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Abstract In this study, we found that machine learn-
ing was able to effectively estimate student learning
outcomes geo-spatially across all the campuses in a
large, urban, independent school district. The machine
learning showed that key factors in estimating the stu-
dent learning outcomes included the number of days
students were absent from school. In turn, one of the
most important factors in estimating the number of days
a student was absent was whether or not the student
had asthma. This highlights the importance of environ-
mental public health for student learning outcomes.
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Introduction

Graduating high school in our day and age is con-
sidered a necessity in developing a successful career.
Childhood disability has overwhelming impacts on
children, the education system, and the healthcare
system (Newacheck and Halfon 1998). Chronically
absent students, defined as missing 10% or more of a
school year for any reason, are those who are at the
greatest risk of failing all of their classes and dropping
out. Chronic absenteeism has shown to be a predic-
tor of not completing high school (Allensworth et al.
2014). Low-income students represent fully 78% of
the chronically absent students (Balfanz and Byrnes
2012; Coelho et al. 2015). Absenteeism appears to
increase during the middle school years, and con-
tinues to increase through the 12th grade (Balfanz
and Byrnes 2012). Regular attendance helps students
lay the fundamental building blocks for the develop-
ment of more complex skills (Coelho et al. 2015).
To address chronic absenteeism, one study suggests
to first produce a ranked list that orders students
according to their risk of not graduating on time
and to then predict when they will go off track to
help schools prioritize the urgency of the interven-
tions (Aguiar et al. 2015). Many students in urban
schools become disengaged at the start of the middle
school, which reduces the odds that they will eventu-
ally graduate by an exponential amount. Fortunately,
by combining effective whole-school reforms with
attendance, behavioral, and extra-help interventions,
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graduation rates can be significantly increased (Bal-
fanz et al. 2007).

Good education predicts good health, and discrep-
ancies in health and in education achievement are
closely linked. It has been demonstrated that the
higher the education level, the better an individual’s
health is likely to be. Although education is highly
correlated with income and occupation, evidence sug-
gests that education exerts the strongest influence on
health (Freudenberg and Ruglis 2007). According to
the United States Centers for Disease Control and
Prevention, the interrelationship of health-risk behav-
iors is inversely related to academic achievement. It
is important that leaders in education and health work
together to make wise investments in our nation’s
schools to benefit the present and future population
of America. A system that addresses both health beha-
vior and academic achievement would have recipro-
cal and synergistic effects on the health and academic
achievement not only of children and adolescents, but
also of adults in the USA (Bradley and Greene 2013).

An article in the Journal of the American Academy
of Pediatrics supports that a missing element from
the current national health policy is a focus on child
development and achievement (Fiscella and Kitz-
man 2009). The less education people have from
school, the higher their levels of risky health behav-
iors such as smoking, being overweight, or having
a low level of physical activity. Seldom have health
education professionals been in a better position to
work together to achieve common goals and rarely
has a single problem—high school dropout rates—
contributed to so many adverse social, economic, and
health conditions. By bringing together programs to
improve health and school achievement and by mak-
ing reducing school dropout rates a public health,
educational, and human rights priority, public health
professionals have the opportunity to make a last-
ing contribution to promoting population health and
social justice (Freudenberg and Ruglis 2007). Edu-
cational attainment has a remarkably strong associ-
ation with indicators of health, life expectancy, and
reduced illness and disability (Spittel et al. 2015). Pub-
lic health is well positioned to address school truancy
in an evidential, comprehensive way, especially in
areas of chronic disease and mental health, substance
use, and parental engagement. Through partnerships
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with schools, healthcare providers, community-based
organizations, law enforcement, and the courts, pub-
lic health can provide valuable insights into this
social problem by integrating health elements into the
proposed solutions for combating this phenomenon
affecting communities (Gase et al. 2014). When
young children and adolescents miss school, they miss
work, and in turn begin to fail their classes. Schools
can improve the health and learning of students by
supporting opportunities to learn about and practice
healthy behaviors, providing school health services,
creating safe and positive school environments, and
engaging families and community (Michael et al.
2015). By focusing on children and youth as students,
addressing critical education and health outcomes,
organizing collaborative actions and initiatives that
support students, and strongly engaging community
resources, we offer important opportunities that will
improve educational attainment and healthy develop-
ment for students (Lewallen et al. 2015).

Absenteeism and asthma

A large factor that contributes to chronic absenteeism
is asthma. Major steps have been made to increase
the quality, quantity, and geographic availability of
asthma surveillance data. However, although inno-
vative approaches and broad public health programs
have focused on minimizing the impact of asthma, the
disease burden remains high. Given that the primary
causes of developing asthma are only partially under-
stood, research, prevention, and intervention efforts
aimed at reducing the burden of childhood asthma
remain as important as ever (Akinbami et al. 2009).
However, although the causes of asthma are poorly
understood, we can document that asthma dispro-
portionately affects minority children and children
with family incomes below the poverty level (US
Department of Health & Human Services 2004). Prac-
titioners in low-income communities where there are
varying levels of resources and disease severity can
tailor interventions to each child’s needs and make
substantial gains in outcomes across a range of risk
profiles (Mansfield et al. 2015). Children with asthma
experience more absenteeism from school compared
with their non-asthmatic peers. Excessive absenteeism
is related to lower student grades, and philological,



Environ Monit Assess (2019) 191(Suppl 2): 332

Page30f9 332

social, and educational adjustment. Those with per-
sistent asthma show a trend of performing worse on
MAP standardized test scores and have more absence
days compared with other students (Moonie et al.
2008). Young adults with chronic illness are signifi-
cantly more likely than their healthy peers to receive
public assistance and less likely to achieve impor-
tant educational and vocational milestones (Maslow
et al. 2011). Due to chronic conditions, health and
social welfare systems are unprepared for the rapid
growth in demands that will arise from these epi-
demics, and major increases in public expenditures
should be planned for in the near term. For the longer
term, the epidemic growth of childhood chronic con-
ditions calls for major efforts to understand causation
and means of prevention (Perrin et al. 2007).

Table 1 The variables used in this study

Absenteeism and demographic data

A large urban, independent school district (ISD) in
Texas provided fully deidentified school records for
4th through 8th grade students. Academic years in
the database included 2013-2014 and 2014-2015. The
database included records for all children in the grade
range who were enrolled in 108 elementary and mid-
dle schools for one or both study years. A total of
55,221 complete records were available. Of these,
35,124 records were from students enrolled both
years, and the remaining records were from students
enrolled in only one study year. In Texas, standardized
testing is referred to as the State of Texas Assessment
of Academic Readiness (STAAR) test (TEA 2014a).
The STAAR tests are administered to all enrolled

Variables alphabetized within group

Group Variable name Variable definition Acceptable values Variable type
Health Asthma Asthma status 0 = no health alert; 1= health Categorical
alert; 9 = no data collected
Student Age Age of student 9 thru 17 Continuous
Student AY Academic year of observation 0=12013-2014; 1 =2014-2015 Binary
Student Campus Campus Name N/A Categorical
Student Gender Gender 0 = female; 1 = male Binary
Student Grade Grade Level 45678 Category
Student Race Parent-/guardian-reported 0 = White; 1 = Black; 2 = His- Categorical
race/ethnicity panic; 3 = Other
Student SESbin SES based on Free or Reduced 0 = no benefit (>185% poverty) Binary
Lunch Status 1= Free or Reduced (<185%
poverty)
Student Student Random, generated ID Identifier N/A
Absence DaysA Total days absent 0to 106 Continuous
Absence DaysP Total days present 13 thru 177 Continuous
Absence Enroll Total days enrolled (days present 22 thru 177 Continuous
+ days absent)
Absence Penroll Proportion of school year the 0.124 thru 1 Continuous
student was enrolled (days
enrolled/177)
Absence Setbin Binary consecutive sets 0 =0or 1 sets; 1 =2 or greater sets Binary
Absence SetNum Total number of sets 0 thru 24 Continuous
Academic Mscale Math scale score 931 thru 4359 Continuous
Academic Mstd Math grade level standard pass pass = 0 fail = 1 Binary
Academic Rscale Reading scale Score 884 thru 3659 Continuous
Academic Rstd Reading grade level standard pass = 0 fail = 1 Binary
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students annually beginning in the 4th grade. Addi-
tional data made available included asthma status,
race/ethnicity, Free and Reduced Lunch (FRL) status,
grade level, school attended, total and date-specific
absences, and total days present.

The analysis includes three attendance-related vari-
ables: (1) total absences for each student, (2) propor-
tion of the school year a student was enrolled, and (3)
sets of consecutive absence. Total absence and enroll-
ment days are based on attendance record processes
required by the state (TEA 2014b). The proportion
of the school year enrolled was included as an indi-
cator of mobility, as transfer between schools during
the academic year has been identified as negatively
affecting academics. This variable was calculated by
adding the number of days absent and present to deter-
mine the total number of days enrolled. The result was
divided by 177, the maximum number of enrollment
days for the school year. Sets of consecutive absence
are a novel attendance variable included to improve
understanding of absence-related risk, as it has been

Table 2 Twenty different machine learning approaches were
tried to estimate the learning outcomes

Method R?

Random forest iterative improvement 0.94
Squared exponential Gaussian process regression 0.77
Rational quadratic Gaussian process regression 0.77
Matern 5/2 Gaussian process regression 0.77
Quadratic SVM 0.76
Coarse Gaussian SVM 0.76
Robust linear regression 0.76
Simple tree 0.76
Ensemble of boosted trees 0.76
Linear regression 0.76
Exponential Gaussian process regression 0.76
Ensemble bagged trees 0.76
Linear regression with linear interactions 0.76
Stepwise linear regression 0.76
Medium tree 0.75
Medium Gaussian SVM 0.75
Linear SVM 0.75
Complex tree 0.72
Fine Gaussian SVM 0.54

This table sorts the approaches based on their R? value
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hypothesized that both lost instruction time and learn-
ing disruptions may independently contribute to poor
academic outcomes and may suggest distinct interven-
tions to reduce risk (Goodman 2014). The consecutive
sets included Monday and Friday absences that span
a weekend. A binary variable for sets of consecutive
days was created, grouping those with O or 1 set of
consecutive days, and those with 2 or more sets. This
allowed comparison of those with no or low exposure
to sets of consecutive absences, to those with moderate
to high exposure (Table 1).

Demographic variables include race, family
income, and grade level. FRL was used as a proxy
for family income, as has been done in numerous
previous studies. Free lunch benefits are extended
to families with an income < 130% of poverty, and
reduced-price lunch benefits are extended to those
with a family income between 130 and 185%. In
Texas, families receive information and an application
for the program at school registration. The Free and
Reduced benefit categories were combined to create a
binary category indicating a family income < 185%
of poverty. Race/ethnicity categories in the study were
based on parent/guardian report, and identified stu-
dents as Black/African American, Hispanic, White,
or other. This last category included those reported to
be American Indian or Alaska Native, Asian, Native
Hawaiian or other Pacific Islander, and two or more
races. These last four race/ethnicity categories were
collapsed due to small numbers. Grade level was cat-
egorized into a binary variable of elementary (grades
4 and 5) or middle school (grades 6-8). Based on
parent-/guardian-reported race/ethnicity, the popu-
lation was predominantly Hispanic (64.7%) with a
substantial Black minority (23.2%), a small propor-
tion of White students (9.3%), and the remaining
2.8% of students identifying as “Other.”

In future studies, we hope to extend the analysis to
include suspension data and variables describing the
environment (e.g., on air quality).

Methods

A literature search for absenteeism and asthma in the
Web of Science leads to around 300 articles. However,
not one of these has used machine learning to try and
build predictive models of the absenteeism that can
also help provide insights into the underlying causes.
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Consequently, in this study, we use machine learn-
ing to estimate two learning outcomes, the math scale
score (Mscale) and reading scale score (Rscale). The
Texas Education Administration (TEA) converts raw
test scores into scaled scores that take into account the
difficulty of each specific set of test questions, as diffi-
culty levels may vary across test administrations. The
resulting scaled scores allow for direct comparison
of student performance within each grade level (TEA
2014a, b). Machine learning is useful in this context
for at least two reasons. First, it provides an accurate
empirical model. Second, it provides some insight into
the relative importance of the available factors.

A previous study has also used machine learning to
select and prioritize students who may be at risk of not
graduating high school on time (Aguiar et al. 2015).
However, this study did not include asthma status or
other health information into the analysis.

Nearly 20 different machine learning approaches
were tried. The one which performed best was a
random forest with iterative correction described in
further detail in the next section (Table 2).

Random forest

A random forest is an ensemble statistical machine
learning approach, consisting of an ensemble of

Random forest (RT=1, Rv=0.97)
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Fig. 1 Scatter diagrams for the two learning outcomes we
estimated for all students in a school district over 2 years,
Mscale (left) and Rscale (right). In each case, the actual learn-
ing outcome is plotted horizontally, and the estimated learning
outcome using machine learning (4) is plotted vertically. The
perfect 1:1 line, with a slope of 1 and an intercept of 0, is the
thick, dark blue line. To ensure that there is independent valida-
tion of the estimated learning outcomes, we randomly split up
the available data into a training dataset (green points) which is

decision trees (Breiman 1984, 2001; Ho 1998). Ran-
dom forests have proved to be a very useful multi-
variate, non-linear, non-parametric approach for both
regression and supervised classification. Ensemble
methods are less prone to over-learning the noise of
the data and typically provide better generalization. A
random forest also provides a useful ranking of the
relative importance of the predictors, an example of
which is shown in Fig. 3 for estimating the real val-
ued learning outcomes. To decide how many trees we
should use in our random forest, we examined how the
error decreased as the number of trees in the ensemble
(forest) is increased (Fig. 2).

To ensure that we can independently validate our
estimates of the learning outcomes, we randomly split
up the available data into a training dataset and an
independent validation dataset. The random forest
training uses only the training data; the independent
validation dataset is held back and used for a com-
pletely independent validation. As can be seen in
the scatter diagrams shown in Fig. 1, our approach
performs very well indeed.

A random forest can facilitate the estimation of a
continuous variable, v, such as the learning outcomes,
as a multi-variate, non-parametric function of N input
variables, i.e.:

V = fRandomForest (X1, ..., XN) (1)

Random forest (RT=1, Rv=0.98)
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used in the training of the random forests and an independent
validation dataset (red points) that is not used in the training of
the random forests. The error bars are the estimated uncertain-
ties €gr (2). The random forest training uses only the training
data; the independent validation dataset is held back and used
for a completely independent validation. In each case, the plot
title shows the correlation coefficient for the training dataset
(R7) and the independent validation dataset (Ry). As can be
seen, the approach performs well
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where x1, ..., xy are the N input parameters (listed in

Table 2).
Error estimates and error correction

Two enhancements were then made that allowed both
an improvement of the performance and provided an
estimated error, €, for each learning outcome. The
enhancement was inspired by Newton-Raphson itera-
tion.

A series of iterations were executed; for each itera-
tion, a random forest was used to estimate the learning
outcome variable, vgr, as indicated in Eq. 1. Then, the
learning outcome variable, vgr, was compared with
the actual learning outcome from the training dataset,
VActual, 10 calculate the error of the random forest
estimate, €gp, i.e.:

€RF = VActual — VRF 2)

Then, an additional random forest was used to learn
this error, egp, as a function of the N input vari-
ables and the random forest estimate of the learning
outcome variable, vg, estimated in Eq. 1, i.e.:

€RF = fRandomForest(X1, ..., XN, URF) 3)

Then, this estimated error, €gr, is used to correct
the initial random forest estimate of the learning out-
come, VRF, i.e., by rearranging (2) to give an improved
estimate of the learning outcome, Vimproved Estimate
ie.:

UImproved Estimate = VRF + €RF 4

This was then repeated for a set of n iterations (in
this case, n=2 was sufficient). After each iteration,
the estimated learning outcome and estimated learning
outcome error were added as additional input variables
for the next iteration. This considerably improved the
reliability of our estimated learning outcomes, as can
be seen in Fig. 1.

Results and discussion

Figure 1 shows scatter diagrams for the two learn-
ing outcomes we estimated, Mscale (left) and Rscale
(right). In each case, the actual learning outcome is
plotted horizontally, and the estimated learning out-
come using machine learning (4) is plotted vertically.
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The perfect 1:1 line, with a slope of 1 and an inter-
cept of 0, is the thick, dark blue line. To ensure that
there is independent validation of the estimated learn-
ing outcomes, we randomly split up the available data
into a training dataset (green points) which is used
in the training of the random forests and an indepen-
dent validation dataset (red points) that is not used in
the training of the random forests. The error bars are
the estimated uncertainties € gz (2). The random forest
training uses only the training data; the independent
validation dataset is held back and used for a com-
pletely independent validation. In each case, the plot
title shows the correlation coefficient for the training
dataset (R7) and the independent validation dataset
(Ry). As can be seen, the approach performs well.

Number of required ensemble members

As mentioned earlier, a random forest is an ensemble
statistical learning approach, consisting of an ensem-
ble of decision trees (Breiman 1984, 2001; Ho 1998).
Ensemble methods are less prone to overlearning the
noise of the data and typically provide better gener-
alization. To decide how many trees we should use
in our random forest, we examined how the error
decreased as the number of trees in the ensemble (for-
est) is increased. Figure 2 shows the total error as a
function of the number of trees in the random for-
est for estimating the learning outcomes Mscale (left)
and Rscale (right). We used 50 independent estimators
(trees in our random forest) as increasing the num-
ber of independent estimators beyond 50 increases
the computational expense but does not yield any
significant additional error reduction.

Variable importance

A random forest provides a useful ranking of the rel-
ative importance of the predictors for estimating the
real valued learning outcomes. Figure 3 shows the rel-
ative importance of the input variables for estimating
the learning outcomes Mscale (left) and Rscale (right).
The random forests show that the three most important
parameters in estimating Mscale are the student’s age,
the number of days absent, and which campus they
attend. The random forests show that the three most
important parameters in estimating Rscale are the stu-
dent’s age, which campus they attend, and the number
of days absent.
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Fig. 2 The total error as a function of the number of trees
in the random forest for estimating the learning outcomes:
Mscale (left) and Rscale (right). We used 50 independent
estimators (trees in our random forest) as increasing the number

Estimating absenteeism

Having seen above that the number of days that a stu-
dent is absent is one of the most important factors in
determining the learning outcomes, let us now turn our
attention to see which factors are the most important
in estimating how many days a student is absent. We
did this by using an additional random forest to esti-
mate the number of days that a student is absent. The
left plot of Fig. 4 shows the relative importance of
the input variables for estimating the number of days

Mscale - Relative Importance of Inputs, iteration 1
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Fig. 3 The relative importance of the input variables for esti-

mating the learning outcomes: Mscale (left) and Rscale (right).

The random forests show that the three most important param-

eters in estimating Mscale are the student’s age, the number of
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o o

o
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of independent estimators beyond 50 increases the computa-

tional expense but did not yield a significant additional error
reduction

a student was absent. The random forests show that
one of the most important parameters in estimating the
number of days a student was absent was whether or
not they had asthma.

The right plot of Fig. 4 is a scatter diagram for the
estimation of the number of days a student was absent.
The actual number of days a student was absent is
plotted horizontally, and the estimated number of days
a student was absent using machine learning is plot-
ted vertically. The perfect 1:1 line, with a slope of 1
and an intercept of 0, is the thick, dark blue line. To

Rscale - Relative Importance of Inputs, iteration 1

SetNum

.:] Setbin

104 Jasim

11 .! Gender
0

Variable Rank
o~ A~WN =

1 2 3 4
Variable Importance

days absent, and which campus they attend. The random forests

show that the three most important parameters in estimating

Rscale are the student’s age, which campus they attend, and the
number of days absent
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Fig. 4 The left plot shows the relative importance of the input
variables for estimating number of days a student was absent for
all students in a school district over 2 years. The random forests
show that one of the most important parameters in estimating
the number of days a student was absent was whether or not they
had asthma. The right plot is a scatter diagram for estimation of
the number of days a student was absent (DaysA). The actual
number of days a student was absent is plotted horizontally,
and the estimated number of days a student was absent using
machine learning is plotted vertically. The perfect 1:1 line, with
a slope of 1 and an intercept of O, is the thick, dark blue line.

ensure that there is independent validation of the esti-
mated learning outcomes, we randomly split up the
available data into a training dataset (green points)
which is used in the training of the random forests
and an independent validation dataset (red points) that
is not used in the training of the random forests.
The error bars are the estimated uncertainties. The
random forest training uses only the training data;
the independent validation dataset is held back and
used for a completely independent validation. The
plot title shows the correlation coefficient for the
training dataset (R7) and the independent validation
dataset (Ry). As can be seen, the approach performs
well.

Conclusion

In this study, we found that machine learning was
able to effectively estimate student learning outcomes
geo-spatially across all the campuses in a large,
urban, independent school district (ISD) in Texas.
The machine learning showed that key factors in esti-
mating the student learning outcomes included the
number of days students were absent from school. In
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To ensure that there is independent validation of the estimated
learning outcomes, we randomly split up the available data into
a training dataset (green points) which is used in the training
of the random forest and an independent validation dataset (red
points) that is not used in the training of the random forest. The
error bars are the estimated uncertainties. The random forest
training uses only the training data; the independent validation
dataset is held back and used for a completely independent val-
idation. The plot title shows the correlation coefficient for the
training dataset (R7) and the independent validation dataset
(Ry). As can be seen, the approach performs well

turn, one of the most important factors in estimat-
ing the number of days a student was absent was
whether or not the student had asthma. This highlights
the importance of environmental public health for stu-
dent learning outcomes. These results underscore the
potential importance of effective school-based asthma
management programs, which have been robustly
demonstrated to reduce absenteeism among affected
children (Walter et al. 2016).

In future studies, we hope to extend the analysis to
include suspension data and variables describing the
environment (e.g., on air quality).
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