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Abstract

Introduction
The absence of a unique patient identifier in the Brazilian hospital administrative database prevents
the identification of hospital episodes with multiple hospitalisations of the same patient.

Objectives
This study aims to evaluate the information gain by using a computer routine to identify acute
Obstetrics hospital episodes and its impact on assessing marks of case severity.

Methods
The data source was a de-identified Brazilian hospital administrative database from 2017 to 2020,
including hospitalisations records of women of reproductive age (10 to 49 years old) for treating acute
conditions (N=16,087,490). We processed this database by combining C++ and Python routines
to create a hospital episodes database. From the latter, we selected obstetrics hospital episodes
from 2018 to 2019 (N= 4,926,877). We compared selected characteristics of the hospital episodes
according to their type (multiple vs single records per episode), testing for differences using effect size
measures. We compared relative differences in case severity marks when using the hospital episode
as the unit of analysis to that of isolated hospitalisations (N= 5,018,350).

Results
Compared to single-record episodes, multiple-records episodes had longer length of stay,
higher amount reimbursed, and lower proportion of discharge alive. When comparing isolated
hospitalisations to hospital episodes analysis, we observed an increase in all case severity indicators,
especially for hospital deaths, with an increment of 13.15%. The computer routine decreased the
hospital admissions with a reason for hospital discharge that did not indicate the outcome (hospital
stay or inter-hospital transfer) from 2.29% to 0.73%.

Conclusions
The deterministic matching computer routine proved valuable for identifying records that refer to
the same hospital episode, which improved the assessment of severe cases.
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Introduction

Hospital administrative databases have been used for severe
maternal morbidity (SMM) surveillance at the population level
[1], following the recommendation of SMM surveillance as a
complementary strategy for reducing maternal mortality [2].

The Brazilian Unified Healthcare System, also known
as SUS (from the Portuguese, Sistema Único de Saúde),
was created in 1988 and structured on the constitutional
principles of universal coverage, comprehensive care and
citizens’ participation [3]. Under SUS, hospital care is provided
by public institutions at the three levels of government
(federal, state, municipal) and private institutions that deliver
services under contract to the public system. Although the
system is in theory universal, in 2019 28.5% of the population
purchased additional coverage from the supplementary private
medical system, varying according to factors such as age and
state of residence [4].

Hospital admissions funded by SUS are recorded using the
same information system (SUS Hospital Information System,
from Portuguese Sistema de Informação Hospitalar do SUS—
SIH-SUS) and under the same standards, yielding a National
Database. The AIH (Hospitalisation Authorization, from the
Portuguese acronym for Autorização de Internação Hospitalar)
database is the core SIH-SUS table. The AIH is a claim form
the hospital administrative staff fills out for each discharge
based on the medical record abstract [5]. Data is continually
produced, with de-identified microdata consolidated and made
publicly available monthly for download [6]. Considering the
high hospital delivery coverage in the country and the data
availability, we proposed using SIH-SUS to monitor SMM,
using the WHO (World Health Organisation) definition of
potentially life-threatening conditions (PLTC) [7].

The challenges for implementing the SMM surveillance
using administrative data are the criteria definition and its
operationalisation in the available database [1, 8]. Using the
SIH-SUS poses an additional challenge, as the AIH form
does not have a unique patient identifier, preventing the
identification of all hospitalisations of the same patient.
Analysing the AIH forms as isolated hospitalisations may
underestimate markers of case severity, such as prolonged
length of stay (LOS) and the occurrence of clinical
complications [9]. To overcome this limitation, we developed a
deterministic matching routine to identify hospital episodes in
the SIH-SUS de-identified database. We used the Manitoba
Centre for Health Policy (MCHP) definition of a hospital
episode: “a single, continuous stay in the hospital system,
irrespective of transfers between hospitals” [10]. We excluded
long-term chronic care hospitalisations according to the
MCHP’s definition.

This study aims to evaluate the information gain by using a
computer routine to identify acute obstetrics hospital episodes
and its impact on assessing marks of case severity.

Methods

Study design

We conducted a cross-sectional study using a matching
deterministic computer routine to identify obstetric acute

hospital episodes with admission dates from 2018 to 2019 in
the Brazilian publicly funded hospital administrative database

Data Source

We used the AIH database from SIH-SUS. Although the
AIH database fields changed through time, the general table
structure includes patient data (e.g. sex, date of birth, postal
code, city of residence); hospital data (e.g. hospital code,
municipality); hospitalisation data (e.g., AIH code, type of
care, admission and discharge dates, LOS, number of days
in intensive care unit [ICU], amount reimbursed, principal
diagnosis, up to 12 other diagnoses, principal procedure and
reason for the discharge) [11]. The AIH code is the database’s
primary key, identifying one, and only one, AIH record. The
field type of care has two attributes: type 1, acute and type
5, long-term. The reason for the discharge has five main
attributes: discharge alive, hospital stay, inter-hospital transfer,
death and administrative discharge.

The SIH-SUS supports the prospective payment system
adopted in Brazil to reimburse hospitals for the inpatient
services rendered. The principal procedure field is coded
according to the SUS Procedures, Medications, Orthoses,
Prostheses and Special Materials Management System Table
[12]. It defines the amount reimbursed and the expected LOS
based on an estimated resource consumption for similar cases
[5]. However, whenever the patient needs additional treatment
(e.g. a patient admitted for an obstetric procedure requiring
surgical intervention) or a longer-than-expected hospital stay
due to the characteristics of the clinical presentation, the
current AIH form is closed, and a new AIH form with a new
code is generated. Likewise, when the patient is transferred to
another hospital due to the need for a procedure not available
in the original hospital or to continue the treatment in a
hospital with a more complex level of care, a new AIH form
with a new code is generated [13]. Multiple AIH forms with
different codes are generated for the same patient in both
cases. Finally, whenever it is necessary to transfer a patient
to long-term care, a new AIH form is generated, receiving
the same AIH code of the original event, and code 5 (long-
term care) in the AIH form type of care field. One patient can
have one or multiple type 5 AIH forms, depending on the time
needed to stay in the hospital to complete the treatment. In
the case of multiple type 5 AIH forms, the same AIH code is
assigned to all of them.

We used previously downloaded and processed databases
to develop a maternal health surveillance panel [14]. In
summary, due to the size of the files, for each Brazilian
federative unit (26 states and the federal district) and year
(from 2012 to 2020), we downloaded the AIH databases using
the microdatasus R package [15], running R version 4.3.1 for
Linux [16], with the R Studio interface (version 2023.06.1
for Linux) [17]. Then, we selected records according to the
following criteria: female sex and age between 10 and 49
years. Since the adolescent fertility rate is high in Brazil, the
Ministry of Health adopts the age range 10 to 19 years in
order to monitor adolescent pregnancies [18]. Next, we merged
all the year’s files of a specific federative unit. Finally, we
selected only AIH records for acute care (type 1). We processed
each of the 27 federative unit databases, creating two binary
fields to identify whether the AIH record met the diagnosis
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or the procedure criteria for an obstetric admission. We
assigned the value 1 to a diagnosis flag field if any diagnoses
were filled out with ICD-10 (International Classification of
Diseases -10) O00 to O99 codes of Chapter XV (Pregnancy,
Childbirth and Puerperium), and zero otherwise. Likewise, we
assigned the value 1 to a procedure flag field if the principal
procedure field was filled out with any obstetric procedure
codes (Supplementary Appendix 1) and zero otherwise [19].

The completeness of all fields used by the deterministic
matching routine or data analysis was 100%, and all of them,
including date fields, presented a consistent format throughout
the entire database.

Data Processing

We carried out various sequential processes to create two
national study population databases: (1) the AIH Obstetric
Isolated Hospitalisations database, formed by isolated AIH
records with an admission date in 2018 or 2019, and (2) the
AIH Obstetric Hospital Episodes database, including episodes
with at least one AIH record with an admission date in 2018
or 2019. The majority of the processes were executed using
the tidyverse R package [20] running the R version 4.3.1 for
Linux [16], with the R Studio interface (version 2023.06.1 for
Linux) [17]. Whenever that was the case, we cited the other
computational tools used.

First step

We merged all the federative units’ databases to create a
national type 1 AIH (acute care) database. As we aimed to
analyse the AIH records in 2018 and 2019, we selected records
with admission years from 2017 to 2020. We included the years
2017 and 2020 because hospital episodes could have begun in
2017 and ended in 2018. Likewise, episodes could have begun
in 2019 and ended in 2020. The selection process resulted in
a type 1 AIH database with 16,087,490 records representing
AIH records of women of reproductive age (10 to 49 years old)
for treating acute conditions.

We created a national type 5 AIH (long-term care)
database using the same procedures used to create the type 1
AIH (acute care) database, but selecting type 5 AIH records.
As previously mentioned, as a patient can have multiple type
5 AIH records with the same AIH code, we selected just one
record, resulting in a type 5 AIH database with 45,258 records.
Next, we linked the national type 1 AIH database to the type
5 AIH database, using the AIH code as the linkage key, and
updated the field type of discharge, indicating a transfer to
long-term chronic care when it occurred. We also grouped
the original administrative discharge code with the hospital
stay code, as both indicate that the patient needs to stay in
the hospital to complete the treatment (Figure 1). Hence, in
this analysis, we assigned the following attributes to the field
reason for the hospital discharge: discharge alive, hospital stay,
inter-hospital transfer, transfer to long-term care, and death
in hospital.

Second step

Using the type 1 AIH database generated in the first step, we
ran a deterministic matching routine to identify the hospital

episodes of care. Since the operation requires processing large
amounts of data, sorting and iterating through it, we opted
to work with a SQL database (SQLite, widely available free
and open source database) [21] as the backend for the routine
developed in C++ [22] for faster execution.

Details of the routine description and the link for the source
code are presented in Supplementary Appendix 2. In short,
the routine first identifies all AIH records pertaining to the
same episode of the same patient in the same hospital using
a matching key formed by the hospital code, the woman’s
municipality of residence, and the date of birth. All the AIH
records that exactly agree on the matching key and have the
admission date equal to or at most one day after the discharge
date of the previous AIH record get the same hospital episode
code. Second, whenever an inter-hospital transfer was recorded
as the reason for discharge, the routine additionally searches
for AIH records that exactly agreed on the woman’s postal
code, municipality of residence and date of birth. All the AIH
records that exactly agree on this second matching key and
have the admission date equal to or at most one day after
the discharge date of the previous AIH record get the same
hospital episode code. The episode codes assigned in each of
the two steps are different. Hence, whenever a hospital episode
comprises multiple AIH records in the same hospital and one or
more AIH records in a different hospital, the routine regroups
them, assigning the same episode code.

The routine output CSV file has the same number of
records of the type 1 AIH database (N= 16,087,490 records),
including three new fields created by the routine: an episode
code assigned to all AIH records of the same episode; a
flag marking whether the AIH record initiates or is part of
a sequence of AIH records at the same hospital, or an inter-
hospital transfer; and a number that indicates the order of the
record in the sequence of the AIH records that compose the
episode (Figure 1).

We only assigned the same episode code to the AIH
records when the difference between the admission date of
the subsequent AIH and the discharge date of the previous
AIH is equal to or at most one day after. Hence, the matching
routine aims to identify AIH records that comprised one acute
episode of care from admission to discharge, not allowing the
identification of readmissions or other AIH records unrelated
to the acute episode of care. As the matching key to identify
inter-hospital transfers did not include the hospital code,
it allows the identification of hospital transfers irrespective
of the municipality where the destination hospital is
located.

The final process in this step was to run a Python [23]
routine with the database generated by the C++ routine
mentioned above to produce a table in which each record
represents a patient hospital episode with the attributes:
the episode code, which identifies each hospital episode; the
patient’s age (calculated by the formula [admission date -
date of birth]/ 365.25, rounded to an integer); the admission
date of the first AIH record; the date of the discharge of the
last AIH record; the length of stay in days (calculated by the
formula discharge date - admission date, assign the value zero
for hospitalisation stays less than one day); the reason for
discharge in the last AIH record; the total days in ICU; the
principal diagnosis at the first hospitalisation; the principal
procedure at the first hospitalisation, the episode total amount
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Figure 1: Type 1 AIH Episode Database processing flowchart

reimbursed; the total number of AIH records in the episode;
and the number of AIH records in the episode that met the
obstetric criteria (according to diagnosis or procedure). This
process resulted in an episode database in CSV format with
15,519,953 records (Figure 1).

The routine description and the link for the source code
are presented in Supplementary Appendix 2.

Third step

To create the AIH Obstetric Isolated Hospitalisation database,
we selected records from the type 1 AIH database
(N= 16,087,490 AIH records) that met the criteria for
obstetric admission (diagnosis or procedure) and had an
admission date in 2018 or 2019, resulting in a database with
5,018,350 AIH records. Whereas to create the AIH Obstetric
Hospital Episodes database, we selected records from the
hospital episodes database created with the Python routine
(N= 15,519,953 episode records) whose date of discharge in
the last AIH record in the sequence was not 2017 and the date
of admission in the first AIH record in the sequence was not
2020 (N= 8,173,725). We applied these criteria because we
aimed to include only hospital episodes that had at least one
AIH record with admission date in 2018 or 2019.

Among the 8,173,725 episode records we selected those
with at least one AIH record in the episode that met the
obstetric criteria, resulting in a database with 4,926,877
episode records (Figure 2).

Each record in the AIH Obstetric Isolated Hospitalisation
database refers to one isolated AIH record. In contrast, in the
AIH Obstetric Hospital Episodes database, each record refers

to a hospital episode, aggregating data for all AIH records that
comprise the episode.

Data Analysis

To analyse the data, we used the following R (version
4.3.1 for Linux) [16] packages with the R Studio interface
(version 2023.06.1 for Linux) [17]: tidyverse [20], labelled
[24], gtsummary [25], effectsize [26], and DescTools [27].
We used tidyverse to process and transform data, labelled to
manipulate metadata, gtsummary to create tables, effectsize
and DescTools to calculate effect size measures.

First, we presented the characteristics of the hospital
episodes, including the woman’s age; the number of AIH
records per hospital episode; LOS; the amount reimbursed
(in US$); the reason for the hospital episode discharge,
informed in the last AIH record; and the five more frequent
principal diagnoses and principal procedures, informed in
the first episode AIH record. Next, we compared selected
characteristics of the hospital episodes according to their type
(multiple vs single AIH records per episode). We evaluated the
differences between the two groups, estimating the effect size
using the rank-biserial correlation for continuous variables and
the Cramer V for categorical variables.

We also evaluated four markers of case severity, as follows:
use of ICU, prolonged LOS (above three days, which is the
75th percentile of the hospital episode distribution), high
reimbursement (above US$186.19, which is the 75th percentile
of the hospital episode distribution), and hospital death. As
we evaluated obstetric hospitalisations with various reasons
for admission (principal diagnosis and procedure), we could
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Figure 2: AIH Obstetric Isolated Hospitalisations and AIH Obstetric Hospital Episodes Databases processing flowchart

not use specific benchmarking to define the prolonged length
of stay and high reimbursement. Hence, we used the 75th
percentile cutoff point to determine these outcomes. We
estimated the odds ratio (OR) and 95% confidence interval
(CI) to compare episodes according to their type (multiple vs
single AIH records per episode), using the single-AIH record
episode as the reference.

Next, we compared the interpretation of the case severity
marks (use of ICU, prolonged LOS, high reimbursement, and
hospital death) when using the hospital episode as the unit
of analysis (the AIH Obstetric Hospital Episodes database)
to that of isolated hospitalisation (the AIH Obstetric Isolated
Hospitalisation database). For this analysis, we estimated the
indicators in each database separately. To assess the relative
difference of indicators calculated in the two databases, we
used the formula: Relative difference = (the indicator in the
AIH Obstetric Hospital Episodes database - the indicator in
the AIH Obstetric Isolated Hospital Admissions database )/the
indicator in the AIH Obstetric Isolated Hospital Admissions
database) *100.

To additionally assess the information gain by using the
deterministic matching computer routine, we evaluated: (1)
the number of AIH records that initially did not meet the
criteria of obstetrics but were identified as part of an obstetric
hospital episode; (2) the computer routine ability to decrease
the number of AIH records with a reason for discharge that did
not indicate the final outcome (hospital stay or inter-hospital
transfer).

The lack of a gold standard precluded us from evaluating
measures of linkage quality for both false negative and false
positive errors, so we resorted to using two different strategies
to evaluate potential inconsistencies within the multiple AIH
records episodes (117,253 records). First, we examined the
occurrence of AIH records subsequent in time to a record
indicating a death, considering that these should be the last
record in the series. Second, we evaluated the differences in

the postal codes among the multiple AIH records episodes. We
excluded hospital episodes that only comprised inter-hospital
transfers (N= 291), as the postal code was included in the
matching key used to identify inter-hospital transfers. This
migth indicate that the computer routine grouped AIH records
that do not belong to the same woman. We use the postal
code because, except for inter-hospital transfer, it was not
part of the matching key. The episodes with inconsistencies
were manually examined.

Results

Table 1 depicts the characteristics of the 4,926,877 obstetric
hospital episodes, with at least one AIH record presenting an
admission date between 2018 and 2019.

The median age of hospitalised women was 25 years.
Most hospital episodes had only one AIH record (97.6%),
whereas for the 117,253 remaining, 93% had two. The median
LOS was two days, the median amount reimbursed was US$
154.36, and around 99% of the women were discharged alive.
Single spontaneous delivery was the principal reason for the
admission.

Compared to single-AIH record episodes, multiple-AIH
record episodes had longer LOS, higher amount reimbursed,
and lower proportion of discharge alive (Table 2). In addition,
multiple- AIH record episodes were more likely associated with
the use of ICU, prolonged LOS, high amount reimbursed, and
hospital death (Table 3). These results explain the relative
difference observed when comparing the markers of case
severity calculated using the AIH Obstetric Hospital Episodes
database to the one obtained using the AIH Obstetric Isolated
Hospitalisation database. An increase was observed for all
indicators, especially for hospital deaths, which presented an
increment of 13.15%. The number of hospitalisations was
overestimated by 1.82% (Table 4).
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Table 1: Characteristics of obstetric hospital episodes, Brazil 2018–2019

Characteristic N= 4,926,8771

Woman age Median (IQR) 25 (21, 31)

Number of AIH records
Multiple 117,253 (2.4%)
Single 4,809,624 (97.6%)

Length of stay (Days) Median (IQR) 2 (2, 3)
Amount reimbursed (US$) Median (IQR) 154.36 (125.49, 186.19)

Reason for episode discharge
Discharge alive 4,888,771 (99.23%)
Hospital stay 11,791 (0.24%)
Inter-hospital transfer 24,155 (0.49%)
Transfer to long-term care 12 (0.00%)
Death in hospital 2,148 (0.04%)

Five most frequent principal diagnoses2

Single spontaneous delivery 2,127,634 (43.2%)
Single delivery by caesarean section 608,822 (12.0%)
Spontaneous abortion 180,272 (3.7%)
Premature rupture of membranes 130,105 (2.6%)
Labour and delivery complicated by fetal stress 111,183 (2.3%)

Five most frequent principal procedures3

Vaginal delivery 1,969,312 (40.0%)
C-section 1,367,407 (27.7%)
Tretament of complications of pregnancy 433,467 (8.8%)
Post-abortion uterine curettage 327,007 (6.6%)
C-section in high-risk pregnancy 314,050 (6.4%)

1n (%) or Median (Interquartile Range - IQR) when indicated.
2Categories of the 10th revision of the International Statistical Classification of Diseases and Related Health Problems (ICD-10).
3The SUS Procedures, Medications, Orthoses, Prostheses and Special Materials Management System Table [12].

Table 2: Characteristics of obstetric hospital episodes according to the episode type (multiple vs single AIH records per episode),
Brazil 2018–2019

Hospital episode type
Multiple Single Effect size2

Characteristic
N= 117,2531 N= 4,809,6241 (CI 95%)3

Age 26 (21, 32) 25 (21, 31) 0.062 (0.059, 0.065)
Length of stay (Days) 6(4, 10) 2(2, 3) 0.760 (0.759, 0.761)
Amount reimbursed (US$) 251.01 (195.37, 347.35) 153.20 (124.89, 184.67) 0.673 (0.671, 0.674)
Reason for episode discharge n (%) n (%) 0.042 (0.036, 0.067)

Discharge alive 114,887 (97.98%) 4,773,884 (99.26%)
Hospital Stay 1,145 (0.98%) 10,646 (0.22%)
Inter-hospital transfer 629 (0.54%) 23,526 (0.49%)
Transfer to long-term chronic care 11(0.009%) 1 (0.000%)
Death in Hospital 581 (0.496%) 1,567 (0.033%)

1Median (Interquartile range - IQR) or n (%) when indicated.
2Continuous variables: rank-biserial correlation; categorical variables: Cramer V.
3CI 95% - Confidence Interval 95%.

The deterministic matching computer routine identified
additional 21,752 AIH records that did not meet the obstetrics
criteria initially. The principal diagnoses in those records were
urinary tract infection, site not specified (1,403/ 21,752;
6.4%), sterilisation (1,400/ 21,752; 6.4%), and essential
(primary) hypertension (899/21,752; 4.1%).

The computer routine decreased AIH records with a reason
for discharge that did not indicate the outcome (hospital stay
or inter-hospital transfer) from 2.29% (115,038/5,018,350)
in the AIH Obstetric Isolated Hospital Admissions database
to 0.73% (35,946/4,926,877) in the AIH Obstetric Hospital
Episodes database, a relative decrease of around 68%.
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Table 3: Markers of cases severity of obstetrics hospital episode, according to the episode type (multiple vs single AIH records per
episode), Brazil 2018–2019

Hospital episode type
Multiple1 Single1 Odds ratio

Characteristic
N= 117,253 N= 4,809,624 [REF]2 (CI 95%)3

Use of Intensive Care Unit 7,677 (6.55%) 19,838 (0.41%) 16.91 (16.46, 17.38)
Prolonged length of stay4 91,434 (77.98%) 662,408 (13.77%) 22.17 (21.86, 22.48)
High reimbursement5 92,904 (79.23%) 1,138,661 (23.67%) 12.30 (12.13, 12.48)
Death in Hospital 581 (0.496%) 1567 (0.033%) 15.27 (13.9, 16.81)

1n (%).
2Reference category.
3Confidence Interval 95%.
4 > 75th percentile of the distribution of the length of stay.
5 > 75th percentile of the distribution of the value reimbursed (US$).

Table 4: Markers of cases severity according to the type of analysis, Brazil 2018–2019

Type of analysis1

Characteristic Hospital episode2 Isolated hospitalisation 2 Relative difference3 (%)
N= 4,926,877 N= 5,018,350 −1.82%

Use of intensive care unit 27,515 (0.56%) 27,333 (0.54%) +3.70%
Prolonged length of stay4 753,842 (15.30%) 728,721(14.52%) +5.37%
High reimbursement4 1,231,565 (25.00%) 1,193,840(23.79%) +5.09%
Death in hospital 2,148 (0.044%) 1,892 (0.038%) +13.15%

1Analysis without (Isolated) or with (Hospital Episode) aggregation of records related to the same hospital episode.
2n (%).
3Relative Difference: (%Episode of Care-%Isolated)/%Isolated*100.
4 >75th percentile of the distribution of episodes of care.

Among the multiple AIH records episodes (117,253
records) we found 30 (0.03%) with recorded deaths dated
before the last AIH record. The manual examination of
those episodes showed that 15 the subsequent records to the
registered death record had an organ donor principal diagnose,
indicating that this was not an error, leaving 15 episodes
(0.01%) with unexplained inconsistencies.

Of the 116,962 hospital episodes evaluated for postal
code inconsistencies, we identified differences in 6,300 (5.4%).
Among them, 4,705 (74.7%) had all AIH records with a
principal diagnosis of the ICD-10 - Chapter XV (Pregnancy,
Childbirth and Puerperium), suggesting they are related.
Among the 110,953 hospital episodes with multiple AIH
records without differences in postal code, 87,691 (79.0%)
had all AIH records with a principal diagnosis of the ICD-10 -
Chapter XV (Pregnancy, Childbirth and Puerperium).

Discussion

This study’s findings showed that the deterministic matching
computer routine allowed for the identification of obstetric
hospital episodes in a de-identified administrative database.
This not only improved the assessment of severe cases
but also decreased AIH records without information on the
outcome. These results have a direct impact on data quality,

potentially enhancing the monitoring of maternal potentially
life-threatening conditions and the fitting of predictive models
for severe maternal morbidity and mortality.

The analysis based on hospital episodes has been used to
study selected diagnoses [28], hospital records combined with
ICU records [29], hip fracture surgery [30], and all causes of
hospitalisation [31]. Using this approach, we observed that the
number of AIH records was overestimated by 1.82% when
failing to identify the AIH records that comprise a single
hospital episode. This figure is lower than the ones observed
by other studies that assessed adult hospitalisations [28, 29].
These studies showed that the patient number overestimation
varies according to the record linkage technique used [28],
the principal diagnosis [28], and the method used to define
the episode of care [29]. In addition to these explanations, our
study looked at obstetric admissions, which are more restricted
by pregnancy and relevant time frames, which may also explain
the lower overestimation observed.

In our study, only 2.4% of hospital episodes involved
multiple AIH records. Although linkage errors could not
be ruled out [32], a small proportion of hospital episodes
with multiple AIH records was expected as we studied
obstetric hospitalisations of young women (median 25 years
old, percentile 75% 31 years old). However, these episodes
were more severe cases, presenting higher odds of ICU
use, prolonged LOS, and higher reimbursement amounts.
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Compared to the isolated hospitalisations analysis, the
evaluation of hospital episodes showed around a 5% increase
in prolonged LOS and a higher amount reimbursed, as well as
a 3.7% increase in ICU use. These increments are relevant, as
SMM is a rare condition [8].

A recent validation study [19] compared data from the
SIH-SUS with data from medical records, showing a high
identification of obstetric admissions in the SIH-SUS when
using the criteria proposed by the study but underreporting
the main morbidities that are part of the WHO criteria
for potentially life-threatening conditions [2], mainly related
to hypertensive and haemorrhagic complications. Our study
showed that essential hypertension was recorded in 4.5% of
hospitalisations not initially identified as obstetric, which is
an example of poor recording in the AIH form of the reason
for hospital admission when an ICD-10 hypertension code
that is not specific to pregnancy was used, resulting in the
hospitalisation not being captured as an obstetrics event.
Therefore, we chose to use severity markers that did not
depend on the recording of morbidity (ICU admission, length
of stay, mortality) and the assessment of the reimbursement
amounts due to their relevance for the management of services.
Nevertheless, using SIH-SUS for SMM surveillance will benefit
from improvements in data quality.

A comparison of our results with those of other national
studies is limited [33–36] as, in general, these studies evaluated
maternal complications rather than the need for additional
care. Not every woman with severe maternal morbidity
will have a hospital episode with multiple AIH records,
and therefore, these numbers are not directly comparable.
Furthermore, these studies differ in study design (population
or hospital base, prospective or sectional), the definition of
maternal morbidity cases, and data source (interview with the
woman or medical record data). In any case, the frequency
of severe maternal morbidity in Brazilian studies ranges from
1.5% [35] to 21.2% [33], while our frequency of hospital
episodes with multiple AIH records was estimated at 2.4%,
therefore being within the range of values estimated in these
other studies.

Maternal death is a rare event, with studies demonstrating
under-reporting due to incomplete data or classification errors
[37]. Therefore, the 13.15% increase in death as the reason for
discharge when adopting an episode-of-care approach is very
relevant. It is known that the registry of deaths in the SIH-
SUS has limitations, with an estimated registration coverage of
71.8% of deaths of women of childbearing age when compared
to the Brazilian Mortality Information System. This coverage
varies according to hospital characteristics and location, with
higher values in hospitals located in the more developed South
region, in hospitals with greater complexity, managed by the
federal government, with a higher proportion of adult beds
available for hospitalisations publicly funded, and in teaching
hospitals. On the contrary, the coverage is lower in hospitals
with emergency wards [38]. Despite these limitations, a study
in Brazil that compared the national maternal mortality ratio
estimated using the Brazilian Mortality database and the
estimate based on the SIH-SUS found no significant differences
between the two data sources, concluding that the SIH-SUS
could be an important complementary source for the study
of maternal mortality in the country [39]. One advantage of
using SIH-SUS is the more timely death identification, as the

data is made available monthly, emphasising the importance of
applying strategies, such as our matching routine, that result
in greater identification of deaths in SIH-SUS.

This study has potential limitations. First, we did not
evaluate the routine information gain for identifying potentially
life-threatening conditions (PLTC), which would demand
processing a second SIH-SUS table that records all services
provided to the patient [12, 13]. However, we analysed
important case severity marks related to the PLTC elected
by our team to conduct the SMM surveillance using SIH-
SUS [7]. Second, the lack of a gold standard precluded us
from evaluating measures of linkage quality [32], for both
false negative and false positive errors. Nevertheless, we
evaluated data inconsistencies in the multiple AIH records
episodes, showing that only a small proportion presented
unexplained discrepancies. Third, this analysis only includes
hospitalisations publicly funded, and its results do not apply to
women assisted in the supplementary private medical system.
Finally, although the routines we developed are rather specific
to the databases that underlie this study, the overall logic can
be adapted to processing other databases that similarly have
tables with a set of fields that can be used as a compound
key for a deterministic linkage process. Under circumstances
where more personal identifiers are available, such as the full
name and social security numbers, and similar characteristics
are available to the researcher, the overall results may be even
more robust.

Conclusion

In conclusion, the deterministic matching computer routine
proved to be a valuable tool for identifying AIH records that
comprise the same hospital episode. This not only improved
the assessment of severe cases but also has the potential to
enhance the overall quality of maternal healthcare data. These
findings can be directly applied to improve the monitoring
and prediction of severe morbidity and mortality in maternal
healthcare.
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Supplementary Appendix 1
List of obstetric procedures according to the Management System of Procedures, Medications, Orthoses, Prostheses and Special
Materials of the Unified Health System Table. http://sigtap.datasus.gov.br/tabela-unificada/app/sec/inicio.jsp

#0201010011 Amniocentesis
#0211040010 Amnioscopy
#0211040061 Antepartum tococardiography
#0310010012 Birth assistance without dystocia
# 0310010020 Care for newborns at birth
#0310010039 Normal delivery
# 0310010047 Normal delivery in high-risk pregnancies
# 0310010055 Normal delivery at normal delivery centre
# 0303100010 Treatment of intercurrences predominantly related to the postpartum period
#0303100028 Eclampsia treatment
# 0303100036 Treatment of edema, proteinuria and hypertensive disorders in pregnancy, childbirth and the postpartum period.
# 0303100044 Treatment of clinical intercurrences during pregnancy
#0303100052 Hydatidiform mole treatment
#0409060011 Cervical cerclage
#0409060054 Uterine curettage in hydatidiform mole
# 0409060070 Post-abortion uterus emptying by manual intrauterine aspiration
#0411010018 Manual placental abruption
# 0411010026 Caesarean delivery in high-risk pregnancies
#0411010034 Caesarean delivery
#0411010042 Caesarean delivery with tubal ligation
#0411010050 Manual reduction of acute postpartum uterine inversion
#0411010069 Postpartum episiotomy resuture
# 0411010077 Suture of pelvic tract lacerations (in childbirth before admission)
#0411010085 Surgical treatment of acute postpartum uterine inversion
#0411020013 Post-abortion/puerperal curettage
#0411020021 Embryotomy
#0411020030 Puerperal hysterectomy
#0411020048 Surgical treatment of ectopic pregnancy
#0411020056 Treatment of other maternal disorders predominantly related to pregnancy
#0417010028 Obstetric analgesia for normal delivery
#0417010010 Obstetric anaesthesia for caesarean section
# 0417010036 Obstetric anaesthesia for caesarean section in high-risk pregnancy

Supplementary Appendix 2
C++ deterministic matching routine to identify hospitalizations (AIH records) belonging to the same hospital episode in the AIH
database from the SIH-SUS and Python routine to create a hospital episodes database.

Since the operation requires processing large amounts of data, sorting and iterating through it, we opted to work with a SQL
database (SQLite, widely available free and open source database) as backend for the routine, which was developed as a command
line (character mode) program in C++ for faster execution. The gcc version 11.4.0 toolchain was used. The source code and
respective makefile are available at github: https://github.com/kencamargo/cuidados_multiplos/tree/main/processaih.

The processing was done under Linux, but since both the C++ and Python codes only used standard features of both languages,
the programs can be run in any OS that supports a standard C++ toolchain and a Python 3 interpreter.

First, the CSV file is imported into a table, at the same time the necessary indexes are created, in order to speed up processing
later. Only the fields that are going to be used are imported. Two additional fields, which will hold the episode code as reference
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for the cluster (AIHREF) and a flag marking whether the event initiates or is part of a sequence or transference are added. The
fields of the table are all variable length text fields, named as follows:

Field name Description

CNES Identifier of the health care facility
CEP Postal code
MUNIC_RES Municipality where the patient resides
NASC Date of birth
DT_INTER Date of admission
DT_SAIDA Date of hospital discharge (AIH closure)
COBRANCA Reason for hospital discharge
N_AIH Individual identifier of the AIH form
AIHREF Common identifier for all rows for a full hospital episode (added when imported)
FLAG Flag marking whether row initiates or is part of a sequence or transfer
DIAG_PRINC Main diagnosis on admission
PROC_REA Principal Procedure on admission
US_TOT Reimbursement value in US dollars
UTI_MES_TO Days in an intensive care unit
alta Reason for hospital episode discharge (consolidated)
criterio_primario Flag marking whether episode constitutes an obstetric event

Second, the table is ordered by CNES, MUNIC_RES, NASC and DT_INTER. The table is traversed from beginning to end, and
all the rows that have the same value for the first three fields, and have DT_INTER equal to or at most one day after DT_SAIDA
of the previous rows get the AIHREF. In this step, we reconstitute the sequence of events happening in a single healthcare facility.
The resulting table is exported as a CSV file for further processing if necessary.

In the next steps the program searches for all the rows that have COBRANCA showing a transferto another hospital, in order
to add rows subsequent to the transfer to the episode group. The following steps are repeated until all the transfers have been
processed:

The table is reordered by CEP, MUNIC_RES, NASC and DT_INTER. A second table is created with the following fields (all
variable size text):

Field name Description

ORIGAIHREF Original common identifier
AIHREF New common identifier
DT_INTER Date of admission

Every row with a transfer discharge is compared with the next row in the sequence, and if the latter has the same value for the
first three fields, has DT_INTER equal to or at most one day after DT_SAIDA of the previous row, and a different AIHREF from
the row with the transfer discharge generates a row in the second table. For easier comprehension of the following steps, the row
that originated the transfer will be referred to as the origin row and the following row in the sequence will be referred to as the
destination row.
If the destination row was not previously flagged as being a sequence to a transfer (see below), the second table will have
ORIGAIHREF set to the destination row AIHREF, and AIHREF set to the origin row AIHREF. If, however, the destination row is
already part of a transference sequence, ORIGAIHREF in the second table will be set to the origin row AIHREF, and AIHREF in
the second table will be set to AIHREF of the origin row. This is necessary because some odd transference sequences break already
ordered permanence sequences. In both cases DT_INTER will be taken from the destination row.

In the next step, the first (main) table is ordered by AIHREF and DT_INTER, and the second table is ordered by DT_INTER.
The second table is then traversed, and for every row ORIGAIHREF and AIHREF are retrieved. All the rows in the first table that
have the same AIHREF as the ORIGAIHREF of the second table have that changed to the AIHREF of the second table, thus
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grouping all the rows connected by the transfer. Those rows are also flagged as being part of a transfer sequence, changing the
corresponding FLAG field.

After successive passes over the last two steps exhaust all the unconnected transfer rows, this part of the algorithm ends. At the
end of processing, the resulting table is exported to a comma-separated values (CSV) file, with an added field with the sequential
number of the row in its respective cluster.

Further processing takes place with a Python version 3.11 scripts accessing the SQLite database and generating an additional CSV
file.

First, the processed table resulting from the processing with the C++ routine is ordered by AIHREF and DT_INTER. The first
row initialises several variables in memory that will contain, respectively:

AIHREF
initial date (from DT_INTER)
last date (from DT_SAIDA)
COBRANCA
total reimbursement (from US_TOT)
total days in ICU (from UTI_MES_TO)
number of episodes
total number of rows which fit the obstetric admission criterion (from criterio_primario)

The table is traversed, and for each row:

If AIHREF is equal to the one stored in memory:

if DT_INTER is smaller than the initial date in memory, the latter is replaced.
if DT_SAIDA is greater than the initial date in memory, the latter is replaced.
COBRANCA is stored in memory.
US_TOT is added to total reimbursement.
UTI_MES_TO is added to total days in ICU.
number of episodes is incremented.
criterio_primario is added to total rows fitting obstetric criterion.

On the other hand, if AIHREF is different, a record is added to the CSV file containing all the variables above, plus the calculated
difference in days from initial date to last date, and all the variables are reinitialized.
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