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Abstract: Human figure drawings are a well-studied diagnostic tool for emotional distress
in children. Cleft lip/palate is one of the most common birth defects in the world, and has
been shown to negatively impact emotional well-being in childhood which can have
negative economic consequences in adulthood. Utilizing a dataset of human figure
drawings from children in India and survey data on mental health, this paper will assess
the impact of corrective surgery on mental health outcomes, as well as assess the validity
of the drawing emotional indicators themselves. The results indicate that while the
emotional indicators may not be valid in predicting emotional distress in this sample, there
is a positive relationship between corrective surgery and mental health outcomes.

The author wishes to thank Bruce Wydick for his help and guidance in completing this research,
and Shreeja Guha for her assistance in translating the drawings which were used for this analysis.



1. Introduction

Human figure drawings (HFDs) have long been studied as a screening tool for emotional distress
in young children. Researchers have been interested in drawings because of their ability to reveal
emotional distress in children who may not have the vocabulary or self-awareness to adequately
communicate their emotional condition. Machine learning, while having been studied for
decades in the computer sciences, is not widely used in the social sciences due to its inherent
focus on accurately predicting out-of-sample data rather than explaining causal relationships
between endogenous and exogenous variables. For researchers in fields such as psychology and
economics, the latter focus on causal relationships has more practical research applications.
Using HFDs by Syrian refugee children, Baird et al. (2020) conducted a study which found that
LASSO regression, a common machine learning method, was successful in selecting statistically
significant emotional indicators when compared to the results of traditional subset regression
analysis. Wydick et al. (2022) have collected a dataset of HFDs by children in India which
includes corresponding survey data on mental well-being and family demographic information
for the purpose of conducting an impact evaluation on cleft palate/lip (CLP) corrective surgery.
This paper will proceed as a cross-validation study on the validity of the emotional indicators
described in the psychology literature for this sample, using indices based on the drawing
indicators, indices based on self-reported survey data, and cross-validated LASSO regressions.
The paper will be organized as follows. Section 2 will provide an overview of related literature
in the fields of economics, psychology, and machine learning. Section 3 will provide detail on
the dataset and research methods that will be used. Section 4 will report results, which will
immediately be followed by discussion in Section 5. Concluding remarks will be provided in

Section 6.
2. Literature Review

Mental well-being is a growing topic of interest in economic research and falls into two broad
categories: examining if income has a causal effect on an individual’s happiness and determining
the economic impact of mental illness. Regarding the former, research has shown that the
relationship of income on happiness is ambiguous and that there may be no causal relationship
between the two (Graham, 2005; Jaunky et al., 2020; Pitukhina et al., 2021). However, the latter

poses this relationship in the reverse: can mental illness have a negative impact on income or



economic development? Major depressive disorder alone is one of the most common illnesses in
the world and is estimated to reduce productivity by at least $31 billion in the United States (de
Quidt & Haushofer, 2016). De Quidt and Haushofer (2016) conducted a theoretical study on
poverty traps which showed that depressed individuals develop negative outlook on returns to
labor and become more withdrawn and less productive as a result, which further exacerbates the
negative effects of return on labor. Patel (2013) has similarly argued that depression in
adolescents is a global health priority due to its prevalence and its long-term effects which carry
over into adulthood. With respect to development economics, research has shown that health
problems in children can have long-term negative consequences on schooling and human capital
accumulation (Currie & Stabile, 2006). Currie & Vogl (2013) noted in their research that these
effects may be exacerbated in developing countries where children do not have access to proper
medical care. Individuals born with CLP, one of the most common birth defects in the world,
have widely reported lower scores on quality of life and more frequently experience depressive
symptoms later in life (Ali et al., 2021; Gowda et al., 2013; Nagappan et al., 2019; Pinquart &
Shen, 2011; Wehby & Cassell, 2010).

Finding an accurate and cost-effective method to screen for emotional trauma in children
is of great importance because children may be reluctant to expressing trauma or lack the self-
awareness to verbally communicate complex or abstract ideas. HFDs have been well-studied in
the field of psychology, and there have been numerous studies which provide evidence that a
child’s drawing can provide meaningful insight into their current emotional state (Baird et al.,
2020; Farokhi & Hashemi, 2011; Glewwe et al., 2018). Koppitz (1968) in her research showed
that the presence of two or more emotional indicators on a child’s human figure drawing is
associated with higher levels of emotional distress. An emotional indicator is defined as an
indicator which is “not primarily related to a child’s age and maturation but reflects his anxieties,
concerns, and attitudes” (Koppitz, 1968, p. 35). These emotional indicators include, but are not
limited to, the relative size of the human figure in the drawing, asymmetry in the figure, and the
position of the figure’s hands and limbs. As a screening tool, human figure drawing are helpful
in clinical settings because children, regardless of how reticent they may be in expressing
emotional distress, will often readily produce a drawing upon request. Koppitz (1968) noted in

her research the importance of using a specific and homogeneous prompt for the child to create



their human figure drawing, as having the child produce a drawing of any subject of their
choosing invalidates their drawing of clinical significance.

As mentioned, this paper will build upon a study conducted by Baird (2020), which found
that drawings by Syrian refugee children could serve as an accurate screening method for
emotional trauma, and that the LASSO regression method could accurately select statistically
significant indicators of emotional distress. Machine learning currently is not widely used in the
social sciences, though its use has expanded in recent years. Athey (2019), who works in the
field of economics, argues that machine learning in the computer sciences has expanded under
the goal of creating predictive algorithms rather than explaining relational causality, which is the
primary topic of interest in the social sciences. Nevertheless, Yarkoni (2017), who works in the
field of psychology, expresses caution in the use of regression methods because the mechanical
purpose of a regression is to explain the variation within a given sample and is therefore prone to
over-fitting. This leads to the development of models which do not retain their accuracy when
applied to data outside the sample. However, this does not imply that regression analysis is
irrelevant. As previously mentioned, OLS regression is a superior analytical tool for explaining
causality, and machine learning itself faces the same issues of over-fitting. Similar to Baird’s
2020 study, this paper proposes a specific case study for the application of machine learning in
analyzing children’s drawings and determine if machine learning is a relevant method in
analyzing these drawings as indicators of mental-well-being.

Machine learning as a field has been in development since the 1960’s. The end goal of
machine learning is to develop a model which automatically improves itself when introduced to
new data. However, machine learning as an area of research is still relatively new, and an
autonomous self-learning algorithm has yet to be developed (Jordan & Mitchell, 2015). The
LASSO regression method used by Baird et al. in their study was first introduced by Tibshirani
(1996). The LASSO regression creates an algorithm which selects coefficients which have a
significant impact on the dependent variable and reduces insignificant variables gradually to zero
by introducing a penalty for the number of parameters (Rajaratnam, 2016; Wang, 2007). In this
way, the LASSO regression optimizes the number of variables by selecting the fewest variables
that have the greatest explanatory power on the endogenous variable. The LASSO regression is
an ideal tool for economists as it utilizes the predictive ability of machine learning while still

creating an explanatory model. In terms of prediction, random forests have been introduced as an



accurate and efficient method for accurately categorizing class variables (Breiman, 2001). Other
machine learning methods such as ridge regression, neural networks, and k-nearest neighbors
have also been used in a variety of cross-validation studies to test for accuracy, though the results
of these studies have been mixed. For example, it has been shown that machine learning can out-
perform linear regression analysis in predicting bid prices of public works projects and return-
on-investment in the film industry (Kim & Jung, 2019; Kim et al., 2020). However, Chen (2021)
testing 13 different machine learning and linear regression models on predicting mortgage
delinquency and found that none of the models were successful in predicting out-of-sample data,
with all accuracy scores falling below 40%.

In the intersection of machine learning and HFDs, a study conducted by Eitz (2012)
tested the accuracy of machine learning algorithms in categorizing human sketches against the
accuracy of manual human identification. Using the same set of 20,000 human-drawn sketches
spread across 250 categories, humans were able to accurately identify the images in these
sketches 73% of the time, compared to a 56% accuracy rate for machine learning algorithms.
However, Monica et al. (2019) tested the k-nearest neighbor classifier method for categorizing
drawings and found that this method achieved a 76.8% accuracy rate. Refaat & Atiya (2009)
found that a Support Vector Machined Kernel method could correctly categorize drawings with a
92.8% accuracy rate. These results have two critical implications. First, thorough cross-
validation is necessary to determine if machine learning is a reliable tool for analyzing HFDs,
especially considering the end goal of using these algorithms to identify emotional indicators and
screen for emotional distress. Second, this implies that analyzing drawings with machine
learning cannot be a substitute for clinical expertise and should not be the sole screening method
used. Be that as it may, the obvious benefit to studying machine learning with respect to this
paper is that an algorithm in theory could process a set of drawings and select those which show
signs of emotional distress in a fraction of the time that it would take manually. One day, this
algorithm may even accomplish this task with greater accuracy than humans ourselves. The
question of whether it is ethical to solely employ machine learning to identify signs of emotional
distress should not be ignored, though this debate falls outside the scope of this paper. However,
the two critical implications of machine learning identification mentioned earlier should prompt
the reader to exercise caution when implementing machine learning in psychological diagnostic

settings in its current stage of development.



3. Research Method

3.1. Dataset

The dataset which will be used in this study is a set of 453 drawings from children in
India. Summary statistics are reported in Table 1. The survey sample consisted of 219
households where at least one child with CLP is present. 223 households surveyed did not have a
child with CLP which served as a counterfactual sample. The siblings of the children with CLP
were also surveyed and asked to complete drawings. Each child was provided with the same
prompt for their drawing: “Draw a picture of your immediate family (your parents and your
siblings together). In your drawing, please indicate where your parents are, and where you are.”
It is important that each child was provided with the same prompt so that we can conclude that
every emotional indicator that is included in the drawing is a result of the child’s own volition
and not because of differences in instructions. Each child was provided paper and colored pencils
to complete their drawing. The colors provided include, but are not limited to, blue, black, grey,
red, orange, green, and purple. Due to limitations resources in the field during project
implementation, there may have been differences in the colors that were available to each child.

Each child was also asked to complete a survey to assess their emotional well-being, and
demographic information for each child and their family also collected. For this study, we will
focus on similar parameters to those utilized in Baird et al.’s (2020) study for our model, which
will include age, gender, birth order (1=first born child, 2=second born child, etc.), required
surgeries (defined as the number of surgeries required to restore life outcomes to near normalcy),
and number of surgeries received. Our dependent variables will be indices for depression and
anxiety, which will be constructed using either drawing indicators or survey data. The survey
data for anxiety and depression are coded with discrete values from 1 to 5, with 5 representing
severe depression and anxiety, and 1 representing no depression or anxiety.
3.2. Emotional Indicators

Because the main goal of this paper is to assess the validity of the emotional indicators
themselves as well as the accuracy of LASSO regressions, we will use well-established
emotional indicators as our dependent variables in our model. These emotional indicators will
mimic those used in Baird et al.’s (2020) study and as originally developed by Koppitz (1968).
These variables will include shading of face or body, missing nose or mouth, frowning or crying,

use of dark colors, use of only a single color, poor figural integration (disconnected head or



limbs from the body), smiling, use of light cheery colors, sketchy broken lines, tiny figure
(smaller than 2.5 cm), faint lines, tiny head, and lack of detail (Baird et al., 2020). Each of these
indicators has been shown to be significant in predicting higher levels of emotional distress in
children. Each indicator will be represented by a dummy variable, which will be coded as 1 if the
indicator is present in the drawing. We will also introduce two new indicators: smaller in relative
size and separated from parents. Smaller in relative size will be defines as a child drawing
themselves smaller in size compared to their siblings. A child who draws themselves as the same
size of their siblings but drew themselves and all siblings as smaller than their parents will not be
considered as having drawn themselves relatively smaller. Separated from parents will be
defined as a child who did not draw themselves physically next to either parent in their drawing.
Our prediction is that a score of 1 for both of these indicators will be associated with higher
levels of anxiety and depression.
3.3. Regression Model Construction

The regression analysis will be conducted with respect to two dependent variable types:
indices based on drawing indicators and indices based on survey data. The regression analyses
will further be conducted in pairs with anxiety and depression as the dependent variables of
interest respectively. For indices based on drawing indicators, the main question of interest is
whether having cleft or receiving corrective surgery has a significant effect on emotional well-
being using the drawings themselves as the method of measurement. We will analyze three index
types: principal components, Kling indices, and Anderson indices. Each index will be inversely
signed so that a negative coefficient indicates a poorer score on depression or anxiety, and each
will be constructed using the indicators associated with each condition of interest. For anxiety,
these include shading of the face, missing nose or mouth, frowning or crying, use of dark colors,
use of only a single color, poor figural integration, use of sketchy or broken lines, smiling
inversely, and use of light colors inversely. For depression, these include shading of the face,
missing nose or mouth, frowning or crying, use of dark colors, use of a single color, poor figural
integration, tiny figure, faint lines, and tiny head. Each index type for both depression and
anxiety will be separately regressed with required surgeries and number of surgeries received as
the main independent variables of interest, as well as standard controls which include age,
gender, and birth order. The number of required surgeries and number of surgeries received are

used in lieu of a single dummy variable indicating any cleft condition. This allows the regression



analysis to investigate the effects of the severity of cleft as well as the effects of corrective
surgery. Results will be presented with and without household fixed effects. P-values will also be
converted to g-values using the Benjamini-Hochberg correction to test for false rejections.

The indices based on survey data will be used to test whether the drawing indicators as
presented in the psychology literature are valid in this case. Each participant was asked to self-
report their level of depression and anxiety respectively on a scale of 1 to 5, with 5 representing
the most extreme cases of mental distress. These two indices are then inversely signed as before
for consistency in reporting. Both indices are then regressed against the set of indicators which
fall under the purview of each respective condition. These sets of indicators are identical to the
ones used to construct the indices in the previous paragraph. In addition, the survey indices will
be regressed against all indicators which were coded in the dataset. In addition, the regressions
above will be replicated using the survey indices as the dependent variables with and without
household fixed effects to test for robustness.

3.4. LASSO Model Construction

The final section of analysis will be based on cross-validated LASSO using the survey
indices as the dependent variable and all drawing indicators as the independent variables. The
LASSO results will serve as an additional cross-validation method on the drawing indicators
themselves to assess whether these indicators as denoted by the psychology literature remain
valid. The LASSO method finds an optimal weighting for each coefficient so that only those
which hold predictive power remain in the model. The key difference when running this model is
that all coded emotional indicators will be included for both depression and anxiety. If the
indicators behave as we expect, LASSO will eliminate those which are not associated with each
mental health condition. Subset regressions will then be used to construct a model for each which
only includes those emotional indicators which LASSO has selected. While this holds little
statistical power in terms of significance, this can provide some insight into which indicators

appear to hold weight for predicting mental health.
4. Results

4.1. Principle Component Analysis
Results for the principal component analysis are reported in Table 2. For the models with
anxiety as the dependent variable, with and without household fixed effects, we find that the

coefficient for required surgeries is estimated to be negative and the coefficient for number of



surgeries is estimated to be positive. While the direction of the coefficients is expected, these
coefficients are not statistically significant. The coefficient for age in the anxiety model without
household fixed effects is statistically significant at the 1% level and is negative, indicating that
older children are more likely to suffer from anxiety. This coefficient remains statistically
significant at the 1% level after the Benjamini-Hochberg correction is applied. The coefficient
for birth order is also statistically significant at the 1% level and is estimated to be negative,
indicating that younger siblings are more likely to suffer from anxiety. However, introducing
household fixed effects in the anxiety model renders all coefficient estimates statistically
insignificant.

The model for depression without household fixed effects does not reveal statistical
significance for required surgeries or number of surgeries. Interestingly, the signs of the
coefficients for required surgeries and number of surgeries are in the opposite directions than we
would expect, indicating that children who require more surgeries are less likely to experience
depression and children who receive more corrective surgery are more likely to experience
depression. The coefficients for age, gender, and birth order are statistically significant,
indicating that older children are less likely to experience depression, males are more likely to
experience depression, and younger siblings are more likely to experience depression. When
household fixed effects are included, the coefficients for gender and birth order remain
statistically significant at the 5% level with their signs in the same direction as before.

4.2. Kling Index Analysis

Results for the Kling index analysis are reported in Table 3. For the anxiety model,
neither coefficient for required surgeries or number of surgeries received are statistically
significant, though the signs of the coefficient estimates are in the expected direction. The
coefficients for age and birth order are statistically significant at the 1% level and have the same
signs as in the principal component analysis. These indicate that older children and younger
siblings are more likely to experience anxiety. Both these coefficients remain statistically
significant at the 1% level after calculating their g-values. When including household fixed
effects, age and birth order are no longer statistically significant, though gender is shown to be
significant at the 5% level, indicating that males are more likely to experience anxiety. However,
this coefficient is not significant according to its corrected g-value. Introducing household fixed

effects reverses the sign for number of surgeries in the unexpected direction.



The model for depression without fixed effects does not show statistical significance for
required surgeries or number of surgeries. However, unlike the principal component model, the
signs for these coefficients are in the expected directions. Gender is significant at the 5% level
and birth order is significant at the 1% level. The signs for both coefficients are the same as in
the principal component analysis, indicating that males and younger siblings are more likely to
experience depression. After calculating the corrected g-values, birth order remains statistically
significant at the 1% level, though gender is only significant at the 5% level. The inclusion of
household fixed effects does not change the sign for gender or birth order, though the
significance of birth order decreases to the 5% level. However, the corrected g-values for these
coefficients do not indicate that they are statistically significant.

4.3. Anderson Index Analysis

As in the Kling index analysis, the Anderson index analysis reveals little about the
relationships between cleft, depression, and anxiety. Results for the Anderson index analysis are
reported in Table 4. For the anxiety model without fixed effects, the coefficients for required
surgeries and number of surgeries are not statistically significant, though the signs are in the
expected direction. The coefficient for birth order is significant at the 1% level, the coefficient
for age is significant at the 5% level, and the coefficient for gender is significant at the 10%
level. The signs for these coefficients are negative as in the Kling index analysis. The corrected
g-values indicate that birth order and age remain statistically significant at the 5% level.
Introducing household fixed effects renders all coefficient estimates statistically insignificant
except for gender, which remains significant at the 10% level after calculating its corrected g-
value. In addition, the sign for number of surgeries received becomes negative in divergence
with expectation.

The signs of the coefficients for required surgeries and number of surgeries in the
depression model are both negative, though as in the anxiety models, they are not statistically
significant. Birth order is shown to be significant at the 1% level from its corrected g-value, with
the same sign as in the anxiety model. Including household fixed effects, gender and birth order
are significant at the 5% level with the same signs as the anxiety models. However, neither
coefficient is statistically significant after converting their p-values to g-values.

4.4. Survey Index Comparison



Given the evidence from the indices based on drawing indicators is inconclusive in
determining a relationship between cleft, anxiety, and depression, the next natural question is
whether such a relationship exists at all. As previously discussed, the survey data includes self-
reported indices for both anxiety and depression which can be used to cross-validate the results
from the drawings-based indices. Results from these regressions are reported in Table 5. In the
anxiety model, the coefficients for required surgeries and number of surgeries are both
statistically significant at the 1% level, and the signs for both are in the expected directions. The
coefficient for gender is also significant at the 5% level with a positive sign as also reported in
the principal component analysis. After calculating corrected g-values, required surgeries
remains significant at the 1% level, and number of surgeries remains significant at the 5% level.
Introducing household fixed effects does not change the coefficient signs for required surgeries
or number of surgeries. However, after calculated corrected q-values, required surgeries remains
statistically significant at the 1% level, while number of surgeries is significant at the 10% level.

In the depression model, required surgeries and number of surgeries are reported as
statistically significant at the 1% by corrected g-values. The signs for the coefficient estimates
are also in the expected direction. Gender is significant at the 10% level with the same sign as
the anxiety model, though it is not significant after calculating its corrected g-value. Including
household fixed effects does not change the signs of the coefficients for required surgeries and
number of surgeries. Required surgeries remains statistically significant at the 1% level after
calculating corrected g-values, though the significance of number of surgeries received decreases
to the 5% level. Gender is no longer statistically significant when household fixed effects are
included.

4.5. Drawing Indicator Analysis

The next two subsections report the results for the cross-validation procedures of the
drawing indicators themselves. Results for the drawing indicator analyses based on OLS
regressions are reported in Table 5. The anxiety model with only associated indicators as dictated
by the psychology literature included is reported first. The results show statistical significance
for smiling at the 1% level, and sketchy broken lines and single color at the 5% level. After
calculating corrected g-values, smiling is significant at the 5% level, and sketchy broken lines is
significant at the 10% level, with single color no longer significant. The signs for single color,

sketchy broken lines, and smiling are in the expected directions. Use of a single color and
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sketchy broken lines in a drawing indicate a higher likelihood of anxiety, while the participant
drawing themselves with a smile indicates a lower probability of experiencing anxiety.

When the anxiety index is regressed against all the drawing indicators which were coded
in the dataset, smiling and tiney figure are statistically significant at the 1% level according to p-
values. However, while the sign for smiling is in the direction we would expect, the sign for tiny
figure is in the opposite direction from the expectation. The psychology literature indicates that a
child who draws themselves very small is more likely to be experiencing high levels of anxiety,
though the regression reports results to the contrary. After calculating corrected g-values, smiling
is significant at the 5% level and tiny figure is significant at the 10% level. Single color, sketchy
broken lines, and smaller in relative size are significant at the 5% level according to p-values,
and their signs are in the expected direction. However, after calculating corrected g-values, none
of these three coefficients is statistically significant.

The depression model which includes only its associated indicators reports tiny figure as
statistically significant at the 1% level, though the coefficient for tiny figure is again the opposite
of the expectation as in the anxiety model. After calculating g-values, tiny figure remains
statistically significant at the 1% level.

When regressed against all emotional indicators, smiling and tiny figure are statistically
significant at the 1% level according to p-values. The signs for these coefficients remain
unchanged from the anxiety model with all indicators. After calculating q-values, tiny figure
remains significant at the 1% level, though smiling is significant at the 5% level. Separated from
parents is shown to be statistically significant at the 10% level according to p-value, and the
positive sign indicates that a child drawing themselves apart from their parents is associated with
lower probability of experiencing depression. However, this coefficient is not statistically
significant when its corrected g-value is considered.

4.6. LASSO Cross-Validation

The results of the cross-validation LASSO procedures and post-estimation OLS
regressions are reported in Table 6. For anxiety, LASSO selects single color, smiling, sketchy
broken lines, tiny figure, and smaller in relative size as the most important indicators in
predicting anxiety. When these parameters are run in post-estimation OLS, we find that the signs
for single color, smiling, sketchy broken lines, and smaller in relative size are in the expected

direction. However, the coefficient for tiny figure is again signed reversely from the expectation.
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For depression, LASSO selects smiling, sketchy broken lines, tiny figure, separated from
parents, and different drawing from prompt as the best predictors of experiencing depression.
Running these parameters in post-estimation OLS, we find the coefficients for smiling, sketchy
broken lines, and different drawing from prompt have the expected sign. However, the
coefficient for tiny figure again has the opposite sign according to expectation. The coefficient

for separated from parents is positive and is consistent with the preceding analyses.
5. Discussion

The results provide mixed evidence on the significance of the emotional indicators used in
screening for anxiety and depression in this sample, as the results of the principal component
analysis, Kling index analysis, and Anderson index analyses diverge from the survey data
comparison. The survey data analysis shown in Table 4 indicates that children who require more
surgeries are more likely to suffer from anxiety and depression, and receiving corrective surgery
is expected to reduce the likelihood of anxiety and depression. Each coefficient was statistically
significant except for number of surgeries in the depression model without household fixed
effects when using g-values. However, when using the indices based on the drawings
themselves, we find no coefficient estimates for required surgeries or number of surgeries are
statistically significant, and some coefficient estimates are signed in directions that we would not
expect.

The source of this inconsistency could perhaps be that the drawing indicators as shown in
the psychology literature are inapplicable in this cultural setting, or perhaps from the sample
method used. Regarding the former, the drawing indicator analysis shows some indicators as
statistically significant in predicting levels of anxiety and depression, though there are
inconsistencies with the psychology literature. For the anxiety OLS model, the best predictors for
anxiety appear to be single color, sketchy broken lines, smiling, light cheery colors, tiny figure,
and smaller in relative size, though the sign of the coefficient estimate for tiny figure is opposite
the expected direction. LASSO selects single color, poor figural integration, smiling, light cheery
colors, sketchy broken lines, tiny figure, smaller in relative size, and separated from parents as
the best predictors for anxiety. For the depression OLS model, the best predictors appear to be
single color, smiling, tiny figure, and separated from parents. However, the sign for tiny figure is
again in the opposite expected direction. LASSO selects smiling, sketchy broken lines, tiny

figure, and separated from parents as the best predictors for depression.
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While HFDs have been used successfully in the field (Baird et al., 2022; Glewwe et al.,
2018; Sokic et al., 2019), several studies show that the significance of certain emotional
indicators can vary across cultures. For example, La Voy et al. (2001), in a study comparing
HFDs of Japanese and American children, found that Japanese children drew fewer smiles,
included more details in their drawings, and drew themselves larger on average. Ozer (2009),
examining the validity of Koppitz’s (1968) indicators for a sample in Turkey, found that there
were significant differences in which indicators are deemed exceptional, i.e., occurring in less
than 15% of all drawings, such as the depiction of two-dimensional feet. Ozer’s (2009) study
also notes that there were significant differences between socioeconomic groups within the
sample. Children who attended private school tended to include more details in their drawings
than children who attended public school, which could be due to more one-on-one attention from
teachers and more parental involvement in education. Using a sample of children in Curacao,
Vedder et al. (2000) tested the validity of three sets of HFD cognitive indicators which had been
validated in the continental US, the Netherlands, and Puerto Rico. The results of the study
showed that using indicators validated in Puerto Rico, which is culturally similar to Curacao as
compared to the US or the Netherlands, resulted in a normal distribution of cognitive ability in
the sample. However, using the indicators validated in the Netherlands would cause 50% of the
sample to be diagnosed as intellectually impaired.

Specifically regarding India, Pala et al. (2016) tested the validity of the Child Drawing
Hospital Scale, which is a screening method that uses HFDs to measures pain and anxiety in
hospitalized children. This study used these indicators to analyze a set of drawings from a group
of dental extraction patients in India. The results found that while there was a positive
association with inclusion of the drawing indicators and levels of pain and anxiety experienced
by the patients, the associations were not statistically significant.

Another source of inconsistency could be from the dataset itself. The data was collected
by household and half of the households in the sample had one child who was born with CLP.
While data was also collected from siblings without CLP as well as other households who did
not have a child with CLP , the targeted nature of the sampling procedure could introduce bias
into these results by having children with CLP over-represented. Previous studies on the effects
of cleft palate on mental well-being have noted the difficulty in obtaining adequate data for both
treatment and control groups (Wehby, 2010). Therefore, the interpretations and results of this
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study may not be statistically valid when applied to the broader population, and perhaps a better
sampling method would need to be implemented to obtain more consistent results. One potential
solution to this would be to survey classmates of children with cleft to obtain household

observations which do not have a child with cleft.
6. Conclusion

This paper serves primarily as a cross-validation study of the standard emotional indicators
introduced by the psychology literature and the LASSO cross-validation method. As mentioned
earlier, the benefit of using machine learning in this context is that a computer algorithm could
quickly analyze drawings and select those which show signs of emotional distress. The methods
used in this paper, such as manually evaluating each drawing and assigning a score of 1 to each
emotional indicator variable if the indicator is present, is still a time-consuming process.
Therefore, an area of further research could be using machine learning to analyze the drawings
themselves to determine if they can create an algorithm which can select drawings which show
signs of emotional distress.

Nevertheless, HFDs are a fast and cost-effective way to screen for emotional distress in
children. While the literature indicates that some emotional indicators which are exceptional for
one population may not be for another, HFDs have been successfully used in international
settings to assess program impacts, effects of exposure to violence, and effects of reintegration in
host countries for refugees. The research indicates that HFDs would not be suitable for clinical
practice or as a diagnostic tool in settings where emotional indicators have not been verified.
However, many indicators still appear to be significant across cultures, and HFDs can still be an
important tool for measuring the impact of social programs on mental health. As in Glewwe et
al.’s (2018) study on the impact of child sponsorship on mental health, HFDs can be used to
assess which programs are the most effective, which can in turn lead to better mental health
outcomes for children in developing countries. This in turn can help mitigate the negative
economic effects of poor mental health which carry over into adulthood. One area for further
research which this paper has uncovered is validating and establishing emotional indicators

which can be used diagnostically in India.
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Appendix

Table 1: Summary Statistics

count mean sd min max
ShadingFace 453 0154525 1234804 O 1
MissingNoseMouth 453 2406181 4279314 0 1
FrowningCrying 453 0750552 2637717 O 1
DarkColors 453 4988962  .5005516 0O 1
SingleColor 453 6732892 .469529 0 1
PoorFigurallntegration 453 4128035 4928824 0 1
Smiling 453 5739514 4950477 0O 1
LightCheeryColors 453 218543 4137147 0 1
SketchyBrokenLines 453 2295806 4210281 0 1
TinyFigure 453 3134658 4644148 0 1
FaintLines 453 1942605  .3960677 0 1
TinyHead 453 1677704 3740754 0 1
LackofDetail 453 5452539 4984984 0 1
SmallerinRelativeSize 453 0971302 2964624 0 1
SeparatedFromParents 453 4768212 .5000147 O 1
age 442 14.0362 3.335177 7 25
male 442 5090498  .504995 0 2
b_order 442 1.952489  .9476098 1 6
depressed survey 442 2.158371 1.445075 1 5
nerv_anx_survey 442 2.020362 1.384082 1 5
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Table 2: Principal Component Analysis

(1) 2) 3) (4)
Anxiety Depression
Anxiety with HH FE Depression with HH FE
Required Surgeries -0.0842 -0.0571 0.0190 0.00545
(0.0515) (0.0944) (0.0479) (0.0775)
Number of Surgeries 0.131 0.0293 -0.0228 -0.0863
(0.111) (0.185) (0.103) (0.152)
Age -0.0814%** -0.0816 0.0373* -0.0407
(0.0208) (0.0702) (0.0193) (0.0576)
Gender (1 if male) 0.0243 -0.206 -0.368*** -0.442%**
(0.134) (0.212) (0.125) (0.174)
Birth Order -0.243%** -0.249 -0.226%*** -0.435%*
(0.0733) (0.244) (0.0682) (0.200)
Intercept 1.670%** 1.814 0.102 1.688
(0.358) (1.4206) (0.333) (1.170)
N 442 442 442 442
R-sq 0.060 0.017 0.060 0.091
adj. R-sq 0.049 -1.659 0.050 -1.459

Standard errors in parentheses

=% p<0.10

** p<0.05

#5% p<(.01"
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Table 2 g-values:

(1) p- (1) g- (2) p- (2) q- (3) p- (3)q- (4) p- 4) q-

values values values values values values values values
Required Surgeries 0.1026 0.3078 0.5463 0.8743 0.6916 0.8251 0.9440 0.9440
Number of Surgeries 0.2372 0.4743 0.8743 0.8743 0.8251 0.8251 0.5701 0.9440
Age 0.0001 0.0005 0.2466 0.8743 0.0542 0.2170 0.4809 0.9440
Gender 0.8562 0.8562 0.3335 0.8743 0.0033 0.0166 0.0121 0.0725
Birth Order 0.0010 0.0039 0.3090 0.8743 0.0010 0.0058 0.0309 0.1547
Intercept 0.0000 0.0000 0.2052 0.8743 0.7603 0.8251 0.1509 0.6038
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Table 3: Kling Index Analysis

(1) 2) 3) (4)
Anxiety Depression
Anxiety with HH FE Depression with HH FE
Required Surgeries -0.0574 -0.0220 -0.0178 -0.0108
(0.0353) (0.0608) (0.0357) (0.0577)
Number of Surgeries 0.0447 -0.0147 0.00651 -0.0461
(0.0760) (0.119) (0.0768) (0.113)
Age -0.04571*** -0.0380 0.00188 -0.0312
(0.0143) (0.0452) (0.0144) (0.0429)
Gender (1 if male) -0.117 -0.290** -0.217** -0.309%**
(0.0920) (0.137) (0.0930) (0.130)
Birth Order -0.179%** -0.181 -0.179%** -0.343%*
(0.0503) (0.157) (0.0508) (0.149)
Intercept 1. 1]12%** 1.087 0.463* 1.309
(0.2406) (0.918) (0.248) (0.871)
N 442 442 442 442
R-sq 0.057 0.038 0.042 0.093
adj. R-sq 0.046 -1.602 0.031 -1.454
Standard errors in parentheses
="* p<0.10 ** p<0.05 *xE p<0.01"
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Table 3 g-values:

(1) p- (1) g- (2) p- (2) q- (3) p- (3)9g- (4) p- 4) q-

values values values values values values values values
Required Surgeries 0.1050 0.3149  0.7176 0.9020 0.6190 0.9325 0.8514 0.8514
Number of Surgeries 0.5565 0.5565 0.9020 0.9020 0.9325 0.9325 0.6836 0.8514
Age 0.0017 0.0067  0.4019 0.9020 0.8962 0.9325 0.4684 0.8514
Gender 0.2043 0.4086  0.0350 0.2100 0.0198 0.0991 0.0184 0.1101
Birth Order 0.0004 0.0021 0.2515 0.9020 0.0005 0.0027  0.0225 0.1126
Intercept 0.0000 0.0000  0.2383 0.9020 0.0631 0.2523 0.1350 0.5400
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Table 4: Anderson Index Analysis

(1) @) 3) (4)
Anxiety Depression
Anxiety with HH FE Depression with HH FE
Required Surgeries -0.0466 -0.0100 -0.0220 -0.00886
(0.0357) (0.0596) (0.0359) (0.0584)
Number of Surgeries 0.0100 -0.0259 -0.000894 -0.0354
(0.0767) (0.117) (0.0773) (0.114)
Age -0.0364** -0.0329 -0.00435 -0.0176
(0.0144) (0.0443) (0.0145) (0.0434)
Gender (1 if male) -0.176%* -0.346** -0.183* -0.286**
(0.0929) (0.134) (0.0936) (0.131)
Birth Order -0.142%** -0.178 -0.162%** -0.299**
(0.0508) (0.154) (0.0511) (0.151)
Intercept 0.943#** 1.022 0.507%* 1.014
(0.248) (0.900) (0.250) (0.882)
N 442 442 442 442
R-sq 0.045 0.051 0.033 0.082
adj. R-sq 0.034 -1.569 0.022 -1.484

Standard errors in parentheses

="* p<0.10

#% p<0.05 *** p<0.01"
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Table 4 g-values:

(1) p- (1) g- (2) p- (2) q- (3) p- (3)9g- (4) p- 4) q-

values values values values values values values values
Required Surgeries 0.1920  0.3841 0.8669 0.8669 0.5413 0.9908 0.8796 0.8796
Number of Surgeries 0.8962  0.8962 0.8248 0.8669 0.9908 0.9908 0.7570 0.8796
Age 0.0118 0.0471 0.4585 0.8669 0.7642  0.9908 0.6856 0.8796
Gender 0.0592  0.1775 0.0105 0.0633 0.0515 0.2061 0.0304 0.1826
Birth Order 0.0053 0.0263 0.2483 0.8669 0.0017  0.0100 0.0488 0.2440
Intercept 0.0002  0.0010 0.2576 0.8669 0.0432  0.2061 0.2518 0.8796
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Table 5: Survey Index Analysis

(1) 2) 3) (4)
Anxiety Depression
Anxiety with HH FE Depression with HH FE
Required Surgeries -0.256%** -0.246%** -0.325%** -0. 25 **
(0.0481) (0.0627) (0.0497) (0.0647)
Number of Surgeries 0.311%** 0.238* 0.390%** 0.3227%%*
(0.103) (0.123) (0.107) (0.127)
Age -0.0226 0.0279 0.00317 0.0188
(0.0194) (0.0466) (0.0200) (0.0481)
Gender (1 if male) 0.264** 0.0225 0.250* -0.174
(0.125) (0.141) (0.129) (0.145)
Birth Order 0.0931 0.247 0.0538 0.255
(0.0685) (0.162) (0.0707) (0.167)
Intercept -1.842%** -2.7Q7%** -2.207%** -2.665%**
(0.335) (0.947) (0.346) (0.976)
N 442 442 442 442
R-sq 0.092 0.165 0.111 0.144
adj. R-sq 0.082 -1.259 0.101 -1.317

Standard errors in parentheses

=% p<0.10

** p<0.05

#5% p<(.01"
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Table 5 g-values:

(1) p- (D) g- (2) p- () g- (3) p- () a- 4) p- “4) g-
values values values values values values values values

Required Surgeries 0.0000  0.0000  0.0001  0.0008 0.0000  0.0000  0.0002  0.0009
Number of Surgeries ~ 0.0028  0.0114  0.0542  0.2169  0.0003  0.0012  0.0120  0.0479

Age 0.2454  0.2454  0.5507  0.8733  0.8743  0.8743  0.6967  0.6967
Gender 0.0354  0.1061  0.8733  0.8733  0.0536  0.1607  0.2315  0.4630
Birth Order 0.1748  0.2454  0.1287 03860 0.4476  0.8743  0.1279  0.3838
Intercept 0.0000  0.0000  0.0048  0.0241  0.0000  0.0000  0.0070  0.0352
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Table 6: Drawing Indicator Analysis

(M @) A3) “4)
Anxiety Anxiety Depression Depression
ShadingFace -0.155 -0.196 -0.383 -0.313
(0.529) (0.533) (0.555) (0.557)
MissingNoseMouth 0.0705 0.0688 -0.0330 0.123
(0.166) 0.177) (0.178) (0.185)
FrowningCrying 0.268 0.216 -0.122 0.222
(0.269) (0.269) (0.264) (0.281)
DarkColors -0.103 -0.0841 0.0733 0.124
(0.157) (0.157) (0.152) (0.164)
SingleColor -0.390** -0.375%* -0.151 -0.305
(0.175) 0.177) (0.168) (0.185)
PoorFigurallntegration 0.217 0.258 0.0105 0.0303
(0.141) (0.170) (0.150) (0.177)
SketchyBrokenLines -0.400%* -0.352%* -0.258
(0.158) (0.159) (0.166)
Smiling 0.474%** 0.469%** 0.465%**
(0.149) (0.149) (0.155)
LightCheeryColors -0.321 -0.332 -0.184
(0.205) (0.206) (0.215)
TinyFigure 0.43 [#** 0.605%** 0.573%**
(0.158) (0.159) (0.165)
FaintLines 0.0560 -0.178 -0.151
(0.167) (0.176) (0.174)
TinyHead 0.0233 0.0229 0.130
(0.192) (0.200) (0.200)
LackofDetail -0.258 -0.0405
(0.172) (0.179)
SmallerinRelativeSize -0.466%* -0.337
(0.232) (0.242)
SeparatedFromParents 0.0842 0.253*
(0.132) (0.138)
Intercept -1.942%** -1.988%** -2.234%%* -2.478%**
(0.223) (0.235) (0.139) (0.246)
N 442 442 442 442
R-sq 0.059 0.085 0.043 0.084
adj. R-sq 0.039 0.053 0.023 0.051
Standard errors in parentheses
="* p<0.10 ** p<0.05 *** p<0.01"
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Table 6 g-values:

MHp- Da- (2) p- (2) g- (3) p- (3) - (4) p- “4) q-

values  values values values values values values values
ShadingFace 0.7703 0.7703 0.7132 0.9032 0.4909 0.9443 0.5743 0.8643
MissingNoseMouth 0.6717 0.7703 0.6984 0.9032 0.8528 0.9443 0.5065 0.8643
FrowningCrying 0.3191 0.7703 0.4220 0.9032 0.6446 0.9443 0.4285 0.8643
DarkColors 0.5128 0.7703 0.5926 0.9032 0.6297 0.9443 0.4513 0.8643
SingleColor 0.0266 0.1862 0.0349 0.4185 0.3708 0.9443 0.1008 0.8643
PoorFigurallntegration 0.1245 0.6224 0.1287 0.9032 0.9443 0.9443 0.8643 0.8643
Smiling 0.0016 0.0146 0.0017 0.0259 0.0029 0.0407
LightCheeryColors 0.1175 0.6224 0.1069 0.9032 0.3911 0.8643
SketchyBrokenLines 0.0116 0.0930 0.0272 0.3533 0.1208 0.8643
TinyFigure 0.0066 0.0927 0.0002 0.0014 0.0006 0.0086
FaintLines 0.7375 0.9032 0.3128 0.9443 0.3878 0.8643
TinyHead 0.9032 0.9032 0.9091 0.9443 0.5179 0.8643
LackofDetail 0.1345 0.9032 0.8214 0.8643
SmallerinRelativeSize 0.0446 0.4905 0.1647 0.8643
SeparatedFromParents 0.5241 0.9032 0.0674 0.8643
Intercept 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
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Table 7: LASSO Regression

(1) (2) 3) 4)
Anxiety Anxiety Depression Depression
LASSO Post-Est OLS LASSO Post-Est OLS
SingleColor -0.0788 -0.240*
(0.137)
Smiling 0.254 0.406%** 0.196 0.363*#:*
(0.131) (0.137)
SketchyBrokenLines -0.244 -0.342%* -0.0969 -0.266
(0.155) (0.161)
TinyFigure 0.268 0.488%** 0.409 0.592%#:*
(0.146) (0.146)
SmallerinRelativeSize -0.0825 -0.461**
(0.227)
SeparatedFromParents 0.0760 0.233*
(0.134)
DifferentDrawingFromPrompt -0.129 -0.949
(0.632)
Intercept -2.138 -2.128%*** -2.416 -2.601%***
(0.153) (0.141)
N 440 442 440 440
R-sq 0.070 0.076
adj. R-sq 0.059 0.065
Standard errors in parentheses
="* p<0.10 ** p<0.05 *xE p<0.01"



Figure 1: Drawing and Coding Example:
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Indicator

Present?

Shading Face

Missing Nose/Mouth
Frowning/Crying

Dark Colors

Single Color

Poor Figural Integration
Smiling

Light Cheery Colors
Sketchy Broken Lines
Tiny Figure

Faint Lines

Tiny Head

Lack of Detail

Smaller in Relative Size
Separated from Parent
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Table 8: Indicators Associated with Risk of Anxiety and Depression:

Drawing Indicator

Anxiety Depression

Shading Face
Missing Nose/Mouth
Frowning/Crying
Dark Colors

Single Color
Poor Figural
Integration

Smiling

Light Cheery Colors
Sketchy Broken Lines
Tiny Figure

Faint Lines

Tiny Head

1 1
1 1
1 1
1 1
1 1
1 1
-1 0
-1 0
1 0
0 1
0 1
0 1
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