived time-series data, our dataset is highly skewed to negative examples
as shown in Table 1.
The reported AUPRC values (for the different methods) are averaged over
all target events and over test sets defined by 10 different train/test splits.
4.4. Implementation Detail
For the experiments, we use embedding size 64, fixed learning rate 0.005, and
minibatch size 256. The size of LSTM’s hidden states is determined by an internal validation set (a subset of the training set) with ranges of (64, 128, 256, 512),
and the tuning results are reported in Figure A.13 in the Appendix. To prevent over-fitting, L2 weight decay regularization is applied to all models. The
amount of weight decay is also learned by an internal validation set for each
baseline model.
4.5. Experimental Results
Figure 8 summarizes prediction results for all event types for three window
sizes (W =6,12,24) by averaging AUPRC obtained on our model and baselines.
We can clearly see that our model, HS-RC-PM, outperforms all baselines with
a clear margin in all window segmentation settings. Also, note that AUPRC
results for larger window sizes are higher. This is expected since segmentations
based on larger window sizes lead to higher priors for the occurrence of the
events.
Analyzing the results in Figure 8 by looking at the performance gap between
HS-RC-PM and HS-RC, we can see the added benefit of the periodicity module
to the prediction performance since the two models differ exactly in the inclusion
of that module. Digging deeper to understand this difference, Table 2 shows
AUPRCs for some events in which HS-RC-PM brings remarkable enhancement
in the predictive performance compared to HS-RC. Figure 9 shows the distribution of event gaps for these events (events in Table 2). Indeed, it is no surprise
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to observe such a performance improvement given strong periodicity in events.
The events with clear periodic behavior translate to the largest performance
gap between HS-RC-PM and HS-RC.
The benefits of the combination of the hidden state and recent information
(HS-RC) over models based on its individual components (HS and LR-Recent)
can be observed in smaller window segments W =6, 12 and it is no worse than
its component models in larger window segments W =24. When the window
size is W =24, the performance of the LR-Recent model approaches and is close
to HS-RC. On the other hand, the performance of the LR-Recent on smaller
window sizes deteriorates rapidly. This suggests that most of the important
information for predicting future clinical events comes from the recent 24 hours.
This finding can also be partly explained by the fact that many events (such
as drug administrations or lab orders) are repeated every 24-hours, hence once
they are observed they are most likely to occur also in the next time window.
In terms of pure HS model, the difference from HS-RC model is more visible
across all window sizes, but HS contributes to HS-RC predictions visibly more
for small window size (W =6), which is in line with the observed reduced benefit
of LR-Recent model for that window size.
For the difference between HS and RETAIN, we can observe that RETAIN
outperforms HS at W =24 but the inverse occurs at W =6, 12. This can be
due to the fact that shorter segmentation windows (W =6, 12) make the input
sequences longer and more complex and attention mechanisms in RETAIN may
not be able to pick up the important predictive signal from such sequences.
On the other hand, with a larger segmentation window (W =24), important
predictive information can be condensed into the previous step window, and
HS would not have any issues accessing it. Interestingly, we can observe a
similar pattern when analyzing the performance of CNN compared to HS. We
observe the gap between CNN and HS is larger for a smaller segmentation
window. Considering the fact that CNN comprehends whole event history with
convolution operations, the longer and more complex sequence is likely to cause
CNN to perform worse at sequences from smaller segmentation windows.
4.5.1. Analysis of Results based on Repetition Patterns
The overall results showed the performance boost from the inclusion of the
periodicity module. To further verify the effectiveness of the module across all
events, we divide the event time-series based on the number of previous events
occurrence for each event type and compute the performance for each group.
Briefly, we divide the event time-series into three groups: (G1) time-series with
no previous event occurrences (from the beginning till the event occurs the first
time), (G2) one previous event occurrence (after the event is observed first
time till it is observed the second time), and (G3) two and more previous event
occurrences (after observing the event the second time and to the end of the
time-series). When properly trained, it is expected that the performance gap
between HS-RC-PM and HS-RC should be visible for groups G2 and mainly
for G3, since the periodicity module is not able to generate any relevant signal
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Event
[Med]
[Med]
[Med]
[Med]
[Med]
[Med]
[Med]
[Med]
[Med]

Fluconazole
Ceftriaxone
Levofloxacin
Azithromycin
Ciprofloxacin
Metronidazole
Acyclovir
Cefazolin
Cefepime

HS

HS-RC

HS-RC-PM

1.98
5.40
3.27
1.94
26.97
52.78
32.13
43.69
36.55

2.20
4.79
3.27
2.09
28.46
49.43
31.00
41.50
35.82

34.54
33.02
26.80
25.04
50.82
70.86
51.63
60.74
54.38

Table 2: Performance on top 9 events with the largest gap between HS-RC and HS-RC-PM
(W =6)

until it gets the first event occurrence (case G1). Figure 10 shows the results
for these three groups.
As expected, the performance gap between HS-RC-PM and HS-RC is widened
at G2 as we expected. This clearly reflects the value of the information on periodic events compiled through periodicity memory. Also, differences in the
gap between HS-RC-PM and HS-RC in Figure 10b (G2) and Figure 10c (G3)
shows how the patient-specific recent interval could be informative toward accurate prediction of the time-series.
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Figure 9: Histograms of inter-event gaps of two consecutive occurrences of the top performing
events shown in Figure 2
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Figure 10: Prediction results based on the number of previous event seen
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Figure 11: Prediction results by the event type category

4.5.2. Analysis of Results based on Event Categories
To analyze the experimental results further, we next break the evaluation
results down by inspecting the predictive performances of the models for the four
different event categories: medication events, lab events, physiological events,
and procedure events. The results are shown in Figure 11. Clearly, HS-RC-PM
consistently outperforms baseline models across all event categories in AUPRC
statistics.
Notably, in the medication administration category, the performance gap
between HS-RC-PM and other baselines is greater. It shows the periodicity
module picks up the important signal on periodically occurring events. In ICU,
medications often follow periodic or quasi-periodic administration regimes.
4.5.3. Analysis of Results for Different Target Window Sizes
Our temporal prediction model is flexible in that it can accommodate many
different sizes of the input (segmentation) and target windows and their combinations. To illustrate this feature of our model, we now examine its performance
on a fixed input (segmentation) window size (12 hours) and many target future
window sizes: 3, 6, 12, 24, and 48 hours. As shown in Figure 12, our proposed
model (HS-RC-PM) outperforms all baseline models across all future windows.
Similar to the experimental results presented in Figure 8, AUPRCs for smaller
target window is lower than AUPRCs for larger windows. This is because the
prior probability of an event occurrence in smaller target windows is lower than
the prior probability in larger target windows.

27

w=6

w=12

w=24

w=48
60

40

40

40

40

40

20

20

20

20

20

LR−Binary
LR−Recent
RETAIN
CNN
HS
HS−RC
HS−RC−PM

60

LR−Binary
LR−Recent
RETAIN
CNN
HS
HS−RC
HS−RC−PM

60

LR−Binary
LR−Recent
RETAIN
CNN
HS
HS−RC
HS−RC−PM

60

LR−Binary
LR−Recent
RETAIN
CNN
HS
HS−RC
HS−RC−PM

60

LR−Binary
LR−Recent
RETAIN
CNN
HS
HS−RC
HS−RC−PM

w=3

Figure 12: Prediction results for a fixed 12-hour input (segmentation) window, and many
different target window sizes.

4.5.4. Statistical Significance of Test Results
To confirm the prediction performance of the proposed method (HS-RC-PM)
is different from baseline models, we perform the statistical significance test (Ttest) on prediction results (AUPRC) over ten random split runs. As reported in
Table 3, the performance of HS-RC-PM is statistically different from all baseline
models across all segmentation window settings.
5. Conclusion
In this work, we showed the importance of modeling multivariate event timeseries with different temporal mechanisms that aim to process different temporal
aspects of the time-series. Information on distant past is modeled through
the hidden state space defined by LSTM and information on recently observed
clinical events is modeled through discriminative projections. We also model
periodic (repeated) events using a special external memory mechanism based
on probability distributions of inter-event gaps compiled from past data. We
show that our model equipped with all the above temporal mechanisms leads
to improved prediction performance compared to multiple baselines.
In the future, we plan to extend and test our predictive framework to multistep event predictions. That is, besides predicting events in the next time step
yt+1 , we want to predict events in more distant future steps (yt+2 , ..., yt+K ).
Particularly, we expect the periodicity module could be able to predict multiple
future steps accurately with its capability of summarizing recurring events with
event gaps. Another refinement we plan to study includes an extension of the
neural abstraction module with several improvements. The first is to employ
hierarchical LSTM architecture. Recent works on hierarchical temporal models
[148, 149, 150] present promising results showing that the hierarchical architecture can successfully model substructures of data. It could help us to model
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W

Baseline model

P-value

Is significant?

6

HS-RC
HS
CNN
RETAIN
LR-Recent
LR-Binary

3.19E-08
5.80E-10
9.66E-14
5.13E-11
2.17E-12
2.47E-16

TRUE
TRUE
TRUE
TRUE
TRUE
TRUE

12

HS-RC
HS
CNN
RETAIN
LR-Recent
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7.90E-10
8.02E-16
1.58E-17
1.83E-17
2.19E-15
2.94E-23

TRUE
TRUE
TRUE
TRUE
TRUE
TRUE

24

HS-RC
HS
CNN
RETAIN
LR-Recent
LR-Binary

2.34E-09
9.30E-21
2.22E-20
8.12E-16
1.87E-11
8.07E-22

TRUE
TRUE
TRUE
TRUE
TRUE
TRUE

Table 3: The result of the statistical significance (P-value < 0.05) test (T-test) performed on
HS-RC-PM vs. baseline models for AUPRC on 10 random split runs.
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EHR-based event time-series when current events are dependent on different
levels of past (e.g., previous hours, the previous part of the day, past weeks,
or previous admissions). The second refinement step we consider is to enrich
LSTM with extra temporal information such as timings of events and time-ofthe-day. As many actions in hospitals take place at specific times (e.g., after
morning rounds of clinicians) inclusion of this information in the model may
further improve its predictive performance.
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[100] A. P. Parikh, O. Täckström, D. Das, J. Uszkoreit, A decomposable attention model for natural language inference, arXiv preprint
arXiv:1606.01933.
[101] R. Paulus, C. Xiong, R. Socher, A deep reinforced model for abstractive
summarization, arXiv preprint arXiv:1705.04304.
[102] Y. Kim, C. Denton, L. Hoang, A. M. Rush, Structured attention networks,
arXiv preprint arXiv:1702.00887.
[103] Y. Zhang, R. Chen, J. Tang, W. F. Stewart, J. Sun, Leap: learning to
prescribe effective and safe treatment combinations for multimorbidity,
in: Proceedings of the 23rd ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, ACM, 2017, pp. 1315–1324.
[104] E. Choi, M. T. Bahadori, L. Song, W. F. Stewart, J. Sun, Gram: graphbased attention model for healthcare representation learning, in: Proceedings of the 23rd ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining, 2017, pp. 787–795.
[105] Y. LeCun, L. Bottou, Y. Bengio, P. Haffner, Gradient-based learning applied to document recognition, Proceedings of the IEEE 86 (11) (1998)
2278–2324.
[106] O. Russakovsky, J. Deng, H. Su, J. Krause, S. Satheesh, S. Ma, Z. Huang,
A. Karpathy, A. Khosla, M. Bernstein, et al., Imagenet large scale visual
recognition challenge, International journal of computer vision 115 (3)
(2015) 211–252.
[107] M. Egmont-Petersen, D. de Ridder, H. Handels, Image processing with
neural networks—a review, Pattern recognition 35 (10) (2002) 2279–2301.
[108] K. Nogueira, O. A. Penatti, J. A. Dos Santos, Towards better exploiting convolutional neural networks for remote sensing scene classification,
Pattern Recognition 61 (2017) 539–556.
[109] A. T. Lopes, E. de Aguiar, A. F. De Souza, T. Oliveira-Santos, Facial
expression recognition with convolutional neural networks: coping with
few data and the training sample order, Pattern Recognition 61 (2017)
610–628.
38

[110] R. Girshick, J. Donahue, T. Darrell, J. Malik, Rich feature hierarchies for
accurate object detection and semantic segmentation, in: Proceedings of
the IEEE conference on computer vision and pattern recognition, 2014,
pp. 580–587.
[111] S. Ren, K. He, R. Girshick, J. Sun, Faster r-cnn: Towards real-time object
detection with region proposal networks, in: Advances in neural information processing systems, 2015, pp. 91–99.
[112] J. Redmon, S. Divvala, R. Girshick, A. Farhadi, You only look once: Unified, real-time object detection, in: Proceedings of the IEEE conference
on computer vision and pattern recognition, 2016, pp. 779–788.
[113] A. Vinciarelli, A survey on off-line cursive word recognition, Pattern recognition 35 (7) (2002) 1433–1446.
[114] K. Jung, K. I. Kim, A. K. Jain, Text information extraction in images
and video: a survey, Pattern recognition 37 (5) (2004) 977–997.
[115] I.-J. Kim, C. Choi, S.-H. Lee, Improving discrimination ability of convolutional neural networks by hybrid learning, International Journal on
Document Analysis and Recognition (IJDAR) 19 (1) (2016) 1–9.
[116] K. Yao, D. Yu, F. Seide, H. Su, L. Deng, Y. Gong, Adaptation of contextdependent deep neural networks for automatic speech recognition, in: 2012
IEEE Spoken Language Technology Workshop (SLT), IEEE, 2012, pp.
366–369.
[117] O. Abdel-Hamid, A.-r. Mohamed, H. Jiang, G. Penn, Applying convolutional neural networks concepts to hybrid nn-hmm model for speech
recognition, in: 2012 IEEE international conference on Acoustics, speech
and signal processing (ICASSP), IEEE, 2012, pp. 4277–4280.
[118] T. Sercu, C. Puhrsch, B. Kingsbury, Y. LeCun, Very deep multilingual
convolutional neural networks for lvcsr, in: 2016 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), IEEE,
2016, pp. 4955–4959.
[119] R. Collobert, J. Weston, A unified architecture for natural language processing: Deep neural networks with multitask learning, in: Proceedings of
the 25th international conference on Machine learning, 2008, pp. 160–167.
[120] L. Yu, K. M. Hermann, P. Blunsom, S. Pulman, Deep learning for answer
sentence selection, arXiv preprint arXiv:1412.1632.
[121] N. Kalchbrenner, E. Grefenstette, P. Blunsom, A convolutional neural
network for modelling sentences, arXiv preprint arXiv:1404.2188.
[122] Y. Kim, Y. Jernite, D. Sontag, A. M. Rush, Character-aware neural language models, in: Thirtieth AAAI conference on artificial intelligence,
2016.
39

[123] M. Wang, Z. Lu, H. Li, W. Jiang, Q. Liu, gen cnn: A convolutional architecture for word sequence prediction, arXiv preprint arXiv:1503.05034.
[124] Y. N. Dauphin, A. Fan, M. Auli, D. Grangier, Language modeling with
gated convolutional networks, in: International conference on machine
learning, JMLR. org, 2017, pp. 933–941.
[125] N. Razavian, J. Marcus, D. Sontag, Multi-task prediction of disease onsets
from longitudinal laboratory tests, in: Machine Learning for Healthcare
Conference, 2016, pp. 73–100.
[126] H. Suresh, N. Hunt, A. Johnson, L. A. Celi, P. Szolovits, M. Ghassemi,
Clinical intervention prediction and understanding using deep networks,
arXiv preprint arXiv:1705.08498.
[127] Y. Cheng, F. Wang, P. Zhang, J. Hu, Risk prediction with electronic
health records: A deep learning approach, in: Proceedings of the 2016
SIAM International Conference on Data Mining, SIAM, 2016, pp. 432–
440.
[128] D. M. Blei, A. Y. Ng, M. I. Jordan, Latent dirichlet allocation, Journal of
machine Learning research 3 (Jan) (2003) 993–1022.
[129] C. Berberidis, W. G. Aref, M. Atallah, I. Vlahavas, A. K. Elmagarmid,
et al., Multiple and partial periodicity mining in time series databases, in:
ECAI, Vol. 2, 2002, pp. 370–374.
[130] M. Vlachos, P. Yu, V. Castelli, On periodicity detection and structural
periodic similarity, in: Proceedings of the 2005 SIAM international conference on data mining, SIAM, 2005, pp. 449–460.
[131] A. Hindle, M. W. Godfrey, R. C. Holt, Mining recurrent activities: Fourier
analysis of change events, in: 2009 31st International Conference on Software Engineering-Companion Volume, IEEE, 2009, pp. 295–298.
[132] T. Jindal, P. Giridhar, L.-A. Tang, J. Li, J. Han, Spatiotemporal periodical pattern mining in traffic data, in: Proceedings of the 2nd ACM
SIGKDD international workshop on urban computing, ACM, 2013, p. 11.
[133] M. A. Osborne, S. J. Roberts, A. Rogers, S. D. Ramchurn, N. R. Jennings, Towards real-time information processing of sensor network data
using computationally efficient multi-output gaussian processes, in: 2008
International Conference on Information Processing in Sensor Networks
(ipsn 2008), IEEE, 2008, pp. 109–120.
[134] N. HajiGhassemi, M. Deisenroth, Analytic long-term forecasting with periodic gaussian processes, in: Artificial Intelligence and Statistics, 2014,
pp. 303–311.

40

[135] Q. Yuan, J. Shang, X. Cao, C. Zhang, X. Geng, J. Han, Detecting multiple periods and periodic patterns in event time sequences, in: Proceedings
of the 2017 ACM on Conference on Information and Knowledge Management, ACM, 2017, pp. 617–626.
[136] B. Ozden, S. Ramaswamy, A. Silberschatz, Cyclic association rules, in:
Proceedings 14th International Conference on Data Engineering, IEEE,
1998, pp. 412–421.
[137] R. Agarwal, R. Srikant, et al., Fast algorithms for mining association rules,
in: Proc. of the 20th VLDB Conference, 1994, pp. 487–499.
[138] J. Han, G. Dong, Y. Yin, Efficient mining of partial periodic patterns in
time series database, in: Proceedings 15th International Conference on
Data Engineering (Cat. No. 99CB36337), IEEE, 1999, pp. 106–115.
[139] S. Ma, J. L. Hellerstein, Mining partially periodic event patterns with
unknown periods, in: Proceedings 17th International Conference on Data
Engineering, IEEE, 2001, pp. 205–214.
[140] H. Cao, D. W. Cheung, N. Mamoulis, Discovering partial periodic patterns in discrete data sequences, in: Pacific-Asia Conference on Knowledge
Discovery and Data Mining, Springer, 2004, pp. 653–658.
[141] K. Kapoor, K. Subbian, J. Srivastava, P. Schrater, Just in time recommendations: Modeling the dynamics of boredom in activity streams, in:
Proceedings of the Eighth ACM International Conference on Web Search
and Data Mining, ACM, 2015, pp. 233–242.
[142] W. Trouleau, A. Ashkan, W. Ding, B. Eriksson, Just one more: Modeling
binge watching behavior, in: Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, ACM,
2016, pp. 1215–1224.
[143] T. Kurashima, T. Althoff, J. Leskovec, Modeling interdependent and periodic real-world action sequences, in: Proceedings of the 2018 World Wide
Web Conference on World Wide Web, International World Wide Web
Conferences Steering Committee, 2018, pp. 803–812.
[144] E. Adar, J. Teevan, S. T. Dumais, Large scale analysis of web revisitation
patterns, in: Proceedings of the SIGCHI conference on Human Factors in
Computing Systems, ACM, 2008, pp. 1197–1206.
[145] P. J. Werbos, Backpropagation through time: what it does and how to do
it, Proceedings of the IEEE 78 (10) (1990) 1550–1560.
[146] D. P. Kingma, J. Ba, Adam: A method for stochastic optimization, arXiv
preprint arXiv:1412.6980.

41

[147] T. Saito, M. Rehmsmeier, The precision-recall plot is more informative
than ROC plot when evaluating binary classifiers on imbalanced datasets,
PloS One 10 (3) (2015) e0118432.
[148] J. Chung, S. Ahn, Y. Bengio, Hierarchical multiscale recurrent neural
networks, arXiv preprint arXiv:1609.01704.
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Appendix A. Hyperparameter Tuning Results
We tune the dimension of hidden states through the internal validation set
which is part of training set. As shown in Figure A.13, we report the prediction
performances (AUPRC) of models that have hidden states for different window
size (W) settings.
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Figure A.13: Predictive performances of models that contain hidden-states on internal validation set, for each window size setting (W=6,12,24)
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