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Abstract
Although access to health facilities is a major contributor to healthcare utilization, the accurate
measurement of distance effects is difficult using Demographic and Health Surveys (DHS) since
household location data is perturbed to protect respondents’ confidentiality. We show the
attenuation bias due to perturbation by using a survey of 3,950 women we conducted in Arusha,
Tanzania where we can estimate distance effects both with accurate, and perturbed, data.
Unbiased and consistent estimation using perturbed data is possible by numerical integration
over all possible true locations, weighted by the probability the household is at that location.
We show that for our Arusha sample this method produces estimates centered on those found
with the true data. We then apply our method to DHS data showing that our estimates using
numerical integration produce larger effects than those found by naive regressions using
perturbed data. However, the magnitude of the difference is not large.

Introduction
Access to the health facility is considered as one of the important factors affecting health
behaviors (for example, see: Rahaman et al, 1982; Muller et al, 1998; Stock et al, 1983; Buor
2003; Feikin et al, 2009; Alegana et al, 2012, Kumar et al, 2014). Wong and Benova (2017)
conducted a meta-analysis on the relationship between physical access to health facilities and
the utilization of skilled care for childbirth in sub-Saharan Africa. They found that the increased
distance to maternity care had an inverse association with utilization.
The accurate information of the access to health facilities, however, is often difficult to obtain.
One way to capture the access to health facilities is to reply on the self-reported data on the
distance and travel time to health facilities. However, the information based on the selfreported data is prone to biases induced by respondents if they do not have concrete ideas on
geographical space and time. Furthermore, these errors might be correlated with outcome
variables (Gibson and McKenzie, 2007). Lack of information on mode of transport which should
be accompanied with the travel time also prevents any meaningful interpretation of the selfreported travel time.
More objective and rigorous way to measure the access to health facilities is to calculate the
minimum distance from respondents’ house location to health facilities using GPS coordinates.
However, it is challenging to obtain the accurate information on the distance to health facilities
from each respondent’s house location because it is common that surveys perturb the

household location to protect respondents’ confidentiality. One of the well-known examples is
Demographic and Health Survey (DHS). DHS is the nationally-representative household survey
which collect detailed information on health behaviors and outcomes among respondents and
their children. DHS also collects GPS coordinates of each respondent. However, as Burgert et al
(2013) and Perez-Heydrich et al (2013) explain, these locations are randomly displaced. In particular,
the location data is perturbed randomly as follows; (1) A random angle between 0 and 360 degrees
for the displacement of each location is chosen; (2) A random distance according to the urban
and rural parameters is chosen; urban locations are displaced 0-2 kilometers while rural locations are
displaced 0-5 kilometers with 1% of them displaced 0-10 kilometers; (3) Combining the step (1) and
(2) to create a new latitude and longitude for the cluster; and (4) The new perturbed location is
checked to make sure it falls within designated administrative boundaries. If it does not, (1) and
(2) are repeated till it falls within boundaries.
Due to the utilization of the perturbed location data, the effect of the distance on outcomes in
interest might be attenuated and thus biased. For example, Kadobera et al (2012) finds that the
infant mortality is higher by 1.17 per 1,000 infants among those who reside more than 5 km
away from the nearest health facility, using the Tanzania DHS data. However, because their
estimation is based on the perturbed location data, the true effect of the distance might not be
the same as this effect found in the study.
This paper aims to evaluate the extent to which the measurement error in respondents’
location induced by the random displacement biases the estimation of the effect of the access
to health facilities, as a form of minimum distance from respondents’ location to the nearest
health facilities. In particular, we use the unique dataset which contains the accurate GPS
coordinates of respondents to measure the true effect of distance on health behaviors, and
compare it with the biased effect using the perturbed location that we intentionally created by
following the same procedure that DHS adopted.
To compare the true and biased estimator, we first show that the measurement error in
respondents’ location causes the attenuation bias in the estimation of the effect of distance
from respondents’ location to health facilities on outcomes. Using a survey of 3,950 women we
conducted in Arusha, Tanzania in which we have the accurate information on respondents’
location, we calculate the true effect of the distance to the nearest health facilities on the
likelihood of childbirths assisted by doctor. Using the true distance, we find that there is
significant and negative correlation between the distance to the nearest health facility and the
child delivery assisted by doctor. We then perturb the respondents’ location, following the
same procedure as DHS does to estimate the biased effect of distance. We find that the
perturbed location data biases the effect of distance on outcomes toward zero; it creates the
attenuation bias.
Next, we employ a method developed by Karra and Canning (2018) to correct the measurement
error of the distance to health facilities to derive the unbiased estimator of the distance. Karra
and Canning (2018) show that we can obtain the unbiased estimator by using the expected

value of the true minimum distance. We can construct the expected value by numerical
integration over all possible true locations, weighted by the probability the household is at that
location. We find that this numerical integration corrects the attenuation bias of the distance
effect using perturbed location data and the unbiased estimator of the distance effect is
derived from this method.
Finally, we apply the method of correcting the measurement error to the analysis using
Tanzania DHS data. We repeat the similar exercise of the numerical integration to estimate the
unbiased estimator of the effect of the distance on various variables related to health behaviors
and outcomes. Overall, we find the negative and significant effect of the distance to health
facilities on various health behaviors and outcomes. We also find that the magnitude of the
unbiased estimator using the numerical integration is often larger than that of the biased
estimator. However, the difference between the biased estimator using the perturbed GPS
coordinates and the unbiased and corrected estimator is not substantial.
This paper is the first to apply the method proposed by Karra and Canning (2018) to the actual
data to get the unbiased estimator.

Data
We use three different datasets. The first dataset we use is the household survey from Arusha
region in Tanzania which contains the accurate GPS coordinates of respondents. This data is
from a large study called Willows Impact Evaluation (WIE) project implemented by a NGO:
Willows International. The purpose of the WIE is to evaluate the effect of a community-based
program on contraceptive prevalence over time. The study is on-going and has been in
implementation in 4 countries: Ghana, Tanzania, Pakistan, and Turkey. This paper utilizes the
baseline survey conducted in Tanzania. The implementation site of WIE in Tanzania is urban
areas of Arusha region, the northern part of Tanzania. WIE project has collected the baseline
data from 3,950 women at childbearing age. The data contains detailed information around
women’s reproductive health such as the utilization of the modern family planning as well as
health facility utilization for antenatal care, child delivery, and postnatal care. It also contains
the accurate location (GPS coordinates) of each respondent’s household. The questionnaire of
the household survey from Arusha region under WIE is adopted from the questionnaire from
Tanzania DHS.
The second dataset is the Tanzania health facility census data (2016), provided by Ministry of
Health in Tanzania. This health facility census data contains the accurate GPS coordinates of all
the health facilities existent in Tanzania in 2016. To validate the completeness of the health
facility census, we compare the list of health facilities in census data and the list in health
facility survey that WIE project implemented. Health facility survey under WIE project collected
the information on various information on quality as well as GPS coordinates from all 39 health
facilities that women in the baseline survey utilized for the family planning services. The health

facility census consists of more health facilities than facilities from the WIE project. This is
because the health facility survey from WIE project only includes health facilities which provide
family planning services. We validate the completeness of the census data by comparing the list
of health facilities in the health facility survey from WIE project and the list of health facilities
from the health facility census data. We confirm that the census data contains almost all the
facilities (94.9%) collected in the health facility survey under WIE project.
Using the household survey data from Arusha and the health facility census data, we calculate
the accurate minimum distance from respondents’ house to the nearest health facility as the
GPS coordinates for respondents from the household survey in Arusha and all the health
facilities are available from these 2 datasets.
The third dataset is Tanzania DHS data (2015). The Tanzania DHS data is nationallyrepresentative household survey conducted in 2015 and 2016, collecting data from 13,266
women, and it contains the detailed information on health behaviors and outcomes among
women and their children. The GPS coordinates of each respondent is available but the location
data is perturbed. To create the random displacement of location, the combination of the
random angle (between 0 to 360 degrees) and the random distance (0-2 kilometers for urban
locations and 0-5 kilometers for rural locations) are chosen simultaneously.
To use the numerical integration to calculate the unbiased estimator of the distance effect, the
information on population density in each of all the possible locations is necessary because the
population density affects the probability that an individual resides at a particular location. We
use the population density data for Tanzania in 2015. The data is from WorldPop and the data
contains the information on the number of persons per grid square (100m x 100m) for the
entire areas in Tanzania.
To do the numerical integration, we need to define all the possible locations. The smaller grid
cell we use, the more precise estimate of the distance effect we can get. At the same time, the
smaller grid requires more intensive calculation for the numerical integration. In our analysis,
we use both 100m x 100m grid and 500m x 500m grid for the Arusha data, while we use 500m x
500m grid for the analysis using Tanzania DHS sample.

Methods
We use the household survey from Arusha to validate the method proposed by Karra and
Canning (2018). We first evaluate the effect of the actual distance to the nearest health facility
on health behaviors, using the accurate GPS coordinates of respondents’ location and of health
facilities. In this analysis, we focus on childbirths assisted by doctor as a main outcome. We
estimate the distance effect using the following regression specification;
𝑦̂𝑖 = 𝛼 + 𝛽1 log(1 + 𝐷𝑖𝑠𝑡𝑖 ) + 𝜀𝑖

(1)

where 𝑦𝑖 is a dummy variable which takes 1 if a woman i delivers a baby assisted by a doctor;

log(1 + 𝐷𝑖𝑠𝑡𝑖 ) is the logarithm of the distance from a woman i’s house to the nearest health facility. We
use (1 + 𝐷𝑖𝑠𝑡𝑖 ) to avoid the logarithm taking negative value if the distance is less than 1. We use the
predicted 𝑦𝑖 , 𝑦̂,
𝑖 with the random error with mean 0 and standard deviation derived from the equation
̂1 .
(1) with the actual 𝑦𝑖 , and simulate the equation (1) 1,000 times to obtain the distribution of 𝛽

After we estimate the true effect of distance on childbirths assisted by doctor, we then add the
random error to the respondents’ location in our Arusha study. We follow the procedure
adapted by DHS to perturb the coordinates. In particular, we randomly displace the coordinates
by a random angle that is uniformly distributed over 0 to 360 degrees and by a random distance
that is uniformly chosen between 0 and certain kilometers (2,5, and 10 kilometers) at this angle.
For the simulation, we use 10 kilometers to perturb the location data. Following the same
procedure as described above and using the regression (1) with the predicted 𝑦𝑖 , we compare
the distance effect of distance using this perturbed data with the distance effect with the
accurate data.
Now, assume that the actual GPS coordinates on respondent’s location in the survey from
Arusha is not available as is the case for DHS. Then, we employ the method suggested by Karra
and Canning (2018) to get the unbiased estimator of the distance effect by the numerical
integration. In particular, we take each possible location for the respondent and calculate the
minimum distance from these possible locations to the nearest health facility. Then we
calculate the expected minimum distance based on the probability that each location is the true
location given the observed location with error. This expected minimum distance is the
unbiased estimator for the distance.
Mathematically, the expected minimum distance is calculated by the following formula;
𝑆−1
𝐸[𝑔(𝑥1 , 𝑥2 |𝑚𝑖1 , 𝑚𝑖2 )] ≈ ∑𝑆−1
𝑗=0 ∑𝑘=0 𝑔(𝑥𝑗1 , 𝑥𝑘2 )

𝑝((𝑚𝑖1 ,𝑚𝑖2 )|(𝑥𝑗1 ,𝑥𝑘2 ))∗𝑝(𝑋)

𝑆−1
∑𝑆−1
𝑗=0 ∑𝑘=0 𝑝((𝑚𝑖1 ,𝑚𝑖2 )|(𝑥𝑗1 ,𝑥𝑘2 ))∗𝑝(𝑋)

(2)

where 𝑔(𝑥1 , 𝑥2 |𝑚𝑖1 , 𝑚𝑖2 ) is the minimum true distance, provided the perturbed data;

𝑔(𝑥𝑗1 , 𝑥𝑘2 ) is the minimum distance for each perturbed location; 𝑝 ((𝑚𝑖1 , 𝑚𝑖2 )|(𝑥𝑗1 , 𝑥𝑘2 )) is

the probability that the true location of (𝑥𝑗1 , 𝑥𝑘2 ) is (𝑚𝑖1 , 𝑚𝑖2 ); 𝑝(𝑋) is the population density
for each possible location.
Using this numerical integration, we evaluate the unbiased distance effect and compare it with
the true effect using the actual data as well as the biased effect with perturbed data.
After we confirm to obtain the unbiased estimator of the distance using the data from Arusha,
we then estimate the effect of distance on various health behaviors, using DHS data in Tanzania
(2015/16). We compare the biased estimator of the distance which uses the perturbed GPS
coordinates with the unbiased estimator which we obtain through the numerical integration.

There are two complications with DHS data which can affect the result of the numerical
integration. One is that if the perturbed location is outside of the administrative boundaries, zone in
the case of Tanzania, then the random angle and distance are drawn again until the new
perturbed location falls within the boundaries. The another complication is that 1% of rural
locations are randomly displaced 0-10 kilometers, instead of 0-5 kilometers.

These two complications affect the result of numerical integration because it affects the
conditional probability of the data values given the observed perturbed data. First, when the
created random error moves the household location outside of the region, international border,
or out to the sea, the random error is re-drawn to make sure that the household is located
within the region. This re-assignment of the random error changes the probability that each
location is the true location given the observed location with error especially if she is close to
the border of the zone. To assure that the unbiased estimator is derived by employing the
method proposed by Karra and Canning (2018), we remove respondents whose location is
within close distance from zonal border to avoid the complication due to this caveat. We simply
drop all the locations that are within 20 kilometers from all the zonal boundaries to make sure
that the repeated draw of the perturbed location will not happen. If the true locations are more
than 20 kilometers away from any zonal boundary, then the perturbation of the location will
never relocate it outside of the boundary, assuming that the maximum distance of the
perturbation is 10 kilometers. In Tanzania DHS 2015/16, there are 608 clusters with GPS
coordinates. After we drop the clusters that are within 20 kilometers from the zonal boundaries,
the number of clusters decreases to 299 (Figure 1).
Second, for 1 % of rural locations randomly displaced 0-10 kilometers, we simply ignore this
case. Because the number of clusters is only about 299, not many locations are affected by this
further displacement.

Results
Comparison of True, Biased, and Unbiased Distance Effect, using Arusha Data
First, using the household survey in Arusha and health facility census data, we compare three
distance effects on childbirths assisted by medical doctor, true distance effect with accurate
location, biased effect with perturbed location, and fixed unbiased effect employing numerical
integration method.
Table 1 (Panel A) presents the descriptive statistics for Arusha data. On average, 39.3 percent of
women delivered a child assisted by a medical doctor. The average true distance to the nearest
health facility is 1.1km. On average, mothers are 28.6 years old. The highest education
attainment is primary school for more than half of women (55%), while 35.2 and 5 percent
completed secondary education and higher education than secondary, respectively.

Figure 2 compares the biased distance effect with the true distance effect. It shows the result of
the simulation (1,000 times) of the distance effect on child delivery assisted by doctor, where
we add random error ranging from 2km, 5km, to 10km to the true location Arusha data and
compare it with the true distance effect. The true distance effect on the likelihood of one
delivering a child assisted by a doctor is -0.116 (shown as a straight vertical line). When we
artificially add the random error to the actual location of each respondent, the effect of the
distance is biased downward and attenuated. The distribution of the simulated coefficient of
distance shifts towards zero as we increase the degree of errors from 2km, 5km and to 10km. If
the random error is 10km, the magnitude of the coefficients becomes almost one-fifths of the
actual coefficient from -0.116 to -0.024.
As a next step, we correct the bias adopting the methods proposed by Karra and Canning
(2018) to estimate the unbiased distance effect on child delivery assisted by doctor. Karra and
Canning (2018) find that, once they substitute the biased distance using perturbed location
with the expected minimum distance, the coefficient gets closer to the true coefficient
(unbiased distance effect). We find the similar result when we apply this method to our data.
Figure 3 compares the true distance effect using the actual location data, biased distance effect
using the perturbed location data, and the unbiased distance effect employing the numerical
integration. Panel A uses 100m grid for all the possible location, while Panel B uses 500m grid.
While the biased distance effect using the perturbed location data is consistently close to zero
than the true distance effect, the unbiased estimator using the expected minimum distance
successfully brings back the effect toward the true distance effect. The result using 500m grid is
consistent with the one using 100m grid. Appendix 1 shows the consistent result with Figure 3,
while it includes the covariates in the regression specification for the estimation.
Table 2 (Panel a) compares the mean of distance effect – true, biased, and unbiased. As
confirmed visually in Figure 3, the distance effect using the perturbed location data is biased
downward toward zero, from -0.116 to -0.024. Once we correct the error using the numerical
integration, the distance effect goes back to the true effect, -0.116 using 100m grid. Note
however that the standard deviation for the unbiased estimator gets much larger than the true
effect using the accurate location data, from 0.034 to 0.086. Using 500m grid, the unbiased
estimator is still close to the true effect, but not as close as the one using 100m grid, -0.100.
Panel B shows the distance effect while including the covariates in the regression specification.
The results are consistent with and without covariates.

Comparison of Biased and Unbiased Distance Effect, using Tanzania DHS Data
In this section, we compare the biased distance effect using the perturbed location data with
the unbiased effect employing the numerical integration using Tanzania DHS data (2015/16).
Table 1 Panel B shows that the descriptive statistics. The sample is restricted to women who
delivered a baby within the last 5 years prior to the survey and to women’s most recent births

within the past 5 years. On average, 7.4 percent of respondents delivered their children
assisted by doctors. This figure is much lower than the one found in Arusha sample, 39.4
percent. In addition to child delivery assisted by doctors, we also evaluate the effect of distance
on various health outcomes such as mortality, height for age, and weight for age, as well as
behaviors around health service utilization such as antenatal care, institutional delivery, and
postnatal care. On average, 97.2 percent of children are alive. The average height for age and
weight for age is -1.4 and -0.85 respectively. On average, 97.3 percent of respondents visited
antenatal care at least once, while 20 percent of them came for the antenatal care during the
first trimester, and 46.2 percent of them visited for antenatal care at least 4 times. About 63
percent of respondents delivered a baby at health facility and 34.2 percent visited health facility
for a postnatal care.
The average distance to the nearest health facility is 3.2 km, which is much longer than the
distance found in Arusha sample project, 1.1km. Note that this distance using DHS data
contains the measurement error because GPS coordinates of respondents in DHS are perturbed.
Once we correct the measurement error, the average distance to the nearest health facility
gets slightly further away; 3.5 km (table not shown). Mother is on average 28.8 years old. Much
higher proportion of women have lower attainment of the education in Tanzania DHS data than
Arusha data; 20 percent of women have no education, 66.6 percentage of women have primary
education, and 13.3 percent of them have secondary or higher educational attainment. While
all the respondents in Arusha sample is from urban areas, 23.6 percent of DHS sample is from
urban areas.
Figure 4 shows the unbiased distance effect on various health behaviors/outcomes and its
comparison with the biased effect using perturbed location data. Although the unbiased
estimator consistently shifts the distance effect away from zero for most of the variables, the
difference between biased and unbiased estimator is not large.
Table 3 shows the results from the regression analysis. We find that unbiased and consistent
estimator gives the increased magnitude of the effect of distance on any outcome variables. For
example, using the perturbed data, the effect of increased distance to the nearest health
facility on the likelihood that one delivers a baby by a doctor is reduced by 18.6 (Table 3 Panel A
column 1). On the other hand, once we correct the bias, we find that the estimate increases to
21.2 percentage points (Panel B column 2). We find the similar trend for all other outcome
variables. Overall, the measurement error causes the attenuation bias towards zero. However,
we find that the magnitude of such biases is relatively small.

Conclusions
Access to health facilities is considered a major contributor to healthcare utilization. However,
the accurate measurement of distance effect is difficult using Demographic and Health Surveys
(DHS) since household location is perturbed to protect respondents’ confidentiality.

This study estimates and compares the distance effect both with accurate, and perturbed, data
using a household survey of 3,950 women conducted in Arusha, Tanzania. Unbiased and
consistent estimation using perturbed data is possible by numerical integration over all possible
true locations, weighted by the probability the household is at that location. We directly adapt
the method to correct the measurement error from Karra and Canning (2018) to show that for
our Arusha sample this method produces the estimate of the distance effect centered on those
found with the true data, thus unbiased estimator.
We then apply our method to DHS data showing that our estimates using numerical integration
produce larger effects than those found by naive regressions using perturbed data. However,
our finding suggests that the difference between the biased and unbiased estimator of distance
effect using DHS data is not substantial.
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Panel A: Before (n=608)

Figure 1: Map of DHS cluster before and after removing the clusters within 20km from border
Panel B: After (n=299)

Figure 2: Simulation effect of distance to the nearest health facility on Child delivery by Doctor

Notes: The true coefficient without error is based on 1,462 observations from Willows project. The effect of
log(1+distance) with 2km, 5km, and 10km errors are based on 1000 replications.

Panel A: 100m Grid

Figure 3: Empirical distribution of effect of distance with error fix
Panel B: 500m Grid

Notes: The true coefficient without error is based on 1,462 observations from Willows project. The effect of log (1+distance) with error (10km) and with error
fix are based on 1000 replications.

Figure 4: Effect of Distance to Health Clinic to Health Outcomes and Service Utilization using DHS

Notes: Regression include clustered standard error. The explanatory variable is log(1+distance). 95% confidence
interval is used.

Table 1: Descriptive Statistics Willows and DHS Tanzania
Variable
Obs
Mean
Std. Dev.
Panel A: Willows Data
Delivered by doctor
Distance to nearest health facility (km)
Mother's char
age
no education
primary
secondary
higher
Panel B: DHS Data
Main Outcomes
Delivery by Doctor
Alive
HAZ
WAZ
Antenatal
ANC before 3 months
ANC 4 times
Institutional delivery
Postnatal
Distance
distance (error)
log (1+distance; error)
log (1+distance; error fix)
Covariates
first child
birth order
multiple children
female
birth interval
Mother's char

age
no education
primary
secondary

Min

Max

1,462
1,462

0.393
1.078

0.488
0.927

0
0.043

1
6.386

1,462
1,461
1,461
1,461
1,461

28.626
0.027
0.550
0.352
0.070

6.084
0.161
0.498
0.478
0.256

16
0
0
0
0

44
1
1
1
1

3,448
3,448
3,170
3,203
3,448
3,366
3,448
3,391
3,423

0.074
0.972
-1.428
-0.851
0.973
0.200
0.462
0.631
0.342

0.262
0.164
1.426
1.115
0.163
0.400
0.499
0.483
0.475

0
0
-5.99
-5.91
0
0
0
0
0

1
1
4.93
4.65
1
1
1
1
1

3,448
3,448
3,448

3.204
1.221
1.239

3.352
0.632
0.531

0.048
0.047
0.000

28.514
3.385
3.348

3,448
3,448
3,448
3,448
3,448

0.235
3.791
0.017
0.491
31.555

0.424
2.642
0.130
0.500
27.837

0
1
0
0
0

1
17
1
1
252

3,448
3,448
3,448
3,448

28.762
0.200
0.666
0.133

7.555
0.400
0.472
0.340

15
0
0
0

49
1
1
1

Husband's char
no education
primary
secondary

2,730
0.136
0.343
0
1
2,730
0.723
0.448
0
1
2,730
0.141
0.348
0
1
urban
3,448
0.236
0.425
0
1
Notes: Panel A is based on 1,462 observations from Willows project. Panel B is based on 3,448 observations from
DHS data. The data focuses on women who delivered a baby within 5 years prior to the survey conducted in
2015/16, and on the last-born child from the women.

Variable

Table 2: Effect of Distance on Delivery by Dcotor using Willows data
Mean
Std. Dev.
[95% Confidence interval]
(1)
(2)
(3)
(4)

(a) Without covariates
Coefficient of log distance (True)
Coefficient of log distance (error)
Coefficient of log distance (error fix) -100m Grid
Coefficient of log distance (error fix) -500m Grid

-0.116
-0.024
-0.116
-0.100

0.034
0.032
0.086
0.081

-0.182
-0.086
-0.279
-0.258

-0.045
0.037
0.047
0.055

(b) With covariates
Coefficient of log distance (True)
-0.105
0.035
-0.174
-0.037
Coefficient of log distance (error)
-0.021
0.034
-0.087
0.045
Coefficient of log distance (error fix) - 100m Grid
-0.103
0.081
-0.263
0.057
Coefficient of log distance (error fix) - 500m Grid
-0.091
0.082
-0.252
0.067
Notes: Estimation is based on 1,000 replications. The number of observations is 1,462. The explanatory variable is
log(1+distance). Covariates include mother's age and mother's education.

Table 3: Effect of Distance to Health Clinic to Health Outcomes and Service Utilization using DHS
ANC
before 3
ANC 4 Institution Delivery
times
al delivery by Doctor Postnatal
Alive
HAZ
WAZ
Antenatal months
Panel A: Without covariates
With Error
(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
(9)
distance (error)
-0.000
-0.083* -0.102*** -0.021*** -0.060*** -0.111*** -0.186*** -0.041*** -0.063***
(0.004)
(0.047)
(0.036)
(0.006)
(0.015)
(0.017)
(0.029)
(0.009)
(0.020)
N
3448
3257
3290
3561
3476
3561
3503
3561
3534
r2
0.000
0.001
0.003
0.006
0.009
0.020
0.059
0.010
0.007
With Error Fix
distance (error fix)
N
r2
Panel B: With covariates
With Error
distance (error)
N
r2
With Error Fix
distance (error fix)

0.001
(0.005)
3448
0.000
(1)
-0.000
(0.004)
3448
0.002

-0.128** -0.146*** -0.022*** -0.057*** -0.121*** -0.212*** -0.065*** -0.072***
(0.054)
(0.043)
(0.007)
(0.017)
(0.022)
(0.038)
(0.011)
(0.023)
3257
3290
3561
3476
3561
3503
3561
3534
0.002
0.005
0.005
0.006
0.017
0.054
0.017
0.006
(2)
-0.056
(0.047)
3257
0.004

(3)
-0.068*
(0.036)
3290
0.011

(4)
(5)
(6)
(7)
(8)
(9)
-0.018*** -0.055*** -0.094*** -0.149*** -0.027*** -0.049**
(0.006)
(0.015)
(0.018)
(0.029)
(0.008)
(0.019)
3561
3476
3561
3503
3561
3534
0.010
0.011
0.029
0.101
0.031
0.012

0.000
-0.094* -0.104** -0.018** -0.050*** -0.098*** -0.165*** -0.048*** -0.054**
(0.005)
(0.055)
(0.043)
(0.007)
(0.017)
(0.022)
(0.037)
(0.011)
(0.022)
N
3448
3257
3290
3561
3476
3561
3503
3561
3534
0.002
0.005
0.012
0.008
0.008
0.026
0.096
0.035
0.012
Notes: Regression include clustered standard error. Covariates include first child, birth order, multiple children, sex of child, birth
interval, mother's age, mother's education, husband's education. The calculation of the distance (error fix) is based on 500m Grid. The
explanatory variable is log(1+distance).

Panel A: 100m Grid

Appendix 1: Empirical distribution of effect of distance with error fix
Panel B: 500m Grid

Notes: The true coefficient without error is based on 1,462 observations from Willows project. The effect of log (1+distance) with error (10km) and with error
fix are based on 1000 replications. Covariates include mother's age and mother's education.

