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Abstract The predictability of epidemiological
indicators can help estimate dependent variables,
assist in decision-making to support public pol-
icies, and explain the scenarios experienced by
different countries worldwide. This study aimed
to forecast the Human Development Index (HDI)
and life expectancy (LE) for Latin American
countries for the period of 2015-2020 using data
mining techniques. All stages of the process of
knowledge discovery in databases were covered.
The SMOReg data mining algorithm was used in
the models with multivariate time series to make
predictions; this algorithm performed the best in
the tests developed during the evaluation peri-
od. The average HDI and LE for Latin American
countries showed an increasing trend in the peri-
od evaluated, corresponding to 4.99 + 3.90% and
2.65 £ 0.06 years, respectively. Multivariate mod-
els allow for a greater evaluation of algorithms,
thus increasing their accuracy. Data mining tech-
niques have a better predictive quality relative to
the most popular technique, Autoregressive Inte-
grated Moving Average (ARIMA). In addition,
the predictions suggest that there will be a higher
increase in the mean HDI and LE for Latin Amer-
ican countries compared to the mean values for
the rest of the world.
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Introduction

Most Latin American countries are undergoing
very similar human development processes, pos-
sibly due to the historical context of their polit-
ical emancipation and their social and cultural
characteristics. This development process can be
evaluated using the Human Development Index
(HDI) adopted by the United Nations Develop-
ment Programme (UNDP) to measure the prog-
ress in a country’s quality of life'® based on the
geometric mean of education, health and income
indicators?, which classifies most Latin American
countries as developing countries with a high
HDP.

Because it includes a “health” component,
measured by a long and healthy life, the in-
dex is widely used in health research®", and its
sub-component most used in this type of studies
is life expectancy (LE)"¥, which is also among
the indicators most used to assess the socioeco-
nomic development of a country.

A very large number of recent studies®* use
LE or the HDI as guiding variables in health stud-
ies.

The predictability of the HDI or its compo-
nents can help with government decision-making
in terms of whether or not to support public pol-
icies if the actual figures match the forecasts. The
forecasts can also be used in prospective studies
in different fields, including health, to explain the
future behaviour of dependent variables.

The literature provides several forecasting
techniques, such as forecasting using data mining
(DM) techniques applied in different fields®*,
including health*?**. However, no studies were
found predicting the HDI or LE for Latin Amer-
ican countries.

Given this gap in the literature, the present
study aims to predict the HDI and LE for Latin
American countries for the 2015-2020 period,
based on historical data and using DM tech-
niques.

This study seeks to contribute to the forecast-
ing of these indicators used in epidemiological re-
search and to the evaluation of the algorithms and
models used, based on comparisons between the
forecasts and the trends reported by the UNDP
with regard to the HDI for periods prior to the
forecasts and between forecast quality measures.

Materials and methods

Based on the historical HDI data of 188 countries
affiliated with the UNDP, covering the period
from 1990 to 2014, all stages of the Knowledge
Discovery in Databases (KDD) process were cov-
ered” and are presented in the subsections below.
This process helped determine the algorithm and
model that best predicted the HDI and LE for the
22 Latin American countries affiliated with the
UNDP for the 2015-2020 period.

Most of the stages of the KDD process were
performed in the DM environment powered by
WEKA®, using the Forecast technique, in the ap-
plication programming interface version 3.7 or
later.

During the process, the performance of dif-
ferent function-based algorithms was evaluated.
Using the best-performing algorithm, forecasting
models were developed, and their results were
compared to the latest UNDP reports to identify
the most efficient models.

The following measures of quality of the time
series predictions were used to evaluate the re-
sults: mean absolute error (MAE), mean square
error (MSE), root-mean-square error (RMSE),
mean absolute percentage error (MAPE), direc-
tional accuracy (DAC), relative absolute error
(RAE), and root relative squared error (RRSE).
In addition, statistical tests of analysis of variance
and Student’s t-test paired by country were used
at different stages of the KDD process, adopting
alpha = 0.05 as the significance level.

In parallel to the KDD, a forecast model was
developed using the SPSS software and the most
popular forecasting technique, Autoregressive
Integrated Moving Average (ARIMA), to com-
pare the forecasts to those obtained using the
DM techniques at the end of the tests.

Data mining pre-processing

The first step in the pre-processing stage was
obtaining the HDI and LE data from the UNDP’s
database”, updated on July 24, 2014, and from
its 2013 Human Development Report®. This data
source may be updated at any time, and whenev-
er a new annual Human Development report is
released, the time series may undergo more sig-
nificant updates.

Using these sources, a specific database was
developed in Microsoft Access that comprised the
time series referring to the period from 1980 to
2013. After the implementation of this database,
the KDD stage of “database exploration” was per-



formed using Structured Query Language (SQL),
resulting in the descriptive statistics of the time
series (Tables 3 and 4).

At the end of the DM pre-processing stage, 90
HDI time series were selected for testing and sep-
arated into two batches of data, the first one to
test the predictions of the HDI 2013 and the sec-
ond to test the predictions of the HDI 2014, us-
ing data prior to the forecast period. Each batch
of data was used for the development of the fol-
lowing: i) a global multivariate model (GMM)
trained with multivariate series corresponding to
the 188 countries affiliated with the UNDP; ii) 22
specific multivariate models (SMM) trained with
groups varying from two to 45 countries, with
explanatory power for the index of each Latin
American country; and iii) 22 univariate models
(UM) trained with series corresponding to each
Latin American country, resulting in a total of 45
models per data batch. The GMM was trained
with data from 188 countries to increase the al-
gorithm’s learning.

For the development of SMMs, HDI data-
sets for candidate countries of predictors from
each Latin American country (target attribute)
were selected. The datasets were chosen using the
Correlation-based Feature Selection (CFS) algo-
rithm?, using the cross-validation method. This
algorithm prioritizes sets of attributes (inde-
pendent variables) that are closely related to the
target attribute (dependent variable) and weakly
related to each other.

Data mining

In this stage, the algorithm most suitable for
the study was selected, testing the function-based
learning algorithms Least Median Squared, Lin-
ear Regression, Multilayer Perceptron, RBF Net-
work, SMOReg, and Gaussian Processes.

To reduce operational costs, the preliminary
tests were performed only for the HDI 2013, for
which the SMOReg algorithm™® was selected be-
cause it generated the best results for the different
model categories (Table 1).

At the end of the DM stage, 90 models were
developed for completing the tests using the
SMOReg algorithm: two GMMs, 44 SMMs and
44 UMs. These models were compared with the
HDI forecast of 22 Latin American countries for
the period 2013-2014 to choose the best per-
forming model (Table 2).

Data mining post-processing

The model results were entered in a database
that allowed comparisons between actual values
and forecasts as well as between model quality
measures. The actual figures for the 2013 HDI
were obtained from the UNDP? on July 24, 2014,
while the figures for the 2014 HDI were consult-
ed after the update was released by the UNDP?,
on December 14, 2015.

After completing all KDD stages for testing
algorithms and models, the process was repeat-
ed for forecasting the HDI and LE in the 2015-
2020 period, applying only the algorithm and
the model with the best performance, namely,
SMOReg and GMM, respectively. Prior to the
forecasting, the 1980-2014 time series were up-
dated on December 14, 2015, since, with the re-
lease of each new report, the UNDP database®
may undergo significant updates’.

Results

Table 1 presents MAE summary statistics for the
tests performed to select the best performing al-
gorithm, which was the SMOReg model.

Table 1. MAE of forecast models developed with the function-based DM algorithm.

Forecast 2013 HDI
Model GMM SMM UM
Statistic p p + p +
SMOReg 0.0002° 0.00005 0.0008* 0.0005 0.0014° 0.0007
Gaussian Processes 0.0011° 0.0008 0.0117¢ 0.0057 0.0174f 0.0088
_E RBF Network 0.0165¢ 0.0079 0.0161¢ 0.0062 0.0160¢ 0.0070
'g Multilayer Perceptron e e 0.0021° 0.005 0.0020° 0.0007
%D Linear Regression o e * * 0.0025¢ 0.0028
Least Median o A * * 0.0044¢ 0.0046
Squared

p<0.05ina<b<c<d<e<f(compared by column).* Did not allow testing using sets of countries. ** Did not allow testing

using all countries.
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Table 2 presents summary statistics of the
quality measures of the HDI 2013-2014 forecast
for the Latin American countries for selecting the
best forecast model.

Table 2 shows that the GMMs exhibited the
best forecast quality measures, corresponding
to the highest values of DAC and lowest errors
(MAE, RMSE, MAPE, RAE and RRSE), com-
pared to SMMs and UMs.

Figure 1 presents the MAE of tests performed
with the forecast models adopted in this study
and compared with the ARIMA method.

It was observed that the models developed
through DM techniques presented the smallest
absolute errors relative to the ARIMA model.

Table 3 presents the last five observation
points of the historical HDI time series in Lat-
in American countries®, the index values (2015
to 2020) forecasted by the SMOReg algorithm in
GMMs, the statistical summary of the index at
the global and Latin America levels and its per-
centage growth for the forecast horizon.

Figure 2 shows directions and forecasts of the
models (dashed lines), trends (continuous lines)
reported by the UNDP** and the 2015-2020 HDI
forecast by the GMMs for some Latin Ameri-
can countries that presented the best and worst
forecast quality measures, despite not presenting
significant differences between the nominal val-
ues of the forecasts and the values of the trends
already published (2014 and 2015).

Figure 3 shows the global HDI growth curve,
with the mean, maximum, minimum and vari-
ance values recorded over the period, in addition
to the mean for Latin America and Latin Amer-
ican countries with the highest and lowest HDI.

Table 4 presents the last five observation
points of the historical LE time series in Latin

American countries”, the values for the variable
(2015 to 2020) forecasted by the SMOReg algo-
rithm in GMMs, the statistical summary of the
variable at the global and Latin America levels
and its percentage growth for the forecast hori-
zon.

Figure 4 presents the global LE growth curve,
with the mean, maximum, minimum and vari-
ance values recorded over the period, in addi-
tion to the mean for developed countries, Latin
America and Latin American countries with the
highest and lowest LE.

Discussion
HDI forecasts

Regarding the HDI forecasts, it should be
noted that significant updates of the indices of
some countries may be a limitation of the study.
According to the UNDP', international and na-
tional data estimates may be inconsistent, as in-
ternational data agencies consult national data
and, where appropriate, estimate missing data
for inter-country comparisons. In regard to these
updates, there were significant differences be-
tween HDI values released on July 24, 2014%, and
on December 14, 2015°.

Some of this study’s forecasts, obtained with
the forecast model and algorithm selection tests,
found HDI trends with a different direction from
that found in other studies®® for all the models
for Cuba in 2013 (Figure 2a), and Venezuela in
2014 (Figure 2b). Cuba also presented the high-
est MAE for the 2014 HDI forecast as well as the
largest differences between UNDP reports™.
Forecasts for Nicaragua in 2013 (Figure 2c) and

Table 2. Quality measures of the models developed to test the forecast of the HDI in the Latin American

countries affiliated with the UNDP.

Forecast horizon HDI 2013-2014
Model GMM* SMMP MU«
Statistic 1] + 1] + p +

Directional accuracy - DAC **

Mean absolute error - MAE *

Mean absolute percentage error - MAPE *
Mean square error - MSE

Relative absolute error - RAE *

Quality Measure

Root-mean-square error - RMSE *

Root relative squared error - RRSE *

98.61 423 9646 554 96.11 5.72
0.0002 0.00005 0.0008 0.0005 0.0014 0,0007
0.026  0.006 0.12  0.07 0.21 0.08
0.0 0.0 0.0 0.0 0.0 0.0
3.53 0.57 17.49 11.28 29.58 15.11
0.0002 0.00005 0.001 0.001 0.002 0.001
3.51 0.65 25,15 13,80 40,20 17.38

*p<0.0lina<b<c**p<0.05ina>b>c.



El Salvador in 2014 (Figure 2d) showed the low-
est MAE. These comparisons, when forecasts are
favourable, as in the case of Nicaragua and El Sal-
vador, can support public and economic policies
adopted by these countries to develop the index
and, when unfavourable, as in the case of Vene-
zuela, might raise concerns about policies or the
data, which may be outdated or inconsistent, as
was the case for Cuba.

Bolivia (+0.61%) and Cuba (+0.13%) pre-
sented, respectively, the highest and lowest per-
centage gain in the HDI in the last period (2013-
2014) among the Latin American countries,
while Venezuela (-0.61%) presented a loss in the
index?>.

The forecasts obtained in this study (Table
3) show that Uruguay could reach, by 2016, the
same level of development as Argentina and

MAE - SMOReg - GMM
—— MAE - SMOReg - SMM
------- MAE - SMOReg - UM
- MAE - ARIMA

1
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Figure 1. Cumulative MAE per model, resulting from the 2013-2014

HDI forecast for Latin American countries.

Table 3. Latest observation points of the historical HDI series for Latin American countries, its forecasts for
2015-2020 and statistical summary of the index at the global and Latin American levels.

Country* Latest Observation Points Forecast Horizon % Variation
2010 2011 2012 2013 2014 | 2015 2016 2017 2018 2019 2020 2015-2020
ARG 0.811 0.818 0.831 0.833 0.836| 0.843 0.85 0.858 0.865 0.874 0.882 5.50
CHL 0.814 0.821 0.827 0.83 0.832| 0.836 0.844 0.852 0.86 0.869 0.877 5.43
URY 0.78 0.784 0.788 0.79 0.793| 0.799 0.805 0.812 0.819 0.826 0.833 4.98
PAN 0.761 0.759 0.772 0.777 0.78| 0.786 0.793 0.8 0.807 0.815 0.823 5.49
CUB 0.778 0.776 0.772 0.768 0.769| 0.774 0.78 0.787 0.794 0.802 0.809 5.21
CRI 0.75 0.756 0.761 0.764 0.766| 0.77 0.776 0.783 0.789 0.796 0.803 4.78
VEN 0.757 0.761 0.764 0.764 0.762| 0.761 0.765 0.769 0.774 0.779 0.785 2.97
MEX 0.746 0.748 0.754 0.755 0.756| 0.76 0.766 0.772 0.778 0.784 0.791 4.63
BRA 0.737 0.742 0.746 0.752 0.755| 0.761 0.769 0.778 0.786 0.795 0.804 6.45
PER 0.718 0.722 0.728 0.732 0.734| 0.739 0.745 0.752 0.759 0.766 0.773 5.26
ECU 0.717 0.723 0.727 0.73 0.732| 0.734 0.739 0.743 0.748 0.754 0.759 3.68
COL 0.706 0.713 0.715 0.718 0.72| 0.724 0.73 0.736 0.743 0.75 0.757 5.19
BLZ 0.709 0.711 0.716 0.715 0.715| 0.715 0.717 0.72 0.723 0.726 0.728 1.86
DOM 0.701 0.704 0.708 0.711 0.715| 0.72 0.726 0.733 0.74 0.747 0.754 5.41
PRY 0.668 0.671 0.669 0.677 0.679| 0.681 0.686 0.691 0.696 0.701 0.707 4.05
SLV 0.653 0.658 0.662 0.664 0.666| 0.669 0.674 0.682 0.689 0.696 0.703 5.48
BOL 0.641 0.647 0.654 0.658 0.662| 0.667 0.671 0.677 0.683 0.689 0.695 4.96
GUY 0.624 0.63 0.629 0.634 0.636| 0.637 0.64 0.644 0.648 0.651 0.655 3.00
NIC 0.619 0.623 0.625 0.628 0.631| 0.636 0.643 0.651 0.66 0.668 0.676 7.13
GTM 0.611 0.617 0.624 0.626 0.627| 0.632 0.639 0.647 0.655 0.663 0.671 7.05
HND 0.61 0.612 0.607 0.604 0.606| 0.61 0.616 0.622 0.629 0.635 0.641 5.84
HTI 0.471 0.475 0.479 0.481 0.483| 0.487 0.492 0.497 0.502 0.507 0.513 6.13
g &
E g po 0.699 0.703 0.707 0.71 0.712] 0.716 0.721 0.727 0.734 0.74 0.747 4.99
< £ 0.081 0.081 0.083 0.083 0.083| 0.083 0.083 0.084 0.084 0.085 0.086 3.90
=
E p o 0.679 0.683 0.687 0.689 0.691| 0.695 0.7 0.705 0.711 0.717 0.723 4.63
© + 0.157 0.156 0.156 0.155 0.155| 0.154 0.155 0.155 0.155 0.155 0.155 0.2

* Three-letter international country codes.
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Figure 2. HDI forecasts and trends for Cuba (a), Venezuela (b), Nicaragua (c), and El Salvador (d).

Chile, currently classified® as developed countries
with a very high level of human development
(HDI > 0.799). The same may occur for Panama
in 2017, Cuba in 2019 and Costa Rica in 2020.
The developing countries of Paraguay and EI Sal-
vador may move from the medium human de-
velopment class (0.599 < HDI < 0.7) to the high
human development class (0.699 < HDI < 0.8) in
2019 and 2020, respectively.

The mean HDI of the Latin American coun-
tries (4.99 + 3.90%) forecasted for the period
from 2015 to 2020 shows an expected growth
above the world average (4.63 + 0.20%), main-
taining the same trend’ that shows Latin America
and the Caribbean with the highest HDI, classi-
fied as high, and with indices higher than those
in the regions of Europe, Asia, Pacific, the Arab
States and sub-Saharan Africa.

Nicaragua (7.13%) and Guatemala (7.02%)
show the highest index growth for the same
period, while Belize (1.86%) shows the lowest
growth. Haiti (6.13%), despite a growth trend
above the world average, remains as the only
Latin American country classified® as underde-
veloped (HDI < 0.55). The other countries tend
to remain in the same human development class,
despite index growth.

Brazil, which is currently experiencing an
economic crisis®, will not see significant chang-
es in its HDI despite significant advances being
expected in LE and education because with the
new calculation method, these advances tend to
be mitigated by low income as a function of the
GDP deficit. The geometric mean employed in
the calculation of the index reduces the level of
substitutability between dimensions, as low per-
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Figure 3. Historical time series (1980-2014) and forecast horizon (2015-2020) of the global HDI and HDI for
Latin America and Latin American countries with the highest (Argentina) and lowest (Haiti) index.

formance in a given dimension can no longer be
compensated for by better performance in an-
other dimension®. Despite the criticisms*! of the
new HDI calculation method, it is observed that
it favours countries with less inequality among
its components?, as the geometric mean tends to
become increasingly smaller than the arithmetic
mean as the variance between the components
increases.

Life expectancy forecasts

It was possible to compare forecasts with re-
cent studies from other international agencies*>*
that had already reported the 2015 LE of its affil-
iated countries. However, their time series differ
from the data source®* used in the training of
the models developed herein, which limits this
study until new LE values or other studies are
published that allow comparisons.

This indicator may also be inconsistent be-
cause many deaths are not recorded correctly'®.

When analysing the global historical LE se-
ries before forecasts for Latin America through
the UNDP database”, it is observed that in the
last 34 years, the global average was 67.84 + 2.89
years. The lowest LE recorded in the period was
for Cambodia in 1980, with a mean of 27.5 years,
while the LE of the world population in that pe-
riod was 61.62 £ 10.5 years. In 1995, Rwanda
had the lowest LE (31.50 years), well below the
global average at the time of 65.44 + 10.18 years.
In the last report®>, Hong Kong - China recorded
the highest LE (84 years in 2014) and Swaziland
the lowest LE (49 years), while the global LE av-
erage was 71.03 + 8.37 years. In Latin America,
Haiti has always had the lowest LE, which was
62.8 years in 2014 and estimated, according to
the forecasts herein, to reach 65.89 years by 2020,
above the global average -1SD (65.06 years) fore-
casted. Other countries, such as Belize (70 years),
Bolivia (68.3 years) and Guyana (66.4years), also
feature LEs below the global average, while most,
namely, 81.82% of Latin American countries,
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Table 4. Latest observation points of historical time series of life expectancy in Latin American countries and
forecasts for 2015-2020.

Country* Latest Observation Points Forecast Horizon Variation %
2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2015-2020
CHL 80.4 80.7 81.1 81.4 81.7 82.14 82.63 83.19 83.81 84.50 85.25 4.35
CRI 78.8 789 79.1 792 794 79.58 79.82 80.09 80.40 80.75 81.13 2.18
CUB 79 791 792 793 794 7953 79.64 79.78 79.95 80.17 80.41 1.27
PAN 76.8 77 772 774 77.6 77.86 7812 78.43 7876 79.14 79.56 2.52
URY 76.6 767 769 77 772 7737 77.59 77.84 78.13 78.47 78.83 2.11
MEX 76.1 762 764 76.6 768 77.04 7733 77.70 78.13 78.63 79.18 3.10
ARG 756 758 759 76.1 763 76,54 7679 77.09 77.43 77.80 78.20 2.49
ECU 75 752 754 757 759 7625 76.65 77.15 77.72 7835 79.06 4.16
NIC 73.7 74 743 746 749 7536 7590 76.56 77.30 78.13 79.05 5.55
PER 73.7 739 741 743 746 7493 7536 75.89 76.51 77.22 77.99 4.55
BRA 733 736 739 742 745 7491 7535 7586 76.43 77.08 77.79 4.41
VEN 73.6 737 739 74 742 7438 7461 74.85 75.14 7546 75.81 2.17
COL 733 735 73.7 739 74 7422 7444 7471 75.00 75.34 75.72 233
DOM 727 729 731 733 735 7379 7411 7451 7496 75.47 76.05 3.47
HND 724 726 728 729 731 7337 73.69 74.09 74.58 75.16 75.81 3.71
SLV 719 722 725 728 73 7341 7394 7459 7530 76.11 77.03 5.52
PRY 723 725 72.6 728 729 73.09 7325 73.47 73.69 7397 7427 1.88
GTM 709 71.1 714 716 71.8 7214 7256 73.07 73.66 74.34 75.11 4.61
BLZ 69.7 69.7 69.8 69.9 70 70.07 70.14 70.22 70.28 70.32 70.34 0.48
BOL 66.4 669 675 679 683 6887 69.44 70.09 70.80 71.63 72.55 6.23
GUY 66 66.1 662 663 664 6654 6672 6691 67.12 67.34 67.57 1.77
HTI 613 61.7 621 624 628 6323 63.66 64.13 64.65 65.24 65.89 491
= g K 732 734 736 738 74 743 746 75 754 759 765 3.33
< & 447 443 439 438 436 434 433 433 435 437 442 2.05
=

’5 p 699 702 70.5 70.8 71 71.4 71.7 72 724 728 733 3.18
© + 8.89 8.73 8.59 8.47 8.37 8.27 822 819 819 821 824 2.20

* International country code.

have an LE above the global average. The mean
LE of Latin America®** has historically always
been higher than the global average.

The forecasts of this study estimate that in the
next six years, the mean LE in Latin America will
increase from 74 to 76.5 * 4.42 years, while the
global estimate is 73.29 * 8.24 years, increasing
to 74.3 = 4.34 by 2015, as already confirmed in
another study*.

Currently”, Chile (81.7 years) has the high-
est LE in Latin America, with a mean higher than
that of other developed countries (79.9 + 2.81),
and is expected to reach an LE of 85.25 years by
2020, which is higher than that predicted in this
study for the developed countries (81.61 £ 3.12
years).

Although LEs are increasing, Kanso et al."
notes that LE at age 60 would increase by 20% if
preventable deaths did not occur and that male
mortality was higher for almost all avoidable
causes of death analysed, which may be related to
men’s greater exposure to risk factors and lower
use of health services. On the other hand, stud-
ies"” show a notable disadvantage of females re-
garding a healthy LE.

LE data, especially when broken down by sex
and region, both with or without a health com-
ponent, can be used in public policies as a ref-
erence for determining health plans and social
security contributions* as well as provisions for
pension payments**, as justifications for so-
cial security reforms”, in planning the future of
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Figure 4. Historical time series (1980-2014) and forecast horizon (2015-2020) of the global LE and LE for Latin
America and Latin American countries with the highest (Chile) and lowest (Haiti) LE.

health care and in improving the quality of life
of the elderly***°, as well as to predict any increase
in age-related diseases’'.

Forecasting method, models, and algorithm

An extensive portion of the literature sug-
gests that combined forecasts can improve indi-
vidual ones®. This was visible in the multivariate
models (MMs), which present better results than
the UMs. In the MMs, the algorithm learned
from the historical behaviour of the time series
of all or groups of countries, while in the UMs,

the learning was limited to the time series of the
target country.

GMMs performed better than the other
models. However, this relative advantage of the
multivariate predictor may be different for each
country. Other studies* also highlight the advan-
tages of MMs, especially in cases of strong rela-
tionships between the time series, as observed in
the present study.

The analysis of variance tests show no signif-
icant differences between model predictions and
the trends reported by the UNDP* for the 2013
and 2014 HDI. However, the GMMs presented
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the best cumulative quality measures during the
entire training and forecasting period, with the
highest DAC and the lowest errors relative to the
other models.

The efficiency of GMMs can be implicitly ex-
plained by the interdependencies and vulnerabili-
ty of countries, as stated in other studies’.

Regarding the method of evaluation of the
models, it is observed that the MAE and DAC
quality measures are sufficient to qualify the HDI
or LE forecast, precluding the need for an analysis
of variance since, although there are no significant
differences between model predictions and the ac-
tual values, the MAE allowed the identification of
the best models, confirming studies® that discuss
the use of specific forecast quality measures.

The SMOReg algorithm presented the best
quality measures during the prediction tests rel-
ative to the other function-based learning algo-
rithms (Table 1), confirming previous studies™
and reaffirming the advantages of using DM
techniques (Figure 1) compared to other more
popular forecasting techniques, such as ARIMA,
analysed in previous studies™.

The major difficulty of this forecasting meth-
od is the operational cost. The DM pre- and
post-processing stages consumed approximately
80% of the operational cost, as previous studies
suggest®. Lack of access to consistent data was
another problem, frequent in large databases”,

Collaborations

CB Santos - contributed substantially to the study
design and planning, contributed to the analysis
and interpretation of data, and approved the final
version of the manuscript. LA Pilatti, B Pedroso,
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contributed to the critical review of content, and
approved the final version of the manuscript.

as updates to previously published observational
data limited the study, decreasing its predictive
ability.

Conclusion

Models developed from multivariate time series,
although more complex, presented better accu-
racy than the models developed from univariate
series.

The multivariate time series allow greater
learning of the algorithms with the increase of
different univariate historical experiences.

Data mining techniques provided better fore-
casts than the most popular technique, ARIMA.

The HDI is a robust index with great predict-
ability and vulnerability, used in epidemiological
research, mainly as a demographic delimiter or a
comparative parameter.

The mean HDI and LE growth in Latin
American countries is expected to remain higher
than the global average.

The contradictions between the forecasted
and actual values of the index or its components,
if compared, may in the future trigger discus-
sions and help in decision-making to support
public policies regarding health planning and
management and explain the scenarios observed
in countries and the world.
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