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Socioeconomic and health care routine data in Brazil

≌22
programmes

SIH (hospital episodes)
SINAN (notifiable diseases)
SIM (mortality)
SINASC (live births)
SISVAN (nutritional growth)
SIVEP (malaria notifications)
Vetores-malária (vector control)
RESP (microcephaly episodes -> Zika)
GAL (laboratory management)
...

Social programmes Public health system (SUS)
ü Targeted to poor and extremely poor families.
ü Cadastro Único: central registrar for all programmes.

ü Big and complex public health system.
- from primary care to specialised transplantations.

ü Used by approximately 77% of the Brazilian
population (164 million people).



Existing research platforms using these data
ü The 100 Million Cohort ü Baseline: CadastroÚnico, 2001-2015, 114 million individuals

x 367 atributes.
ü Cohort: baseline + Bolsa Família (cash transfers) + Housing

(MCMV), 2001 – 2015, 400 million records, 3,000 attributes.
ü Used by +20 projects assessing the effects of

social programmes on health outcomes.
ü Zika surveillance (+ microcephaly)

ü Birth cohort, 2001 – 2030, ≌80 million records.
ü Morbidity, mortality, socioeconomic and service data.
ü Focus on the triple epidemic (Zika, Dengue and Chikungunya) 

and health/educational outcomes related to microcephaly.

ü Malaria linkage & analytics
ü Malaria episodes (>5 million records) + mortality + 

socioeconomic + climate data, 2000 – 2018.
ü Focus on i) data aggregation and ii) epidemic forecasting.



AtyImo – Data linkage platform

Da
ta

 la
ke

Quality analysis Preprocessing Linkage Accuracy check Data mart
generation

ü Cleansing, blocking
ü Anonymization

ü Harmonization
ü Quality metrics

ü Deterministic
ü Probabilistic

ü Manual and ML-
based review

linked unlinked dubiousinput data sets anonymised data sets
training
data set

test
data set data mart metadata

ü Data mart release
ü Metadata

Data ingestion Data analysis Visual mining
and report

Data analytics pipeline

ü Harmonization
ü Data imputation

ü Deep + Machine learning
ü Statistical tools

ü Visual modelling, storyboards
ü Geospatial data
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Example results
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Fig. 6. Best coefficient and related results (CADU cohort x SIM, SE).

Fig. 7. Best coefficient and related results (CADU cohort × SIM, SC).

From these experiments, we observed which Dice values pro-
vided the best results for each case and measured the distance
between them to verify the suitability of using the same co-
efficients for all linkages. Best coefficients varied from 8.800
to 9.400, being used as thresholds to separate dubious records.
This observed variation reinforces the complexity of running
probabilistic linkages without gold standards.

C. Scalability Evaluation

We measured the time spent on linkage for each tool in
Table IV. Average times (in seconds) for five executions were:
FRIL (681), Febrl (3.780), AtyImo (103); decreasing to FRIL
(37), Febrl (2.730), AtyImo (42) using blocking. Although these
results were obtained with a small database, they illustrate how
AtyImo performs as good as other tools. We consider AtyImo’s
major advantage as its ability to scale upwards to huge databases,
which we were unable to do with other tools. We linked the en-
tire cohort to 370.000 records from SINAN in nine days using
20 nodes (40 2.8 GHz cores, 256 GB RAM) from a dedicated
supercomputer. We also linked 7 million cohort records to one

Algorithm 1: AtyImo code using OpenMP and CUDA.
INPUT
matrixA // larger matrix (dataset A)
matrixB // smallermatrix(datasetB)
matrizA_gpu // matrixA chunk at GPU
matrizA_cpu // matrixA chunk at CPU
nlines_a // # of lines of matrixA
nlines_b // # of lines of matrixB
num_col // # of columns in both

matrices
puThreshold // matrixA chunk in each

processor
qtd_gpu // available GPUs
OUTPUT: Dice (similarity) between
records
1: int ∗puThreshold = getPuThreshold

(qtd_gpu, percentage_
each_gpu);

2: omp_set_nested(1);
3: omp_set_num_threads(num_gpus);
4: #pragma omp parallel num_threads

(qtd_gpu+1)
5: {
6: int id = omp_get_thread_num();
7: if(id == 0) {
8: int *matrixA_cpu = split(matrixA,

puThreshold);
9: #pragma omp parallel

num_threads(threads_cpu) {
10: intidNested=omp_get_thread_num();
11: cpu_exec(matrixA_cpu, matrixB,

nlines_b, puThreshold, idNested);
12: }
13: }
14: else if(id != 0) {
15: cudaSetDevice(id);
16: cudaGetDevice(&gpu_id);
17: int *matrixA_gpu;
18: matrizA_gpu = split(matrixA,

puThreshold);
19: kernel(matrixA_gpu, matrixB,

nlines_a_gpu, nlines_b, num_col);
20: }
21: }

million records from SIM in four days using a 56-core (3.1 GHz,
512 GB RAM) server.

Considering the potential speed up of parallel architectures,
we have ported AtyImo to heterogeneous (CPU+GPU) plat-
forms aiming to simultaneously use all available processors to
distribute data and tasks. We have used a static strategy to as-
sign data and tasks over available CPU and GPU subsystems.
We initialize the runtime with as many CPU threads as CUDA
devices, since one CPU thread is linked to each GPU to perform
memory and control operations, plus a number of CPU threads
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Abstract Record linkage is a technique widely used to gather data stored in disparate
data sources that presumably pertain to the same real world entity. This integration can
be done deterministically or probabilistically, depending on the existence of common
key attributes among all data sources involved. The probabilistic approach is very time-
consuming due to the amount of records that must be compared, specifically in big data
scenarios. In this paper, we propose and evaluate a methodology that simultaneously
exploits multicore and multi-GPU architectures in order to perform the probabilistic
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TABLE III
ATYIMO-SPARK CODE ORGANIZATION

Module Purpose

preprocessing.py Data cleansing and standardization
createBlockKey.py and Blocking (record grouping)
writeBlocks.py
encondingBlocking.py Creation of Bloom filters
correlation.py Pairwise comparison and matching
dedupByKey.py and Generation of research datasets
createDatamart.py
config.py and Data and Spark configuration
config_static.py

TABLE IV
COMPARATIVE ANALYSIS—ATYIMO × FRIL × FEBRL

FRIL FRIL Febrl Febrl AtyImo AtyImo
blocking blocking blocking

TP 486 484 480 479 486 486
TN 0 0 0 0 0 0
FP 1 0 1 0 0 0
FN 0 2 6 7 0 0

in Table III. The correlation() module is the most time-
consuming as it performs pairwise comparisons, similarity cal-
culations, and matching decisions.

A. Accuracy in Controlled Scenarios

Table IV presents a comparative analysis linking a controlled
database with positive tests for rotavirus (children treated for
diarrhoea) to a database with children’s hospital admissions for
all-cause diseases (including diarrhoea). The first database had
486 records, to which we added 200 additional random records
as noise. The second database had 9678 records. The goals were
to correctly retrieve all 486 records from the second database
(simulating a controlled behavior) and compare AtyImo’s results
against other tools.

We observed similar accuracy in terms of TP and TN pairs,
with a slight advantage for AtyImo when considering FP and
FN pairs. We used the same comparison strategy for FRIL
and Febrl: attributes name and mother_name were compared
through the Jaro–Winkler distance (weight = 1), date difference
for date_of_birth (weight = 0.9), exact match for municipality_
code, and gender (weight = 0.8 for both). This configuration
is similar to AtyImo’s hybrid approach. Blocking was based on
the sorted neighborhood algorithm, which sorts records through
a given key and only compares records within a predefined
distance window, whereas, for AtyImo, we used the predicate
described in Section III. As FRIL and Febrl have a black-box
implementation, we were unable to fully explore how blocking
influences the results obtained.

B. Accuracy in Uncontrolled Scenarios

While the cohort creation was taking place, we performed ex-
periments linking isolated CADU samples (from 2007 to 2015)

TABLE V
LINKAGE RESULTS (SAMPLE: CADU TUBERCULOSIS 2011)

Databases Matched pairs TPs (%)

(number of records) Full Hybrid Full Hybrid

CADU 2011 × SIH SE 40 24 23 23
(1 ,447 512) × (49) (57.5%) (95.8%)
CADU 2011 × SIH SC 140 95 83 86
(1 988 599) × (330) (59.2%) (90.5%)
CADU 2011 × SINAN SE 398 311 309 299
(1 447 512) × (624) (77.6%) (96.1%)
CADU 2011 × SINAN SC 661 500 551 462
(1 988 599) × (2049) (83.3%) (92.4%)

Fig. 5. Best coefficient and related results (CADU cohort x SIM, RO).

to health databases covering specific diseases (e.g., tuberculo-
sis, children mortality, BCG vaccination, etc.). Table V presents
linkage results for tuberculosis between the CADU 2011 (best
quality sample), the hospitalizations (SIH), and the disease
notifications (SINAN) databases. We used samples from two
Brazilian states: Sergipe (SE), the smallest sample (few
individuals in CADU), and Santa Catarina (SC), a middle size
sample. They were chosen for manual review purposes.

The hybrid approach retrieved more TP pairs compared to
the full probabilistic routine, which emphasizes that individual
comparison of linkage attributes provides more accurate results
less influenced by imputation errors. We made similar tests with
a bigger sample (BA) and a poorest data quality sample (RO)
(see Table I).

In [5], we presented the overall cutoff points providing better
results when linking cohort records to different mortality (SIM)
samples (RO, SE, and SC), respectively: 9.300 (sensitivity
94.3%, PPV 95.9%), 9.300 (sensitivity 97.6%, PPV 97.7%),
9.000 (sensitivity 86.6%, PPV 93.5%). We plotted ROC curves
for all experiments to visually assess the power of discrimina-
tion of each coefficient, as depicted in Figs. 5 to 7. Results from
the SC sample were slightly worse compared to other samples,
having been influenced by expressive missing data present in
2007 to 2009 fragments.
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Abstract. Record linkage (RL) is the process of identifying and linking
data that relates to the same physical entity across multiple heteroge-
neous data sources. Deterministic linkage methods rely on the presence
of common uniquely identifying attributes across all sources while prob-
abilistic approaches use non-unique attributes and calculates similarity
indexes for pair wise comparisons. A key component of record linkage is
accuracy assessment — the process of manually verifying and validat-
ing matched pairs to further refine linkage parameters and increase its
overall effectiveness. This process however is time-consuming and imprac-
tical when applied to large administrative data sources where millions
of records must be linked. Additionally, it is potentially biased as the
gold standard used is often the reviewer’s intuition. In this paper, we
present an approach for assessing and refining the accuracy of proba-
bilistic linkage based on different supervised machine learning methods
(decision trees, näıve Bayes, logistic regression, random forest, linear
support vector machines and gradient boosted trees). We used data sets
extracted from huge Brazilian socioeconomic and public health care data
sources. These models were evaluated using receiver operating character-
istic plots, sensitivity, specificity and positive predictive values collected
from a 10-fold cross-validation method. Results show that logistic regres-
sion outperforms other classifiers and enables the creation of a general-
ized, very accurate model to validate linkage results.

1 Introduction

Record linkage (RL) is a methodology to aggregate data from disparate data
sources believed to pertain to the same entity [21]. It can be implemented using
deterministic and probabilistic approaches, depending on the existence (first
case) or the absence (second case) of a common set of identifier attributes in
c⃝ Springer International Publishing AG 2017
L. Bellatreche and S. Chakravarthy (Eds.): DaWaK 2017, LNCS 10440, pp. 214–227, 2017.
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Fig. 3. Boxplots of 10-fold accuracy, PPV, sensibility and specificity measures in di↵er-
ent ML algorithms. The results of di↵erent ML algorithms are represented by letters:
a = decision trees, b = naive Bayes, c = logistic regression, d = random forest, e =
linear support vector machine, f = gradient boosted trees.

Several runs of ML algorithms with di↵erent settings are necessary to select
the best model. Accuracy estimation and ROC curves may be used to choose
the best model with available training data [4, 15]. In the context of this work,
the capacity of well classifies TP pairs. The Figure 3 shows the accuracy, PPV,
sensibility and specificity results of the built models. This measures are described
on Section 3 and their interpretation may fit to assess the performance of models.
Boxplots are used in order to allow the study of results variation for each fold
on cross-validation. This plots can summarize and make comparisons between
groups of data by using medians, quartiles and extremes data points [29]. A good
model must get uppermost boxplots with closest quartiles, which means either
a low variation of results on each fold or satisfactory model generalization.

The Figure 3 shows the best results of each model. The use of entropy to split
data and set the maximum depth of tree as 3 achieves the best results, showed
on Figure 3.a. The results of naive Bayes classifier are in Figure 3.b. Figure 3.c
presents logistic regression results with 1000 iterations. Random forest achieved
best results by setting 1000 trees for voting, Gini impurity to split data and
the maximum depth of tree as 5, as shown in Figure 3.d. LSVM results with
50 iterations to well fit the hyperplane are illustrated by Figure 3.e. Figure 3.f
brings the gradient boosted trees results with at most depth 3 and 100 iterations
in order to minimize the log loss function.

Figure 3.c shows that logistic regression outperforms the other models by
comparing accuracy, PPV and specificity medians. Despite the better sensibility
performance of LSVM, the best specificity result is achieved by logistic regres-
sion.

Random forest SVM Gradient boosted
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Biggest challenges

üTechnical:
i) Large volumes of data hinder validation.
ii) Data heterogeneity hinders the adoption of generalizable machine learning methods.

üBehavioural:
üHow to conciliate domain expertise (human) and powerful (but black-boxed) methods

(machine) into accessible and effective analytics platforms to support routine research
and policy-making over linked health care data?
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