#2022/02

Apostolos Davillas, Victor Hugo de Oliveira, and Andrew M Jones

A Model of Errors in BMI Based on Self-reported
and Measured Anthropometrics with Evidence

from Brazilian Data



EDITOR-IN-CHIEF

Martin Karlsson, Essen

MANAGING EDITOR

Katharina Blankart, Essen

EDITORIAL BOARD

Boris Augurzky, Essen

Daniel Avdic, Melbourne (AUS)
Jeanette Brosig-Koch, Magdeburg
Stefan Felder, Basel

Annika Herr, Hannover

Nadja Kairies-Schwarz, Disseldorf
Hendrik Schmitz, Paderborn

Harald Tauchmann, Erlangen-Nirnberg
Jurgen Wasem, Essen

CINCH SERIES

CINCH — Health Economics Research Center
Weststadttiirme, Berliner Platz 6-8
45127 Essen

www.cinch.uni-due.de
cinchseries@cinch-essen.de

Phone +49 (0) 201 183 -3679

Fax +49 (0) 201 183 -3716

All rights reserved. Essen, Germany, 2014

ISSN 2199-8744 (online)

The working papers published in the Series constitute work in progress circulated to stimulate discussion and
critical comments. Views expressed represent exclusively the authors’ own opinions and do not necessarily

reflect those of the editors.

Z



YL Y T, W S Y 7
4,7 7% %, 2
T % 4 Y Y %
competence in competition + health

#2022/02

Apostolos Davillas, Victor Hugo de Oliveira, and Andrew M Jones

A Model of Errors in BMI Based on Self-reported
and Measured Anthropometrics with Evidence

from Brazilian Data

UNIVERSITAT
Bundesministerium \
DEUSISSEBNU RG * fiir Bildung >
und Forschung
AN o

Open-Minded






UNIVERSITAT

ESSEN

NN
NN\

N \\
N
NN
NN

A\

/’////,

G

NN

N
N\\Q

7
/////; 7]

AN

s

.,

AN\

competence in competition + health

Apostolos Davillas?, Victor Hugo de Oliveira®, and Andrew M Jones*
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Abstract

The economics of obesity literature implicitly assumes that measured anthropometrics are error-
free and they are often treated as a gold standard when compared to self-reported data. We use
factor mixture models to analyse and characterize measurement error in both self-reported and
measured anthropometrics with national representative data from the 2013 National Health
Survey in Brazil. Indeed, a small but statistically significant fraction of measured anthropometrics
are attributed to data-recording errors. The estimated mean body weight (height) for those cases
that are subject to error is 10% higher (2.9% lower) than the estimated mean of latent true body
weight (height). As they are imprecisely measured and due to individual’s reporting behaviour,
only between 10% and 24% of our self-reported anthropometrics are free from any measurement
error. Postestimation analysis allows us to calculate hybrid anthropometric predictions that best
approximate the true body weight and height distribution. BMI distributions based on the hybrid
measures are close to those based on measured data, while BMI based on self-reported data
under-estimates the true BMI distribution. Analysis of regression models for health care utilization
shows little differences between the relationship with BMI when it is based on measured data or
on our hybrid BMI measure, however some differences are observed when both are compared to
BMI based on self-reported data.
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1. Introduction

Obesity is a strong predictor of overall mortality (Li et al., 2021; Prospective Studies
Collaboration et al., 2009) and an important risk factor for several noncommunicable
diseases such as cardiovascular diseases, diabetes, musculoskeletal disorder, and some
cancers (Lin et al. 2020). A large literature has explored the economic and social
ramifications of obesity, such as poorer labour market outcomes, increased health care
utilization and associated public health costs (e.g., Cawley, 2004; Cawley, 2015; Rooth,
2009). Moreover, studies have investigated and measured socioeconomic inequalities in
obesity (e.g., Bilger et al., 2017; Davillas and Benzeval, 2016; Zhang and Wang, 2004).

Many studies in the economics of obesity literature and beyond are based on self-
reported body weight and height, that are used to calculate the Body Mass Index (BMI).
Given recent advances in data collection for large scale social science surveys, there are
some studies that allow for measured anthropometrics instead (e.g., Cawley, 2015; Cawley
et al., 2015; Davillas and Jones, 2021; Gil and Mora, 2011). Studies that analyse
measurement error in anthropometric data typically compare self-reports and measured
anthropometric data (e.g., Davillas and Jones, 2021; Gil and Mora, 2011; O’Neill and
Sweetman, 2013). These raise concerns regarding measurement error in self-reported
anthropometric data and its potential implications for research when BMI is based on
self-reported data as opposed to measured anthropometrics. These studies argue that
measurement error in BMI based on self-reports is non-classical and is associated with
individual’s socioeconomic characteristics (Cawley et al., 2015; Gil and Mora, 2011) as
well as with within-household peers’ true BMI (Davillas and Jones, 2021).

Self-reported anthropometric data is a likely source of measurement error, but an
assumption of this literature is often that measured anthropometric data is error-free.
However, the accuracy of measured anthropometrics may be affected by other sources of
non-sampling errors. For instance, recent evidence has documented the influence of
interviewers on reliability of measured and self-reported body height data in different
surveys (e.g., Finn and Ranchhod, 2017; Olbrich et al., 2021). Potential sources of
measurement error in measured anthropometric data are relevant to both unintentional
(such as accidental recording errors) and intentional (i.e., fabricating parts of the
measurement or even conducting measurements without the intended respondent)
recording errors that may affect the measurement of anthropometrics (e.g., Finn and
Ranchhod, 2017; Groves, 2005; Olbrich et al., 2022). It has been argued that often

interviewers have an incentive to shorten interviews to increase their hourly wage (more



so in the case of skipping/fabricating time consuming measurements). This behaviour may
not be easy to detect if they visited the household and conducted (part) of the interview
(Olbrich et al., 2022). More broadly, the literature has discussed the presence of
measurement error in more objectively measured nurse-collected and blood-based health
data (Davillas and Pudney, 2020a, 2020b). These studies use latent variable models to
account for measurement error, but they do not aim to explicitly model measurement error
or to explore its potential implications for econometric models. Overall, there is limited
analysis and modelling of the extent of measurement error in measured anthropometrics
in existing research.

Our paper contributes to the literature in various ways. We model potential
measurement error in both self-reported and measured anthropometrics @i.e., body weight
and body height). We use data from the 2013 National Health Survey (Pesquisa Nacional
de Satde — 2013 PNS) of Brazil, which is a nationally representative dataset that allows
for measured and self-reported data on body weight and height to be collected from the
same individuals within the span of a household interview. In Brazil, obesity has
systematically increased since the 2010s, with one in every five adults experiencing
obesity (Trianca et al., 2020). Projections of the obesity-related costs in Brazil show that
the annual health care costs may double from 2010 ($5.8 billion) to 2050 ($10.1 billion) —
a total health care cost of $330 billion over 40 years (Rtveladze et al., 2013). As such,
obesity is an important public health concern for Brazil.

To analyse measurement error in the Brazilian data we use a factor mixture model,
initially proposed by Kapteyn and Ypma (2007); this Kapteyn and Ypma (KY) factor
mixture model is applied and extended by Jenkins and Rios-Avila (2020) and Jenkins and
Rios-Avila (2021a, 2021b) to analyse measurement error in self-reported and
administrative income data. To the best of our knowledge, the KY factor mixture model
has not been used to analyse measurement error in both self-reported and measured
anthropometric data. Unlike the existing literature, that assumes no measurement error
in measured body weight and height data, our analysis allows us to model different types
of errors in both self-reported and measured anthropometrics. Specifically, we test the
hypothesis that measured anthropometrics encompass data-recording errors. Moreover,
the self-reported anthropometric data are assumed to be subject to a wider set of
measurement errors. These include the precision of the scale for the self-reported data,
which are only recorded as whole numbers (in cm or Kg), non-classical mean-reverting

errors, and any other type of remaining errors.



Our analysis also allows us to estimate the probability of the occurrence of each
type of measurement error in both self-reported and measured data. Of particular
interest, given that measured anthropometric data are often implicitly considered as
error-free (e.g., Cawley, 2015; Davillas and Jones, 2021; Gil and Mora, 2011), our results
suggest that a small but systematic fraction of measured anthropometrics contain data
recording errors. Turning to self-reported weight and height, the estimated probability
that the self-reported anthropometrics equal the true body weight and height (.e., they
are free from any measurement error) are relatively low at about 10% and 24%,
respectively.

Post-estimation analysis allows us to generate a set of predictions of the
distribution of the true latent weight and height data that combine information from both
self-reported and measured anthropometrics. Based on reliability and mean square errors
estimated using simulated out of the sample predictions, we select the best performing
prediction of true latent weight and height distributions. After choosing our preferred
prediction, our sample data are used to compute body weight and height measures that
approximate the true values; these are then used to calculate our proxy of the true BMI
distribution.

Finally, we compare the distributions of BMI using self-reported, measured and
our proxy of true BMI; the latter is very close to the distribution of BMI based on measured
anthropometrics, while the BMI based on self-reported data under-estimates the true
BMI distribution. In addition, we provide evidence to explore the potential implications
of the measurement error in both self-reported and measured anthropometrics for
economics research; we compare results when each of the self-reported, measured and
hybrid BMI measures are used as explanatory variables in linear regression models for
the frequency of hospital admissions in the past 12 months. We find little difference in
the results between the hybrid BMI measure and the one based on measured
anthropometrics.

The rest of the paper is organized as follows. Section 2 present the methods used
in our study to analyse measurement error in both self-reported and measured
anthropometric data. Our data source and descriptive statistics are presented in Section
3. The results of our analysis, post-estimation predictions and a preliminary analysis of
the potential implications on measurement error in both self-reported and measured
anthropometrics for economic research are presented in Section 4. Section 5 concludes

and provides a summary of our findings.



2. Methods

To model the relationship between measured and self-reported anthropometrics we adapt
the factor mixture model initially proposed by Kapteyn and Ypma (2007). This model has
been applied and extended by Jenkins and Rios-Avila (2020) and Jenkins and Rios-Avila
(2021a, 2021b) to analyse measurement error in income data. For the needs of this study,
we employ the KY model to model measurement error in both self-reported and measured
anthropometric data, on weight and height, using the 2013 National Health Survey of
Brazil.

We assume that the true values of each anthropometric measure (weight and
height) for an individual i (§;) are unobserved, but we can observe both measured (r;) and
self-reported (s;) anthropometrics. In the case of measured anthropometrics, we assume

that the distribution of each anthropometric measure is a mixture of two types of

observation:
& with probability 1,
e i il )
{;with probability (1 — 7))

where, measured anthropometrics (r;) equals the true value with probability m, (case R1)™.
However, measured anthropometrics may be not equal to the true value for certain
respondents with probability 1 —m, (case R2); thus, an error-ridden measure ((;) is
observed in this case. Recording errors (either unintentional or intentional) are assumed
to be the source of measurement error here. Intentional errors by interviewers (.e.,
fabricating parts of the interview) may be a source of error here which is hard to separate
from unintentional interviewer errors. It has been argued that there are significant
incentives for interviewers to skip parts of interviews that may be more time consuming
(as with the measurement of anthropometrics) or even fabricate the measurement of
anthropometrics (Finn and Ranchhod, 2017; Olbrich et al., 2022). In the spirit of the KY
factor mixture model, this erroneous anthropometric measure, which is incorrectly
attributed to individual i, is denoted by {;. The true values and those with recording

errors are both assumed to be independently and identically normally distributed:

! An implicit assumption here is that the true values have the same precision as the measured
values; in our case, this implies an accuracy of one decimal point as measured anthropometric data
(in cm for height and Kg for weight) are recorded to the first decimal point. In contrast the self-
reported measures are reported as whole numbers.



&~N (,Ll,’r, 052), {i~N (u(, ag); this implies that the marginal distribution of r; is a mixture of
two normals. Given the type of errors that are captured by {;, as described above, we
assume that there is no correlation between ¢; and {;2. The assumption that the erroneous
measurements are uncorrelated with the true values contributes to the identification of
the full model as it implies that these measurements are also uncorrelated with the self-
reported anthropometrics.

Each of our self-reported anthropometrics (i.e., weight and height) are assumed to

be a mixture of three types of observation:

& with probability 7
s; = & +ni+p(& —ue) with probability (1 — 5)(1 — ) (2)
&+ + p(fi - Mf) + w; with probability (1 — w4)m,,

Specifically, we assume that each of our self-reported anthropometrics (s;) equals the true
latent value (§;) with probability mg (case S1). The self-reported values are recorded as
integer values so this case only applies when the true value is a whole number?. Otherwise
(cases S2 and S3), there must be some imprecision in s; due the scale of measurement.
This imprecision, reflecting the different ways in which respondents may round their
responses to whole numbers along with random noise in the self-reports, is captured by
the error term n;. This error is independent of the true value (¢§;). In addition, as in the
KY factor model, we allow for the possibility of non-classical mean-reverting (or mean-
diverging) error (survey measurement error, which is captured by term p(fi - ,ug). 4 The
second case (S2), which allows for both of these sources of error, occurs with probability
(1-my)(1 —m,). The third case (S3), which occurs with probability (1 — ny)m,,, adds a
third source of measurement error (w;) to allow for additional random noise that may

occur in some observations who make additional errors in their self-assessments of height

2 Even in the case of fabricated interviews or when anthropometric measurement are not conducted
for the intended respondent (as described above), this may be a strong assumption in the case that
quality control takes place, where the self-reported values are compared to the measured values
(or other quality control checks took place) to define excess measurement error cases in the
measured anthropometric data. However, there is no such quality control undertaken in the
dataset used in our analysis (as well as in many other multipurpose social science datasets that
collect anthropometrics).

3 Self-reported anthropometrics are collected as integer values (cm for height and Kg for weight),
while the corresponding measured values are measured to one decimal point. In those cases where
the respondent provided a non-integer value of their self-reported body weight and/or height (for
example 61.5Kg), the interviewer recorded an integer value (such as 61Kg or 62Kg).

4 Mean reversion (p < 0) means that respondents with high (low) values of true anthropometric
measures, relative to the true mean, tend to under-report (over-report) their body weight and
height in self-reports; the opposite is the case for mean divergence (p > 0).



or weight. The measurement errors are both assumed to be independently and identically
normally distributed: n;~N(uy, 02), and w;~N (1, 02).

The full KY model defines a mixture of six latent classes that correspond to the
combination of cases R1 or R2 with S1, S2 or S3. Table 1 describes all the potential latent
classes. For instance, the class 1 (R1, S1) consists of error-free self-reported (S1) and
measured (R1) data and occurs with probability m,m. The full model is a mixture of the
six bivariate normal distributions for the observed outcome pairs (r;, s;), each with
different means and covariance matrices (see Jenkins and Rios-Avila,2020,2021a and
Kapteyn and Ypma,2007 for full details).

The parameter estimates (for Eqs. 1 and 2.) are obtained by maximizing the model
log-likelihood (see Kapteyn and Ypma, 2007, Appendix B), with identification relying on
the existence of the “completely labelled” group that contains observations with error-free

anthropometrics (class 1 R1-S1). Parameters ps and asez are identified from these

“completely labelled” observations and this contributes to identification of the other
unknown parameters from the mixture of normals implied by the model specification (see
Kapteyn and Ypma (2007) for further details on identification). Kapteyn and Ypma (2007)
provide the expressions for the probability density functions and the associated log-
likelihood function. Employing Jenkins and Rios-Avila’s (2021c) user-written Stata
command, we fit the full Kapteyn and Ypma (2007) model by maximum likelihood,
assuming that the sample likelihood function is a finite mixture of latent class
distributions. Our analysis is done separately for each of our anthropometric measures,
1.e., for weight and height.5

As a post-estimation exercise, we generate predictions of the distribution of the
true latent weight and height (e.g., Meijer et al., 2012). In line with Jenkins and Rios-
Avila (2021b), we employ the most reliable prediction among all the potential hybrid
measures of weight and height and then calculate BMI as weight (in Kg) over the square
of height (in metres). We compare the distributions of hybrid, self-reported, and measured
BMI. In addition, we provide some evidence to explore the implications of the
measurement error in both self-reported and measured anthropometrics for empirical

research; we compare results when each of the self-reported, measured and hybrid BMI

5 As we have no information about interviewer characteristics to parameterise measurement error
in measured anthropometrics and given the existing evidence that interviewer characteristics may
not only affect measurement error in measured but also in self-reported anthropometrics (see
Olbrich et al., 2022), we decided not to include covariates in our analysis. This is in line with the
existing literature that uses KY models to model measurement error in self-reported and
administrative income data (Jenkins and Rios-Avila, 2020; 2021a).



measures are used as explanatory variables. If measurement error is non-classical, i.e.,
systematically associated with the measured values, it may cause bias in regression
models that use anthropometrics as a regressor, even in the case where instrumental
variable analysis is employed to deal with endogeneity or errors-in-variables (Cawley et

al., 2015; O’Neill and Sweetman, 2013).

Table 1: Groups (latent classes) in mixture model of self-reported and measured
anthropometrics.

Groups (i) Types Probability (m;)
1 R1,S1 T, T
2 R1,S2 (1 —-n,)(1 —my,)
3 R1,S3 (1 —my)m,
4 R2,S1 (1 —m)mg
5 R2,S2 1-mn)A-nmy)(A —my,)
6 R2,S3 1-n)A—ny)m,

3. Data

Data on self-reported and measured anthropometrics are extracted from the 2013
National Health Survey of Brazil (Pesquisa Nacional de Satde — 2013 PNS).6 This is a
cross-sectional, nationally representative dataset for all Brazilian states and geographic
regions. The survey focuses on access and use of health care services, population health
conditions, and surveillance of chronic non-communicable diseases and their associated
risk factors. The 2013 PNS collects demographics and socioeconomic characteristics of all
household members. For each household, a randomly selected household member aged 18
or older is chosen for their body weight and height to be measured along with self-reports
of the same anthropometrics. This results in a working sample of 37,335 PNS
respondents, men and non-pregnant women aged 20 or older, with valid self-reported and
measured weight and height data. We focus on adults (aged 20+) to avoid any puberty-

related changes in body-size.

6 The 2013 National Health Survey of Brazil 1is publicly available online:
https://www.ibge.gov.br/estatisticas/sociais/saude/9160-pesquisa-nacional-de-
saude.html?=&t=microdados.
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3.1 Self-reported and measured body weight and height data

Self-reported body weight and height data are collected as part of the survey
questionnaire. Measured weight and height are collected twice by a trained survey team
member at the end of the questionnaire. Weight is measured by a portable digital scale,
following standard measurement protocols which require that the respondents remove
their shoes, heavy clothes, accessories, and objects from their pockets (PNS, 2013).
Following common practice in the literature, when measured health data are used, we
take the second measurement for weight and height for our base case analysis (e.g.,
Johnston et al., 2009; Davillas and Pudney, 2017). A sensitivity analysis is done using the
average of the two measures.

For height, a portable stadiometer is used to measure stature (PNS, 2013).
Measurement protocols for body height require that the respondent must remove their
shoes and other accessories, if possible, and keep at least three points of the body on the
posterior surface of the stadiometer (PNS, 2013).

Although the standard measurement protocols for weight and height facilitate
measurement of anthropometric data with limited errors, we cannot rule out the
possibility of both intentional and unintentional data recording errors relevant to
potentially fabricated anthropometric measurements. For example, even the
methodological notes of our dataset acknowledge and acknowledge the role of the
interviewer and their competence as a potential source of error in the measured
anthropometric data (PNS, 2016). It also well documented in the literature that self-
reported data on anthropometrics suffer from potential measurement error (e.g., Cawley
et al., 2015; Davillas and Jones, 2021). Our analysis allows for modelling of all these
sources of non-sampling errors in the measured anthropometrics along with measurement

errors in the self-reported anthropometric data.

3.2 Descriptive statistics

Figure 1 displays the kernel density function for self-reported and measured body weight
and height, as well as for BMI created from the measured and self-reported
anthropometrics; they show a high degree of congruence between the measured and self-
reported outcomes. Body height data have approximately normally shaped distributions,
although right skewed distributions are observed for the case of body weight and BMI.

This is important as our model assumes normality for the factor distributions and



identification of the components of the mixture of normals stems from non-normality in

the (joint) distribution of observed outcomes.

Figure 1. Kernel densities: body weight, height, and BMI
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Descriptive statistics of the self-reported and measured weight and height data as
well as for BMI measures are presented in Table 2. The mean self-reported weight
(71.5Kg) is slightly smaller than the mean measured weight (72Kg). Mean self-reported
height is 0.8cm higher than measured height. Table 2 also shows that the mean absolute
difference between the self-reported and measured data (expressed in terms of % of the
measured values) is about 3% for body weight, 1% for height and 4.5% for the derived BMI

measure.



Table 2. Descriptive statistics and difference between measured and self-reported data.

Weight (Kg) | Height (cm) | BMI (Kg/m?)
Measure Mean SD |[Mean SD |Mean SD
Self-reported 71.5 14.6 | 165.2 9.5 | 26.2 4.7
Measured 72.0 15.0|164.4 9.5 | 26.6 4.9
Raw differencet (measured—self-reported) 0.4 38| -0.8 37| 04 1.8
Absolute difference 2.2 3.1 2.2 3.1 1.2 1.5
Absolute difference (% measured) 3.1 44 | 14 19| 45 5.3

T The raw difference is calculated as the difference of measured from self-reported data. The
absolute difference takes the absolute value of this difference.

In line with Figure 1, scatter plots of measured versus self-reported data (Figure
2) show that there is a positive and high correlation between the self-reported and
measured anthropometrics. However, there is a far from perfect match given the large
dispersion of individual observations around the 45-degree line. The greater number of
observations above the reference line for body weight supports the evidence that people
tend to under-report their weight in self-reports as opposed to measured body weight data
(Figure 2a). The reverse is observed for height (Figure 2b). Consequently, our results for
the derived BMI shows that, for the Brazilian population, BMI is in more cases lower
when computed from self-reported weight and height data as opposed to measured data

(Figure 2¢).7

Figure 2. Scatter plots: self-reported and measured body weight, height, and BMI.
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7 Specifically, the fraction of respondents that under-report (over-report) their body weight, versus
the relevant measured data, is 52% (38%). However, 45% (32%) of respondents’ over-report (under-
report) their height in self-reports as opposed to measured data.



4. Results

4.1 Estimates of structural parameters

Table 3 presents the estimates for the KY model. Following Jenkins and Rios-Avila (2020),
the completely labelled observations are defined as those observations with |r; — s;| < 6.
Our baseline model (Table 3) assumes § = 0, i.e., the completely labelled observations are
only those with no differences between self-reported and measured values. Under this
demanding requirement, given the differences in precision of the scales used for measured
and the self-reported outcomes, the completely labelled cases represent just 10% and 23%
of our observations for weight and height respectively. Sensitivity analysis is also
conducted to test the robustness of our results when this requirement is relaxed.

Table 3 shows that the mean of latent true body weight (ug) is 71.9Kg
(with a standard deviation g; = 14.9). The distribution of the latent true weight has a
higher mean (by about 0.4Kg) than the mean of self-reported body weight (Table 2); the
p-value for the difference in means < 0.01. The estimated mean of true body height is
164.5 cm (with a standard deviation g; = 9.4). This value is lower (by -0.7 cm) than the
mean of the self-reported height (Table 2).

The probability (m,) that measured weight and height reflect the corresponding
true values is high: 98.6% for weight and 96.7% for height. This indicates that data-
recording-related errors in measured body weight and height data occur with a low, but
systematically different from zero, probability (1 — m,) of about 1.4% (p-value < 0.01) and
3.3% (p-value < 0.01), respectively. Error-prone measurement of body weight (due to data
recording errors) leads to an estimated mean (M{) of 78.9Kg for these erroneous
observations, which is 7Kg (or almost 10%) higher than the estimated mean of true
weight; data recording error in measured weight is also associated with a higher standard
deviation (O’( = 19.4) compared to the estimated true weight distribution (05 = 14.9).
Measured body height that is subject to potential data recording error has an estimated
mean (u;) for the erroneous observations of 159.8cm, which is lower than the estimated
mean of the true height (by about 4.7cm, i.e., 2.9% of the mean of the true height), as well
as having a lower estimated standard deviation compared to the true height distribution
(o7 = 8.9 compared to oz = 9.4).

Turning to self-reported weight and height, the estimated probability (m) that the
self-reported anthropometrics equal the true body weight and height G.e., they are free

10



from any measurement error) are, as expected given the difference in precision of the two
measures, relatively low at about 10% and 24%, respectively. Table 3 shows that mean
reversion (p) in case of both self-reported body weight and height data is small in
magnitude (close to zero) although statistically significant at the 1% level. Error due to
the reporting precision (collected as integer values only) in self-reported body weight and
height data have mean values (u,); of -0.33Kg and 0.4cm for weight and height,
respectively. The estimated probability of the Case S2 type of observations,
1-n,)(1 —m,), is about 62% and 44% for weight and height, respectively. Moreover,
Table 3 shows that the probability (1 —mg)m, that self-reported anthropometric data
contains additional measurement error, Case S3, is about 28% for self-reported weight
and 31% for self-reported height.

Table 3 (Panel B) presents estimates of the membership probabilities for the six
latent classes (as described in Table 1). The first latent class consists of error-free self-
reported (S1) and measured (R1) anthropometric data with a probability of 10% for body
weight and 23% for height. These correspond to cases where the measured and the self-
reported values equal the same whole number (i.e., cm for height and Kg for weight). The
probability that there are error-free measured anthropometrics and survey reporting
error in self-reported anthropometrics is about 61% for weight and 43% for height
(Pr(R =15= 2)). The probability of error free measured anthropometrics and additional
reporting error, corresponding to the third latent class, is 27% for weight and 30% for
height. Regarding the remaining latent classes, where there are data recording errors in
measured anthropometrics, we find small probabilities. For instance, the probability that
weight and height observations contain error in the self-reported data and data recording
errors in the measured anthropometrics, corresponding to the fifth latent class
(Pr(R =2,8= 2)), is 0.9% and 1.5% for weight and height, respectively. Overall, these
results indicate that, although there are non-negligible data recording errors in measured
body weight and height data (about 7kg and 4.7cm difference on average as compared to
true body weight and height, respectively), their probability of occurrence is small.

We conducted a sensitivity analysis, where measured body weight and height data
are rounded to the nearest integer (Table A1, Appendix); this allows us to have the same
scale in measured and reported data, but it masks the part of measurement error that is
attributable to lack of precision in the recording of the self-reported data. There are
differences in the six latent classes probabilities, reflecting the difference in the proportion
of completely labelled cases (Pr(R =15= 1)). For instance, the increase in the

probability of completely labelled cases as opposed to the case of our base case results
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(from 10% in the base case to 26.3% for the sensitivity analysis for weight; and, from
23.3% to 32.4% for height), is reflected in the reduction in the latent class probabilities for
classes two and three (Table 3 vs Table Al).

Finally, we conducted a sensitivity analysis to explore whether our base-case
results presented in Table 3 are sensitive to using the average of the two weight and
height measurements to define measured anthropometrics (for the mixture models). The
corresponding parameter estimates, and latent class probabilities (Table A2, Appendix)

are practically identical to those presented in Table 3.
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Table 3: Estimates of our factor mixture model for body weight and height.

Weight Height
(Kg) (cm)
Panel A: Parameters
lie 71.9171%%* 164.518%**
(0.077) (0.050)
or 14.853%%* 9.44 8%
(0.055) (0.035)
1z 78.892%%** 159.767%%*
(1.099) (0.395)
o7 19.395%%* 8.895%
(0.728) (0.261)
Iy -0.328%** 0.400%**
(0.014) (0.024)
oy 1.636%** 1.837%%%*
(0.018) (0.027)
Lo -0.333%¥* 1.185%**
(0.067) (0.070)
O 5.127%%* 4.469%**
(0.085) (0.074)
T, 0.986%** 0.967***
(0.001) (0.002)
s 0.101%** 0.2471%**
(0.002) (0.002)
T, 0.306%** 0.414%%*
(0.007) (0.011)
p -0.024 %% -0.037%%*
(0.001) (0.002)
Panel B: Class probabilities
Pr(R=1,5=1) 0.100%%** 0.238%%*
(0.002) (0.002)
Pr(R=1,S=2) 0.615%** 0.430%**
(0.007) (0.009)
Pr(R=1,5=3) 0.271%%* 0.304%**
(0.007) (0.008)
Pr(R=2,5=1) 0.001%** 0.008%***
(0.000) (0.001)
Pr(R=2,5=2) 0.009%** 0.015%**
(0.001) (0.001)
Pr(R=2,5=3) 0.004%%* 0.011%**
(0.000) (0.001)
Log-likelihood -251,431 -234,482
Observations 37,335 37,335

Note. The fraction of completely labelled observations G.e., |r; — s;| = 0) is 10.0% for body

weight, and 23.3% for body height.
**% p<0.01
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4.2 Post-estimation analysis

Our analysis so far has focused on estimating our structural parameters and
distinguishing the different types of measurement errors. Following Meijer et al. (2012),
we take those estimated parameters, presented in Table 3, to create “hybrid”
anthropometric predictions that combine information from both self-reported and
measured anthropometrics.® Specifically, seven “hybrid” measures to approximate the

true body weight and height are generated (see Meijer et al., 2012). Predictions 1 to 6 use

two within-class predictors for &. The first set fl] , used for predictors 1, 3, and 5 minimize
.2 -
the mean square error (MSE), E [(fi —&) I i€ ]]. The second of set predictors,é;”’, used

for predictors 2, 4 and 6 minimize the MSE conditional on E (fi — fiU J i€y ) = 0. Predictors
1 and 2 provide weighted predictions using the unconditional within-class probabilities
;. Predictors 3 and 4 provide weighted predictions using conditional or posterior within-
class probabilities m;(r;,s;). Predictors 5 and 6 use a two-step Bayesian classification.
Finally, the seventh predictor (¢;;) is the system-wide predictor that minimizes MSE
under the assumption of linearity and imposing the condition of unbiasedness. To assess
the precision of those predictions, we estimate reliability statistics and the MSE.? These
reliability statistics and the MSE with respect the seven “hybrid” measures come from out
of the sample simulations for body weight and body height data based on estimated
parameters from Table 3.10

Table 4 shows the precision of the seven types of “hybrid” predictions (as described
above) for body weight using simulations with 1,000 replications; the corresponding
results for height are shown in Table 5. Our first measure of reliability is analogous to the
slope coefficient from a (hypothetical) regression of true earnings on the observed earnings
measure; higher value corresponds to greater reliability and a value greater than one
indicates mean reversion. Reliability 2 represents the squared correlation between true

earnings and observed earnings measure. These reliability measures should only be used

& The user written Stata command “ky_fit” allows for predicting the seven “hybrid” measures
proposed by Meijer et al. (2012). Table 6 in Jenkins and Rios-Avila (2021c) provides the
descriptions of the predictors (“hybrid” outcomes), with the corresponding derivation of the
formulae presented in their appendix.

9 The mean square error is computed as E(predictor — £)? = Bias? + Variance. Reliability measures
are computed as follows: Rell(r) = cov(é,r)/var(r), Rell(s) = cov(é,s)/var(s), Rel2(r) =
cov(é,r)?/[var(§é) - var(r)] and Rel2(s) = cov(&,s)?/[var(§) - var(s)]. Further details can be found
in Jenkins and Rios-Avila (2021b).

10 Simulations are done using the user-written Stata command “ky_sim”. Further details can be
found in Jenkins and Rios-Avila (2021c).
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to assess how close a given measure is to the relevant true value and should not be
compared across model specifications. For the case of both body weight and height
“hybrid” predictions, all hybrid measures provide very large reliability coefficients. A
closer look at Tables 4 and 5 shows that the smallest MSE is found for the weighted
(conditional) prediction for both anthropometric measures; this indicates that these
predictors perform better, as shown by the MSE using out of the sample simulations, and,
thus, the weighted (conditional) prediction is our preferred “hybrid” prediction for both
weight and height.

Table 4: Precision of “hybrid” body weight predictions.
Rell Rel2 MSE

Measured body weight (r) 0.973 0.959 9.242
Self-reported body weight (s) 0.977 0.956 9.973
Hybrid body weight predictors

1. Weighted (unconditional) 0.978 0.964 8.142
2. Weighted (unconditional) unbiased  0.978 0.964 8.139
3. Weighted (conditional) 1.000 0.997 0.697
4. Weighted (conditional) unbiased 1.000 0.997 0.701
5. Two-stage 0.998 0.996 0.867
6. Two-stage, unbiased 0.998 0.996 0.869
7. System-wide linear 1.000 0.978 4.791

Table 5: Precision of “hybrid” body height predictions.
Rell Rel2 MSE

Measured body height () 0.962 0.930 6.442
Self-reported body height (s) 0.927 0.901 9.804
Hybrid body height predictors

1. Weighted (unconditional) 0.980 0.946 4.881
2. Weighted (unconditional) unbiased 0.977 0.946 4.872
3. Weighted (conditional) 1.000 0.985 1.338
4. Weighted (conditional) unbiased 0.997 0.985 1.355
5. Two-stage 0.991 0.980 1.828
6. Two-stage, unbiased 0.989 0.980 1.839
7. System-wide linear 1.000 0.957 3.838

As mentioned above, simulation analysis helps us to identify our preferred
predictors for the latent true body weight and height. After choosing our preferred
prediction, our sample data are used to compute the true latent anthropometric measures
in order to calculate a BMI measure that aims to approximate the true BMI distribution.
Table 6 provides descriptive statistics of this preferred “hybrid” BMI measure and those
based on self-reported and measured anthropometrics. Overall, the “hybrid” BMI measure

and the BMI based on measured data are very close both at the mean and across their
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distribution. It seems however that at the right tails, the q75 and q90 are slightly lower
for the “hybrid” measure as opposed to the BMI based on measured data; the later
reflected at the inter-quantiles ranges differences (q90-q10) between the “hybrid” and
measured BMI. On the other hand, BMI values that are based on self-reported data are
always lower at the mean level and across quantiles of the distribution as well as with a
lower dispersion compared to both the “hybrid” and the BMI based on measured data.
These results suggest that the “hybrid” measure approximating the true BMI is very close
to the BMI measure based on the measured weight/height data, while BMI measured
based on self-reported data underestimate the “true” values. This indicates that the
estimated data recording error in measured anthropometrics does not translate into major
differences between the “hybrid” and the measured anthropometrics as a result of their

small likelihood of occurrence in our sample.

Table 6. Distributions of BMI based on our preferred “hybrid” anthropometric
predictions and BMI based on self-reported and measured body weight/height data.

Self-reported Measured “Hybrid”
BMI BMI BMI

Statistics

Mean 26.158 26.580 26.526
ql0 20.776 20.911 20.936
q25 22.942 23.147 23.131
g50 25.510 25.960 25.914
q75 28.720 29.320 29.237
q90 32.242 32.941 32.829
Inter-quantile ranges

q75 - q25 5.778 6.173 6.106
q50 - q10 4.735 5.049 4.977
q90 - g50 6.732 6.981 6.916
q90 - q10 11.466 12.030 11.893

4.3 Implications for empirical research using BMI

In this sub-section, we provide evidence to test the sensitivity of econometric analyses
where BMI is used as an explanatory variable. We compare results in the case that our
hybrid BMI measure, estimated to proxy the true BMI distribution, with results based on
self-reported and measured anthropometrics.

We estimate linear regression models to measure the association between BMI and
the frequency of hospital admissions in the last 12 months (Table 7). To facilitate

interpretation of polynomials in BMI, Figure 3 presents the adjusted predictions at
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representative values (APRs), i.e., the predicted health care use across selected BMI
values with all the other variables kept at their mean values (based on the models
presented in Table 7). As shown in Figure 3, APRs for health care use are close for the
measured and the “hybrid” BMI across their distribution, while they differ from the
results for the BMI based on self-reported data, especially at the lower (BMI values below
23.5 kg/m?) and higher tails (BMI values above 37 kg/m?) of the BMI distribution.

Table 7: Linear regression models of healthcare utilization in the last 12 months on BMI
measures.

Self-reported Measured Hybrid

BMT+ -5.994%%% -G 981%*% -5.991%*
(2.165) (2.378) (2.374)

BMI squaredt 19.951%**  19.,791%* 18.796%*
(7.8375) (8.096) (8.101)

BMI cubedt -20.484**  -19.101** -17.997%*
(8.137) (8.929) (8.967)
Observations 37,335 37,335 37,335

T BMI is divided by 100.

Notes: Standard errors robust to heteroscedasticity in parentheses. Our models account for age,
gender, ethnicity and geographic region fixed effects.

% p<(.05, *** p<0.01

Figure 3: Predicted health care use across selected BMI values
(based on OLS models in Table 7)

— — — Self-reported BMI|
— — — = Measured BMI
Hybrid BMI

Marginal effects
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4. Conclusion

Comparing self-reported and measured anthropometric data, existing research in the
economics of obesity literature shows that self-reported data are subject to measurement
error, which can lead to potential biased estimates in empirical research that relies on
self-reported anthropometrics (e.g., Cawley, 2015; Cawley et al., 2015; Davillas and Jones,
2021; Gil and Mora, 2011; O’'Neill and Sweetman, 2013). These analyses, however,
implicitly assume that measured anthropometrics are error-free as they are treated as
gold standards when compared to self-reported data; therefore, this growing literature
provides little discussion about the potential measurement errors that the measured
anthropometrics may entail. The latter is of particular relevance given developments in
the large-scale social surveys that involve the integration of physical health
measurements, in addition to traditional self-reported measures, in hope that these
measures may improve survey measurement of health and eliminate measurement
errors. To fill this gap in the literature, we use the KY factor mixture model (Kapteyn and
Ypma, 2007) to analyse and characterize measurement error in both self-reported and
measured anthropometrics with national representative data from the 2013 National
Health Survey in Brazil.

We find that a small but statistically significant fraction of measured
anthropometrics contain data-recording errors. Turning to self-reported weight and
height, the estimated probability that the self-reported anthropometrics are free from any
measurement error are, as expected, relatively low at about 10% and 24% for body weight
and height data. This highlights that people’s reporting behaviour in combination with
the lack of precision of the self-reported questionnaires, when it comes to the collection of
the self-reported data on anthropometrics, may be sources of the observed measurement
error. For example, it has been argued that enhancing people’s knowledge of their exact
anthropometric values (by monitoring interventions) may indeed improve their ability to
accurately report their anthropometric values (Sherry et al., 2007).

Post-estimation analysis and out of the sample simulations allow us to estimate
hybrid anthropometric predictions that best approximate the true body weight and height
distribution. Comparisons of the distribution of BMI using self-reported, measured and
our proxy of true BMI distribution show that the latter is very close to the distribution of
BMI based on measured anthropometrics; BMI based on self-reported data seems to
under-estimate the true BMI distribution. We also explore the potential implications of

the measurement error when BMI based on self-reported or measured anthropometrics is
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used as explanatory variable in econometric models on health care utilization. We find
limited differences in our results between BMI based on measured data and our hybrid
BMI measures, however some differences are observed when both are compared to the
BMI based on self-reported data. These results are in line with the observed differences
in the distribution of the different BMI measures and further confirm existing evidence
suggesting that BMI based on self-reported data may bias econometric results when BMI

is used as an explanatory variable (e.g., Cawley et al., 2015).
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Appendix

Table Al: Estimation of our factor mixture model for body weight and height —
measured weight/height data are rounded at the nearest integer.

Weight Height
Parameter (kg) (cm)
le 71.571%%* 164.338%%*
(0.077) (0.050)
¢ 14.883% ¥ 9.459%%*
(0.055) (0.035)
Uiz 79.543%%* 158.978%%*
(1.457) (0.450)
o; 20.207%%* 8.591 %
(0.949) (0.307)
. 0.080%** 1.065%**
(0.021) (0.029)
oy 2.287%%% 2.306%**
(0.023) (0.037)
e -0.511%** 0.544%%%*
(0.101) (0.094)
O 5.936%** 4. 75 T*x*
(0.127) (0.101)
T, 0.990%** 0.970%**
(0.001) (0.002)
s 0.265%%* 0.334 %%
(0.002) (0.003)
T, 0.252%%* 0.379%%*
(0.009) (0.016)
p -0.041%** -0.056%**
(0.001) (0.002)
Class probabilities
Pr(R=1,5S=1) 0.263%** 0.324***
(0.002) (0.002)
Pr(R=1,5=2) 0.544%%* 0.401%**
(0.007) (0.011)
Pr(R=1,5=3) 0.183%** 0.245%%*
(0.006) (0.011)
Pr(R=2,5=1) 0.003%** 0.010%**
(0.000) (0.001)
Pr(R=2,S=2) 0.005%** 0.012%**
(0.001) (0.001)
Pr(R=2,5S=3) 0.002%%** 0.008%***
(0.000) (0.001)
Log-likelihood -249,954.7 -230,849.5
Observations 37,335 37,335

Notes: The fraction of labelled observations (.e., |r; —s;| = 0) is 26.3% for weight, and 32.4%
relative to height.
*** p<0.01



Table A2: Estimation of our factor mixture model for body weight and height

(measured data: average between 1%t and 274 measurement).

Weight Height
Parameter (kg) (cm)
lie 71.936%%* 164.519%%*
(0.077) (0.050)
¢ 14.848%%* 9.448%%*
(0.055) (0.035)
1z 79.55T%%%* 159.380%**
(1.208) (0.391)
o; 19.751%%* 8.716%**
(0.793) (0.260)
. -0.342%%* 0.333%x*
(0.014) (0.022)
oy 1.600%** 1.695% %
(0.017) (0.026)
Lo -0.351%%* 1.216%**
(0.065) (0.064)
O 5.097% 4.320%*%*
(0.082) (0.066)
T, 0.988*%** 0.967%**
(0.001) (0.002)
s 0.088*%* 0.217%%*
(0.001) (0.002)
Ty 0.309%%** 0.437%%%
(0.007) (0.011)
p -0.028%** -0.032%**
(0.001) (0.002)
Class probabilities
Pr(R=1,S=1) 0.087%** 0.210%**
(0.001) (0.002)
Pr(R=1,5=2) 0.622%** 0.426%**
(0.007) (0.009)
Pr(R=1,5=3) 0.278%%* 0.331 %%
(0.007) (0.008)
Pr(R=25S=1) 0.001%%** 0.007%**
(0.000) (0.000)
Pr(R=2,5S=2) 0.008%%** 0.015%**
(0.001) (0.001)
Pr(R=125=3) 0.004%** 0.011%**
(0.000) (0.001)
Log-likelihood -250,889.2 -234,764.3
Observations 37,335 37,335

Notes: Robust standard errors to heteroscedasticity in parentheses. The fraction of labelled

observations G.e., |r; — s;| = 0) is 8.7% for weight, and 21.0% relative to height.

*** p<0.01



10

11

12
13

CINCH working paper series

Halla, Martin and Martina Zweimiller. Parental Responses to Early
Human Capital Shocks: Evidence from the Chernobyl Accident. CINCH
2014.

Aparicio, Ainhoa and Libertad Gonzalez. Newborn Health and the
Business Cycle: Is it Good to be born in Bad Times? CINCH 2014.
Robinson, Joshua J. Sound Body, Sound Mind?: Asymmetric and
Symmetric Fetal Growth Restriction and Human Capital Development.
CINCH 2014.

Bhalotra, Sonia, Martin Karlsson and Therese Nilsson. Life Expectancy
and Mother-Baby Interventions: Evidence from A Historical Trial.
CINCH 2014.

Goebel, Jan, Christian Krekel, Tim Tiefenbach and Nicolas R. Ziebarth.
Natural Disaster, Environmental Concerns, Well-Being and Policy
Action: The Case of Fukushima. CINCH 2014.

Avdic, Daniel, A matter of life and death? Hospital Distance and
Quality of Care: Evidence from Emergency Hospital Closures and
Myocardial Infarctions. CINCH 2015.

Costa-Font, Joan, Martin Karlsson and Henning @ien. Informal Care
and the Great Recession. CINCH 2015.

Titus J. Galama and Hans van Kippersluis. A Theory of Education and
Health. CINCH 2015.

Dahmann, Sarah. How Does Education Improve Cognitive Skills?:
Instructional Time versus Timing of Instruction. CINCH 2015.
Dahmann, Sarah and Silke Anger. The Impact of Education on
Personality: Evidence from a German High School Reform. CINCH
2015.

Carbone, Jared C. and Snorre Kverndokk. Individual Investments in
Education and Health. CINCH 2015.

Zilic, lvan. Effect of forced displacement on health. CINCH 2015.

De la Mata, Dolores and Carlos Felipe Gaviria. Losing Health
Insurance When Young: Impacts on Usage of Medical Services and
Health. CINCH 2015.



14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

Tequame, Miron and Nyasha Tirivayi. Higher education and fertility:
Evidence from a natural experiment in Ethiopia. CINCH 2015.

Aoki, Yu and Lualhati Santiago. Fertility, Health and Education of UK
Immigrants: The Role of English Language Skills. CINCH 2015.
Rawlings, Samantha B., Parental education and child health:
Evidence from an education reform in China. CINCH 2015.

Kamhofer, Daniel A., Hendrik Schmitz and Matthias Westphal.
Heterogeneity in Marginal Non-monetary Returns to Higher
Education. CINCH 2015.

Ardila Brenge, Anne and Ramona Molitor. Birth Order and Health of
Newborns: What Can We Learn from Danish Registry Data? CINCH
2015.

Rossi, Pauline. Strategic Choices in Polygamous Households: Theory
and Evidence from Senegal. CINCH 2016.

Clarke, Damian and Hanna Mihlrad. The Impact of Abortion
Legalization on Fertility and Maternal Mortality: New Evidence from
Mexico. CINCH 2016.

Jones, Lauren E. and Nicolas R. Ziebarth. US Child Safety Seat Laws:
Are they Effective, and Who Complies? CINCH 2016.

Koppensteiner, Martin Foureaux and Jesse Matheson. Access to
Education and Teenage Pregnancy. CINCH 2016.

Hofmann, Sarah M. and Andrea M. Miihlenweg. Gatekeeping in
German Primary Health Care — Impacts on Coordination of Care,
Quality Indicators and Ambulatory Costs. CINCH 2016.

Sandner, Malte. Effects of Early Childhood Intervention on Fertility
and Maternal Employment: Evidence from a Randomized Controlled
Trial. CINCH 2016.

Baird, Matthew, Lindsay Daugherty, and Krishna Kumar. Improving
Estimation of Labor Market Disequilibrium through Inclusion of
Shortage Indicators. CINCH 2017.

Bertoni, Marco, Giorgio Brunello and Gianluca Mazzarella. Does
postponing minimum retirement age improve healthy behaviors
before retirement? Evidence from middle-aged Italian workers.
CINCH 2017.

Berniell, Inés and Jan Bietenbeck. The Effect of Working Hours on
Health. CINCH 2017.

Cronin, Christopher, Matthew Forsstrom, and Nicholas Papageorge.
Mental Health, Human Capital and Labor Market Outcomes. CINCH
2017.



29

30

31

32

33

34

35

36

37

38

39

40

41

42

Kamhofer, Daniel and Matthias Westphal. Fertility Effects of College
Education: Evidence from the German Educationl Expansion. CINCH
2017.

Jones, John Bailey and Yue Li. The Effects of Collecting Income Taxes
on Social Security Benefits. CINCH 2017.

Hofmann, Sarah and Andrea Mihlenweg. Learning Intensity Effects
in Students’ Mental and Physical Health — Evidence from a Large
Scale Natural Experiment in Germany. CINCH 2017.

Vollmer, Sebastian and Juditha Wojcik. The Long-term Consequences
of the Global 1918 Influenza Pandemic: A Systematic Analysis of 117
IPUMS International Census Data Sets. CINCH 2017.

Thamarapani, Dhanushka, Rockmore, Marc, and Willa Friedman. The
Educational and Fertility Effects of Sibling Deaths. CINCH 2018.
Lemmon, Elizabeth. Utilisation of personal care services in Scotland:
the influence of unpaid carers. CINCH 2018.

Avdic, Daniel, Buytkdurmus, Tugba, Moscelli, Giuseppe, Pilny, Adam,
and leva Sriubaite. Subjective and objective quality reporting and
choice of hospital: Evidence from maternal care services in Germany.
CINCH 2018.

Hentschker, Corinna and Ansgar Wibker. Quasi-experimental
evidence on the effectiveness of heart attack treatment in Germany.
CINCH 2018.

Pasha, Mochamad, Rockmore, Marc, and Chih Ming Tan. Early Life
Exposure to Above Average Rainfall and Adult Mental Health. CINCH
2018.

Elsner, Benjamin and Florian Wozny. The Human Capital Cost of
Radiation: Long-run Evidence from Exposure outside the Womb.
CINCH 2019.

de la Mata, Dolores and Carlos Felipe Gaviria Garcés. Exposure to
Pollution and Infant Health: Evidence from Colombia. CINCH 2019
Besstremyannaya, Galina and Sergei Golovan. Physicians' altruism in
incentives contracts: Medicare's quality race. CINCH 2019.

Hayen, Arthur P., Klein, Tobias J., and Martin Salm. Does the framing
of patient cost-sharing incentives matter? The effects of deductibles
vs. no-claim refunds. CINCH 2019.

Molina, Teresa. Pollution, Ability, and Gender-Specific Responses to
Shocks. CINCH 20109.



43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

Fischer, Martin, Gerdtham, UIf-G, Heckley, Gawain, Karlsson, Martin,
Kjellsson, Gustav, and Therese Nilsson. Education and Health: Long-
run Effects of Peers, Tracking and Years. CINCH 20109.

Bannenberg, Norman, Fgrland, Oddvar, lIversen, Tor, Karlsson,
Martin, and Henning @ien. Preventive Home Visits. CINCH 2019.
Pestel, Nico and Florian Wozny. Low Emission Zones for Better
Health: Evidence from German Hospitals. CINCH 2019.

Bartoli, Paola, Grembi, Veronica, and The Linh Bao Nguyen. Ethnic
Density and Health at Birth. CINCH 2019.

Atal, Juan Pablo, Fang, Hanming, Karlsson, Martin, and Nicolas R.
Ziebarth. Long-Term Health Insurance: Theory Meets Evidence.
CINCH 2020.

Briody, Jonathan. Parental Unemployment During the Great
Recession and Childhood Adiposity. CINCH 2020.

Miller, Grant, Paula, Aureo de, and Christine Valente. Subjective
Expectations and Demand for Contraception. CINCH 2020.
Kronenberg, Christoph. New(spaper) Evidence of a Reduction in
Suicide Mentions during the 19*-century Gold Rush. CINCH 2020.
Avdic, Daniel, Ivets, Maryna, Lagerqvist, Bo, and leva Sriubaite.
Providers, Peers and Patients: How do Physicians’ Practice
Environments Affect Patient Outcomes? CINCH 2021.

Alexander Ahammer, Dominik Grubl and Rudolf Winter-Ebmer. The
Health Externalities of Downsizing. CINCH 2021.

Emilia Barili, Paola Bertoli, Veronica Grembi, and Veronica Rattini.
COVID Angels Fighting Daily Demons? Mental Health of Healthcare
Workers and Religion. CINCH 2021.

Signe A. Abrahamsen, Rita Ginja, and Julie Riise. School Health
Programs: Education, Health, and Welfare Dependency of Young
Adults. CINCH 2021.

Martin Fischer, Martin Karlsson, and Nikolaos Prodromidis. The Long-
Term Effects of Hospital Deliveries. CINCH 2021.

Cristina Borra, Libertad Gonzdlez, and David Patifio. Maternal Age
and Infant Health. CINCH 2021.

Nicola Barban, Elisabetta De Cao, and Marco Francesconi. Gene-
Environment Effects on Female Fertility. CINCH 2021.

Daniel Avdic and Katharina E. Blankart. A Hard Look at “Soft” Cost-
control Measures in Healthcare Organizations: Evidence from
Preferred Drug Policies in Germany. CINCH 2021.



59

60

Sarah Hofmann. Disease Perception and Preventive Behavior: The
Vaccination Response to Local Measles Outbreaks. CINCH 2022.
Apostolos Davillas, Victor Hugo de Oliveira, and Andrew M Jones. A
Model of Errors in BMI Based on Self-reported and Measured
Anthropometrics with Evidence from Brazilian Data. CINCH 2022.






([ ] UNIVERSITAT
DEUSISS NU RG
ucrFupnliico

universitats
Ub | bibliothek

Duisburg-Essen Publications online

Thistext is made available via DUEPublico, the institutional repository of the University of
Duisburg-Essen. This version may eventually differ from another version distributed by a
commercia publisher.

DOI: 10.17185/duepublico/76143
URN: urn:nbn:de:hbz:465-20220627-074957-0

All rights reserved.



https://duepublico2.uni-due.de/
https://duepublico2.uni-due.de/
https://doi.org/10.17185/duepublico/76143
https://nbn-resolving.org/urn:nbn:de:hbz:465-20220627-074957-0

	a
	CINCH-WP-2022-02
	a




