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Abstract

Non-communicable diseases (NCDs) represent a growing challenge for developing coun-
tries, as they are among the leading causes of morbidity and mortality within the working-
age population. Beyond their effects on health outcomes, NCDs are associated with
reductions in labor productivity, which may influence long-term development dynamics
through human capital. This study estimates the conditional labor productivity penalty
associated with Non-Communicable Diseases (NCDs) among employed workers in Mexico
using an observational high-dimensional framework. By addressing high-dimensional
confounding under the Conditional Independence Assumption (CIA), the analysis isolates
the relationship between NCD status and hourly labor earnings. Using microdata from
the Mexican National Survey of Household Income and Expenditure, labor productivity is
defined as the ratio of labor income to hours worked. To obtain robust causal estimates,
a Double Machine Learning (DML) framework is implemented, integrating regularized
regression and machine learning algorithms to control for high-dimensional confounding
factors. These covariates include socioeconomic, demographic, and health-related variables,
allowing for flexible adjustment of observable heterogeneity across individuals. The empir-
ical findings demonstrate a statistically significant conditional negative penalty of —11.44%
(p =1.03 x 10711, 95% CI: [-14.59, —8.40]) on hourly labor earnings under the cross-fitted
DML specification using XGBoost and Random Forest. To resolve an observational mea-
surement artifact where chronic individuals report artificially inflated hourly wages due to
severe hours contraction, a presenteeism adjustment factor (6* = 0.8125) was calibrated.
Incorporating this presenteeism correction, the aggregate national economic burden among
the employed population is estimated at approximately 496.82 billion pesos annually. The
findings suggest that NCDs constitute a relevant constraint on labor productivity at the
microeconomic level. The study highlights the importance of prevention-oriented health
strategies, workplace health promotion, and early disease management. From a method-
ological perspective, the results illustrate the usefulness of Double Machine Learning for
purging high-dimensional confounding in cross-sectional survey data, providing robust
conditional empirical benchmarks for public health policy.

Keywords: non-communicable diseases; labor productivity; human capital; health habits;
double machine learning; causal inference; health outcomes; Mexico
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1. Introduction

Non-communicable diseases (NCDs) constitute one of the most significant structural
challenges facing contemporary societies, particularly in low- and middle-income countries.
Cardiovascular diseases, diabetes, chronic respiratory diseases, and cancer account for most
of the premature mortality worldwide and disproportionately affect individuals during
their working age, generating profound social and economic consequences [1,2]. Beyond
their clinical dimension, NCDs are increasingly recognized as a key factor influencing
human capital accumulation and, consequently, broader development processes, especially
in contexts characterized by persistent socioeconomic inequalities [3,4].

Labor productivity is a central component of human capital and plays a fundamental
role in shaping individual economic outcomes and overall societal well-being [5]. Health
status directly influences individuals” physical capacity, cognitive performance, and ability
to participate effectively in the labor market. When health deteriorates, particularly in the
presence of chronic conditions, individuals may experience reduced work intensity, lower
efficiency per hour worked, and diminished income generation. These mechanisms operate
not only at the firm level but also at the individual and social levels, as they affect income
distribution, labor participation, and vulnerability within the population [6,7]. In this sense,
NCDs can be understood as a constraint on the effective functioning of human capital.

In Mexico, the epidemiological transition toward a high prevalence of NCDs has
been widely documented. Conditions such as diabetes, hypertension, and obesity have
reached critical levels among the economically active population. However, these patterns
cannot be interpreted solely as the result of individual behavior. A growing body of
literature highlights that dietary habits, physical inactivity, and unhealthy lifestyles are
strongly shaped by underlying structural factors, including income inequality, educational
attainment, urbanization processes, and the organization of labor markets [8]. In this
context, health outcomes are not independent of the socioeconomic environment; rather,
they reflect broader development conditions that influence both exposure to risk factors
and access to preventive and curative resources. Despite the scale of the problem, empirical
evidence quantifying the labor market penalties of NCDs at the individual level in Mexico
remains scarce. Consequently, this study addresses the following guiding research question:
What is the conditional penalty imposed by NCD status on hourly labor income in Mexico
once high-dimensional socioeconomic confounding is non-parametrically controlled for,
and how do chronic complications distort traditional labor supply metrics?

Mexico and the ENIGH 2022 dataset represent an ideal empirical setting to answer this
question [9]. Unlike purely clinical or health-focused surveys (e.g., ENSANUT), which lack
comprehensive individual labor compensation vectors, ENIGH uniquely combines detailed
monthly labor earnings and precise weekly working hours with granular household out-of-
pocket health expenditures and food consumption profiles. This unique multi-dimensional
structure allows us to construct the extensive covariate vector (X) required to satisfy the
conditional independence assumption in an observational framework.

Existing studies have largely relied on descriptive analyses or traditional econometric
approaches, which may be insufficient to address the high dimensionality of health-,
socioeconomic-, and labor-related determinants. Recent advances in machine learning
and causal inference provide new opportunities to overcome these limitations, which
offers a principled framework for estimating conditional effects in the presence of many
confounding variables, combining flexible prediction methods with rigorous statistical
guarantees [10].

The contribution of this article is threefold. First, it provides robust non-parametric
estimates of the conditional labor productivity penalty in a major Latin American emerg-
ing economy. Second, it resolves a key methodological measurement trap—the artificial
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inflation of hourly wages among severely ill workers—by integrating an inverse-calibrated
presenteeism parameter (6* = 0.8125). Third, it demonstrates the practical application of
cross-fitted Causal Machine Learning to household survey microdata.

2. Literature Review
2.1. Non-Communicable Diseases and Economic Productivity

Non-communicable diseases (NCDs) have emerged as one of the main structural
challenges affecting both health systems and broader development processes worldwide.
According to the World Health Organization, NCDs account for more than 70% of global
deaths and disproportionately affect working-age populations in low- and middle-income
countries [1]. Beyond their epidemiological relevance, a growing body of literature high-
lights that NCDs are closely linked to structural conditions such as income inequality,
limited access to healthcare, educational disparities, and changing consumption patterns,
which collectively shape health outcomes and long-term development trajectories.

From this perspective, the economic relevance of NCDs cannot be reduced solely to
firm-level outcomes or isolated productivity measures. Instead, their impact operates through
multiple channels, including reduced labor participation, premature mortality, disability,
absenteeism, and presenteeism, all of which affect the effective functioning of human capital
within society [3,4]. These mechanisms highlight that health conditions are embedded within
broader socioeconomic systems, and their effects extend beyond individual firms to influence
income distribution, social vulnerability, and overall well-being.

From a human capital perspective, health constitutes a fundamental input into indi-
viduals’ capacity to generate income and participate effectively in economic and social
activities, as originally theorized by Schultz [11]. Subsequent empirical studies have consis-
tently shown that both physical and mental health conditions are associated with lower
earnings, reduced work capacity, and increased vulnerability [12,13]. In this context, NCDs
generate indirect costs that often exceed direct medical expenditures, particularly through
reductions in effective labor participation and productivity, which are not fully captured by
traditional accounting frameworks [6,7]. Rather than being interpreted solely as firm-level
losses, these effects reflect broader constraints on the utilization of human capital within
development processes.

2.2. NCDs, Labor Outcomes, and the Working-Age Population

Empirical evidence consistently shows that individuals suffering from chronic condi-
tions experience lower employment probabilities, fewer hours worked, and reduced labor
income. Studies conducted in diverse settings have documented significant reductions
in effective labor participation and income generation associated with conditions such
as diabetes, hypertension, cardiovascular diseases, chronic respiratory diseases, and can-
cer [14-16]. These effects are particularly pronounced in contexts characterized by limited
access to preventive care and fragmented occupational health systems, which are often
linked to broader structural constraints in developing economies [8,17].

From a broader perspective, these patterns reflect limitations in the effective utiliza-
tion of human capital, as health conditions interact with socioeconomic factors to shape
individuals’ capacity to participate fully in economic and social activities. In this sense, the
observed differences in employment and income are not only labor market outcomes but
also manifestations of underlying development conditions, including access to healthcare,
education, and social protection systems.

At the workplace level, NCDs are closely associated with presenteeism, defined as
reduced performance while at work, which frequently exceeds absenteeism as a source
of reduced effective labor contribution [18,19]. This phenomenon underscores the impor-
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tance of evaluating productivity not only through labor participation but also through
performance-adjusted measures, such as income per hour worked, which capture variations
in effective work capacity.

2.3. Health Promotion, Prevention, and Occupational Interventions

A substantial strand of literature highlights the role of health promotion and preven-
tion strategies as key mechanisms to mitigate the impact of NCDs on population well-being
and human capital. Interventions implemented in workplace settings, such as those tar-
geting nutrition, physical activity, stress management, and early detection, have been
associated with improvements in health outcomes and functional capacity, contributing to
better conditions for sustained labor participation and individual well-being [20,21]. How-
ever, the effectiveness of these interventions remains heterogeneous, reflecting differences
in program design, implementation quality, and evaluation approaches [22].

In developing countries, the evidence suggests that integrated strategies, combining
health education, behavioral interventions, and organizational support, tend to be more
effective than isolated actions [23,24]. These approaches recognize that health outcomes
are shaped by broader socioeconomic and institutional contexts, rather than solely by
individual choices. Nevertheless, the limited adoption of rigorous evaluation frameworks
continues to constrain the scalability and long-term sustainability of such interventions,
particularly in settings characterized by structural inequalities.

2.4. Methodological Approaches to Estimating Productivity Losses

From a methodological standpoint, early studies on productivity losses relied primar-
ily on linear regression models and cost-of-illness approaches [25,26]. While informative,
these methods are vulnerable to confounding and model misspecification, particularly in
observational health data characterized by high dimensionality and nonlinear relationships.

More recent research has incorporated machine learning techniques to improve pre-
dictive accuracy and variable selection, including Random Forest, Gradient Boosting, and
regularized regressions [27-30]. However, purely predictive models are insufficient to
establish conditional effects, as they do not explicitly address endogeneity or selection bias.

To address these limitations, causal machine learning frameworks such as DML have
been proposed, which combine flexible prediction models with orthogonalization principles
to estimate causal parameters consistently in high-dimensional settings [10]. Applications
of DML in labor economics and health economics have shown its robustness in isolating
treatment effects where randomized experiments are infeasible [31].

2.5. Conceptual Framework and Endogeneity in Health Economics

Following Grossman’s health capital model, health is conceptualized as a durable
capital stock that determines an individual’s total productive time in both market and
non-market activities. When an individual suffers from an NCD, health capital depreciates
rapidly, reducing functional capacity and generating indirect economic costs through absen-
teeism and presenteeism. Estimating this effect in observational data, however, faces severe
endogeneity and selection biases (D - X — Y). Traditional parametric models (OLS or
Logistic regressions) enforce linear or log-linear constraints, creating a ‘functional misspeci-
fication trap” when dealing with complex, non-linear interactions between income, dietary
spending, and health shocks. Double Machine Learning overcomes this limitation by
employing non-parametric nuisance functions (g(X) and m(X)) combined with Neyman-
orthogonalization, effectively purging the treatment parameter from high-dimensional
confounding without imposing arbitrary functional forms.
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2.6. Research Gaps and Contribution of the Study

Despite the expanding literature on NCDs and their implications for human capital
and labor outcomes, several gaps remain. First, empirical evidence for middle-income coun-
tries is still limited, particularly when using nationally representative microdata. Second,
relatively few studies integrate advanced machine learning techniques with causal infer-
ence frameworks to quantify the effects of NCDs on individual economic outcomes. Third,
the heterogeneous effects associated with chronic versus non-chronic NCD conditions
within the working-age population remain underexplored.

This study contributes to the literature by addressing these gaps through the applica-
tion of Double Machine Learning to ENIGH 2022 microdata, enabling a robust estimation of
the conditional effect of NCDs on labor productivity in Mexico. By integrating perspectives
from human capital theory, health epidemiology, and causal machine learning, the analysis
provides evidence that is relevant for understanding how health conditions interact with
socioeconomic factors to shape individual outcomes. These findings offer insights that may
inform public health policies and development-oriented strategies to improve population
well-being and the effective utilization of human capital in developing countries.

3. Materials and Methods
3.1. Sample Description

This study employs an observational, cross-sectional design to estimate the condi-
tional estimate of NCDs on labor productivity in Mexico. The analysis corresponds to the
year 2022 and targets the economically active population (EAP). Given the non-random
nature of health conditions and the presence of multiple socioeconomic and demographic
confounders, a causal inference framework based on DML was employed.

The methodological strategy is structured in sequential stages: data preparation
and harmonization, descriptive and comparative analysis, predictive modeling using
machine learning techniques, causal estimation via DML, and economic valuation of
productivity losses. This workflow ensures consistency between exploratory, predictive,
and inferential components of the analysis, following best practices in applied causal
machine learning [10,31].

The primary data source is the National Survey of Household Income and Expen-
diture (ENIGH) 2022, conducted by the National Institute of Statistics and Geography
(INEGI) [9]. ENIGH is a national and state-representative household survey that provides
detailed information on income, labor participation, health conditions, expenditures, and
sociodemographic characteristics.

The analytical sample was restricted to individuals classified as economically active
and currently employed. Survey expansion factors were incorporated throughout the
analysis to preserve population representativeness [32].

Although the unit of analysis is the individual, selected household-level variables,
such as expenditure patterns and food consumption, were imputed at the individual
level, given their relevance for health and productivity outcomes. The sample selection
pipeline follows a rigorous multi-stage attrition process (see the Sample Selection Flowchart
in Figure 1). Starting from the raw individual pool of N = 530, 603 records in ENIGH
2022, we restrict the sample to working-age adults (20-64 years), yielding 168,412 indi-
viduals. Filtering for the occupied Economically Active Population (EAP, S = 1) isolates
62,154 observations. Excluding records with zero labor income, extreme working hours
(>98 h/week), and missing values across the covariate set results in a final analytical sample
of N = 57,182 observations representing 23.4 million employed workers nationally when
applying INEGI expansion factors.
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(n =362,191)

3 Exclusion by Age Criteria:
Raw ENIGH 2022 Microdata Pool
( N = 530,603 observations }——’[ Under 20 and over 64 years old

A 4

Exclusion by Employment Status:
Working-Age Population (20-64 years) B a)rl-|d o:enyunemployed
N = 168,412 observations (n = 106,258)

N = 62,154 observations + Atypical weekly hours (>98 hrs/week)
(n=3,833)

| Exclusion by Outliers & Inconsistencies:
C)ccupied Economically Active Population (S = 19__ * Null or zero labor income

Y

Labor Inconsistencies & Outliers Filter LS PR ce sy LSl e G B

; * Incomplete records across covariates (X)
N = 58,321 observations (n=1,139)

"

Final Regularized Analytical Sample
N = 57,182 observations
( )

Represents 23.85M weighted workers

Figure 1. Sample selection flowchart.

Selection into Employment Bias (S = 1): Because our sample is restricted to employed
individuals, an employment selection mechanism exists (D — S < X). If severe NCDs
force individuals out of the labor force entirely (disability or unemployment), our estimates
evaluate the Average Treatment Effect conditional on employment (ATE | S = 1). Econo-
metrically, this implies that our calculated productivity penalty represents a conservative
lower bound of the total societal economic burden of NCDs.

3.2. Variables Definition

Labor Productivity Operationalization (Y;): To ensure strict temporal alignment, all
monetary and labor supply variables were standardized to an hourly basis. Monthly labor
earnings (I;, deflated pesos) were divided by weekly hours worked (H;) multiplied by
4.2 weeks:

yraw _ f
! 4.2 x H;

To correct severe right-skewness and stabilize residual variance, the log-transformed
hourly wage log(Y;) was specified as the primary outcome variable, allowing parameter 6
to be interpreted as a percentage semi-elasticity. This specification aligns with standard
economic measures of individual productivity and allows comparability across workers
with heterogeneous labor supply [7,33].

Treatment Variable Operationalization (D;): D; is a binary indicator (1 = presence of NCD,
0 = otherwise), constructed from ENIGH health expenditure keys corresponding to regular
purchases of specialized medications and clinical monitoring for Diabetes Mellitus, Systemic
Arterial Hypertension, Cardiovascular conditions, and Oncological diseases. Pooling these
conditions into a unified indicator is necessary to guarantee a dense common support region
across propensity scores m(X;).

A secondary stratification distinguishes individuals with NCDs accompanied by
chronic complications from those without chronic complications, allowing the descriptive
examination of productivity heterogeneity and the assessment of sensitivity to the presen-
teeism adjustment. Among individuals classified as having an NCD, chronic-complication
status was defined as the presence of at least two observable indicators: health-related
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expenditure, medical-service utilization, and self-reported health-related work interference.
This operational definition represents a survey-based proxy for sustained disease burden.

Covariate Justification & Directed Acyclic Graph (DAG): To avoid collider and post-
treatment biases, the high-dimensional vector X; was structured according to a Directed
Acyclic Graph (DAG) (see Figure 2).

Blocks all confounding backdoor paths (D <- X -> Y) under Conditional Independence Assumption (CIA)

X_Demog

-
(%]

X_Habits

Y

X_Socio

Variable Role Treatment (NCD) Outcome (Productivity) Confounders / Selection

Figure 2. Directed Acyclic Graph (DAG) for NCD productivity penalty identification.

Covariates such as health expenditures and food consumption profiles are included as
baseline proxies for household financial capacity to pay and pre-existing structural vulner-
ability rather than post-treatment mediators. The DAG confirms that conditioning on X;
blocks all confounding backdoor paths (D < X — Y') without opening collider pathways.
The vector of control variables X; includes demographic characteristics, socioeconomic
indicators, health-related factors, labor attributes, and dietary expenditure variables. This
high-dimensional covariate set is essential to mitigate confounding bias and reflects the
multidimensional determinants of productivity documented in the literature [9,11].

Although disease-specific effects may differ, separate DML estimates were not con-
ducted because the ENIGH expenditure-based indicators are neither clinically validated
nor mutually exclusive, and some disease-specific groups provide limited common support.
Consequently, the estimated parameter represents the average conditional productivity
penalty associated with the composite NCD indicator and should not be interpreted as a
disease-specific effect.

3.3. Machine Learning Models
The partially linear Double Machine Learning model is specified as [10]:

Y; = GDj+g(Xi) +€ir E[gl | DirXi] =0
D; =m(X;) +vi, E[v; | Xi] =0

where ¢(X;) = E[Y; | X;] is the outcome nuisance function, and m(X;) = E[D; | X;| is the
treatment propensity score. To achieve robustness against first-order estimation errors in g
and 71, we solve the Neyman-orthogonal score function:

Y(W;;0,m) = (Y; — 0D; — g(X;))(D; — m(X;))
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The exact step-by-step computational procedure and cross-fitting architecture are
formalized in Algorithm 1.

Algorithm 1. Cross-Fitted Partially Linear Double Machine Learning Estimation

1: Input: Observational microdata Y;, D;, Xz-il\il, Folds K = 5, Nuisance Learners Lg, Ly,.
2: Randomly partition sample index 1,...,N into K disjoint subsets (I3, ..., Ix) of

equal size.

3: Fork=1to K do:

4: Construct training set Iy = 1,..., N [; and evaluation set ;.

5: Train outcome model g (X) = Lg(Y, X) using I{ via grid-searched tuning.
6: Train treatment model 771y (X) = Ly (D, X) using I} via grid-searched tuning.
7: For each individual 7 in I; do:

8: Compute outcome residual: {; = Y; — g (X;).

9: Compute treatment residual: U; = D; — g (X;).

10: End For

11: End For

12: Compute unadjusted debiased causal parameter:
~ \1 o~
6= (/NZN 0w)  (1/NEY, 6
13: Compute presenteeism efficiency-adjusted labor vector: H = 0 x H/bs for chronic
cases (0* = 0.8125).
14: Re-evaluate orthogonal parameter to obtain final conditional penalty 0 = —11.44.

15: Output: Debiased treatment effect 0, asymptotic standard errors, and
confidence intervals.

Cross-Fitting Protocol & Hyperparameter Tuning: A 5-fold cross-fitting procedure
(K = 5) was implemented to eliminate overfitting bias. Hyperparameters were optimized
via randomized grid search over out-of-sample folds (Figure 3). For Random Forest, the
search grid evaluated ntree € [300,500,695,1000], mtry € [4,6,10], and min.node.size
€ [5,10,15]. For XGBoost, tuning covered learning rate # € [0.01,0.05,0.1], max depth
€ [3,6,9], and subsample € [0.7,0.8,1.0]. Standard errors for 8 were calculated using
asymptotic variance based on Neyman orthogonal scores [34-36].

Double Machine Learning 5-Fold Cross-Fitting Protocol (Neyman Orthogonalization)
Prevents overfitting bias through strict out-of-sample partition for nuisance functions g(X) and m(X)

o

1..5)

o

N w

Causal Estimator Iteration (k

4 5

3
Full Sample Partition Block (K = 5)
Subset Role in Iteration: [l Nuisance Learner Training (g, m) [l Orthogonal Residual Evaluation (k)

Figure 3. DML 5-fold Cross-Fitting Protocol (Neyman Orthogonalization).
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Separation of Nuisance Performance & Overlap: The predictive performance of nui-
sance models was evaluated independently: the propensity model m(X;) achieved an
accuracy ranged from 70.46% to 72.69%, while the outcome model g(X;) achieved an
RMSE ranged from 0.4714 to 0.5324. Propensity score overlap statistics confirmed dense
common support between treated and control groups, bounded within the empirical
range [0.08,0.89].

3.4. Presenteeism Calibration & Sensitivity Analysis

Because household surveys like ENIGH lack direct clinical presenteeism instruments
(e.g., WLQ), presenteeism is modeled as a latent continuous efficiency constraint on working
hours. The effective efficiency-adjusted labor supply vector is defined as H;' = 6; x Hl?’bs,
where 6; = 1 for healthy workers and 6; = 68* < 1 for workers with chronic complications.
The friction parameter 6* was calibrated via an engineering-reversal loss function mini-
mizing the divergence between the adjusted DML penalty and external clinical efficiency
loss benchmarks:

~ 2
0* =arg min |6 0) — 6
gGe [0.60,1.00] H DML( ) benchmark ”

Unidimensional optimization yielded an optimal parameter of 6* = 08125, rep-
resenting a 18.75% loss in effective hourly productivity among chronic workers. To
test robustness, sensitivity analysis was performed across a grid of friction values
6 € [0.60,0.70,0.73,0.80,0.90, 1.00].

3.5. Economic Valuation of Aggregate Productivity Losses

The aggregate national productivity loss was computed by scaling individual debiased
hourly earnings gaps using INEGI expansion factors (f;) and reported weekly hours (H;)
projected over 52 weeks:

Nnep , N
Total Annual Burden = Z (Yi,NoNCD — Yi,NCD) x H;j x fi x 52
i=1

where (?,»/N(,NCD — ﬁ/NCD) represents the individual debiased hourly productivity penalty
derived from DML. Expressing this aggregate burden as a percentage of national GDP
serves strictly as a static monetary benchmark to contextualize scale, rather than implying
a dynamic macroeconomic growth contraction model.

All analyses were conducted using R version 4.4.3 (R Foundation for Statistical Com-
puting, Vienna, Austria). The main R packages used were randomForest (version 4.7.1.2),
ranger (version 0.17.0), xgboost (version 1.7.10.1), caret (version 7.0.1), DoubleML (version
1.0.2), DALEX (version 2.4.3), and lavaan (version 0.6.19). Computations were performed
on a Windows 11 operating system using an Intel Core i7 processor, 64 GB of RAM, and an
NVIDIA GeForce RTX 3080 GPU.

4. Results

The empirical analysis was conducted using microdata from the National Survey
of Household Income and Expenditure (ENIGH) 2022. After applying data cleaning
procedures and restricting the sample to individuals belonging to the economically active
population, the final dataset consisted of 57,182 observations. When applying the expansion
factors provided by INEG]I, this sample represents approximately 23.4 million employed
individuals at the national level.

Individual labor productivity was approximated as labor income per hour worked per
week. To mitigate skewness and reduce the influence of extreme values, productivity was
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transformed using the natural logarithm, improving the stability of the estimated models
and aligning with official methodological recommendations [33].

4.1. Descriptive Differences in Productivity Between Individuals with and Without NCDs

The first set of results focuses on descriptive differences in labor productivity according
to the presence of NCDs. Measures of central tendency and dispersion suggest differences
between individuals affected by these conditions and those without them.

Among individuals without such conditions, average productivity reached 112 Mexi-
can pesos per hour worked, with a median of 88 pesos. In contrast, affected individuals
exhibited a lower average productivity of 101 pesos per hour and a median of 76.2 pe-
sos. Additionally, the productivity distribution among these workers shows a higher
concentration of observations at lower productivity levels.

These differences are visually illustrated in Figure 4, which compares productivity
distributions across both groups. The figure shows that the distribution corresponding to
affected individuals is shifted to the left, indicating a consistent reduction in hourly labor
income associated with these health conditions.

300

200

100 -

Productivity (prod,)

o
1

-100

0 1
NCD (0: No disease, 1: With disease)

Figure 4. Comparison of labor productivity between workers with and without NCDs.

To formally evaluate whether these observed differences are statistically significant,
a Welch’s t-test was applied due to heterogeneity in variances across groups (Table 1).
The results confirm that the difference in mean productivity is significant. The estimated
95% confidence interval for the difference ranges from 9.75 to 12.47 pesos per hour, with a
p-value below 2.2 x 10716,

Table 1. Welch t-test results for difference in mean hourly productivity between groups.

Grou Sample Size Prolt\i/{le;?vit Congﬁsd/znce Welch Degrees of p-Value Dilf\;[:rzrrllce
P (N) 4 t-Statistic Freedom (df) (Difference) o
(pesos/hour) Interval (95% CI)
NCD (D = 0) 19,249 112 [111,113] 15.978 37,097 <22 x 10 [9.75-12.47]
With NCD
(D=1) 37,933 101 [99.9,101] - -- -- --

Source: Authors’ elaboration based on ENIGH 2022.
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These descriptive findings provide initial evidence that NCDs are associated with
lower labor productivity. However, the presence of non-normal distributions and ex-
treme values highlights the need for more robust analytical approaches beyond simple
mean comparisons.

4.2. Productivity Heterogeneity by Chronic Condition

To further explore heterogeneity within the population affected by NCDs, individuals
were classified into three subgroups: those without such conditions, those diagnosed
without chronic complications, and those with chronic conditions. The distribution of
these groups is presented in Figure 5. Most affected individuals belong to the non-chronic
subgroup, while those with chronic conditions represent a smaller share of the sample.

Descriptive analysis of adjusted productivity reveals important differences across
these subgroups. Individuals without NCDs display an average productivity of 112, a
median of 88, and an interquartile range (IQR) from 54.7 to 143. Individuals with NCDs
but without chronic conditions exhibit the lowest average productivity (99.7), a median of
75, and an IQR from 46.3 to 125.

Econometric examination reveals that this result is driven by an asymmetric measure-
ment error in the denominator (hours worked). Chronic status forces a severe contraction
in weekly hours worked (H; — 0) due to medical leaves and physical incapacity. However,
because monthly earnings (I;) are stabilized in the short term by formal labor rigidities or
fixed contract terms, the ratio I;/ H; becomes mechanically inflated. Pooling this group in a
naive baseline model introduces severe attenuation bias. Separating them and applying
our presenteeism adjustment factor (6* = 0.8125) resolves this distortion. In the presence
of chronic conditions, individuals may reduce their reported working hours due to medical
care, health limitations, or reduced work intensity. When income does not decrease propor-
tionally to hours worked, the income-per-hour ratio may increase, generating an apparent
rise in measured productivity.

1500
§, 1000
'5 Group
2 B Noneo
.“? E NCD, no chronic condition
§ E NCD, chronic condition
g 500
o

0
No NCD NCD without chronic condition NCD with chronic condition
Group

Figure 5. Productivity distribution by health status subgroup. Source: Authors’ elaboration based on
ENIGH 2022.

This pattern is consistent with presenteeism, where individuals remain employed
despite illness, but their performance is less effective. Under these conditions, the produc-
tivity indicator based on income per hour may not fully capture actual work capacity or
output but rather reflects a measurement effect driven by reduced hours.
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To further examine these differences, normality tests, including the Anderson-Darling
test, indicate that working hours do not follow a normal distribution. Complementary visual
(boxplots and density plots) and statistical analyses were conducted, including ANOVA and
post-hoc Tukey tests. The ANOVA results confirm statistically significant differences across
groups (F=179.3,p <2 x 10716).

Post-hoc comparisons show that individuals with NCDs without chronic conditions
have significantly lower productivity than individuals without NCDs (—12.08). In con-
trast, the group with NCDs and chronic conditions exhibits higher measured productivity
compared to both the non-NCD group (+5.14) and the non-chronic NCD group (+17.23).

Taken together, these findings suggest that chronic conditions introduce distortions
in productivity measurement linked to presenteeism and reduced working hours, rather
than reflecting genuine increases in effective productivity. This highlights the need for
complementary analytical approaches that explicitly account for these mechanisms to
better capture the underlying relationship between NCDs and labor productivity. Accord-
ingly, the subsequent analysis incorporates additional methods designed to isolate the
conditional effect of NCDs while addressing the measurement challenges identified in the
descriptive results.

4.3. Causal Estimation Using Double Machine Learning

To estimate the conditional effect of NCDs on labor productivity while accounting
for high-dimensional confounding, a DML framework was implemented following the
partially linear model proposed by Chernozhukov [10]. The model can be expressed as:

Y; =0D; +g(Xi) +¢

where Y; denotes labor productivity (measured as labor income per hour worked), D;
is the treatment variable indicating the presence of NCDs, and X; is a high-dimensional
vector of covariates capturing socio-demographic, behavioral, health, and economic charac-
teristics. The parameter of interest, 6, represents the average conditional effect of NCDs
on productivity.

The DML approach relies on the estimation of two auxiliary functions: the outcome
model g(X;) and the treatment model m(X;) = E[D;|X;], both of which are estimated using
machine learning algorithms. The final estimator is obtained via an orthogonalization
procedure that reduces sensitivity to estimation errors in the nuisance functions, thereby
improving robustness in high-dimensional settings.

Given the measurement distortions associated with chronic conditions identified in
the descriptive analysis, individuals classified as having NCDs with chronic complications
were excluded from the baseline causal estimation. As a result, the treatment variable
D; captures the presence of NCDs without chronic-related measurement bias.

Accordingly, variables explicitly identifying chronic conditions are not included
as covariates in the baseline DML specification. Instead, chronic conditions are an-
alyzed separately in a complementary framework to assess their specific impact on
productivity measurement.

A comprehensive set of individual-level covariates was included in X;, covering socio-
demographic characteristics (sex, age), behavioral factors (food consumption, smoking),
health indicators (BMI), and economic variables (health expenditure, catastrophic health ex-
penditure, income quintile, and region). These variables, described in Table 2, were defined
to ensure consistency with ENSANUT, facilitating comparability with epidemiological
evidence and previous structural modeling approaches.
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Table 2. Covariates included in the DML analysis.

Variable

Measurement

Relevance for the Analysis

Food consumption

Weekly expenditure in pesos allocated to
cereals, meat, fish, milk, eggs, oils and fats,
vegetables, fruits, sugar, and
sugar-sweetened beverages.

Allows the estimation of dietary patterns and
nutritional intake, as well as the share of
household expenditure devoted to food, which
serves as a proxy for socioeconomic status.

Binary variable: 1 = smoker,

Risk factor associated with non-communicable

Smoking 0 = non-smoker. diseases (NCDs) and health-related expenditure.

Weekly exPenchtmje 11 pesos rePorted for Indicates the economic effort devoted to health

. medical services, medications, . . . .
Health expenditure R care and is used to identify catastrophic
hospitalizations, and .
. . health expenditure.
outpatient consultations.

Category according to Body Mass Index

Weight (BMI category) (BMI): Normal: Allows classification of health risks associated
& sory BMI < 25; Overweight: 25 < BMI < 30; with nutrition and obesity.
Obesity: BMI > 30.
Sociodemographic variable that captures
Sex Male/Female. gender differences in health outcomes,
consumption patterns, and risk exposure.
Risk factor and determinant of health
Age Completed years of age. expenditure and the prevalence of
chronic conditions.
Binary variable: 1 = incurs catastrophic
expenditure, 0 = does not incur

Catastrophic health catastrophic expenditure. ENIGH/WHO Measures financial pressure caused by health

expenditure (CHE)

criterion: out-of-pocket health
expenditure >30% of household capacity
to pay (capacity to pay = total
expenditure — food expenditure).

expenditures and household
economic vulnerability.

Income quintile

Ordinal classification into five equally sized
groups based on total current household
income per capita. Quintile 1 = lowest;
Quintile 5 = highest.

Captures income inequality and enables
segmentation of individuals by income level
for welfare comparisons.

Federal state

Factor variable representing the 32 federal
states of Mexico.

Identifies the individual’s state of residence,
capturing regional heterogeneity in economic
and health conditions.

Source: Authors’ elaboration based on ENIGH 2022.

Within the DML framework, Random Forest algorithms were used to estimate both the out-

come and treatment equations. Model performance was evaluated using the root mean squared
error (RMSE), and several machine learning algorithms were compared, including Random
Forest, XGBoost, SVM, linear regression, and KINN, as reflected in Table 3. Hyperparameters for
Random Forest were optimized through a limited randomized search.

Random Forest achieved the lowest RMSE (0.4714), indicating superior predictive
performance. Across all models, NCDs were consistently associated with a negative
productivity effect.

Using the optimized Random Forest model (695 trees, 10 variables per split, minimum
node size of 10), the estimated average productivity reduction associated with NCDs
was —9.49%. When individuals with chronic NCDs were excluded, the estimated effect
slightly increased to —9.54%, suggesting that chronic cases introduce attenuation bias in

naive estimates.
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Table 3. DML performance by the machine learning algorithm. Percentage effects and confidence
intervals were calculated as 100[exp (@) — 1]. Standard errors are reported in percentage points using
the delta method. p-values correspond to the original DML coefficient estimates. Out-of-sample
RMSE is reported on the scale of the modeled outcome.

Base Nuisance Estimated Standard 95% Confidence = Out-of-Sample  Treatment Model
Learner Penalty (%) Error p-Value Interval RMSE Accuracy (%)

Random Forest —9.490 0.476 39 x 10780 [-10.418, —8.552] 0.4714 73.58

XGBoost —8.585 0.486 72x107%  [-9.533, —7.626] 0.4732 72.69

SVM —8.674 0.469 54 x 10770 [-9.587, —7.751] 0.5248 72.25

KNN —9.270 0.486 1.3 x 10773 [-10.218, —8.311] 0.5324 70.46

Source: Authors’ elaboration based on ENIGH 2022. Analytical Sample (N = 57,182).

4.4. Presenteeism Adjustment and Total Productivity Effect

To explicitly address the bias generated by presenteeism among individuals with
chronic conditions, an adjustment procedure was implemented. Let P,.¢ denote average
hourly productivity for individuals without NCDs and let é represent the causal penalty
estimated via DML (Table 4). Productivity for individuals with NCDs is defined as:

Pnep = (1 —|—5) X Pref

Table 4. Estimated impact of NCDs on adjusted productivity (DML models).

95% Confidence Out-of-Sample

DML Specification Average Penalty (%)  Standard Error p-Value Interval RMSE

Baseline Model (Without —9.490 0.476 3.9 x 10-80 [—10.418, —8.552] 0.4714
Adjustment)

Presenteeism-Adjusted —11.44 1.582 103 x 1011 [—14.593, —8.398] 0.3838

Model (6* = 0.8125)

Source: Authors’ elaboration based on ENIGH 2022.

For individuals with NCDs and chronic conditions, a presenteeism coefficient
6 € (0,1] is introduced:
Pncpyer = 0 X Pycp

Adjusted productivity was recalculated by penalizing reported working hours:
g income;
" 4 x hours?
with
6 {0 x hours;, if chronic condition present
hours] =

hours;, otherwise

The optimal value of 6 was estimated by minimizing:

p 2
6* = arg min (B(0) — px*
,min, (B(6) )
Unidimensional loss minimization yielded an optimal presenteeism parameter of
6" = 0.8125. After incorporating this presenteeism adjustment, the conditional productivity
penalty reached -11.44 points (p = 1.03 x 10711, 95% CI: [-14.59, -8.40]) under optimal
cross-fitted DML.

https:/ /doi.org/10.3390/app16157621


https://doi.org/10.3390/app16157621

Appl. Sci. 2026, 16, 7621

15 of 19

4.5. Economic Cost of Productivity Loss

Building on the causal estimates obtained through the Double Machine Learning
framework, the ENIGH 2022 data were also used to quantify the aggregate economic
burden associated with productivity losses attributable to NCDs in Mexico. In this study,
labor productivity was defined as labor income per hour worked per week, which serves
as a monetary proxy of how efficiently individuals transform labor time into labor earn-
ings. Unlike descriptive comparisons, the economic cost estimation was grounded in the
conditional effect of NCD status on productivity, which helps avoid underestimation or
overestimation derived from simple mean differences that do not adjust for confounding.

The DML results indicated that NCDs are associated with a proportional productivity
reduction of —11.44% after incorporating presenteeism adjustment. Interpreted in the
original scale, this effect implies a meaningful reduction in hourly productivity. Specifically,
mean productivity among workers without NCDs was estimated at 111.77 pesos per hour,
whereas for workers with NCDs it decreased to 98.97 pesos per hour, yielding an average
productivity loss of 12.8 pesos per hour worked. This hourly gap constitutes the central
parameter for translating the conditional effect into an aggregate economic cost.

A key advantage of the ENIGH dataset is that it includes survey expansion factors
that allow results to be extrapolated from the sample to the national employed population.
Accordingly, the estimation incorporated both (i) the average weekly hours worked and
(ii) the population weight of workers with NCDs derived from the expansion factor. This
ensures that the resulting monetary estimate reflects the population scale rather than only
the sample scale.

Formally, the total annual productivity cost attributable to NCDs was computed as:

MENT _
Total Annual Cost = Z [YnoNCD — YNCT] X hj x fi x 52
i=1

where Yyonep — Yner is the average difference in hourly productivity (pesos/hour), k;
represents the weekly hours worked by an individual i, f; is the ENIGH expansion factor
associated with each observation, and nycp denotes the number of individuals with
NCDs in the analytical sample. In simplified terms, the expression can be interpreted as
multiplying the average hourly productivity gap by the average weekly hours worked, the
weighted number of workers affected by NCDs, and the number of weeks per year.

An aggregate national economic loss among the employed population estimated at
497 billion pesos annually (IC 95% [374, 633]) attributable to NCD productivity penalties.
To contextualize scale, this loss represents a significant share of public health allocations.
Expressing this figure relative to national aggregates (such as GDP) functions strictly as
a static monetary benchmark to illustrate the financial magnitude of health frictions in
the labor market, rather than implying a dynamic macroeconomic growth contraction.
This estimate captures indirect economic losses associated with lifestyle factors, presen-
teeism dynamics, and health-related constraints affecting labor outcomes among workers
with NCDs.

The magnitude of these estimated productivity losses can be better understood when
contextualized relative to major national aggregates. Based on Mexico’s Gross Domes-
tic Product (GDP) for 2022, estimated at approximately 29.45 trillion pesos [37], the cal-
culated productivity loss corresponds to roughly 1.68% of GDP. This comparison is in-
tended to provide an order-of-magnitude reference, rather than to imply a direct effect on
macroeconomic growth.

A similar perspective emerges when comparing these losses to public health expendi-
ture. In 2022, total public spending on health was approximately 1.5 trillion pesos (around
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5.1% of GDP, [37]). Under this comparison, the productivity loss attributable to NCDs rep-
resents nearly one-third of total annual public health expenditure, highlighting that indirect
economic costs tied to reduced productivity can be of the same order of magnitude as fiscal
resources allocated to financing the health system. This comparison is particularly relevant
because it reveals a policy paradox: while the state and institutions allocate substantial
resources to treat and manage NCDs, the economy simultaneously absorbs an even larger
cost through productivity not realized.

In addition, the estimated annual loss of approximately 496 billion pesos is of a similar
order of magnitude to the annual budgets of major public health institutions, such as
the Mexican Social Security Institute (IMSS) and the federal Ministry of Health, based on
figures reported in the Federal Expenditure Budget [38,39]. This comparison serves to
contextualize the magnitude of productivity differences associated with NCDs within the
broader allocation of public resources.

Importantly, this estimate is methodologically more rigorous than traditional ap-
proaches based on unadjusted mean differences because it is grounded in causal inference.
By relying on an Average Treatment Effect (ATE) estimated through DML, the analysis
accounts for individual heterogeneity and adjusts simultaneously for multiple confounding
factors that jointly shape both health status and labor outcomes. In contrast, purely descrip-
tive methods may conflate the effect of NCDs with correlated socioeconomic characteristics,
labor market segmentation, or behavioral risk profiles.

5. Conclusions

This study provides empirical evidence on the conditional labor productivity penalty
associated with NCDs among employed workers in Mexico. By integrating Double Machine
Learning with high-dimensional household survey data (ENIGH 2022), the analysis isolates
a statistically significant conditional earnings penalty of —11.44 points (p = 1.03 x 10~11),
translating into an aggregate national loss of 496.82 billion pesos annually.

Grounded in the Conditional Independence Assumption (CIA), these findings rep-
resent robust conditional associations under high-dimensional adjustment rather than
experimental structural parameters. Nevertheless, they provide critical empirical bench-
marks for occupational health policies.

These findings indicate that productivity differences associated with NCDs are eco-
nomically meaningful at the individual level and substantial when aggregated. To provide
context, the magnitude of these losses is comparable to selected national aggregates, such
as a significant share of total public health expenditure. These comparisons are intended
to illustrate the order of magnitude of the estimated losses, rather than to imply a direct
impact on macroeconomic growth. Overall, the results highlight the relevance of prevention
and health promotion strategies as mechanisms to improve population well-being and the
effective utilization of human capital.

A key contribution of this study lies in its exploration of heterogeneity within the popu-
lation affected by NCDs. The results reveal that individuals with NCDs but without chronic
complications experience the largest productivity penalties, whereas those with chronic
conditions appear to exhibit attenuated losses, likely driven by presenteeism and labor
adjustment mechanisms. By explicitly modeling this phenomenon and introducing a cali-
brated presenteeism adjustment, the study offers a more realistic and conservative estimate
of the productivity costs of NCDs. This highlights the importance of accounting for behav-
ioral and labor market responses when evaluating health-related productivity outcomes.

From a methodological standpoint, this research contributes to the growing literature
on the application of causal machine learning in health economics, particularly in low-
and middle-income country settings where randomized evidence is often unavailable.
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The use of DML combined with ensemble learning algorithms such as Random Forests
demonstrates the feasibility and advantages of integrating predictive accuracy with causal
interpretability. This approach reduces sensitivity to model misspecification and allows for
more credible policy-relevant inference in observational datasets.

Policy Implications & Cost-Effectiveness: The findings highlight the urgent need to
transition from passive curative healthcare to proactive workplace health interventions. For
the formal sector, expanding targeted workplace health screenings under the NOM-035-STPS-
2018 regulatory framework offers a cost-effective mechanism to detect hypertension and
pre-diabetes early, preserving functional work capacity before severe presenteeism occurs [40].
For the informal sector—which accounts for over 50% of Mexico’s PEA—community-based
primary prevention and subsidized chronic medication access represent high-return public
investments that prevent severe labor supply contractions.

Limitations: This study faces four main limitations. First, the ENIGH survey is
cross-sectional, preventing the tracking of dynamic individual productivity trajectories
over time. Second, NCD status is identified through expenditure and self-reported health
keys rather than direct clinical biomarkers (unlike ENSANUT), which may introduce
minor classification noise. Third, because the sample is restricted to active workers (S =
1), individuals forced out of the labor force by severe disability are excluded, making
our national loss estimate (496.82 billion pesos) a conservative lower bound of the total
economic burden. Lastly, the study did not estimate disease-specific or demographic-
specific DML effects by sex, age, income quintile, or geographic region. Future research
could extend the present framework using subgroup-specific models or heterogeneous
treatment-effect methods, provided that sufficient sample size and common support are
available within each subgroup.
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Abbreviations

The following abbreviations are used in this manuscript

NCD  Non-Communicable Diseases
DML  Double Machine Learning
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IOR Interquartile Range

RMSE  Root Mean Squared Error

SVM  Support Vector Machine

KNN  K-Nearest Neighbors

EAP Economically Active Population
ATE Average Treatment Effect

CHE  Catastrophic health expenditure
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