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Abstract
Background  A composite evaluation that merges various data quality indicators separately enabled the researchers 
to score the overall data quality of the research. In this context, the objective of the present study is to develop 
composite anthropometric data quality indices for children under 5 registered on the Brazilian National Food and 
Nutrition Surveillance System (SISVAN) from 2019 to 2021.

Methods  Anthropometric data quality indicators were generated for 5,210 Brazilian municipalities: coverage, 
completeness, the ratio between the sexes, age difference index, preference for height and weight digits, biologically 
implausible z-score values, and standard deviation. Principal component analysis [PCA] was used to generate a 
composite anthropometric data quality index for standardized height-for-age (HAZ) and weight-for-height z score 
(WHZ) indices. The municipalities were ranked in descending order, following their anthropometric quality index 
values: lowest [worst quality] and highest values [best quality].

Results  In total, 29,367,435 records and 8,930,881 children with anthropometric measurement information were 
identified. The dispersion indicators, the percentage of biologically implausible values [BIV] and the digit preference 
had the highest factor loadings. We observed that the worst index values were found in municipalities in the country’s 
poorest and most vulnerable regions [North, Northeast, and Central-West]. The correlation between the HAZ and 
WHZ quality indices was 0.74.

Conclusion  The proposed index provides a coherent measurement to discriminate municipal anthropometric data 
quality.

Keywords  Anthropometric evaluation, Anthropometric data quality indicators, Food and nutrition surveillance 
system, Children
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Introduction
Anthropometric data are pivotal for estimating nutri-
tional status across and within populations, tracking 
secular trends, and evaluating the effectiveness of pub-
lic health interventions [1]. However, the validity and 
reliability of metrics derived from this data are contin-
gent upon the quality of the anthropometric measure-
ments [2]. Analyzing anthropometric data in large-scale 
research presents significant complexities and chal-
lenges, particularly in children. Inaccuracies in the qual-
ity of anthropometric data have substantial implications 
for assessing the burden of malnutrition within popula-
tions. Several stages of the research can compromise 
data quality, including the questionnaire development to 
staff training, fieldwork design, data entry into informa-
tion systems, and finally in subsequent data analysis [3]. 
From the outset, there are challenges related to the valid-
ity of anthropometric equipment, as well as errors in data 
collection and recording [4]. Healthcare professionals 
often round numbers to simplify data reporting, but this 
tendency can introduce subtle biases, particularly when 
multiple field professionals are involved. Such rounding 
errors can skew measurements, leading to inaccuracies in 
data collection and recording, which is particularly criti-
cal in anthropometric studies where precision is essential 
for accurate nutritional assessments and effective public 
health planning [3, 5].

Various indicators have been employed to assess the 
quality of anthropometric data, examining aspects such 
as coverage, completeness of date of birth and anthro-
pometric measurements, digit preference in reporting 
age, length/height, and weight, percentage of biologically 
implausible z-score values (BIV), and the distribution of 
standardized weight and height measurements [6–11]. 
While individual indicators are crucial for evaluating 
different dimensions of data quality, their interpretation 
can be complex due to potential conflicting signals. For 
instance, one indicator might suggest issues with data 
completeness, while another might highlight problems 
with data accuracy. To address these challenges, a more 
integrated approach that combines multiple data qual-
ity indicators may offer a comprehensive evaluation. 
This aggregated method allows researchers and health 
managers to assess the overall quality of the data more 
effectively [2]. Despite its importance, the methodologi-
cal development of assessing the quality of anthropo-
metric data through an aggregated index or composite 
score has been limited [3, 12, 13]. One challenge is that 
a weighted summative score of numerous individual 
indicators may include elements that are not informa-
tive regarding anthropometric quality in each survey. 
Additionally, the weights assigned to each parameter in 
the global score are often not empirically derived and 
can be influenced by indicators with greater variance 

[3]. Another approach proposed to assess data quality is 
the use of algorithms, which, despite offering systematic 
and comparable criteria, have limitations. This method is 
resource-intensive and relies heavily on the quality of the 
information available in reports, which often only par-
tially reflect the integrity of the data. Furthermore, algo-
rithms often assume that ideal practices have not been 
implemented if they are not explicitly mentioned, which 
can result in biased assessments, often based on worst-
case scenarios [12]. As a consequence, some studies may 
be wrongly classified as of lower quality, even when they 
have adopted appropriate methodologies. In contrast, 
Perumal et al. (2020) addressed this issue by assessing the 
quality of anthropometric data from 145 Demographic 
and Health Surveys (DHS), predominantly conducted in 
Sub-Saharan Africa, using Principal Component Analy-
sis (PCA) [2]. This method evaluated the weights of the 
indicators based on factor loadings derived from the 
correlation matrix, thereby avoiding arbitrary weight 
assignments and reducing the dominance of any single 
indicator in the final score. Moreover, this approach 
incorporated only those indicators recommended in the 
recent WHO/UNICEF Anthropometric Data Quality 
Working Group report (2019) [5].

The fact is that the use of a general data quality index 
is easier to understand and interpret, particularly for the 
policy manager, and can be useful for planning and moni-
toring food and nutritional surveillance actions at various 
levels of aggregation. Furthermore, the proposed anthro-
pometric data quality indices can be easily derived from 
the data set. Therefore, we will use PCA to generate a 
composite index to evaluate the quality of data from Bra-
zil’s Food and Nutrition Surveillance System (SISVAN) 
from 2019 to 2021.

Materials and methods
Study design and population
This descriptive cross-sectional study evaluates anthro-
pometric data quality for children under 5 years old, 
assisted at Unified Health System primary healthcare 
(SUS) services between 2019 and 2021. The data was 
obtained from the Food and Nutrition Surveillance Sys-
tem (SISVAN) individualized database. SISVAN uses as 
a reference the Protocols of the Food and Nutrition Sur-
veillance System and the “Guidelines for the collection 
and analysis of anthropometric data in health services: 
SISVAN Technical Standard”, which determine specific 
procedures for measuring weight and height in different 
age groups [6].

The SISVAN anonymized data was made available for 
use in this project by the Centre for Data and Knowledge 
Integration for Health (CIDACS), Oswaldo Cruz Foun-
dation (FIOCRUZ). All the CIDACS procedures include 
technical and physical measures to manage, document, 
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store, and protect data, as required by the 2018 Brazilian 
General Data Protection Law, in force since August 2021, 
and National Health Council National Research Ethics 
Commission Resolution Nº 466/2012.

The project was submitted and approved as an amend-
ment to the “100 Million Brazilian Cohort” study by the 
Federal University of Bahia, Institute of Collective Health 
Ethics Committee (CAAE: 41695415.0.0000.5030).

Data source
The SISVAN database includes food and nutrition follow-
up records from the e-SUS AB, the Bolsa Familia Pro-
gramme Management System (SIGPBF) and data placed 
on the SISVAN-Web [14]. The data, which monitor the 
Bolsa Familia program (PBF) beneficiaries’ nutritional 
status, collected at least twice per year, are incorporated 
into SISVAN at the end of each period (the first period 
from January to June and the second from July to Decem-
ber). The primary care teams gradually integrate the 
e-SUS AB records into the Basic Healthcare Information 
System (SISAB), following the schedule for sending data 
and then exporting to SISVAN following validation. The 
Information Technology Centre (NTI/DAB/SAS/MS) 
conducts the system integration process with the Unified 
Health System IT Department (DATASUS). The result of 
this research is data consolidation on the SISVAN data-
base [14].

Anthropometric data quality indicators
The anthropometric data quality was evaluated using 
multiple indicators. For children under the age of 5, the 
indicators recommended in a recent WHO/UNICEF 
team Working Group on Anthropometric Data Quality 
(2019) publication and prior experiences were used to 
qualify data of this type [5]. Indicators related to the fol-
lowing aspects were analysed in this study: (1) complete-
ness, (2) sex ratio, (3) age dissimilarity index, (4) digit 
preference for length/height and weight, (5) implausible 
z-score values, and (6) z-score standard deviation. We 
also included coverage, calculated as the percentage of 
children under 5 years of age with a SISVAN nutritional 
status record, divided by the reference population (based 
on data from the 2000 and 2010 censuses) of children 
under 5 using the SUS, multiplied by 100 [15].

The dissimilarity index of age evaluates the unexpected 
concentration of observations in specific ities or months 
of birth. This index measures the percentage of records 
that deviate from a uniform distribution of amounts in 
months (0–59), with values that vary from 0 (ideal) to 90. 
Digit preference for height/length and weight identifies 
unexpected patterns. An even distribution of final digits 
is expected, with about 10% occurrence for each digit (0 
to 9). However, preference for digits such as 0 or 5 may 
occur due to the environment, especially in height/length 

measurements. To quantify these discrepancies, the dis-
similarity index is used. Implausible Z-score values ​​cor-
respond to anthropometric measurements falling within 
two biologically plausible ranges defined by the WHO 
child growth standards. For example, HAZ (< -6 or > + 6) 
and WHZ (< -5 or > + 5) values ​​are considered implau-
sible [5] [Chart 1].

The following were used for indicator analysis: length/
height (cm) and weight (kg) measurements, sex, date of 
birth, age (months and years), and the anthropometric 
index z-scores commonly used to evaluate the nutritional 
status of children: height-for-age (HAZ) and weight-for-
height (WHZ). According to SISVAN guidelines, pediat-
ric scales should have a minimum accuracy of 10 g, while 
platform scales should have a minimum accuracy of 
100 g [6]. The z-scores were calculated using the WHO R 
package anthro and child growth reference curves (2006) 
[16, 17].

Data processing and analysis
The HAZ and WHZ quality indices were generated using 
PCA. Before conducting the analyses, all duplicates were 
excluded based on person identification criteria, date 
of birth, weight, and length/height. The Kaiser-Meyer-
Olkin (KMO) coefficient and Bartlett’s test of spheric-
ity were then computed to verify the sample suitability 
[18]. The KMO value is considered more reliable for large 
samples, while Bartlett’s test of sphericity is sensitive to 
sample size. Bartlett’s test, especially in studies with large 
samples (such as the present case), tends to generate sig-
nificant results even when correlations between variables 
are not substantial, which can lead to misinterpretations. 
Therefore, we prioritized KMO as the main criterion in 
this study. The KMO results (0.53 for HAZ quality index 
and 0.55 for WHZ quality index) indicate that the factor 
analysis is adequate for the data. We considered the fol-
lowing indicators to generate the composite index: cov-
erage, age dissimilarity index, digit preference for height 
and weight, implausible z-score values, and z-score stan-
dard deviation. We excluded the completeness indicators 
due to the low variability using the scree plot, where the 
points on the largest gradient indicate the appropriate 
number of components to be retained (the factors with 
eigenvalues > 1.0 were retained in this analysis). We used 
the first principal component to produce the compos-
ite index, which explained the greatest variation based 
on the individual variable’s correlation matrix (62% for 
HAZ quality index and 66% for WHZ quality index). The 
principal component factor loadings were multiplied by 
the standardized data. The scores represent the original 
data predictions on the new axes defined by the principal 
components [18] This strategy was employed since it is 
the most adequate interpretation of an index expressed 
in a single aspect [2]. The composite quality index 
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values evaluated from the 5,570 municipalities, 5,210 
were ranked in descending order, with the lowest [worst 
quality] and highest values [best quality]. Three hun-
dred and sixty municipalities [360] were excluded from 
the analysis due to a lack of information on at least one 
of the indicators used to construct the index. Due to 
the absence of data for these indicators, it was impos-
sible to generate the index for these municipalities since 
the creation of it depends on a linear combination of all 

indicators. Also, we performed stratified analyses by age 
group for the L/HAZ indicator.

All the analyses were conducted using R software ver-
sion 4.3.2 and the RStudio interface.

Results
In total, 29,367,435 records and 8,930,881 children with 
anthropometric measurement data were identified on 
the SISVAN database between 2019 and 2021, follow-
ing the exclusion of duplicated records. In general, 100% 

Chart 1  Anthropometric data quality indicators
Quality indicator Indicator details Population (chil-

dren < 5 years old)
Completeness
Target population coverage 
(%)

Percentage of the number of children with a SISVAN nutritional status record, divided by the SUS 
under 5 user population, multiplied by 100.
The SUS user population was obtained by subtracting the total population (estimated by the IBGE) 
from the population covered by private health insurance (obtained from the ANS).

All children with a 
SISVAN nutritional 
status record.

Completeness of date of 
birth (%)

Percentage of the number of records with the full month and year of birth, divided by the total 
number of SISVAN child records, multiplied by 100.

All SISVAN nutri-
tional status follow-
up records.

Completeness of anthropo-
metric measurements (%)

Percentage of the number of records with completed weight and lengtht/height measurements, 
divided by the total number of SISVAN child records, multiplied by 100.

All SISVAN nutri-
tional status follow-
up records.

Sex ratio
Sex ratio Ratio of the number of boys divided by the number of girls.

The ratio expected for the Brazilian population under the age of 5, estimated by the IBGE, was 
used as a reference for comparison purposes.

All SISVAN nutri-
tional status follow-
up records.

Age distribution
Age dissimilarity index (in 
months)

The Myers’ unblended dissimilarity index was analysed to identify the percentage of records devi-
ating from an equal distribution of age in months (0–59).
It was calculated by the sum of the observed percentages subtracted by the expected percent-
ages, divided by 2.
The dissimilarity index varies between 0 and 90, with 0 being the ideal value.

All records with a 
complete month 
and year of birth.

Digit preference for lengtht/
height and weight
Dissimilarity index for the 
last digits for lengtht/height 
(cm) and weight (kg)

The Myers’ unblended dissimilarity index was analysed to identify the percentage of records devi-
ating from an uniform distribution of last lengtht/height and weight digits.
It was calculated by the sum of the observed percentages, subtracted by the expected percent-
ages, divided by 2.
The dissimilarity index varies between 0 and 90, with 0 being the ideal value.

All records with 
weight and/or 
height information.

Implausible z-score values
Percentage of implausible 
z-scores for each anthropo-
metric index (%)

Percentage of the number of records with implausible z-score values, divided by the total number 
of SISVAN child records, multiplied by 100.
Using the WHO “anthro” flagging system, implausible Z-score values were detected according to 
plausibility criteria (WHO, 1995): HAZ (-6, + 6), WHZ (-5, + 5), WAZ (-6, + 5) and B/AZ (-5, + 5).

All records with 
date of birth, 
weight, and/or 
lengtht/height 
information.

Dispersion of z-score values
Standard deviation of plau-
sible z-score values for each 
anthropometric index

Standard deviation was calculated using the formula below:√∑ n

i=1

(
yi−

−
y

)2

n−1

Where n is the total number of observations, Yi is each database value, and 
−
y  overall mean of the 

variable.

All records with 
biologically plau-
sible Z-score values 
for the anthropo-
metric index of 
interest.

IBGE: Brazilian Institute of Geography and Statistics; ANS: National Agency of Supplementary Health; HAZ: height-for-age; WHZ: weight-for-height; WAZ: weight-for-
age; B/AZ: Body mass index-for-age

Source: Silva, N. J., et al. (2023). “Quality of child anthropometric data from SISVAN, Brazil, 2008–2017.” Rev Saude Publica 57: 62
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completeness of the date of birth (i.e., a record of the 
month and year of birth, as a minimum) and weight and 
lengh/height measurements were found. The target pop-
ulation coverage varied between 31.8% and 42.8% over 
the period studied [Table 1].

Across the municipalities, the median ratio between 
the number of records of boys and girls on SISVAN was 
1.1 (interquartile range: 1-1.1). The dissimilarity index 
showed that, in general, 14.0% of the records (inter-
quartile range: 10.1–20.3%) would need to be redistrib-
uted to attain an uniform distribution of age in months, 
31.8% (interquartile range: 20.2–46%) of last digits for 
weight (kg) and 59.4% (interquartile range: 49.9–73.9%) 
for length/height (cm). We observed that the median 
standard deviation values for the plausible z-score mea-
surements (i.e., the median value across the standard 
deviations of all municipalities) were 1.5 for HAZ (inter-
quartile range: 1.4–1.7) and 1.5 for WHZ (interquartile 
range: 1.4–1.6). The percentage of biologically implau-
sible HAZ values (based on the WHO definition) varied 
from 0.1 to 34.8% (interquartile range: 0.9–2.5%) and 
from 0.1 to 33% for WHZ (interquartile range: 1.3–2.9%) 
(Table 1).

We observed weak correlations between the individual 
data quality indicators, suggesting that each indicator 
used in the PCA reflects a different aspect of anthropo-
metric data quality. However, the strongest correlation 
was identified between the index WHZ and the z-score 

standard deviation [corr: 0.91] [Supplementary Table 1]. 
The PCA results revealed that the standard deviation 
indicators and percentage of BIV had the highest factor 
loadings, followed by digit preference for age in the HAZ 
and WHZ data quality indices [Table 2].

The composite quality index varied from − 15.12 to 5.12 
for HAZ quality index and from − 17.17 to 5.51 for WHZ 
quality index. The municipalities were ranked in descend-
ing order according to the composite quality index values 
evaluated. To facilitate the visualization of the results on 
the map, we selected 600 municipalities for each compos-
ite index, composed of the 300 with the highest and 300 
with the lowest values. We observed that the worst index 
values were found in municipalities located in the North 
and Northeast regions (Figs. 1, 2, 3 and 4). The correla-
tion between the HAZ and WHZ quality indices was 
0.74.

Stratified analyses by age group for HAZ (under 24 
months and over 24 months) are available in the supple-
mentary material (Supplementary Figs. 3 and 4). We did 
not find significant differences in the overall data quality 
index calculated for each municipality when we stratified 
the analyses by age [0–24 months; 25–59 months].

Discussion
This study examines the anthropometric data quality of 
children followed up by SISVAN between 2019 and 2021. 
This is the first study to evaluate SISVAN data quality in 

Table 1  Results of individual indicators for 5,570 municipalities. Brazilian National food and nutrition surveillance system (SISVAN), 
2019–2021
Data Quality Indicator Summarised statistics

Median 1st and 3rd quartiles Range (minimum and maximum
Sex ratio 1.1 1–1.1 0.1–3.8
SUS population coverage 0.5 0.3–0.7 0–1
Digit preference for weight, dissimilarity index, % 31.8 20.2–46 2.9–89
Digit preference for length/height, dissimilarity index, % 59.4 49.9–73.9 38.5–90
Digit preference for age, dissimilarity index, % 14.2 10.1 – 20.3 2.6–55.2
Biologically implausible HAZ values (“flagged”), % 1.6 0.9–2.5 0.1–34.8
Biologically implausible WHZ values (“flagged”), % 2 1.3–2.9 0.1–33
HAZ standard deviation 1.5 1.4–1.7 0.8–3.1
WHZ standard deviation 1.5 1.4–1.6 0.5–2.4

Table 2  Factor loadings of individual anthropometric quality indicators in principal component analyses for 5,210 municipalities 
[HAZ/WHZ]. Brazilian National food and nutrition surveillance system (SISVAN), 2019–2021
Data Quality Indicator HAZ index factor loadings WHZ index factor loadings
Target population coverage 0.16 0.06
Length/height dissimilarity index 0.34 0.03
Age dissimilarity index 0.60 -
Biologically implausible HAZ values 0.81 -
HAZ standard deviation 0.87 -
Weight dissimilarity index - 0.77
Biologically implausible WHZ values - 0.83
WHZ standard deviation - 0.90
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Brazil, covering multiple aggregated data quality mark-
ers in a single index. The results indicate that the com-
posite anthropometric data quality index using a set 
of individual markers may effectively discriminate the 
municipalities according to data quality; the worst val-
ues were found in municipalities located in the country’s 
poorest and most vulnerable regions. Similar findings 
were identified when the indicators were evaluated sep-
arately [7, 8]. The high correlation between the HAZ 
and WHZ quality indices also suggests that a compos-
ite index, which includes individual indicators for HAZ 
quality alone, also captures quality issues for other nutri-
tional status metrics.

An evaluation of these SISVAN data individual qual-
ity markers was investigated extensively [7] and updated 
by Conde et al. (2024) [8]. According to these authors, 
the anthropometric data quality for children under 5 
improved substantially between 2008 and 2020; how-
ever, as this study confirms, a substantial regional het-
erogeneity in the anthropometric data quality remains 
throughout the country. In other words, we advanced in 
anthropometric data quality during the period analysed. 
However, it is still insufficient to attain the measurement 
quality standard recommended by the WHO [5, 7, 8], 
particularly in the poorest regions of the country.

Fig. 1  300 municipalities with the highest and lowest HAZ indices. Global HAZ quality indicator by municipality based on data from the Brazilian National 
Food and Nutrition Surveillance System (SISVAN), 2019–2021
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We highlight several individual quality markers we 
evaluated in our research; the z-score standard deviations 
exceeded 1 for the anthropometric indices [HAZ: 1.5 and 
WHZ: 1.5]. It is known that each of these tests is an inde-
pendent quality marker, providing information on differ-
ent types of possible measurement errors. Large standard 
deviations indicate measurement errors [19, 20]. Silva 
et al. (2023) demonstrated that the SD is often larger for 
children under 2 comparing to the SD of those between 
2 and 5. Younger children are usually more challeng-
ing to measure, given differences in children’s behaviour 
and cooperation while being measured [7]. On the other 
hand, for the most part, the [BIV] are the results of typing 

errors instead of measurement (for example, recording 
58 cm instead of 85 cm for length/height, or 1st Novem-
ber instead of 11th January). Our study observed that the 
BIV frequency was higher for length/height than weight, 
and both were greater than 1%. Minor measurement 
errors are also evaluated by rounding them up. The digit 
preference for weight is unusual in research using digital 
scales but remains an issue for length/height. Since the 
centimetre marks are much larger on length/height signs 
and easier to read than those in millimetres, rounded-up 
values are often recorded by less diligent teams and may 
indicate other unobserved issues related to training and 
supervision. In accordance with our study, almost 59.4% 

Fig. 2  300 Municipalities with the highest and lowest WHZ indices. Global WHZ quality indicator by municipality based on data from the Brazilian Na-
tional Food and Nutrition Surveillance System (SISVAN), 2019–2021
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of the length/height records required redistribution to 
obtain an equal distribution of the last digits, while for 
the end digits for weight, this value was approximately 
31.8%; these values are far from WHO recommenda-
tions. Digit preference higher than 20 and a BIV fre-
quency higher than 1% on nutrition index dispersion 
indicate that the data lacks quality and, possibly, estimat-
ing nutritional diagnoses at the population level for chil-
dren under 5 may be problematic if no prior adjustment 
is conducted.

The composite anthropometric data quality index may 
also be an effective tool to defend the reinforcement of 
rigorous anthropometric data collection [2]. It provides 
a snapshot of current anthropometric quality, and over 
time, within the country, and its ranking in an aggregated 
form, which may be used to supplement recommenda-
tions on improving data quality. When producing this 
global indicator, we used the first principal component to 

construct our HAZ and WHZ data quality indices [which 
explained the higher variance in a single anthropometric 
data quality dimension (62% for HAZ quality index and 
66% for WHZ quality index)]. However, the total variance 
explained by our indicators is relatively low since the 
individual anthropometric data quality indicators were 
not strongly correlated. Nevertheless, we present a more 
straightforward interpretation of an index expressed in a 
single aspect. These global indicators reinforce our pre-
vious disaggregated results that the registered anthropo-
metric data quality for residents in the North, Northeast, 
and Central-West regions is lower than others in the 
country [7, 21]. It is important to highlight that the cor-
relation between the HAZ and WHZ data quality indices 
was 0.74, indicating that research with higher-quality 
HAZ data also has high-quality WHZ data. These results 
indicate well-known errors and limitations when collect-
ing and recording anthropometric measurements. The 

Fig. 3  HAZ global distribution indicator by state. HAZ global quality indicator by state. Brazilian National Food and Nutrition Surveillance System (SISVAN), 
2019–2021
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anthropometric measurement location may represent a 
source for such errors. In a study by Lima et al. [2010] 
at public healthcare services (PHS) of Alagoas, 60% of 
the healthcare establishments did not have a place and 
appropriate conditions to conduct anthropometry (18). 
Similar conditions were also found by Dos Santos (2021) 
for other establishments in the North and Northeast 
regions. Therefore, the low data quality observed in these 
regions can be attributed to the combination of these fac-
tors, which are related to greater socioeconomic vulner-
ability and structural limitations that compromise the 
accuracy and consistency of anthropometric measure-
ments [22, 23].

Conclusion
This quality index may be constructed in any popula-
tion database in which anthropometric data is collected. 
We also consider the number of children under 5 in all 

Brazilian municipalities contributing anthropometric 
information for this analysis as a strength. Utilizing a 
parsimonious and informative set of individual data qual-
ity indicators recommended for use in the recent WHO/
UNICEF Working Group on Data Quality report (2019) 
is also a strength.

However, we highlight that we did not use z-score value 
normality indicators [asymmetry and kurtosis], which 
had been used previously in in another assessment of 
anthropometric data quality [7]. It is argued that there is 
a lack of evidence to suggest that the deviation of a nor-
mal distribution is only due to measurement errors. The 
WHO reference population used to derive the z-scores 
was restricted to a healthy population that lived in envi-
ronmental conditions favourable to healthy growth [5]. 
Thus, unusual distributions may occur in more hetero-
geneous populations, such as countries with significant 
social inequalities. The SISVAN population represents 

Fig. 4  WHZ global distribution indicator by state. WHZ global quality indicator by state. Brazilian National Food and Nutrition Surveillance System (SIS-
VAN), 2019–2021
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users of primary care under the Unified Health System in 
Brazil, the majority of whom are beneficiaries of the con-
ditional income transfer program-Bolsa Família Program; 
in other words, it is a more socio-economically vulner-
able population. Therefore, further research on indicator 
development is required, which may better differentiate 
between data quality problems and population hetero-
geneity. We used PCA for factor extraction, but the total 
variance explained by the indicator was relatively low. 
Additional principal components could be incorporated 
to increase the variability explained by the data quality 
indices. Although the variance explained was limited, the 
method proved to be effective for the proposed objective. 
It allows the classification of surveys based on the rela-
tive quality of anthropometric data and presents itself as 
a valuable tool for comparative analyses.

We conclude that the proposed anthropometric data 
quality index may be easily derived from the data set 
and provide a continuous, coherent measurement for a 
regional breakdown. Despite advances, the worst val-
ues were found in municipalities in the country’s North, 
Northeast, and Central-West regions. Therefore, perma-
nent qualification and education actions and maintain-
ing and extending financial support to the municipalities 
for food and nutrition surveillance structuring in Unified 
Health System basic healthcare through the acquisition 
and periodic calibration of anthropometric equipment 
should be intensified so that measure of nutritional dete-
rioration is more accurate.

Glossary

BIV	 Biologically implausible values.
CIDACS	 Centre for Data and Knowledge Integration 

for Health.
DAB	 Department of Primary Care.
DATASUS	 Unified Health System IT Department.
FIOCRUZ	 Oswaldo Cruz Foundation.
HAZ	 Height-for-age z score.
KMO	 Kaiser-Meyer-Olkin.
MS	 Ministry of Health.
NTI	 Information Technology Center.
PBF	 Bolsa Familia program.
PCA	 Principal Component Analysis.
SAS	 Health Care System.
SIGPBF	 Bolsa Familia Programme Management 

System.
SISAB	 Basic Healthcare Information System.
SISVAN	 Food and Nutrition Surveillance System.
SUS	 Unified Health System primary healthcare.
UNICEF	 United Nations Children’s Fund.
WHO	 World Health Organization.

WHZ	 Weight-for-height z score.
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