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Abstract

Data mining techniques have been increasingly more relevant in the healthcare domain, supporting
physicians in the decision making process. The most common goal is automatic diagnosis where
these techniques have been used with success. When dealing with prognosis the results are much
less successful. We argue that the reason for this dissimilarity is the inability of the techniques used
to consider the inherent temporal dependencies present in the data. In this paper, we propose an
alternative approach where we intend to turn the problem of prognosis into to a diagnosis problem.
We do this by using the temporal sequence values of every feature, to estimate their future values and
performing diagnosis on those. We end this paper by presenting and discussing our results on two
different datasets.
Keywords: Prognosis, Classification, Temporal Dependencies

1. Introduction

The role of data analysis in healthcare has gained
more attention, as available mining techniques have
achieved higher levels of maturity. In particular,
classification methods become to play a decisive
role when applied to clinical trials, by providing
high quality external evidence to support evidence-
based medicine [15]. The rigorous metrics available
to evaluate the confidence about the collected evi-
dence on those trials, allied to the variety of tech-
niques suited to different kinds of data, revealed to
be fundamental to keep expertise up-to-date and
available worldwide.

Despite the success of those techniques, they are
mostly appropriate to analyze tabular data, de-
scribed by a set of independent variables. Actually,
we can see this kind of data as a static snapshot
of the status of some entity, which is completely
suited to represent patient records collected during
their diagnosing process. On the other hand, prog-
nosis may be seen as the prediction of an outcome
in a future instant, considering all available data
collected along time. In this manner, we may think
of prognosis as the task of predicting an outcome,
given a set of time-ordered snapshots. While in a
single snapshot, methods may assume some level
of independency among variables, this assumption
is clearly unlikely in a set of snapshots, where the
same variable is measured along different instants
of time.

Actually, and despite this dependency among
snapshots, a large number of classification-based

approaches have been proposed for prognosis (see
[6], [14], [18], for example). In our opinion, the
results achieved through them have been impaired
due to the dependency among the different values
for the same variable along time.

In this paper, we argue that the simple predic-
tion of the prognosis outcome by traditional clas-
sification methods, given a set of snapshots, can
be significantly improved by exploring the tempo-
ral relations, or evolution verified in each variable
that compose the snapshots. In order to validate
our claim, we formalize the problem addressed, and
present an approach to take those dependencies into
account in the process of outcome prediction. Af-
ter the formalization of the prognosis problem, we
review a set of case studies on several different dis-
eases, with the most well known classification tech-
niques (section 2). In section 3, we describe our ap-
proach, and propose two distinct implementations
of it, followed by a description of some experiments
that compares the accuracy of both traditional clas-
sifiers and our approach on two datasets for two
different diseases (section 5). The paper concludes
with a discussion of the improvements achieved, the
issues constraining those improvements and propos-
ing some guidelines for the next steps (section 6).

2. Background

In the medical context, diagnosis is the use of pa-
tients data, demographic and clinical, in order to
understand and classify the current health condi-
tion of a patient [16]. From a formal point of view,
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and in the computer-based context, let A be a set of
variables (either known as attributes) and C a set of
possible classes. Given an instance x̄i described by
a set of m variables from A, say x̄i = (xi,1, ..., xi,m),
the goal is to discover the most probable value
yi, which corresponds to its class or status, with
yi ∈ C, as in equation 1.

x̄i = (xi,1, ..., xi,m)→ yi (1)

In a classification context, this is done in two
steps: first by producing a classification model MD,
based on a set of known pairs (xi, yi) the train-
ing dataset, and second, by applying the discovered
model to each instance to classify.

On the other hand, prognosis is the foreseeing
or prediction of the risk or probability of a certain
health event happening in the future, using the clin-
ical and non-clinical data. It is the medical pre-
diction of how the pair patient/disease is going to
evolve in a specified period of time.

Considering this, then the prognosis task can be
formalized as follows:

Let a patient be represented by a sequence of
pairs, (x̄1i , y

1
i ), ..., (x̄ni , y

n
i ) , then the goal is to pre-

dict his yn+1
i value, equation 2. Note that the dif-

ferent values for yti may be observable (available) or
non-observable at time instant t for instance i.

(x̄1i , y
1
i ), ..., (x̄ni , y

n
i )→ yn+1

i (2)

In this context each x̄ki is known as a snapshot.
In other words, a snapshot is all the data that char-
acterizes a patient in one, single, time point.

2.1. Prognosis as a Classification Task
According to some authors [7], the development,
validation and impact assessment of both diagnosis
and prognosis can be mutatis mutandis applied. In-
deed, they only differ on the amount of time until
the outcome assessment, the present for diagnosis,
and a future point in time for prognosis.

Work on computer-based prognosis dates back to
1980 [12] where a regression analysis was used to
find the predictive power of 17 features when pre-
dicting the survival of breast cancer patients. From
then on, several different methods have been ap-
plied with particular emphasis on the use of decision
trees, neural networks and regression techniques.

We can find some examples of comparison studies
that were made between different techniques when
performing prognosis in various diseases in [9], [4]
and [5].

In [5], Delen tests decision trees (C5.0), MLP neu-
ral network and logistic regression when predicting
survivability, 5 years after the diagnosis of breast
cancer. The result shows that decision trees per-
formed the best out of the three with accuracy of
0.9362.

In [4], again Delen uses a handful of data mining
techniques, decision trees, artificial neural networks
and support vector machines along with the most
common statistical analysis tool, logistic regression,
to build a prediction model for prostate cancer sur-
vivability and comparing their performance. The
results indicated that SVMs are the best predictor
with a test data set accuracy of 92.85%, followed by
ANNs with an accuracy of 91.07%, followed by de-
cision trees with an accuracy of 90.00% and logistic
regression with an accuracy of 89.61%.

From those three examples and others studies, it
is clear that there is no best technique to perform
overall prognosis and that the result of a technique
depends highly on the data being used [6]. In other
words, there is no general solution that can be used
in more than one dataset maintaining their perfor-
mance. Additionally, none of the identified works
contemplate temporal information, neither use the
evolution of the patients. Moreover, it seems that
the improvements are not made incrementally, with
just a few being based on previous works.

An exception to this general picture is the use of
Cox models ( [16], [14]), which try to estimate the
impact of variable changes in the time of survival
[3]. Along with these methods, the advances on the
analysis of time series are undeniable. Time series
represent ordered measurements at regular tempo-
ral intervals [10], which may be uni or multivari-
ated, representing a single or multiple co-occurring
variables.

Prediction of time series is a research field with
a long history, with stock markets and signal pro-
cessing the most paradigmatic cases [2]. Along the
time, medical time series have also been studied,
with ECG and EEC the most addressed. The tech-
niques used vary from regression models like ARMA
to recurrent neural networks [13], trying to foresee
the next outcome. More recently, hidden Markov
models become to be applied with considerable suc-
cess on omic data, and are currently be adjusted
to contemplate multivariate series [8]. Along with
these approaches, dynamic Bayesian networks have
been proposed, but training algorithms are just be-
ing defined [11].

3. Implementation

The traditional classification approach has been ap-
plied to prognosis with modest success, as seen
above. In all described cases, the evolution of single
variables was not explored, and actually, the differ-
ent time instances of their values were addressed
separately, ignoring any possible hidden structure,
in the majority of approaches. On the other hand,
the analysis of time series is applied to predict the
next outcome of a single variable.

By recognizing that estimation may be used to
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fill unseen variable outcomes, which in turn may
be used to improve classifiers accuracy, as in asap
classifiers [1], we propose to transform the prognosis
into a diagnosis task, by estimating the values of the
variables that constitute the snapshot in the future
point in time.

Formally, let A be a set of attributes, C be a set
of possible classes and n be the number of obser-
vations. Let the tth observation, described by m
variables from A, be the pair given by (x̄ti, y

t
i) =

(xti1, ..., x
t
im, y

t
i) that says that at observation t the

instance is described by xti (the observable values)
and classified as yti ∈ C(the predicted value). Given
an instance described by an ordered set of n obser-
vations, the goal is to predict the n+ 1th observa-
tion, as in equation 3.

(x̄1i , y
1
i ), ..., (x̄ni , y

n
i )→ (x̄n+1

i , yn+1
i ) (3)

The difference to the definition 2 is the need to
predict the entire n+ 1th observation, not only the
predicted value yn+1

i . Indeed, if there is a model
MD, that from observable values is able to deter-
mine the predicted value, it is enough to estimate
the observable values in the n+ 1th observation,
and from them to predict the predicted value. This
model MD is just a simple diagnosis model as in
equation 1.

According to this formulation, a prognosis model,
MP , is then the composition of several models: one
estimation model MEk per each observable variable
Xk and a diagnosis model MD able to predict the
class given an observation, as in equation 4, where n
corresponds to the number of available observations
and m the number of variables for describing each
observation.

MP ((x̄1i , y
1
i )...(x̄ni , y

n
i )) = MD(EstModels)

EstModels = ME1(x̄1i ...x̄
n
i )...MEm(x̄1i ...x̄

n
i ) (4)

By transforming the prognosis problem into a di-
agnosis task, the challenge becomes to be able to
estimate the observation in the time point to pre-
dict, which translates into the definition of the es-
timation models per each observable variable.

As stated above, the art of prognosis is based
on the analysis of the evolution of the different
variables along time. Therefore, estimation models
should be able to recognize verified evolution trends
in the estimation of future values.

In this manner, we propose that an estimation
model for a single variable Xk, say MEk should
be a function from a sequence of the observed val-
ues to an Xk value. In particular, we propose two
different approaches: the univariate-based and the
multivariate-based estimations.

A univariate-based model for variable Xk(UvE)
is a function from a sequence of n values of Xk to its
next value, xn+1

k , as in equation 5, where DomXk

represents the domain of variable Xk. These mod-
els only explore the individual values of a variable,
ignoring any influence from other variables.

MUvEk : [DomXk]n → DomXk

MUvEk(x1k...x
n
k ) = xn+1

k (5)

On the counterpart, a multivariate-based model
for variable Xk(MvE) is a function from a sequence
of n vectors of m variables, including Xk, to its next
value, xn+1

k see equation 6.

MMvEk : [DomX1 × ...×DomXm]n → DomXk

MMvEk(x̄1...x̄n) = xn+1
k

(6)

By receiving a sequence of multi-values, recorded
along n observations, multivariate estimator is able
to contemplate the interdependencies among the
different values, and having more informed inputs,
is expected to output better estimations.

4. Estimation Algorithm

From the previous formulation, the algorithm re-
quired to train the new classifier is simple, and is
similar for both estimation models. Its pseudo code
can be seen in Algorithm 1.

Note, that the dataset has to be composed of
records containing n snapshots, as described before,
and ρ has to be less or equal to n. In terms of
the classification training algorithm, it should be
any tabular one, like a decision tree learner, an al-
gorithm for training neural networks or just nave
Bayes.

The difference between the models is on the cre-
ation of the estimation models (line 10), in par-
ticular on the creation of the training dataset for
each variable. While for univariate model, it con-
sists on the projection of D in relation to each Xk,
the multivariate model uses the entire set of vari-
ables. In both cases, ρ corresponds to the number of
snapshots to keep in the dataset. Since, it is usual
that the instants more significant for determining
the next value are the previous ones, only the last
ρ snapshots are used.

After training the estimation model for each vari-
able, the diagnosis model is learnt from the es-
timated snapshot for instant n+1 and the known
class label. Then, the algorithm outputs the model
resulting from the composition of the different es-
timators and the diagnosis model learnt from the
estimated values (line 23).
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Algorithm 1 Pseudocode for Univariate Estima-
tion training

1: procedure UnivariateEstimation(Dataset
D, Function algestim, Function algclass, int ρ)

2: //D the training dataset with
3: // D = {(x̄ti, yti) : ∀i, t : 1 ≤
i ≤ |D| ∧ 1 ≤ t ≤ n}

4: //algestim the estimation algorithm
5: //algclass the training algorithm
6: //ρ the number of observations to use
7: A← {the set of attributes describing D}

8: // Training each estimation model
9: for each variable Xk in A do

10: Dk ← πXk(D) = {(xn−ρik , ..., xnik) : ∀x̄i ∈
D}

11: MEk ← algestim(Dk)
12: end for

13: // Estimating n+1 snapshot
14: for each variable Xi in D do
15: for each variable Xk in A do
16: xn+1

ik ←MEk(xn−ρik , ..., xnik)
17: Dn+1 ← Dn+1 ∪
{(xn+1

i1 , ..., xn+1
im , yn+1

i )}
18: end for
19: end for

20: // Train the diagnosis model
21: MD ← algclass(D

n+1)

22: // Output the composition of models
23: Return MD ◦ (ME1, ...,MEk)
24: end procedure

5. Experimental Results

In order to validate our proposal, we used two dif-
ferent real datasets from the healthcare field: the
Amyotrophic Lateral Sclerosis(ALS) and the Hep-
atitis datasets.

The ALS dataset1 includes information from over
8500 ALS patients who participated in industry
clinical trials. The data include demographic, fam-
ily and medical history, the patients history in terms
of ALS symptoms, clinical and some laboratorial
data. From these, we used a subset composed
by the patients that had demographic data, had
performed Slow Vital Capacity exams, as well as
measurements of their vitals, counting 13 variables:
gender, age, height, percentage of normal, subject
liters (trial 1, 2 and 3), blood pressure (systolic and
diastolic), pulse, respiratory rate, temperature and
Weight.

The outcome is a score that evaluates the state
of the disease between 0 (severe) and 48 (normal),
discretized into 4 classes (aggregations of 12 points).
The subset contains 578 patients, with 5.9% for the
1st class, 22.3% for the 2nd, 29.1% for the 3rd and
42.7% for the 4th.

Because this dataset is mostly numeric and some
estimation techniques cannot directly handle nu-
meric data, a discretized version of this dataset was
also used.

The Hepatitis dataset was made available as part
of the ECML/PKDD 2005 Discovery Challenge2, it
contains information about 771 patients, and more
than 2 million examinations between 1982 and 2001.
Based on the work of [17] the data was reduced to
the most significant exams. In the end 17 variables
were used: gender, age, birth date, birth decade,11
of the most significant exams (GOT, GPT, ZTT,
TTT, T-BIL, D-BIL, I-BIL, ALB, CHE, T-CHO
and TP) and the results from the active biopsies at
the time of the exams (type, activity and fibrosis).

Fibrosis is the objective class and it is described
by integer values between 0 (no-fibrosis) and 4
(most severe). The subset contains 578 patients,
with 5.9% for the 1st class, 22.3% for the 2nd, 29.1%
for the 3rd and 42.7% for the 4th.

In this experimental results, a different number
of snapshots per estimation and classification tech-
nique. In the ALS dataset the results shown are for
the use of 3, 5 or 6 snapshots and in the Hepatitis
dataset for the use of 3, 7 or 12 snapshots. The
number of snapshots that is related to a result will
be specified in the chart’s legend.

5.1. Diagnosis Model

As a baseline for comparison with the proposed ap-
proaches we used two models. BaselineSingleOb-

1https://nctu.partners.org/ProACT/
2http://lisp.vse.cz/challenge/CURRENT/
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servation is a diagnostic model where a single ob-
servation in time is used to perform the prognosis.
In other words, the state of a patient at instant n
is used to predict his class at instant n+ 1. On the
other hand, BaselineMultipleObservation instead of
using a single observation, uses multiple observa-
tions: all information is used here to predict the
class at instant n+ 1.

A collection of techniques were used with these
models, with both achieving similar results: the ac-
curacy ranged between 40% and 55%, depending on
the dataset, technique and number of time points
used, as seen in Figure 1.

It is interesting to note that the accuracy is al-
most constant for ALS, for different techniques and
number of time steps. However, it is clear that for
Hepatitis those variables are determinant for reach-
ing higher accuracy. The best results tend to be
achieved using 3 time steps and J48 and Logistic
Regression.

It is also interesting to note that those differences
are smoother in the presence of the multiple obser-
vations.

5.2. Estimation Models
Before, assessing the results of our prognosis ap-
proach, we evaluate the impact of the number of
observations as well as the technique used, on the
quality of the estimations made through the two es-
timation models proposed. In this work three tech-
niques were tested to perform the estimations: re-
gression techniques, namely linear regression for the
ALS dataset and logistic regression for the Hepati-
tis dataset, decision trees, in this case the J48 algo-
rithm, and Hidden Markov Models.

5.2.1 Regression Techniques
Figures 2(a) and 2(b) show the results with uni-
variate and multivariate estimation models when
applied to the ALS dataset, respectively. Because
the dataset is numeric, to perform the estimations,
linear regression was used and we evaluated our es-
timation by the error, the distance, to the actual
value at time tn+1. Both the univariate and the
multivariate estimation model presented an aver-
age estimation error of around 0.165, with features
having errors as high as 0.30 and as low as 0.01.

We can also see in Figures 2(c) and 2(d) the re-
sults of using Logistic Regression on the Hepatitis
dataset. In both cases the average accuracy of esti-
mation rounded the 80% range, with the multivari-
ate model being consistently a bit worse than the
model that uses a single variable

5.2.2 Decision Tree
Figure 3 shows the results with univariate and mul-
tivariate estimation models for the ALS and the
Hepatitis dataset. Both estimation models were ap-

plied using a different number of observations, but
in this case the discretized version of the ALS data
was used for the estimations.

The ALS dataset estimations perform very poorly
with an average of 21% and 32% on the UvE and
MvE models, respectively. While the results are
poor, there can be noticed a slight improvement by
using the multivariate model. This result may be
caused by the discretization that was used.

On the Hepatitis dataset both models reach sim-
ilar levels of accuracy, with quite good results for
the majority of the Hepatitis variables (above 80%).
It is interesting that there is a slight trend to in-
crease the accuracy as the number of observations
get higher.

It is also worth mentioning that even though the
performance of this estimations is very similar to
the one using logistic regression (see Figure 2), the
time to compute those estimations, using a decision
tree, was between 3x and 800x times faster than
using regression.

5.2.3 HMM

The HMMs we used for the estimations had one
state per time step, so if we had a sequence with
data from 7 time instances our HMM would have 7
states. All the probability distributions, λ, would
then be initialized randomly and normalized so that
the probability distribution equals 1.

We would then train one HMM per class, using
the Baum-Welch algorithm, which is used to adjust
λ to maximize the likelihood of the training set.
The training set was composed by a subset of the
data that had the specific class.

The prediction phase was done by concatenating
all the possible classes to the observed sequence and
applying the forward algorithm with that sequence
and the matching class HMM. The forward algo-
rithm calculates the likelihood that the HMM gen-
erated the sequence. The sequence with the highest
likelihood was chosen and so the concatenated class
was the estimation.

Figure 4 shows the results with univariate and
multivariate estimation models on the ALS dataset
and on the Hepatitis dataset.

On the ALS case, the average estimation accu-
racy was of 13% and 4%, in the UvE and MvE ap-
proaches respectively. This poor performance might
be caused by the discretization that was applied to
the data. It can also be seen that the number of
snapshots used has and inverse relation with the
accuracy of the estimations, with the accuracy de-
creasing with the increase of the number of time
steps used.

On the other hand, on the Hepatitis dataset the
average estimation accuracy was of 83% and 49%,
in the UvE and MvE approaches respectively. This
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is a very similar result to when using regression or
decision trees on the UvE model of this dataset.
The MvE performed considerably worse than any
other technique used on this dataset.

5.3. Prognosis Results
In this section we will evaluate the performance of
the overall prognosis, using the different estimations
described in the previous section. We will start by
describing prognosis using regression techniques es-
timations, then decision tree estimations and finally
the estimations made using HMMs.

5.3.1 Regression Techniques
The overall prognosis accuracy achieved by using
different techniques on our approaches and the es-
timations made using regression techniques, can be
seen in Figures 5(a) and 5(b). It is observable that
decision tree classifiers outperform the other tech-
niques, with both of them, J48 and RandomFor-
est, achieving better accuracies than the other tech-
niques as well as the corresponding baselines. In the
ALS dataset, J48 and RandomForest were able to
improve the results in more than 15%, with both es-
timation models. In the Hepatitis dataset the UvE
model clearly improved the final accuracy of the
prognosis, achieving an improvement of about 20%.
The MvE model didn’t do so well only improving
the final prognosis by 5%.

Figures 5(c) and 5(d) show the relation between
the number of observations and the final accuracy of
the prognosis, using both, UvE and MvE estimation
models, and a variety of techniques. It interesting
to note that in the ALS dataset and using linear
regression we can see distinctly that the number of
time steps used and the overall accuracy are directly
proportional. In the Hepatitis datasets the opposite
relation is notable, as the number of time steps used
increases the accuracy decreases or maintains. This
leads us to think that, in this dataset, the furthest
points in time are not as relevant to perform the
prognosis as the ones closer to tn+1. If this happens
because of the nature of the disease or because of
the characteristics of the data we are not certain.

5.3.2 Decision Tree
In Figures 6(a) and 6(b) the overall accuracy of
our approaches when using decision tree estima-
tions is shown, estimations that where created us-
ing the UvE and MvE models, respectively. The
improvements on the accuracy of our approach are
always present when compared to the ones achieved
by baseline models also shown in the same figure.
In the Hepatitis dataset the improvements round
about 20%, while in the ALS dataset the improve-
ments are more modest with the UvE model im-
proving around 5%, with most classification tech-
niques, and achieving similar results as the baseline

with the MvE model.
It is also curious to note that even though the

MvE estimations were a little better (see Figure
3(b)), the overall prognosis using this estimations
was consistently worse than its univariate counter-
part.

Figures 6(c) and 6(d) show the relation between
the number of observations and the final accuracy
of the prognosis, using both, UvE and MvE estima-
tion models, and a variety of techniques. Again, and
similarly to the regression estimations, it is inter-
esting to note that on the hepatitis case the higher
number of observations become prejudicial to the
UvE model, which means that the values from the
long past do not help to estimate future values. And
on the ALS case you can see the inverse relation
while much less noticeable than when using linear
regression to perform the estimations.

5.3.3 HMM
In Figures 7(a) and 7(b) the accuracy of the various
models is shown using different techniques and the
HMM estimations. In the ALS case, as it was to
expect the overall accuracy was the worst found so
far, being close to the baseline, but in most cases a
bit worse. In the Hepatitis case it is curious to note
that, even though the accuracy of the estimations
in the univariate model is very similar, the over-
all prognosis accuracy is consistently a bit worse.
On the multivariate model, and because the esti-
mations were so poor, the overall performance was
worse than any other multivariate model, on this
dataset, and even worse than the respective base-
line.

The impact of the amount of time steps, number
of observations, used can be seen in Figures 7(c) and
7(d). Here no clear relation can be extracted, with
the overall performance not following any pattern
in relation with the technique used or the amount
of snapshots.

6. Conclusions
Currently, medical practice is helped by a variety
of computer-aided tools, dedicated to help physi-
cians taking the most appropriate decisions. How-
ever, despite the importance of prognosis, it did
not deserved dedicated tools, and in the majority
of situations, it has been addressed as a simple di-
agnosis problem, without exploring the temporality
involved.

In order to mimic physicians practice, computer-
aided prognosis should take into attention patients
evolution, considering the different observations
made along time. In this paper, we formalize both
diagnosis and prognosis problems, making clear the
differences between them, and propose a method
to transform the prognosis into a diagnosis task,
based on the composition of classification over the
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estimation of observation values. As described
above, what distinguishes this approach, from what
is found in the literature, is the use of temporal de-
pendencies of the data in order to estimate the fu-
ture values of every feature and with those values
perform a diagnostic in the future.

From the experimental comparison of the differ-
ent approaches, over two distinct datasets (with dif-
ferent data characteristics, either from the medi-
cal and the data points of view), it is clear an im-
provement trend when using the temporal informed
methods proposed. The shallow differences between
the results of the estimation models, need to be
deeply study, and other techniques (like Dynamic
Bayesian networks) should be explored to enrich the
estimation process. In either cases, the temporality
of this kind of data should be considered as a core
aspect of the prognosis.
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(a) ALS - BaselineSingleObs (b) ALS - BaselineMultipleObs

(c) Hepatitis - BaselineSin-
gleObs

(d) Hepatitis - BaselineMulti-
pleObs

Figure 1: Baseline accuracy (several classifiers and number of observations).

(a) ALS - Univariate Estimation (b) ALS - Multivariate Estimation

(c) Hepatitis - Univariate Estimation (d) Hepatitis - Multivariate Estima-
tion

Figure 2: Impact of the number of observations on the accuracy of regression
technique estimation models for each variable, in both datasets.
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(a) ALS - Univariate Estimation (b) ALS - Multivariate Estimation

(c) Hepatitis - Univariate Estimation (d) Hepatitis - Multivariate Estima-
tion

Figure 3: Impact of the number of observations on the accuracy of decision
tree estimation models for each variable, in both datasets.

(a) ALS - Univariate Estimation (b) ALS - Multivariate Estimation

(c) Hepatitis - Univariate Estimation (d) Hepatitis - Multivariate Estima-
tion

Figure 4: Impact of the number of observations on the accuracy of HMM
estimation models for each variable, in both datasets.
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(a) ALS - overall accuracy (b) Hepatitis - overall accuracy

(c) ALS - number of observa-
tions impact

(d) Hepatitis - number of obser-
vations impact

Figure 5: Accuracy of different models using the regression estimations.

(a) ALS - overall accuracy (b) Hepatitis - overall accuracy

(c) ALS - number of observa-
tions impact

(d) Hepatitis - number of obser-
vations impact

Figure 6: Accuracy of different models using the decision trees estimations.

(a) ALS - overall accuracy (b) Hepatitis - overall accuracy

(c) ALS - number of observa-
tions impact

(d) Hepatitis - number of obser-
vations impact

Figure 7: Accuracy of different models using the HMM estimations.
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