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Abstract

Background

The accurate measurement of educational attainment is of great importance for population
research. Past studies measuring average years of schooling rely on strong assumptions to
incorporate binned data. These assumptions, which we refer to as the standard duration
method, have not been previously evaluated for bias or accuracy.

Methods

We assembled a database of 1,680 survey and census datasets, representing both binned
and single-year education data. We developed two models that split bins of education into
single year values. We evaluate our models, and compare them to the standard duration
method, using out-of-sample predictive validity.

Results

Our results indicate that typical methods used to split bins of educational attainment intro-
duce substantial error and bias into estimates of average years of schooling, as compared
to new approaches. Globally, the standard duration method underestimates average years
of schooling, with a median error of -0.47 years. This effect is especially pronounced in data-
sets with a smaller number of bins or higher true average attainment, leading to irregular
error patterns between geographies and time periods. Both models we developed resulted
in unbiased predictions of average years of schooling, with smaller average error than previ-
ous methods. We find that one approach using a metric of distance in space and time to
identify training data, had the best performance, with a root mean squared error of mean
attainment of 0.26 years, compared to 0.92 years for the standard duration algorithm.

Conclusions

Education is a key social indicator and its accurate estimation should be a population
research priority. The use of a space-time distance bin-splitting model drastically improved
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the estimation of average years of schooling from binned education data. We provide a
detailed description of how to use the method and recommend that future studies estimating
educational attainment across time or geographies use a similar approach.

Introduction

As a key marker of global progress, the accurate measurement of education is of great impor-
tance for population research. Education has been prioritized as a global development indica-
tor, especially in the Millennium Development Goal 2 and Sustainable Development Goal 5
targets [1,2]. Educational attainment has also been linked to numerous health outcomes at
both the individual and national level. The association between maternal education and child
mortality and morbidity is especially robust, and has been the focus of much study [3-12].
Increases in education among women has also been strongly linked to reduced fertility, and
subsequent decreases in maternal mortality [13-16]. Due to its predictive power across many
domains, education is routinely used as a covariate in many studies estimating demographic
or disease trends in the absence of complete data [17-21] or seeking to control for confound-
ing by socio-economic status [22-24]. The accurate measurement of educational attainment is
therefore of paramount importance for facilitating reliable and unbiased population research,
and monitoring development targets.

Information about educational attainment is available from a large number of survey and
census data sources [25-27], either in single-years of attainment or in binned levels, such as
“achieved primary education,” or “some secondary education completed.” Calculating average
years of schooling is a straightforward arithmetic mean when data are available in single years
of attainment. However, when data are only available in binned form, assumptions about the
distribution of individuals within each bin must be used. In their 1986 work, Psacharopoulos
and Arriagada were among the first to propose a simple approach, which we refer to here as
the “standard duration method”[28]. They calculate the average years of schooling S using L;
the proportion of the population who have completed the i level of school and S, the stan-
dard duration of school completed by people finishing the i level, as seen below in Eq 1.

S ZZE:J%Si (1)

The standard duration method therefore simply assumes a single time invariant number of
completed years for all individuals in each bin, which is either equal to the typical duration of
the level of schooling in question, or equal to the midpoint of the bin when the educational
level is reported as incomplete. Therefore, for an educational system where primary education
represents years one to five of educational attainment, an individual reporting completed pri-
mary education receives five years, and an individual reporting incomplete primary receives
three. This same general formula has been used by a large number of studies including those of
Barro and Lee, the UNESCO Institute for Statistics, and others [12,28-36].

The assumptions involved in the standard duration method are strong for a number of rea-
sons. Information about incomplete attainment is often provided inconsistently, and so indi-
viduals who have completed some portion of a bin are coded down to completion of the level
of education below. All individuals with tertiary education are often represented with a single
code for “university,” obscuring individuals who completed tertiary education of a non-stan-
dard length, such as a Master’s or Doctoral degree. These assumptions represent a possible
source of differential bias if the inaccuracies they induce are not consistent between multiple
geographies and time periods. Differences in true drop-out patterns or education binning
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schemas between data sources could lead to attainment estimates which are not directly com-
parable. Furthermore, the number of bins in each data source can vary, and it is reasonable to
assume increased bias would be observed in surveys with fewer bins.

Although there is an existing body of literature describing sources of bias in estimates of
educational attainment, previous work has not addressed the standard duration method
explicitly. Instead it has focused on identifying data that have been recorded incorrectly
[37,38] or adjusting average years of schooling for the inherent quality of the education
[31,39]. In this paper we seek to provide the first characterization of the bias and accuracy
involved in using the standard duration method to estimate educational attainment. We also
propose two models to split binned education data into single-year values and evaluate all
three methods using out-of-sample predictive validity. We amassed a large database describing
the distribution of years of educational attainment for a large number of countries and years.
This training database, and the proposed methods, allow practitioners who need to work with
binned educational attainment data to split their binned data to single years of education to
minimize the bias in their estimates. The practitioner can find a list of countries and years in
our training database in the S1 File, and all code is made available in the the S2 File.

Methods
Data sources

We compiled a database of n = 1,680 surveys and census datasets that provide education in
both single-year (n = 1,518) and binned (n = 162) formats (see Table 1 for a summary by data
provider and S1 File for a complete source list). The single-year datasets were acquired from a
number of survey and census data providers, while the binned data were all obtained from
Integrated Public Use Microdata Sample (IPUMS) datasets [27]. All single-year datasets were
used to calculate the proportion of each sex-specific, five-year age group with each single-year
of educational attainment from 0 to 18. We used 18 years of schooling as the top code in our
analysis as it is a common choice among providers of single-year education data [40], and it is
reasonable to assume that the importance of education for health diminishes greatly after the
completion of 18 years, which represents 2 to 3 years of graduate education in most educa-
tional systems. All binned datasets were used to calculate the proportion of each sex-specific,
five-year age group within each bin of educational attainment provided in the survey. Table 2
shows the total count of binning schemas by number of bins present in the data.

Models to split bins into single year values
We developed two models to split binned education values to single-years of attainment.

Instead of mapping each bin to a single average number of years of attainment, as is done in

Table 1. Number of sources by data provider.

Integrated Social Survey Programme 592
EUROBAROMETER 551
Demographic and Health Survey 217
Integrated Public Use Microdata Samples 99
World Health Survey 59
Total 1518

All single-year data sources used in the analysis, tabulated by count of unique country-years sources by data provider.

Specific details on each dataset used in the analysis can be seen in the S1 File.

https://doi.org/10.1371/journal.pone.0208019.t001
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Table 2. Number of sources by bin number.

Number of Bins 5 6 7 8 9 10 12 13 14 15 17 18 Total
Sources 26 25 37 8 2 1 3 4 29 6 3 18 162

Number of binning data sources used in the analysis. Shown as counts of unique country-years by the number of bins present in the binning schema of the survey.

https://doi.org/10.1371/journal.pone.0208019.t002

the standard duration method, we probabilistically split the bin into the proportion of individ-
uals with each single year contained within the bin. Therefore, a bin containing individuals
with at least one, but not more than four years of education, would be split into the proportion
with one, two, three, and four years of attainment. This approach both allows for more
nuanced estimation of average years of schooling, the study’s primary objective, and allows for
the preservation of more precise information about the distribution of education within each
population being measured.

The first model uses nested hierarchical mixed effects, and the second uses a metric of
space-time distance to determine an optimal training dataset before using a simple averaging
process. Both models are run separately for each survey and sex specific five-year age group
being split. In both cases, the first step is to take the binning schema present in the survey data
being split and apply it to each single-year dataset in the training sample inducing the same
bins. Next, one of the models delineated below is used to predict what proportion of each bin
should be allocated to each single-year of attainment within that bin. Finally, the predicted
proportions are normalized to ensure internal consistency for each bin. This step is necessary
to adjust for the independent estimation of the proportion within each single year, guarantee-
ing that the final estimates will add up to 100% of the bin of educational attainment being allo-
cated. All code used to run the models is made available in the S2 File.

Nested hierarchical mixed effects model. The first model uses the full set of all available
training data, after the binning schema being split has been applied to each dataset, and a set of
nested hierarchical mixed effects to capture the temporal and spatial trends in the distribution
of proportions within each bin. The model is shown in Eq 2.

logit(pb.y) ~ ﬁO + X, + X + s + X, + ﬁl(Year) (2)

P,y represents the logit transformed proportion of individuals in bin b who are assigned to
the single-year of education y. o; represent random intercepts for each country, which are
nested within o, random intercepts for each region used in the Global Burden of Disease 2013
Study([21]. x, are random five-year age-group-specific intercepts, nested within o, sex-specific
random intercepts. f, is a global intercept, and ; captures any overall secular trend.

Space-time distance model. The second model tests the hypothesis that geography and
time are the most important determinants of the proportions within each bin, and that given
the large amount of data available for use in this analysis, a more accurate prediction may be
achieved by strategically subsetting the training dataset to only the most proximate data. The
model first determines the distance between the survey being split, and all available datasets in
the training set, using a metric of space-time distance on a 0 to 1 scale. Distance in time is
defined as the difference in years between the two datasets, divided by the total range of years
present in the training dataset. Distance in space is created using a set of region and super-
region groupings established by the Global Burden of Disease 2013 study [21]. Data from the
same country have a spatial distance of 0, data in the same region have a distance of .33, data
in the same super-region have a distance of .66, and all other data have a distance of 1. The
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space and time distances are combined using the below formula, shown in Eq 3.
Dy = (D * 1) + (Dy % (1 — m)) (3)

Dy represents the final distance between two datasets, Dg represents the distance in space,
Dy is the distance in time, and 7 is the space-time weight. If 77 has a value of 1 then the full
value of Dy comes from spatial distance. If 77 is 0, distance in time has the full weight. For all
intermediate values between 0 and 1, space and time distances are combined with relative
importance. The model then keeps the 7 closest datasets and calculates the mean proportion
within each bin-year using the simple formula shown below in Eq 4.

logit(p, , ~ By (4)

Bo is a global intercept used to calculate the average p,,, or proportion of individuals in bin
b with y years of educational attainment. The hyper-parameters in this model, 7 and 7, are
optimized using a grid search and out-of-sample predictive validity, as detailed below. As a
sensitivity analysis we also tried testing the effect of using a space-time distance crosswalk
approach that weights training data by distance, as opposed to weighting all training data
points equally (S3 Table).

Comparison to standard duration algorithm

To compare the standard duration algorithm to the two bin-splitting models defined above,
we used the typical normative assumptions used by Barro and Lee [29-32], De la Fuente and
Dom [34-36], and others. These include assuming that a) any individual who reports complet-
ing a level of education dropped out immediately after that level’s completion and b) individu-
als who report starting but not finishing a level of education drop out on average at the exact
midpoint of the range of possible values.

After the space-time distance model was optimized, we used the model with the best-per-
forming parameter set, as well as the nested hierarchical mixed effect model and the standard
duration method to split the actual binned data to single year values and produce average
years of schooling estimates. Differences in the estimates were analyzed to understand the
implications of model selection on global trends.

Out-of-sample predictive validity

In order to assess the performance of our two bin-splitting models, and compare them to the
standard duration method, we use out-of-sample predictive validity testing [41-46]. We take
the approach of artificially binning a large quantity of single year surveys in our dataset, and
comparing the performance of each model in splitting bins into its component single years to
the true single year proportions. We use ten-fold cross validation, which entails apportioning
our database of single-year education data sources into ten equally sized sections. We itera-
tively ‘knock-out’ each 10% section of the data by randomly selecting and applying a binning
schema from our set of binned education datasets to the single-year data. We then use the
remaining 90% to predict the newly binned testing data, for which we know the true single-
year proportions and evaluate the model performance. This process was repeated three times
to ensure the results are not a function of idiosyncrasies in one particular test-train split, and
the results were averaged [47]. Knock-outs were randomly chosen in a country and data source
specific fashion, to attempt to mimics the true pattern of observed data availability, where bin-
ning patterns are almost always specific to a country and data source[46]. For the space-time
distance based model, three iterations of validation were completed for each parameter set in a
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grid search of pairs of w and 1 values. We iterated over all combinations of 77 values from 0 to 1
in .1 increments, as well as 1 values of 1,2,4,6,8,12,16,20,40,60 and 80.

The outcome measures used to evaluate out-of-sample predictive validity included root
mean squared error (RMSE), which represents the average model error, and median error,
which highlights any prediction bias. Each statistic was calculated with respect to the models’
prediction of both average years of schooling, as well as the standard deviation of educational
attainment. As the primary metric of educational attainment, average years of schooling is of
special importance in establishing model performance [28]. The standard deviation of educa-
tion has been used in a number of studies to assess inequality of education, and was used to
evaluate the various models’ performance in estimating the full distribution of education [48-
50]. As the difficulty of predicting within-bin proportions should decrease with a greater num-
ber of bins present in a schema, all predictive validity measures for each model were assessed
both globally and with respect to the number of bins in the schema being split. Trends in bias
and accuracy were also analyzed with respect to the magnitude of the true population mean
being estimated to capture ways in which the effect of binning may vary between differently
educated populations.

Results
Comparative model performance

Accuracy and bias. Overall the standard duration method shows the highest level of bias
among the three methods—globally underestimating educational attainment values—as well
as increased error relative to the two other models tested. Table 3 shows overall RMSE and
median error for both average years of schooling and the standard deviation of education for
all bin-splitting models. The standard duration model showed a median error of -0.47 years,
which represents a substantial downward bias in predictions of mean attainment. We also
observed an upward bias in estimates of the standard deviation of attainment, with a median
error of 0.14 years. The standard duration method also had the highest average error in both
average years of schooling, and the standard deviation of attainment.

The space-time distance model produced the most accurate predictions, shown by the low-
est RMSE, in both mean years of schooling (0.26 as compared to 0.92 for the standard duration
method) and the standard deviation of educational attainment (0.28 compared to .6113 for the
standard duration method), followed by the nested mixed effects model. The space-time dis-
tance model produced effectively unbiased estimates of both average attainment and the stan-
dard deviation of attainment. The nested mixed effects model predicted nearly unbiased
estimates of mean attainment but showed a small upward bias in the prediction of the standard
deviation of attainment, with a median error of 0.10.

Performance over number of bins. Fig 1 shows the RMSE and median error in average
years of schooling and the standard deviation of attainment across the number of bins in the
binning schema applied. Generally, as the number of bins in the binning schema increased, all

Table 3. Predictive validity of tested models.

Space-Time Distance 0.2601 0.2861 <0.0001 -0.0090
Nested Mixed Effects 0.4693 0.4987 -0.0207 0.1034
Standard Duration 0.9235 0.6113 -0.4683 0.1403

RMSE and median error in both mean education and the standard deviation of education, shown for each method assessed.

https://doi.org/10.1371/journal.pone.0208019.t003
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Predictive Validity Metrics for Mean and Standard Deviation of Education by Number of Bins

Nested Mixed Effects A Space-Time Distance Standard Duration

RMSE in Mean RMSE in Standard Deviation
1.25 4
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Fig 1. Predictive validity by number of bins. Predictive validity metrics for the mean and standard deviation of attainment are shown by number of bins present in the
binning schema used. Space-time distance model results shown using hyper-parameter set with optimal RMSE in mean attainment. Overall the space-time distance
model has the lowest error and bias, the nested mixed effects model performs intermediately, and the standard duration method has the poorest performance. All
metrics of performance tend to improve as bin number increases, and the predictive task becomes easier.

https://doi.org/10.1371/journal.pone.0208019.9001

model showed increased accuracy. This is unsurprising as the difficultly of accurately predict-
ing the proportion of individuals within each year rises directly with the width of the bins
being split to single-year values. This effect was more pronounced for the standard duration
model, which generally had the highest RMSE, and had markedly higher RMSE in mean
attainment compared to both other models when the binning schema being split had fewer
than 14 bins. The space-time distance model had the best performance in RMSE of mean
attainment, ranging from an RMSE of 0.12 years for 15-18 bins to 0.32 years for 6 bins. As the
number of bins decreased, both the space-time distance and nested mixed effect models
showed slight increases in the RMSE of mean attainment. The space-time distance model had
the most accurate predictions of the standard deviation of education across all numbers of
bins, with an RMSE ranging from 0.14 for 15-18 bins to 0.36 for 6 bins, while the nested
mixed effects model performed intermediately at higher numbers of bins and similarly to the
standard duration method with fewer bins.

The space-time distance model produced nearly unbiased predictions of both the standard
deviation and average years of education across all numbers of bins, with a highest absolute
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median error value of 0.001, as compared to 0.19 for the nested mixed effects model, and 1.10
for the standard duration method. The nested mixed effect model showed less biased predic-
tions of mean attainment compared to the standard duration method, but both showed similar
levels of upward bias in predictions of the standard deviation of attainment as the number of
bins decreased, with a maximum median error for the standard duration method of 0.33 for
8-13 bins, and 0.26 for the nested mixed effects model at 4-5 bins. The standard duration
method produced downward biased estimates of mean attainment and upward biased predic-
tions of the standard deviation of attainment, with both phenomena inversely related to the
number of bins being split.

Performance over true mean. Fig 2 shows the RMSE and median error in both average
years and the standard deviation of education by the true mean attainment of the data being
split in one-year increments. The RMSE of mean attainment estimates produced using the
standard duration method increased as the true mean attainment of the population increased,
up to a maximum of 1.68 for a true mean of 17-18 years. The median error of mean attain-
ment from the standard duration method also became increasingly negative with higher true
mean values, to a minimum value of -1.72 for a true mean of 17-18 years. Together these

Predictive Validity Metrics for Mean and Standard Deviation of Education by True Mean

Nested Mixed Effects A Space-Time Distance ® Standard Duration

RMSE in Mean RMSE in Standard Deviation
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Fig 2. Predictive validity by true mean. Predictive validity metrics for the mean and standard deviation of attainment by one-year increments of true mean attainment
in the population. The number shown indicates the lower bound of the interval, e.g. 15 indicates [15,16). Space-time distance model results shown using hyper-
parameter set with optimal RMSE in mean attainment. Overall the order of model performance is similar to that shown in Fig 1, across the range of true mean values.
The standard duration method increasingly underestimates educational attainment in highly educated populations.

https://doi.org/10.1371/journal.pone.0208019.9002
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results show that the standard duration method underestimates mean attainment among more
highly educated populations. The standard duration method also overestimates the standard
deviation of attainment with higher true average attainment, although the RMSE in the stan-
dard deviation seems less clearly related to true average education.

The nested mixed effects model has poor accuracy in predicting the standard deviation of
education, especially in lower true mean attainment populations. The model does perform bet-
ter than the standard duration model in RMSE of mean attainment, although worse than the
space-time distance model. It also generally produces unbiased predictions of both average
years and the standard deviation of education, although it shows some increased bias in higher
true mean populations. The space-time distance model performs the most accurately of the
three models, showing the smallest RMSE in the mean and standard deviation of attainment
across all levels of true mean attainment. For example, at a true mean attainment of 9-10
years, the RMSE in mean attainment for the space-time distance model is 0.24, compared to
0.43 for the nested mixed effects model and 1.00 for the standard duration method. The model
shows almost no bias until higher true levels of attainment, where a slight increase in down-
ward bias is present, as evidenced by a median error in mean attainment of -0.33 for a true
mean of 17-18. The model has relatively stable RMSE in both the mean and the standard devi-
ation of attainment across true mean attainment values.

Space-time distance model hyper-parameter grid search

Fig 3 shows the RMSE and median error in both average years and the standard deviation of
education across the grid of hyper-parameters used in the space-time distance model that were
tested using out-of-sample predictive validity. All outcome measures proved to be remarkably
planar near their optima, with large areas of virtually identical RMSE and median error values
near optimal parameter values. All predictive validity measures were also generally smooth
with respect to hyper-parameters, and there were few local extrema.

The bias in the mean and standard deviation of attainment was close to zero across the vast
majority of the grid of hyper-parameters, so optimal parameter values were chosen based on
RMSE. The best hyper-parameter set with respect to RMSE in average attainment is a 7 of .6
and an 7 of 12. This parameter set also had very close to optimal predictive validity values in all
other aspects tested, and was therefore chosen as the single best set for use in the model.

Impact of standard duration method on global education trends

In order to explore the potential impact of the use of the standard duration model on global
education trends, we used each model to produce average years of schooling estimates using
our binned education data. Fig 4 shows a scatterplot of the average years of schooling esti-
mated using both the standard duration method, and the space-time distance model, which
was chosen due to better performance than the nested mixed effects model in out-of-sample
validity testing. A line of equality shows the point at which the two models produce identical
estimates for the sample country-year-sex and five-year age group. In general, similar trends
are seen in the global education estimates to those observed in the out-of-sample predictive
validity exercise. The standard duration model tends to produce lower estimates of average
years of schooling, although this is not observed in all circumstances. There are also large dif-
ferences in the deviations between the predictions in the two models, with some regions tend-
ing to have predictions further from the line of equality. This suggests that, as indicated by
out-of-sample predictive validity testing, the standard duration method is biased to a differing
degree depending on context, therefore affecting the comparability of results across different
geographies and time periods.
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Fig 3. Hyper-parameter grid search predictive validity. Predictive validity metrics for the mean and standard deviation of attainment predictions of space-time
distance model, over the grid of hyper-parameters tested using out-of-sample predictive validity. The grid search was remarkably planar in the middle of the search
space, as the model does not seem to be that sensitive to hyper-parameter selection. The best hyper-parameter set with respect to RMSE in average attainment is a 77 of .6
and an 7 of 12, which was chosen at the hyper-parameter set to split the binned data.

https://doi.org/10.1371/journal.pone.0208019.9003

Conclusions

This study represents the first evaluation of the standard duration method for mapping binned
education data onto single-year values and calculating average years of schooling. This method
has been used widely by all major attempts to measure educational attainment, from the early
estimates of Psacharopoulos and Arriagada to the more recent work by Barro and Lee and oth-
ers. Average years of schooling estimates produced in this manner have been used widely,
from being an essential component of the Human Development Index, to a key indicator for
UNESCO and the World Bank, and a key measure of socio-economic status in numerous
multi-country health studies. Nevertheless, as we show in this analysis, the standard duration
method produces inaccurate and biased estimates of average years of schooling. This effect is
uneven across the number of bins of attainment present in binning schemas and the level of
true population mean years of schooling, which nearly assures that use of the method will pro-
duce less comparable results between geographies and time periods being measured. We show
that the standard duration method is generally less accurate than models attempting to split
bins into single-years and tends to substantially underestimate the average attainment of more
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estimates. Each point is a country-year-sex and five-year age group. Overall the predictions from the standard duration model are lower, with substantial differences
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highly educated populations. The use of this method has likely deflated global estimates of edu-
cational attainment, and induced inconsistencies between countries, in the most widely used
education estimates at the time of publication. It is therefore clear that although the method is
a very convenient approximation, it should only be used very cautiously, and comprehensive
global estimates of educational attainment should employ a more nuanced approach.

This study demonstrates that an effective way to split bins of educational attainment into sin-
gle-year values is to match the data source in question with a number of other surveys or census
datasets that are close in terms of geography and time, and take the average of their school drop-
out pattern. While our analysis operationalizes this process with parameters, the specific num-
ber of surveys used and relative emphasis of space and time seems less to have a limited effect
on the results. Therefore, the method could likely be replicated or possible even improved upon
with expert opinion, especially when splitting a small number of surveys. Given the current
widespread availability of single-year education datasets, most researchers should have no trou-
ble finding suitable datasets to match with their binned education data sources.

Beyond improvements in accuracy and reductions in bias, the use of a space-time distance
model represents a highly flexible approach to combining education data. The model allows
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for the use of any kind of binned and single-year data in concert. For many geographies it is
only possible to find binned education data while for others only single-year data are available.
The use of a space-time distance model allows for the combination of these data sources with-
out concerns of compositional bias. Furthermore, the space-time distance approach produces
highly unbiased single-year proportions with only minimal inaccuracy. Any lingering inaccu-
racy can be propagated through to final education estimates with the use of uncertainty inter-
vals. The other advantage of the approach outlined in this analysis is that by using collapsed
forms of person-level survey and census data to train the model, it is possible to split education
bins for any custom age or sex groupings found in a given data source.

A main limitation of this study is that the results are representative only of the single-year
training data and binning schemas used for out-of-sample predictive validity. There may be
specific data sources that some researchers may wish to use that were not included in our anal-
ysis. Nevertheless, given that we have included 1,680 country-year datasets in this analysis—
which to our knowledge represents the most comprehensive collection of education data to
date—our results should robustly generalize to most geographies and time periods. Another
factor for consideration in interpreting our results is that although we have characterized the
variation in accuracy and bias over the principal dimensions that could affect model perfor-
mance—the overall average level of education in the population and the number of bins pres-
ent in the binning schema used—it is possible that other dimensions we are not aware of exist
that should be considered in model selection. Similarly, although we have optimized several
key hyper-parameters used in the proposed methods, other parameters and model combina-
tions were not tested due to limits of computation burden. We hope that future studies may
corroborate our findings and further refine the proposed methods. Furthermore, it is impor-
tant to note that although average years of schooling is the most ubiquitously used measure of
educational attainment, it does entail other sources of bias that may complicate its use [31,37-
39]. We do not argue here that average years of schooling is the best metric of educational
attainment, however in recognition of its prevalence in social science and health research, we
recognize that evaluating and ameliorating bias in its estimation remains paramount.

Given the importance of educational attainment as a social determinant of health, indicator
of socio-economic status, and metric of development, the accurate measurement of education
is an important metrics aim. We have made available the code used in the analysis, and linked
to a large number of data sources, so that other researchers may find it straightforward to
implement a space-time distance model to produced unbiased and more accurate singe year
education values. The best-performing method explored in this study is relatively easy to emu-
late, requiring only arithmetic and publicly available data from spatially and temporally proxi-
mate populations to implement. Therefore, we hope that its adoption in academic endeavors
using measures of educational attainment can reduce bias, as well as improve the monitoring
and scientific understanding of education.
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