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∗Center for Data Analytics and Biomedical Informatics, Temple University, Philadelphia, USA

§Mathematics Department, Faculty of Science, Ain Shams University, Cairo, Egypt
‡corresponding author: zoran.obradovic@temple.edu

Abstract—Early classification of time series has been receiv-
ing a lot of attention as of late, particularly in the context of
gene expression. In the biomedical realm, early classification
can be of tremendous help, by identifying the onset of a disease
before it has time to fully take hold, or determining that
a treatment has done its job and can be discontinued. In
this paper we present a state-of-the-art model, which we call
the Early Classification Model (ECM), that allows for early,
accurate, and patient-specific classification of multivariate time
series. The model is comprised of an integration of the widely-
used HMM and SVM models, which, while not a new technique
per se, has not been used for early classification of multivariate
time series classification until now. It attained very promising
results on the datasets we tested it on: in our experiments based
on a published dataset of response to drug therapy in Multiple
Sclerosis patients, ECM used only an average of 40% of a time
series and was able to outperform some of the baseline models,
which needed the full time series for classification.

Keywords- early classification; early classification of multi-
variate time series;

I. INTRODUCTION

A time series of several distinct (and sometimes not-so-
distinct) classes can be created, by observing various patient
attributes over time. Since many clinical applications tend
to be very time sensitive, being able to use a shorter time
interval for classification is often more favorable than having
a slightly more accurate result. For example, observing
only the first portion of a patient’s data may allow doctors
to identify a deadly condition before it has time to fully
manifest, or to be able to safely stop treatment after it has
cured the patient and before it can do unnecessary damage.
Early classification techniques are therefore beneficial for
this realm, as they offer the very favorable tradeoff of using
less of a time series at the cost of some accuracy of the result.
The challenge of adapting early classification for biomedical
purposes is ensuring that the result is obtained early enough
to make a difference, and also accurate enough for the doctor
to be confident in the model’s result. The goal of this paper
is to introduce an early classification model that, by training
on a full time series, offers classification at a very early time
point during the testing phase, while staying competitive in
terms of accuracy with other models that use full time series
both in training and testing.

Analysis of biomedical data has been a popular topic for
many years, although using this kind of data for early classi-
fication is a far less explored field. Models that are naturally
able to leverage temporal information, such as HMM, have
been shown to be particularly effective for biomedical data
since the temporal aspect plays a vital part in describing
the data. Furthermore, since HMMs are resilient to having
missing values in the data, they seem like a natural fit for
biomedical applications, which often contain a significant
number of missing values due to the various human and
technological factors involved in obtaining the data. Lin et
al. [1] adapt HMMs to classify instances based on time
series gene expression data, and their results reinforce the
effectiveness of HMMs in a biomedical context.

Another important issue often encountered when deal-
ing with gene expression time series data is the varied
response rates problem. Due to the differences in internal
chemistries of each patient, the same condition can take
different amounts of time to manifest in different individuals.
Thus, while the overall pattern of the expression profile for
a particular condition may be very similar in each patient,
it can show up as stretched or squished in time, making
it much harder to detect accurately. By building a hybrid
model we were able to not only provide early classification
for multivariate time series, but also address this problem.

Although attaining accurate classification is the primary
goal of Machine Learning (ML) task, in many applications
it is important to attain decisions that are not only accurate,
but can also be easily interpreted and obtained early.

This paper introduces a hybrid model specifically de-
signed for early and accurate classification of multivariate
biomedical time series data. In addition to offering good
performance and outperforming several baseline methods
applied to a number of datasets, we successfuly address the
early classication by getting our decisions using on average
only 40% of time series when testing.

The remainder of the paper is organized as follows.
Section I-A discusses some of the related work pertinent
to this paper, including works discussing the potency of
HMMs and their applications to gene expression data. In
Section II we provide an explanation of our hybrid model
as well as an in-depth description of how the hybrid model is



trained and used for early classification. Section III includes
a description of the various datasets we used, an explanation
of our experimental setup, and the results we obtained in
our experiments. Finally, Section IV includes concluding
remarks and possible avenues for future research.

A. Related work

Due to their flexibility and popularity in the field of
statistics, HMMs have long been the model of choice for a
variety of applications, including speech recognition, natural
language processing, and, more recently, gene expression
analysis. In his timeless tutorial on HMMs, Rabiner [2]
provided the first in-depth examination of the mathematics
behind these models in less abstract environments, offering
insights into how these models could be used to effectively
model real world systems. His analysis of the application of
HMMs for speech recognition spurred researchers to adapt
HMMs for this purpose, generating a vast number of papers
on the topic. In his survey, Jiang [3] summarizes a number of
these papers, focusing on methods that utilize discriminative
training techniques to provide significant improvements in
the speech recognition fields. However, in our experiments it
required more computational time, without an improvement
in performance.

As the aforementioned survey shows, the notion of com-
bining generative and discriminative techniques into a single
model has been around for some time. One paper that offers
a very intuitive and adaptable approach to creating such a
model, which was not included in the survey, was written
by Huang et al [4]. Although Huang’s model was designed
for the task of online handwriting symbol recognition, we
found that the underlying approach used to build this model
could easily be adapted to the realm of early classification
of gene expression time series. Despite the very different
natures of the handwriting symbol and gene expression time
series datasets, we were able to create an Early Classification
Model (hereinafter ECM) using the same general approach.
The method inherits the practical and dynamical modeling
abilities from HMMs, and the robust discriminating ability
from SVMs is vital for classification tasks. However, we are
exploring every relevant segment length at every possible
starting point, which was not done in previous work.

The application of HMMs to the field of gene expression
time series classification is much more recent than their uses
in speech recognition, but there has already been a signif-
icant amount of research performed in this area. Among
the earliest efforts of utilizing the potency of HMMs for
gene expression analysis was Schliep’s [5] paper. Although
focused on clustering the gene expression time series, rather
than on classifying them, the authors nonetheless managed to
show the utility of HMMs in the context of gene expression.
This utility was attained primarily due to the fact that
HMMs leverage the temporal dependencies of the data,
whereas methods that ignore these dependencies lose a lot

of information, as evidenced by the difference in the quality
of the clusters generated by both kinds of methods.

The work of Lin et al. [1] is also noteworthy, as they were
one of the forerunners of using HMMs for classification of
gene expression time series. However, despite the novelty
and efficiency of Lin’s model, it was incapable of performing
early classification of the time series. In their paper several
experiments were done to perform classification at each time
point using shorter time series. Their model was not patient-
specific since the length of segments considered was very
inflexible; that is, if the model is trained on time series of
length 3 the prediction is always done at the 3𝑟𝑑 time point.
Our ECM model addresses this issue directly, and is, to
the best of our knowledge, the first model that is capable
of patient-specific early classification of multivariate gene
expression time series.

In an early classification context, the objective is to
provide patient-specific classification of unknown time series
as early as possible. So, instead of utilizing the whole time
series, our ECM method looks into a portion (current stream)
of the unknown time series and determines whether it is able
to predict the label of the whole time series without looking
to the rest of the time series. If ECM is able to predict at
the time point which is at the end of the current stream the
label is predicted. Otherwise, ECM requires more data for
the unknown time series and looks at a larger segment, and
does so until it is able to predict the label of the time series.

While the task of early classification is by no means new,
its application to multivariate time series is an extremely un-
explored field. In fact, to the best of our knowledge, the only
other research in this area was performed by Ghalwash and
Obradovic [6]. Their method MSD (Multivariate Shapelet
Detection) adapts the use of time series segments called
shapelets, which were originally developed for univariate
time series, for early classification of multivariate data. Time
series patterns were extracted from all dimensions of the
time series that distinctly manifest the target class locally.
The time series were classified by searching for the earliest
closest patterns. While this shapelet-based approach was
able to outperform a number of baseline models, it had
several limitations: the components of the multivariate time-
series shapelet needed to have the same starting positions,
and the model could not handle missing values. Moreover,
MSD was unable to address the varied response rate problem
that is often encountered in clinical data.

II. MODEL DESCRIPTION

A. Hybrid Model for Early Classification

In this study, we propose using a hybrid model that
combines a generative model (HMM) with a discriminative
model (SVM) for early classification of a multivariate time
series. The HMM, referred to as Λ, is used to learn the
distribution of the patterns in a time series gene expression
training dataset. The emission probability of the HMM is



assumed to be drawn from a multivariate Gaussian dis-
tribution whose dimension equals the number of genes.
The covariance matrix is assumed to be diagonal to avoid
overfitting and to allow for fast computation of the model.
Lin et al. [1] showed that using 2 states allows for efficient
alignment of patients with different response rate, as the
2 states represent 2 phases of the response (disease in our
context). The SVM takes the outputs of the HMM models
as input: log likelihoods of segments in time series gene
expression training dataset. The role of SVM is to determine
the combination of HMM models that could be trusted when
classifying the time series based on the current stream.

The reasoning behind using a hybrid model is that if
a generative model encounters a short segment that is
repeated often in both classes (which can be a fairly common
occurrence in gene expression data), it will likely not be
able to distinguish between the two classes effectively. By
applying a discriminative model on top of the generative
model’s output, we are able to overcome this problem and
improve overall performance. The details of how the hybrid
model is trained and applied to the test data are provided
next.

1) Data Preparation: The dataset is first divided into
training and test data. The test data remains untouched until
the very end, and all of the following procedures are applied
to only the training data. When we mention test time series
in the Training Phase, we are referring to the portion of the
training data held out for testing for a particular fold of the
internal cross-validation.

2) Training Phase: In general, several HMMs are trained
on short time series segments and their log likelihoods on
validation data are generated as features for the SVM. We
opted for using an RBF kernel SVM.

STEP1: Train HMMs of specific length
Given a time series of length 𝐿 from one class, we extract all
disjoint segments of length 𝑙, starting from position 0, and an
HMM is trained on those segments. We then shift the starting
position by one time point, extract all disjoint segments of
length 𝑙 starting from position 1, and train another HMM on
those segments. If 𝑙 <= 𝐿/2, we generate 𝑙 HMM models.
We vary the length and the appropriate shifts in order to
capture every possible pattern, since these patterns can have
different lenghts and start at different positions. In general,
if 𝑙 > 𝐿/2, then 𝐿− 𝑙 + 1 models are generated.

STEP2: Train HMMs for different lengths
We repeat the above procedure for different segment lengths
𝑙 up to 𝑙+𝑘. 𝑘 is a user-defined parameter, set small enough
to be able to capture all possible patterns, but 𝑙+𝑘 should not
exceed 50% of the time series to still be able to identify the
pattern as early as possible. Hence, the maximum number
of models to be generated is (𝑘 + 1)(𝑘/2 + 𝑙). The same
technique is applied to the time series of the other class,
resulting in a maximum of 𝑁 = 2(𝑘 + 1)(𝑘/2 + 𝑙) models.

STEP3: Generate features for SVM
We apply all trained HMMs on the test data as follows: first,
we take the shortest time series segment 𝑂 extracted from
the training data. If the length of that segment is 𝑙, we then
read 𝑙 time points from the test time series (𝑂𝑙). Next, we
ask all 𝑁 HMMs to generate their log likelihoods on the test
time series we are currently examining. In general, an HMM
is able to generate a log likelihood on the test time series if
the model is trained on segments of length shorter than or
equal to the length of the test time series. If the length of
the current test time series is greater than 𝑙, then the HMM
uses only the last portion of the current time series, such
that the length of this portion has the same length as the
segments used for training the HMMs. The log likelihoods
generated in this fashion, log𝑃 (𝑂𝑙∣Λ𝑗); 𝑗 = {1, . . . , 𝑁}, are
then considered as features for an SVM.

The next part of this step is to read one more time point
from the time series, so that the current test time series length
is incremented by one. All models are asked to provide their
log likelihoods on this time series to be another row for the
SVM. This process is repeated until we have read all of the
time points of the test time series. After this stage, we will
have generated (𝐿 - 𝑙 + 1) instances with dimensionality 𝑁
for the SVM, all of which have the class label of the test
time series. Finally, we repeat this procedure for all test time
series.

We repeat steps 1 - 3 five times to obtain 5-cross valida-
tions. Here we reinforce the fact that the HMMs are not used
for prediction of the class of the time series, but rather as
data for the SVM, which is made aware of the class labels
independent of the HMMs.

After the cross validation is done, the log likelihoods
generated by HMMs are ready to be used as features for
the SVM. The parameters of the SVM are optimized using
cross validation on the log likelihoods generated by the
HMMs. Then another 5-cross validation is conducted for
SVM to generate a score for each example. We use the
same partitions of the 5-cross validations used for the HMM
training phase to avoid any bias. When testing the SVM, the
model computes a posterior probability estimate 𝑃 (𝑦∣𝑥) of
the class 𝑦 for each example 𝑥. Namely, in a binary clas-
sification context, an SVM gives two probabilities: 𝑃 (𝑦1∣𝑥)
and 𝑃 (𝑦2∣𝑥) (note that 𝑃 (𝑦2∣𝑥) = 1−𝑃 (𝑦1∣𝑥)). The scores
for all examples are computed as the difference between the
two probabilities 𝑃 (𝑦1∣𝑥) − 𝑃 (𝑦2∣𝑥). Using the scores of
all examples and their labels, we identify (using a standard
ROC curve approach) the best threshold that maximizes
the balanced accuracy (average between sensitivity and
specificity). Finally, the SVM is trained on the training data
and all HMMs are trained on the same data.

3) Testing Phase: We note here that the test data allocated
in the very beginning of the procedure is never used for
training either the SVM nor HMM models. For a given time
series with an unknown label, we read 𝑙 time points from the



test time series. We then ask all HMM models to provide log
likelihoods. We use their outputs as inputs to the SVM, as
described above. The score of the current time series is then
computed using the probabilities generated by the SVM as
𝑃 (𝑦1∣𝑥)−𝑃 (𝑦2∣𝑥). If the score is greater than the threshold,
then the current time series is most likely from class 𝑦1,
otherwise, it is from class 𝑦2. We then ask if the probability
estimate for the selected class is high enough to be confident
about the prediction. A user-defined parameter is used to
measure this level of confidence. If the probability estimate
is higher than the confidence level, we stop at the current
time point and predict the time series. Otherwise, we read
one more time point from the current time series and repeat
the procedure. If we reach the end of the time series and are
not able to classify the time series, we mark that test time
series as “not covered time series”.

4) Whole Process: The above training and testing phases
are repeated 10 times using 10 different partitions (10 cross
validations). The average accuracy, as well as the coverage
rate (how many time series out of the test time series data
were classified) and the fraction of the time series used for
classification, are reported.

III. EXPERIMENTS

A. Experimental setup

All of the procedures have been imple-
mented in C++ and is publically available at
www.dabi.temple.edu/∼mohamed/ECM. We
used libSVM that provides probability estimates [7]. All
experiments were conducted on a PC Intel Core i7 2.8 GHz
with 8GB RAM.

B. Dataset description and results

Time series gene expression experiments have been used
in a variety of biomedical applications [8]. These exper-
iments consist of building expression profiles, which are
essentially functions that model the changes in the expres-
sion levels of various genes. Such changes are collected by
performing multiple microarray experiments over a period of
time [9]. Each experiment usually measures the expression
level of multiple genes at a given time point. In this context,
the gene expression time series classification problem is the
process of determining the class of a previously unseen time
series, based on the expression levels recorded for the time
series in the training dataset. These classes can be defined in
a variety of ways to help answer different kinds of questions.
For example, will patient X respond well to a certain therapy
or drug treatment? Is patient X going to develop sepsis in
the next few hours? Is patient X recovering from a disease?

A clinical dataset, which we will refer to as MS70,
was generated to study the changes in cellular functions in
multiple sclerosis patients in response to drug therapy with
IFN𝛽 [10]. The dataset contains time series gene expression
values for 52 patients. The patients were classified as good

responders (33 patients) or bad responders (19 patients) to
the drug. Blood samples were taken every 3 months in the
first year and every 6 months in the second year. Some
patients miss certain measurements, especially at the 7th
time point. Thus, the gene expression values were measured
an average 5-7 times for each subject. In order to adhere to
the limitations of clinical settings (in which only a small,
pre-specified number of genes is provided) and to be able
to effectively compare ECM results with those attained in
other studies, several datasets comprised of a fairly small
number of genes were generated.

The identification of triplets of genes for a Bayes classifier
of time series gene expression data of multiple sclerosis
patients’ response to a drug was performed in [10]. Previous
research identified 12 genes in terms of triplets. Hence, we
generated four datasets: Bar3A and Bar3B, which consist
of one triplet of the best two triplets of genes; Bar6,
which has the top two triplets; and Bar12, which has all
12 genes identified by all triplets. A discriminative HMM
has been developed and applied to the MS70 dataset to
reveal the genes that are associated with the good or bad
responders to the therapy [1]. A total of 9 genes were
found that are associated with the therapy, 7 of which are
identified using the last time stamp. Hence, we constructed
two datasets, called Lin9 and Lin7, consisting of 9 and 7
genes, respectively. The entire MS70 dataset, containing all
70 genes, was also used for our experiments. A mixture
of hidden Markov models has been developed to identify
the genes that are associated with patient response to the
treatment [11]. A total of 17 relevant genes were found, so
we constructed a dataset called Cos17 that is comprised of
the 17 genes.

In order to have a possibility of effectively comparing
our method with other methods proposed in literature we
first created 8 datasets that posses the same characteristics
as those presented in [10], [1], [11]. 3 of these datasets
were used to determine the best confidence value to be
used by our model, since it was the user-defined parameter
in our method. In this set of experiments, we trained our
model with a distinct value for the confidence parameter
(0.4, 0.5, and 0.6) on Bar6, Bar12, and Lin9, respectively.
Note that although the possible values of the confidence
parameter are in the [0,1] range we noticed that accuracy
drops for values of confidence parameter smaller than 0.4
and coverage suddenly drops when we choose values greater
than 0.6. Both trends could be easily explained: if we allow
decisions when we are not confident our model will decide
early, but the accuracy will not be sufficient. On the other
hand if our requests for confidence are too high we have
generally higher relative accuracy scores, at the expense
of coverage and earliness, and we might end up without
decisions until the last time stamp. So, we omitted values
below 0.4 and above 0.6, for the set of experiments dealing
with gene expression classification. Finally, we opted to use



Table I
CLASSIFICATION ACCURACIES (ACC), COVERAGE (COV), AND

EARLINESS (EAR) IN PREDICTION AT DIFFERENT LEVELS OF

CONFIDENCE (CONF) ON VARIOUS DATA SETS.

BAR6 BAR12 LIN9
CONF = 0.4 62 85 87

ACC CONF = 0.5 66 85 85
CONF = 0.6 71 83 86
CONF = 0.4 96 100 100

COV CONF = 0.5 92 100 100
CONF = 0.6 86 98 94
CONF = 0.4 44 43 43

EAR CONF = 0.5 49 43 44
CONF = 0.6 51 46 50
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Figure 1. In the top panel, 3 genes expression time series for patient
who is a poor responder to the drug are represented. In the bottom panel,
3 genes expression time series for patient who is a good responder to the
drug are represented. The subjects have been correctly classified at the 3𝑟𝑑

and 4𝑡ℎ time point, respectively.

a value of 0.5 for the confidence parameter, as this value
seemed to offer the middle-ground of the various tradeoffs
evident in Table I.

To further explain the effectiveness of our approach we
show a real case from the Bar3A dataset. Figure 1 illustrates
a 3-dimensional gene expression time series (genes Caspase
2, Caspase 10, and FLIP) observed at 6 time steps. In the
top panel, a patient who is a poor responder to the drug is
correctly classified by our hybrid approach at the 3𝑟𝑑 time
point. In the bottom panel, a patient who is good responder
to the drug is correctly classified at the 4𝑡ℎ time point.
Although the patterns of both patients look similar to each
other such that it is hard to distinguish between them by
eye, our hybrid model was able to classify them correctly
and early.

Figure 2 compares different values for the user parameter
confidence, which measures the confidence level the user
expects from the model. Since the relative accuracy is barely
affected by the value of confidence (in the specified 0.4 - 0.6
range) over the eight datasets, it is clear that the model is
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Figure 2. Measuring the sensitivity of the user parameter confidence on
the relative accuracy for different datasets.

insentitive to the parameter, and the results are fairly robust.

The outcome of applying our model to the remaining 5
datasets (out of the 8 that we initially created) is shown
in Table II. The relative accuracy of our model on each
of the datasets is reported, along with the performance of
the best models presented in literature that were applied
to the same datasets. Note that the accuracy of the “best”
models is based on using the entire time series, while the
accuracy of our model is based on using, on average, only
3/7 of the testing time series and obtaining patient-specific
decisions. This important fact emphasizes the effectiveness
of our method: even though the best models on average
outperform our model in the accuracy department, we are
able to provide competitive accuracy scores while using a
significantly smaller portion of the full time series. In two
of the datasets we were actually able to outperform the best
models, in spite of utilizing less than a full time-series when
testing, reinforcing our model’s efficiency. The performance
of MSD on all of these datasets is also reported, although
it performed rather poorly across the board, and could not
even handle the MS70 dataset.

The accuracy of the model developed by [1] when using
a shorter time series of fixed length in training and testing
(Figure 3), further displays the strength of our model,

Table II
CLASSIFICATION ACCURACIES AND EARLINESS IN PREDICTION (IN

PARENTHESES) FOR MSD, THE BEST MODELS IN LITERATURE, AND

OUR APPROACH, ON VARIOUS DATA SETS. ∼ MEANS ON AVERAGE.

DATA SET MSD BEST ECM
BAR3A 72.7(∼3/7) 87.8(7/7) 86.2(∼3/7)
BAR3B 65.2(∼3/7) 87.5(7/7) 88.5(∼3/7)
LIN7 70.8(∼4/7) 85.0(7/7) 88.7(∼3/7)
COS17 66.7(∼3/7) 92.7(7/7) 79.7(∼3/7)
MS70 81.4(7/7) 72.0(∼3/7)
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Figure 3. Comparison of the accuracy when using a shorter time series
of fixed length in training and testing (Lin’s model) and ECM (different
segment lengths and different shifts) on Lin7 dataset. ECM accuracy at the
average earliness, consisting of 3 time points, is shown. Lin’s results on all
time stamps were worse than ECM results.

considering that the only other method capable of early
classification in a mulitvariate context was less accurate.

IV. CONCLUSION

In this paper we proposed a novel application of a hybrid
HMM/SVM model in the realm of biomedical data. Our
ECM is able to handle multivariate gene expression time
series data, and is capable of performing patient-specific
early classification on this kind of data with unprecedented
results. On datasets gathered from real-world scenarios,
our method achieved relative accuracy scores that were on
average slightly lower than the best results presented in
literature when models were tested on the same datasets
(although on two of these datasets, our model had a higher
accuracy score). However, while the models from literature
attained their best results after observing the full time series,
our model was able to keep up by utilizing only 40% of
the whole time series, thus displaying its early classifica-
tion potential. Our approach was also able to significantly
outperform the only other method designed specifically for
early classification of multivariate time series.

In closing, one of the assumptions of using HMMs is
that there are enough examples available for the model to
accomplish a sufficient amount of learning. Because medical
data is often noisy and expensive to obtain, this assumption
cannot always be met when real data is involved (in some
real-life scenarios, the data contains only 10 or 15 examples),
rendering our ECM approach useless. We intend to address
this issue in the future, while still allowing for multivariate
time series to be classified early.
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