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Background: Identifying successful public health ideas and prac-
tices is a difficult challenge towing to the presence of complex base-
line characteristics that can affect health outcomes. We propose the 
use of machine learning algorithms to predict life expectancy at 
birth, and then compare health-related characteristics of the under- 
and overachievers (i.e., municipalities that have a worse and better 
outcome than predicted, respectively).
Methods: Our outcome was life expectancy at birth for Brazilian munici-
palities, and we used as predictors 60 local characteristics that are not 
directly controlled by public health officials (e.g., socioeconomic factors).
Results: The highest predictive performance was achieved by an 
ensemble of machine learning algorithms (cross-validated mean 
squared error of 0.168), including a 35% gain in comparison with 
standard decision trees. Overachievers presented better results 
regarding primary health care, such as higher coverage of the mas-
sive multidisciplinary program Family Health Strategy. On the other 
hand, underachievers performed more cesarean deliveries and mam-
mographies and had more life-support health equipment.
Conclusions: The findings suggest that analyzing the predicted value of 
a health outcome may bring insights about good public health practices.
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Machine learning algorithms have been successfully employed 
for complex health-related problems such as disease diag-

nosis,1 mortality risk prediction,2 and evaluating adverse birth 
risks,3 but its potential in public health remains underexplored.

One of the most difficult challenges in public health is 
to be able to identify successful ideas and practices. Favorable 
health situations at the local level are not necessarily a conse-
quence of good public health management, as there are a large 
number of characteristics with potentially complex interactions 
that can affect local health outcomes (e.g., municipalities with 
very high per capita income usually have high life expectancy, 
independently of the quality of their public health manage-
ment).4 We propose a machine learning framework to identify 
successful public health practices at the local level. We start by 
training algorithms to predict the value of a municipality’s life 
expectancy at birth using as predictors only local characteristics 
that are not directly controlled by local public health managers 
(e.g., socioeconomic factors). Given a high predictive perfor-
mance of the algorithms, we will then identify the municipali-
ties that have a better outcome than predicted (“overachievers”) 
and compare their health-related characteristics with the ones 
that have a worse outcome than predicted (“underachievers”).

METHODS
We analyzed official public data from municipalities of 

Brazil, a country with both a recent history of reliable health 
data,5 and the presence of large socioeconomic disparities that 
can affect health outcomes.6,7 For our analyses, we included only 
the municipalities with more than 10,000 residents to decrease 
the influence of random annual variations in health outcomes  
(n = 3,052 from a total of 5,565 municipalities). All the data 
collected are from 2010, the year of the last Census, and the unit 
of analysis was each municipality. Our public health outcome 
of interest was life expectancy at birth for each municipality, 
calculated previously by the United Nations’ Development Pro-
gramme.8 We used as predictors 60 local characteristics that are 
not directly controlled by public health officials and are pub-
licly available at the municipal level, such as per capita income, 
proportion of illiterate residents, proportion of households that 
have computers, proportion of women, unemployment rate, 
proportion of married residents, proportion of white residents, 
and the state where the municipality is situated, among others 
(see eAppendix 1; http://links.lww.com/EDE/B406).

We tested the performance of a total of 16 widely avail-
able machine learning algorithms and then added an ensemble 
algorithm that creates an optimal weighted average of the 
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individual models (SuperLearner), to predict life expectancy 
at birth. The algorithms included artificial neural networks, 
random forests, gradient boosted trees, least squares, and 
penalized linear regression (ridge and lasso), support vector 
machines, among others (see eAppendix 2; http://links.lww.
com/EDE/B406).9 Continuous variables were normalized to 
avoid oversized effects owing to difference in scales, and the 
categorical variable (the state where the municipality is situ-
ated) was transformed into indicator variables.

We then applied nested 10-fold cross-validation, com-
posed by an outer and an inner validation process, to select 
the hyperparameters and weights of the different machine 
learning algorithm that composed the SuperLearner, and to 
test its performance.10,11 The use of nested cross-validation 
performance allows the SuperLearner to be a good estimate 
of the expected error when tested on new (unseen) data.11 The 
predictive performance of the algorithms was measured by 
the mean squared error. All the analyzes were performed with 
R software and model training with caret and SuperLearner 
package.9 The study only used publicly available aggregated 
data and did not require ethical review.

Health Characteristics
Municipalities were separated into tertiles according to 

life expectancy at birth to compare municipalities with similar 
overall socioeconomic characteristics, where the first tertile 

is the one with lower life expectancy. Within each group, we 
ranked the under and overachievers based on their perfor-
mance in life expectancy at birth (i.e., lower or higher than 
their predicted values). For each tertile, we selected the top 
100 overachievers and top 100 underachievers and compared 
the health characteristics of the two groups using Mann-
Whitney U tests, owing to non-normality of the distributions. 
Health characteristics analyzed included vaccination cover-
age, hospital beds per 10,000 residents, coverage of Estratégia 
Saúde da Família (Brazil’s main primary health program),12 
ultrasound machines per 10,000 live births, among others (see 
eAppendix 3; http://links.lww.com/EDE/B406).

RESULTS
Life expectancy at birth for the 3,052 municipalities 

ranged from 65.5 years in Joaquim Nabuco, Pernambuco, 
to 78.6 years in Brusque, Santa Catarina (total range of 13.1 
years). The best performing single algorithm, random for-
ests, presented a cross-validated mean squared error of 0.175 
( Figure 1). For random forests, residing in Minas Gerais State, 
the illiteracy rate and the proportion of households with an 
automobile were the most important variables for improving 
overall predictive performance (see eAppendix 4; http://links.
lww.com/EDE/B406).

We then combined the original algorithms, with 
weights defined by 10-fold cross validation, to create the 

FIGURE 1. Cross-validated performance of the machine learning algorithms according to mean squared error (MSE), root mean 
squared error (RMSE) and R2.
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SuperLearner, which presented the best predictive perfor-
mance (mean squared error: 0.168). The ensemble was used 
to make the final predictions on life expectancy at birth for 
each of the 3,052 municipalities and to identify the under 
and overachievers (eAppendix 5; http://links.lww.com/EDE/
B406). The cross-validated values of predicted and actual life 
expectancies for each of the municipalities is presented in 
Figure 2. Overall, the algorithm performed well on the entire 
distribution, that is, when it predicted a high life expectancy 
the municipality presented a high life expectancy, and vice-
versa. The map of the spatial distribution of the under and 
overachievers according to tertiles of life expectancy is pre-
sented in eAppendix 6; http://links.lww.com/EDE/B406. It 
is possible to observe an interestingly broad distribution of 
under and overachievers throughout Brazil without clear indi-
cations of clustering.

Table 1 presents the results for the differences in health-
related characteristics between the under and overachiev-
ers. There were considerable differences between the two 
groups mostly for the middle and high tertiles of life expec-
tancy. Overall, overachievers presented better results regard-
ing investments in primary health care, that is, care usually 
provided by generalist physicians, dentists, and nurses, such 
as higher coverage of the massive multidisciplinary program 
Estratégia Saúde da Família (Family Health Strategy) and 
basic oral health coverage, and vaccination coverage. On the 
other hand, underachievers performed more cesarean deliv-
eries and mammographies and had more life-support health 
equipment, which are usually provided by medical specialists 
(secondary health care).

DISCUSSION
Our results show that it is possible to predict with good 

accuracy the life expectancy of Brazilian municipalities using 
solely socioeconomic and demographic characteristics. We 
then analyzed health characteristics of the underachievers and 
overachievers, that is, municipalities that performed worse 
and better than predicted, given their socioeconomic charac-
teristics, respectively, and found that overachievers performed 
better on primary health indicators, while underachievers 
fared better on secondary care indicators.

The results confirm the importance of primary health-
care investments identified in previous analyses that applied 
traditional epidemiologic methods,13,14 highlighting the 
necessity of allocating resources to areas with higher mar-
ginal benefits, especially on a developing country with scarce 
resources like Brazil. Contrary to what could be expected, 
underachievers did not perform worse in all healthcare indi-
cators, but in fact showed better results regarding medical 
technologies as evidenced by mammographies and cesarean 
deliveries performed, and the availability of life-support 
equipment.

The results also bring new knowledge to the healthcare 
literature regarding the growing area of machine learning. 
First, tree-based ensemble algorithms (random forests and 
gradient boosted trees) achieved the highest performance of 
the individual algorithms. Many recent articles resort to only 
testing one of the two for prediction problems, instead of 
comparing the performance of a broader group of algorithms, 
which our results show is an acceptable strategy. Second, an 
ensemble of machine learning algorithms (SuperLearner) 

FIGURE 2. Cross-validated results for predicted and actual life expectancy at birth for the 3,052 municipalities.
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presented the highest predictive performance, including a 
35% gain in performance in comparison with standard deci-
sion trees.

Our study introduced a new strategy for identify-
ing successful healthcare initiatives, which brings a new 
approach to the outcome score literature.15 The same strat-
egy can be applied for other healthcare problems, such as 
identifying hospitals with a lower than expected mortality 
rate (after predicting the rate using the characteristics of the 
patients), identifying companies with more occupational 
accidents than expected (after predicting this number using 
the characteristics of industry and workforce), among many 
other applications.

The study has a few limitations. First, the selection of 
different algorithms could lead to different results. However, 
we performed the same analyses with the highest perform-
ing individual algorithm (random forests) and found similar 
results (see eAppendix 7; http://links.lww.com/EDE/B406). 
Second, there could be other relevant predictive variables not 
accounted for in our analyses. We aimed at including every 
socioeconomic characteristic that could plausibly affect life 
expectancy and was available in Brazil, but other variables 
unaccounted for could have an effect on prediction. However, 
the effect of each individual variable on improving predictive 
performance was limited. We tested the results by excluding 
the first, second, and third single variable that most improved 

predictive performance and the difference found was small 
(eAppendix 8; http://links.lww.com/EDE/B406).

Recent advances in machine learning have the potential 
to improve how healthcare is provided and evaluated.16,17 As 
healthcare costs continue to increase, new pressures arise to 
cut access or availability of care, which could be more prop-
erly resolved by improving the efficiency of healthcare invest-
ments and management. Our study shows that assessing the 
predicted value of a health outcome may bring new insights 
about good public health practices.
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