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Investigating the causal effect of deforestation on infant health

through soil characteristics: a comparison of traditional and machine

learning mediation analysis using simulated and real data

ABSTRACT

Deforestation is a global threat that impacts the environment and biodiversity in

several ways. Recently, some scholars’ started investigating how deforestation affects

human health. This paper aims to assess the causal effect of deforestation on infant

health in Nigeria, evaluating the mediating role of soil characteristics. We analyse

data relative to thousands of Nigerian children collected in 2008 and 2013 using

two mediation analysis approaches: a traditional, regression-based approach, and a

machine learning one. Given the novelty of the latter, the first part of the paper

is devoted to illustrating the two approaches and comparing their performances in

terms of estimates’ bias and coverage rates through a simulation study. The second

part of the work focuses on the analysis of deforestation data: in particular, we

analysed the effect of deforestation on Nigerian children’s probability of suffering

from cough, dirrhea and malaria, through the pH, the organic carbon and cation

levels of soil. The results show mixed evidence of the effect of deforestation on infant

health, either because the results differ across the two approaches mainly in terms of

significance, and because the significant ones show different signs. This leaves room

for further analyses on this topic.
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1. Introduction

Deforestation is widely considered one of the major threats to the environment of our

era. Although this phenomenon has characterised and fostered human development

since ancient times, it has assumed alarming proportions in the last centuries, with

approximately 10 million of forest hectares lost per year, on average, according to the

Food and Agriculture Organisation.

The adverse effects of deforestation on the environment are well known (Chakravarty

et al., 2012; Cook et al., 1990): first, it leads to soil degradation, with a decrease in soil

organic matter, nitrogen, and other essential nutrients, resulting in lower soil fertility

and productivity (Davari et al., 2020; Hajabbasi et al., 2004; Mainville et al., 2006);

second, deforestation alters ecosystems, reducing fauna and microbial communities,
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often favouring the spread of disease vectors (Morand and Lajaunie, 2020); third, a

reduced number of trees leads both to an increase of local temperatures (Wolff et al.,

2018) and a worsening of air quality (Butt et al., 2021). All these pose a threat for hu-

man health; nonetheless, the impact of deforestation on human illnesses is less studied.

Some scholars have recently started analysing this link, focusing, for example, on the

association between forest loss and malaria incidence, see Bauhoff and Busch (2020);

MacDonald and Mordecai (2019); Pattanayak and Yasuoka (2012) and Tucker Lima

et al. (2017) for a review. Reddington et al. (2015) and Chakrabarti (2021) studied the

effect of deforestation on adult mortality in Brazil and infant mortality in Indonesia,

respectively. Two recent studies (Alimi et al., 2021; World Economic Forum, 2020)

have highlighted the association between deforestation and an increase of zoonotic

and infectious diseases like Zika and Ebola.

Berazneva and Byker (2017a) investigated the causal effect of deforestation in Nige-

ria on three infant diseases: malaria, respiratory infections and diarrhea. In this paper,

we deepen their analysis by including soil characteristics as possible mediating factors.

Although other works have included mediators to study the relationship between for-

est loss and human health, they are always subject-specific variables like women’s

time devoted to children’s care (Johnson et al., 2013) or net income Galway et al.

(2018). To the best of our knowledge, this is the first paper assessing the mediating

effects of soil characteristics. There exists a vast literature on approaches for estimat-

ing mediational effects, ranging from those that require the specification of parametric

models (Doretti et al., 2022; Imai et al., 2010a), to the more flexible ones proposing

semi/nonparametric inference (Bae et al., 2024; Roy et al., 2024; Tchetgen and Sh-

pitser, 2012), and the most recent based on machine learning (Farbmacher et al., 2022;

Wang and Huang, 2024). In this paper, we want to compare a traditional, regression-

based approach (Imai et al., 2010b; Vanderweele, 2015) and a machine-learning-based

approach (Farbmacher et al., 2022). Given the relative novelty of the latter, we run

a simulation study to compare the performance of these approaches either in single-

and multilevel scenarios. Also in this case, we are not aware of other papers carrying

out a similar analysis. Our contribution is, then, twofold: on the one hand, we provide

a methodological contribution, comparing a well-established approach to mediation
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analysis based on regression models to a novel double machine learning (DML) ap-

proach; on the other hand, we analyse data that were already studied from a novel

perspective.

The paper is structured as follows: we first provide an overview of the studies that

addressed the relationship between deforestation and human health; then, in Section

3, we discuss causal mediation analysis and the two estimation approaches, which are

compared in Section 4 through a simulation study. In the fifth section we analyse the

data, and a discussion follows.

2. Literature review

Deforestation affects most countries in the world, in particular, tropical areas: accord-

ing to the World Resources Institute (WRI), the tropics lost 3.7 million hectares in

2023 (World Resources Institute, 2024). For this reason, many studies investigating the

relationship between forest loss and human health focused on diseases widely spread in

tropical areas like malaria. Bauhoff and Busch (2020) and Estifanos et al. (2024) anal-

ysed the impact of deforestation on children’s malaria rates in Africa, using data from

different sources, among which, data from local surveys to estimate malaria prevalence

among children under 5 years and satellite data to quantify forest loss. Both studies

used multivariate statistical models to carry out the analyses, with fixed and random

effects, respectively. They do not find any significant association between deforestation

and malaria, but Estifanos et al. (2024) noted that a strong association can instead

be found within the poorest strata of the population.

Rerolle et al. (2021) and Matsumoto-Takahashi et al. (2023) focused on malaria

prevalence in the Lao People’s Democratic Republic (Lao PDR). The former carried

out a thorough spatiotemporal analysis using mixed-effect models and semiparametric

models with splines for modelling possible nonlinear temporal trends. Their results

show an increase of malaria cases in the short-term period after deforestation and a

decrease in the long-term, a theory known as “frontier malaria”. These results are

consistent with those obtained by Matsumoto-Takahashi et al. (2023), who analysed

data on deforestation and malaria from 2007 to 2015 through structural equation
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modelling in relation to climate change.

Laporta et al. (2021) investigated how deforestation affected the abundance of

anopheline infected with the main Plasmodium parasites responsible for malaria trans-

mission in 12 municipalities in four Brazilian Amazon states between 2015 and 2017:

using generalised linear models, they confirmed the frontier malaria theory. In con-

trast, Aguirre et al. (2024) used a spatial Durbin Watson model to assess direct and

spillover effects of deforestation on malaria infections in the Peruvian Amazon region,

and they found a positive effect of deforestaion on the number of new cases.

Although infectious diseases are one of the primary outcomes of interest related

to forest loss, other health outcomes have been considered as well. For example,

Fuentes Cordoba (2024) used multivariate regression analysis with clustered standard

errors to examine the effect of prenatal exposure to deforestation in Cambodia on some

children’s health outcomes, i.e. birth weight, height-for-age z-score, and weight-for-age

z-score; the findings show a negative impact on all the outcomes of interest. Santika

et al. (2023) studied the impact of forest loss in Sumatra (Indonesia) on the preva-

lence of respiratory diseases, finding that their prevalence is higher in more deforested

areas, whereas Bolton et al. (2022) performed an extensive analysis using data from

230 countries to assess the effect of deforestation on mental health, and their findings

suggest a positive association, but only in low- and middle-income countries.

Other studies suggested that the impact of deforestation on human health may be

indirect, conveyed, for example, by water quality (Ma et al., 2014), or increase of local

temperatures (Palmer, 2022), but they do not present any formal mediation analysis.

The studies mentioned so far are associational, but some scholars tried to address

the relationship between deforestation and human illnesses from a causal perspective,

leveraging either on data collected from experimental settings (Masuda et al., 2020), or

using instrumental variables on observational data (MacDonald and Mordecai, 2019).

In this paper, we will address mediation analysis within the counterfactual framework

described in the next section.
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3. Causal mediation analysis

In this section, we introduce the counterfactual framework and the two estimation

approaches towards causal mediation analysis, which will be used throughout the

paper.

3.1. Counterfactual framework

There are different ways to define the causal effect of a treatment/exposure X on a

response variable of interest Y , and one of the most widely employed frameworks is

the counterfactual one (Morgan and Winship, 2014; Pearl, 2009b; Rubin, 1974). A

counterfactual object (a sentence or a variable) involves a situation contrary to the

factual one, i.e. contrary to the one that really occurred. The causal effect of X on Y

can be defined by answering the question “Would Y have changed if X had changed?”,

or in other words, by comparing the values of Y under two different conditions of X,

i.e. two counterfactuals. For example, if X is binary, to estimate the causal effect of X

on Y , one should compare (generally via difference or ratio) the counterfactuals Y (1)

and Y (0), i.e. the values assumed by the outcome if X were set to 1 and 0, respectively.

Determining the causal effect for a single subject is not straightforward; for this

reason, many studies focus on the average causal effect (ATE), defined as ATE =

E[Yi(1)− Yi(0)] for i = 1, . . . , n subjects in a sample. It is clear that, for each subject,

just one between Y (1) and Y (0) is actually observed, while the other is missing. This

is the fundamental problem of causal inference and leads to the question about how

to estimate the ATE. It can be proved that, if the relationship between X and Y is

not affected by any unobserved confounders, formally written as Y (x) ⊥⊥ X|Z, where

Z is a set of observed confouders, the average total conditional effect is identifiable

from observed data and is equal to ATCE = E[Yi |X = 1, Z] − E[Yi |X = 0, Z], an

expression that does not involve any counterfactual quantity.

Assumption Y (x) ⊥⊥ X|Z is called conditional ignorability or exchangeability and

it holds by construction in experimental settings where X is randomised, while in

observational settings this is not guaranteed, and it is generally necessary to adjust

for a large number of confounders. See Morgan and Winship (2014); Pearl (2009b)
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Figure 1. Basic mediation model.
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and Hernán and Robins (2020) for a broader discussion on exchangeability and its

meaning.

3.2. Causal mediation and natural mediational effects

Let us now move to a mediational setting. The basic idea is that the effect of X on

Y is (at least partially) conveyed by an intermediate variable M called mediator, as

shown in Figure 1

In mediational settings, in addition to the total effect, the interest lies in two other

kinds of effects, the direct and indirect effects. The former is the part of the effect of

X on Y entirely attributable to X or, in any case, not transmitted by M (although it

can, in principle, be transmitted by other mediators), while the latter is the portion

of effect conveyed by the mediator of interest M . In the literature, several definitions

of mediational effects have been proposed, but in this paper, we focus on the oldest

and more widely spread kinds of effects, introduced by Robins and Greenland (1992),

which were called natural by Pearl (2001). Assuming a binary X, the natural direct

effect (NDE) and the natural indirect effect (NIE) on the difference scale are given by

NDE = E[Y (x,M(x))− Y (x∗,M(x))] (1)

NIE = E[Y (x,M(x))− Y (x,M(x∗))] (2)

where, for x, x∗ ∈ {0, 1}, M(x) denotes the value of the mediator if X has been set to

x, and Y (x,M(x∗)) denotes the value of the response if X has been set to x and the

mediator to the natural value it would assume under x∗.

The NDE corresponds to the X → Y path in Figure 1 and expresses the average

change in the outcome observed if the mediator were set to a fixed (counterfactual)

value, and the value of X changed from x∗ to x. Analogously, the NIE corresponds to
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Figure 2. Mediation model with unobserved confounders.
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path X →M → Y and represents the average change in the outcome if the value of X

were fixed and the mediator changed from the value it would assume in the scenario

X = x∗ to the value it would have in the scenario X = x. The sum of the NDE and

the NIE is equal to the ATE. Notice that it is implicitly assumed that the variables are

temporally ordered, i.e. the exposure precedes the mediator, which in turn precedes the

outcome. This is a key aspect of causality since it allows us to establish the direction of

relationships among variables Pearl (2009a), even in the absence of longitudinal data,

which are often more suitable to assess causal effects.

The natural direct and indirect effects can be identified under the following suffi-

cient assumptions (Imai et al., 2010b; Vanderweele, 2015): (i) No confounders of the

exposure-mediator and exposure-outcome relationships:
{
Y (x∗,m),M(x)

}
⊥⊥ X|Z =

z, (ii) No-confounders of the mediator-outcome relationship: Y (x∗,m) ⊥⊥M(x)|
{
X =

x, Z = z
}
where Z are again additional observed covariates, and it is also assumed

that P (X = x|Z = z) and P (M = m|X = x, Z = z) are both positive, ∀x,m and z.

Unobserved confounders of the exposure-mediator, exposure-outcome and mediator-

outcome relationships, like Z in Figure 2 violate both assumptions. In addition, it is

worth remarking that assumption (ii) is untestable and may be violated in different

scenarios (Andrews and Didelez, 2020), but one of the most common is in the presence

of observed exposure-induced or post-treatment mediator-outcome confounders like L

in Figure 2, i.e. confounders of the M -Y relationship affected by the exposure. See

VanderWeele et al. (2014) and Andrews and Didelez (2020) for an extensive discus-

sion.

If assumptions (i)-(ii) are satisfied, it can be proved that the nested counterfac-

tual quantity E[Y (x,M(x∗))], x, x∗ ∈ {0, 1}, x ̸= x∗, present in all effects (1)-(2), is
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identifiable and is given by

E[Y (x,M(x∗))] =
∑
m

E[Y |X = x, M = m]P (M = m |X = x∗), (3)

which is known as mediational formula (Pearl, 2012) and allows us to easily obtain

expressions for the NDE and the NIE.

3.3. Estimation procedures

Over the years, plenty of approaches to estimate natural mediational effects have been

proposed in the literature. The most widely spread rely on the specification of para-

metric models for the mediator and the outcome and the estimation of effects using

closed-form formulas, as done, for example, by Valeri and VanderWeele (2013), Doretti

et al. (2022) and Samoilenko and Lefebvre (2021) in settings with binary mediators

and/or outcomes, or by simulating counterfactuals to estimate the expectations re-

quired to obtain the NDE and the NIE (Imai et al., 2010a). Parametric approaches

present several shortcomings since, as highlighted by Tchetgen Tchetgen (2013), they

can be subject to model misspecification, leading to possibly biased estimates; in ad-

dition, even if the mediator and the outcome model are correctly specified, the use of

link functions different from identity generates expressions for natural effects which

are difficult to interpret. This induced many authors to move to more flexible esti-

mation methods, i.e. semiparametric and nonparametric approaches. Tchetgen and

Shpitser (2012) proposed semiparametric and doubly-robust estimators for natural

effects based on inverse probability weighting, which showed good properties in sim-

ulations. The flexibility of semiparametric estimation was exploited also to estimate

heterogeneous mediational effects (Kim et al., 2018), different types of model misspec-

ification (Xia and Chan, 2021) and the presence of post-treatment confounders (Sun

and Ye, 2023). Some of these approaches were extended to be fully nonparametric,

especially in the context of Bayesian inference (Bae et al., 2024; Roy et al., 2024). In

some applied contexts, the estimation of mediational effects is made more complex

by the presence of high-dimensional mediators or confounders, and the possibly com-
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plex causal structure among them, which is generally unknown. To address this issue,

some scholars proposed to combine causal mediation analysis and machine learning:

Wang and Huang (2024) combined deep neural network and penalized regression to

handle nonlinear relationships between confounders and mediators and outcome, and

high-dimensionality of mediators, respectively, while Nath et al. (2023) implemented

an iterative approach based on the estimation of high-dimensional mediation models

through machine learning, whose outputs are used in standard outcome regression

models. Farbmacher et al. (2022) proposed the estimation of mediational effects us-

ing inverse probability weighting leveraging on machine learning in the context of

high-dimensional confounders.

We will focus on the approach proposed by Imai et al. (2010a), implemented in

the R mediation package and quite spread among practitioners, and on the recent

approach discussed in Farbmacher et al. (2022).

Let us start by the approach in Imai et al. (2010b), which is based on sampling Monte

Carlo draws of Y (x,M(x∗)) through the mediator and outcome models’ predictions.

Their algorithm can be summarised in the following steps:

1. Fit models for the observed outcome and mediator.

2. Simulate model parameters from their sampling distribution.

3. Repeat the following three steps: (a) simulate the potential values of the me-

diator, (b) simulate the potential outcomes given the simulated values of the

mediator, (c) compute the causal mediation effects.

4. Compute summary statistics of interest (mean, confidence intervals) based on

the simulated effects.

In other words, the algorithm simulates nested counterfactuals based on the fitted

models for the mediator and the outcome. This approach can be extended also to

semi- and non-parametric models, by using bootstrap.
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Farbmacher et al. (2022) propose an alternative estimand for E[Y (x,M(x∗))]:

E[Y (x,M(x∗))] = E[ψ∗
x] where

ψ∗
x =

I{X = x}P (X = x|M,Z)

P (X = x|M,Z)(1− P (X = x|Z))
· (Y − E[Y |X = x,M,Z])

+
I{X = x∗}

1− P (X = x|Z)

[
E[Y |X = x,M,Z]− E

[
E[Y |X = x,M,Z]

∣∣X = x∗, Z]
]]

+ E
[
E[Y |X = x,M,Z]

∣∣X = x∗, Z
]

(4)

Denoting by W the set {Wi, 1 ≤ 1 ≤ n}, where Wi = (Xi,Mi, Yi, Zi) in an i.i.d sample

of n observations, Farbmacher et al. (2022) propose the following algorithm to estimate

E[Y (x,M(x∗))], based on K-fold cross-fitting:

1. Split W in K subsamples and, for each subsample k, denote by nk, Wk and WC
k ,

its size, the observations falling in the sample and the observations belonging to

the complement of Wk, respectively.

2. For each k, use WC
k to estimate the model parameters of P (X = x|Z) and

P (X = x|M,Z). Split WC
k into two nonoverlapping subsamples and use one to

estimate the model parameters of E[Y |X = x,M,Z] and the other to estimate

the nested conditional mean E
[
E[Y |X = x,M,Z]

∣∣X = x∗,M
]
. In W, predict

P (X = x|Z), P (X = x|M,Z),E[Y |X,M,Z] and E
[
E[Y |X = x,M,Z]

]
.

3. For each k and i in Wk estimate the score function ψ̂k∗
x,i by plugging in the

predictions obtained in the previous steps in formula (4).

4. Average the estimated ψ̂k∗
x,i over all subjects across all subsamples: ψ̂∗

x =

1
n

∑K
k=1

∑nk

i=1 ψ̂
k∗
x,i.

The main difference between the two approaches is that the former requires the spec-

ification of mediator and outcome models to simulate the potential outcomes, while

the latter relies on the estimation of propensity scores and conditional expectations.

Although this paper focuses on the approach of Imai et al. (2010b) based on parametric

models, they implemented algorithms also for semi- and nonparametric models; this

implies that a correct model specification is crucial to obtain “good” simulated poten-

tial outcome and, as a consequence, unbiased estimates of natural effects. In contrast,

in the approach proposed by Farbmacher et al. (2022), what matters is to correctly
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predict the probabilities and expectations in Equation 4; to do so, in principle, it would

be possible to use any estimation strategy, including parametric modelling. However,

it is well known that machine learning approaches are particularly suited for providing

accurate predictions, indeed, this is what Bodory and Huber (2018) implement in the

R causalweight package using lasso as machine learner, although other choices are

possible (Farbmacher et al., 2022). This suggests that the two approaches should be

equivalent in the case of correctly specified mediator and outcome models, while DML-

based mediation could be more accurate than traditional mediation if the mediator

and/or outcome models are misspecified and in case of a high number of confounders.

4. Simulation study: empirical design and results

To compare the two estimation approaches, we evaluated their performance through a

simulation study where we estimated the total, direct and indirect effects using either

regression models and machine learning, and we assessed their bias and standard error

and the coverage of confidence intervals at a 0.05 level.

4.1. Simulation design The simulation setting is similar to that in

Farbmacher et al. (2022), but presents some differences.

The mediator and the outcome were simulated in two ways: in the first case, both

from two Normal distributions with the following expectations

µM = 0.5 ·X +

4∑
k=1

βT
Zk
Zk (5)

µY = 0.5 ·X + 0.5 ·M + 0.5 ·XM +

4∑
k=1

βT
Zk
Zk, (6)

respectively, where the covariates Z are drawn from a multivariate Normal with zero

mean and identity covariance matrix, and the exposure is I(βT
Zk
Zk + ε

X
> 0) with

ε
X

from a standard Normal and I(·) being the indicator function. The β coefficients

are obtained as βk = 0.3/k2 for k = 1, . . . , 4. The specification of the mediator and

outcome expectations in (5) and (6), of X and β’s is equal to that adopted by Farb-
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macher et al. (2022) in their simulation study, although we use a smaller number of

covariates (4 vs 200). In the second case, the mediator is as before, while the outcome

is from a Bernoulli with probability of success π = logit−1(µY ), where µY is as in

(6). To make the study more complete, we also simulated the outcome from a Poisson

distribution with expectation exp(µY ), with µY as in Equation 6. The results are re-

ported in the Supplementary Material. For each setting, we generated K = 1000 data

sets with sample sizes n = 200 and 1000; each scenario took approximately 55 minutes

to run. It is worth remarking that, although our study is inspired by that of Farb-

macher et al. (2022), it differs from it in some aspects. First, we considered the case

of a Normal mediator, while the outcome was simulated first from a Normal and then

from a Bernoulli, while they used a binary mediator and a Normal outcome. Second,

we considered smaller sample sizes than Farbmacher et al. (2022), i.e. 200 and 1000,

vs 100 and 4000, respectively; finally, our aim is different, since we want to compare

the performance of DML mediation with that of the traditional regression-based ap-

proach, while Farbmacher et al. (2022) want to test their approach in high-dimensional

settings.

Since the data of our interest are multilevel, we also considered this kind of de-

sign, simulating data with a clustered structure, varying the number of clusters

nc = 20, 50, 100 and the number of subjects ns = 10, 20. Data follow a 2 → 2 → 1

design, using the notation introduced by Krull and MacKinnon (1999, 2001), i.e. the

exposure and the mediator are cluster-level (second-level) variables, while the outcome

is assessed at the subject-level (first-level). Covariates are simulated at the first level

as well, and this mimics the structure of the data, as we will see in the next section. In

particular, the exposure is I(U > 0), U ∼ N(0, 1) and the mediator and the outcome

are generated from Normal distributions with the following expectations

µMj = 0.5 ·Xj (7)

µY ij = αj + 0.5 ·Xj + 0.5 ·Mj + 0.5 ·XjMj +

4∑
k=1

βT
Zk
Zkij , (8)

where i = 1, . . . , ns, j = 1, . . . , nc denote the subject and the cluster, respectively,
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and αj is a random intercept generated from a Normal distribution with 0 mean and

σ = 0.2.

The simulations were carried out using the R statistical software (version 4.3.0),

through the packages mediation and causalweight, corresponding to the first and the

second estimation approaches discussed, respectively. Specifically, to use mediation

(Tingley et al., 2013), we first fitted the mediator and outcome models, which are

used in the package to estimate regression coefficients and use them to simulate

model parameters and the values of potential outcomes, as explained in Section 3.

The causalweight package (Bodory and Huber, 2018) divides the data into a train-

ing and a test set and uses the functions rlasso and rlassologit to estimate the

expectations in Equation 4.

Contrary to mediation, the causalweight package cannot accommodate clustered

data structures; then, we considered what happens when clusters are totally ignored

and when the cluster membership is included in the analysis as an additional covariate.

To better interpret the results, we considered only the linear case.

4.2. Results

As already mentioned, we evaluated the performance of the two estimation approaches

through the bias and the standard errors of the mediational effects, as well as the

coverage of corresponding confidence intervals. These measures are quite standard

in mediation analysis works comparing different approaches to estimate mediational

effects, since the bias allows us to measure how much the estimate diverge from the true

value of the parameter, the estimate standard errors provides a measure of variability,

informing us on the estimator precision, and the coverage rate allows us to assess if

the confidence intervals contain the true parameter a number of times consistent with

the nominal level. See, for example, the study carried out by Smith et al. (2019) to

assess the performance of khb estimators in ordinal mediation models, the simulations

conducted by Burgos Ochoa et al. (2020) to compare traditional and causal mediation

analysis in time-to-event settings, and the quite recent study by Falk et al. (2024),

who compared the performance bootstrap and Bayesian approaches for estimating

mediation effects in the context of multilevel data. Results of simulations for the first
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Table 1. Results of the simulation study where both the mediator and the outcome are generated from a

linear model, using regression-based and DML mediation to obtain mediational effects.

Regression DML
n Effect True Estimate Bias S.E. Coverage Estimate Bias S.E. Coverage

200

ATE 1.000 1.001 -0.001 0.201 0.957 0.993 0.007 0.213 0.962
NDE 0.500 0.498 0.002 0.177 0.950 0.495 0.004 0.200 0.941
NIE 0.500 0.503 -0.003 0.165 0.948 0.497 0.003 0.190 0.934

1000
ATE 1.000 1.003 -0.003 0.085 0.955 1.010 -0.009 0.085 0.953
NDE 0.500 0.503 -0.003 0.075 0.958 0.506 -0.006 0.076 0.946
NIE 0.500 0.500 0.000 0.069 0.943 0.503 -0.003 0.073 0.956

Notes: Values in bold indicate a better performance.

Table 2. Results of the simulation study where the mediator is Normally distributed and the outcome is

binary, using regression-based and DML mediation to obtain mediational effects.

Regression DML
n Effect True Estimate Bias S.E. Coverage Estimate Bias S.E. Coverage

200

ATE 0.187 0.184 0.004 0.068 0.958 0.187 0.001 0.074 0.947
NDE 0.097 0.096 0.001 0.070 0.961 0.094 0.003 0.082 0.951
NIE 0.091 0.087 0.003 0.034 0.947 0.093 -0.002 0.047 0.914

1000
ATE 0.187 0.186 0.002 0.031 0.944 0.187 0.000 0.031 0.944
NDE 0.097 0.096 0.001 0.032 0.939 0.097 0.000 0.033 0.941
NIE 0.091 0.090 0.001 0.015 0.952 0.091 0.000 0.017 0.951

Notes: Values in bold indicate a better performance.

setting, where the data do not present a clustered structure, are shown in Tables 1

and 2.

It can be noted that both approaches perform well in all scenarios. When the media-

tor and the outcome are generated from Normal distributions (Table 1), the regression-

based approach performs slightly better than DML, since the estimates are less biased

and their standard errors smaller, moreover, the coverage rates are always in line

with the nominal level 0.95. For n = 1000, the performance of the two estimation

approaches is quite similar, although the regression-based one is still slightly superior.

Moving to the nonlinear setting (2), the difference between regression-based and DML

mediation is even less pronounced. Indeed, the effects’ estimates are quite close to the

true values in both cases; when n = 200, regression outperforms DML in terms of

estimates’ standard errors and confidence intervals’ coverage rates, while for n = 1000

DML estimates show basically no bias. The standard errors and the coverage rates are

comparable across the two approaches.

Results relative to the simulation study in the setting with clustered data are re-

ported in Table 3. In all scenarios, the regression-based approach performs better than

DML, especially in terms of bias and coverage rates, which for the former are always

in line with the nominal level 0.95, while for the latter are always below, especially for
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the NIE, whose coverage rates are between 30% and 60%. DML, either considering or

not considering clusters, systematically underestimates the total and the indirect ef-

fects, and overestimates the direct effect, although both phenomena tend to attenuate

as sample size increases. Within each approach, with the same cluster sizes, there are

no remarkable differences among the results obtained with ns = 10 and ns = 20. The

standard errors of DML estimates are smaller than those of regression-based estimates,

as expected, since DML does not take into account the clustered structure of data,

and, in general, we do not note any difference between the performance of DML when

ignoring clusters and when taking them into account.



16

T
a
b
le

3
.

R
es
u
lt
s
o
f
th

e
si
m
u
la
ti
o
n
st
u
d
y
fo
r
d
a
ta

w
it
h
a
cl
u
st
er
ed

st
ru

ct
u
re
.
T
h
e
n
u
m
b
er
s
o
f
cl
u
st
er
s
a
n
d
su

b
je
ct
s
a
re

d
en

o
te
d
b
y
n
c
a
n
d
n
s
re
sp

ec
ti
v
el
y.

R
eg

re
ss
io
n
-b
a
se
d

a
n
d
D
M
L

m
ed

ia
ti
o
n
w
er
e
co

m
p
a
re
d
,
th

e
la
tt
er

ei
th

er
ex

cl
u
d
in
g
a
n
d
in
cl
u
d
in
g
cl
u
st
er

m
em

b
er
sh

ip
a
s
a
n
a
d
d
it
io
n
a
l
co
v
a
ri
a
te
.

R
eg
re
ss
io
n

D
M
L

D
M
L
w
it
h
cl
u
st
er
s

n
c

n
s

E
ff
ec
t

T
ru
e

E
st
im

at
e

B
ia
s

S
.E
.

C
ov
er
ag

e
E
st
im

at
e

B
ia
s

S
.E
.

C
ov
er
ag

e
E
st
im

a
te

B
ia
s

S
.E
.

C
ov
er
a
g
e

20

10
A
T
E

0.
99

9
1
.0
2
4

-0
.0
2
6

0.
47

8
0
.9
4
4

0.
92

1
0.
07

7
0
.1
9
4

0.
76

4
0
.9
1
5

0
.0
8
3

0
.2
0
3

0
.7
6
4

N
D
E

0.
49

9
0
.4
8
0

0
.0
1
9

0.
31

4
0
.9
7
8

0.
53

0
-0
.0
31

0
.1
9
7

0.
86

4
0
.5
4
2

-0
.0
43

0
.2
0
8

0
.8
5
3

N
IE

0.
50

0
0
.5
4
4

-0
.0
4
4

0.
54

8
0
.9
2
3

0.
39

2
-0
.0
31

0
.1
6
7

0.
60

9
0
.3
7
3

0
.1
2
7

0
.1
6
9

0
.5
9
8

20
A
T
E

0.
99

9
1
.0
1
0

-0
.0
1
2

0.
45

1
0
.9
4
8

0.
92

3
0.
07

5
0
.1
3
4

0.
63

8
0
.9
1
3

0
.0
8
6

0
.1
3
9

0
.6
4
2

N
D
E

0.
49

9
0
.4
9
7

0
.0
0
1

0.
27

5
0
.9
8
7

0.
53

0
-0
.0
31

0
.1
3
0

0.
80

0
0
.5
4
5

-0
.0
47

0
.1
3
5

0
.7
9
1

N
IE

0.
50

0
0
.5
1
3

-0
.0
1
3

0.
52

8
0
.9
2
8

0.
39

3
-0
.0
31

0
.1
1
2

0.
50

5
0
.3
6
8

0
.1
3
2

0
.1
1
2

0
.5
1
1

50

10
A
T
E

1.
00

1
1
.0
0
6

-0
.0
0
5

0.
26

9
0
.9
5
4

0.
98

1
0.
02

0
0
.1
1
7

0.
70

0
0
.9
7
7

0
.0
2
4

0
.1
1
9

0
.7
0
7

N
D
E

0.
50

1
0
.5
0
1

0
.0
0
0

0.
17

4
0
.9
8
5

0.
50

9
-0
.0
08

0
.1
1
0

0.
88

7
0
.5
1
1

-0
.0
10

0
.1
1
2

0
.8
9
8

N
IE

0.
50

0
0
.5
0
5

-0
.0
0
5

0.
30

1
0
.9
3
5

0.
47

2
-0
.0
08

0
.0
9
9

0.
56

5
0
.4
6
6

0
.0
3
4

0
.1
0
0

0
.5
7
5

20
A
T
E

1.
00

1
1
.0
0
9

-0
.0
0
8

0.
26

1
0
.9
5
8

0.
98

2
0.
01

9
0
.0
8
2

0.
58

6
0
.9
7
7

0
.0
2
4

0
.0
8
3

0
.5
8
4

N
D
E

0.
50

1
0
.4
9
7

0
.0
0
4

0.
15

9
0
.9
8
6

0.
50

7
-0
.0
06

0
.0
7
6

0.
80

5
0
.5
0
9

-0
.0
08

0
.0
7
7

0
.8
0
8

N
IE

0.
50

0
0
.5
1
2

-0
.0
1
2

0.
30

1
0
.9
3
3

0.
47

5
-0
.0
06

0
.0
6
9

0.
41

4
0
.4
6
8

0
.0
3
2

0
.0
7
0

0
.4
3
2

10
0

10
A
T
E

1.
00

1
1
.0
0
1

0
.0
0
1

0.
18

5
0
.9
5
9

0.
99

0
0.
01

2
0
.0
8
2

0.
69

4
0
.9
8
9

0
.0
1
3

0
.0
8
2

0
.6
9
6

N
D
E

0.
50

2
0
.5
0
3

-0
.0
0
1

0.
12

0
0
.9
8
1

0.
50

7
-0
.0
05

0
.0
7
5

0.
87

4
0
.5
0
7

-0
.0
05

0
.0
7
5

0
.8
7
1

N
IE

0.
50

0
0
.4
9
8

0
.0
0
2

0.
20

7
0
.9
4
3

0.
48

3
-0
.0
05

0
.0
6
9

0.
51

1
0
.4
8
2

0
.0
1
8

0
.0
6
9

0
.5
1
0

20
A
T
E

1.
00

2
1
.0
0
1

0
.0
0
0

0.
18

0
0
.9
5
7

0.
99

2
0.
01

0
0
.0
5
8

0.
52

1
0
.9
9
0

0
.0
1
1

0
.0
5
8

0
.5
2
1

N
D
E

0.
50

2
0
.5
0
3

-0
.0
0
1

0.
10

9
0
.9
8
7

0.
50

7
-0
.0
05

0
.0
5
2

0.
79

4
0
.5
0
6

-0
.0
05

0
.0
5
3

0
.7
8
9

N
IE

0.
50

0
0
.4
9
8

0
.0
0
2

0.
20

6
0
.9
3
5

0.
48

5
-0
.0
05

0
.0
4
8

0.
35

2
0
.4
8
4

0
.0
1
6

0
.0
4
8

0
.3
6
6

N
o
te
s:

V
a
lu
es

in
b
o
ld

in
d
ic
a
te

a
b
et
te
r
p
er
fo
rm

a
n
ce
.



17

Overall, the results, including the ones with a count outcome shown in the Supple-

mentary Material, suggest that, although both approaches toward mediation perform

quite well, the traditional one produces slightly better estimates than DML. This may

be due to the specific functioning of the causalweight package, which relies on Lasso

penalized regression. Indeed, it is well known that Lasso induces bias in the estimates,

since it shrinks coefficients towards zero, causing underestimation of population coef-

ficients, especially of those relative to interaction terms (Blackwell and Olson, 2022).

Furthermore, in our simulation setting, we included a small number of covariates,

and this may also have influenced the performance of the rlasso function. Indeed,

DML is generally used in mediational settings with a large number of covariates: in

fact, Farbmacher et al. (2022) conducted their simulations using 200 covariates. An-

other recent study by Wang and Huang (2024) compared the performance of their

proposed deep-learning-based approach with the linear least squares mediation model

(Guo et al., 2022) and the partially linear structural equation modeling approach Cai

et al. (2022) in a setting with high-dimensional mediators, showing the superiority of

machine-learning mediation. Our results suggest the need for more thorough simula-

tions for evaluating the performance of machine learning in standard settings with a

limited number of covariates.

5. Data analysis

As already mentioned, we analysed data concerning the health status of a sample of

Nigerian children and the possible relationship with the environment in which they

live, with a particular focus on the deforestation status of their region. We will first

describe how data were collected, then we will move to the exploratory analysis and the

mediation analysis based on the approaches discussed so far. Finally, we will present

the results.

5.1. Data collection

Data were obtained by Berazneva and Byker (2017b) combining different sources: the

core data set is made up of the 2008 and 2013 waves of Demographic and Health
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Surveys (DHS) in Nigeria. The DHS primary sampling units in Nigeria are clusters

within local government areas (LGAs), from which subjects belonging to different

households (HH) were sampled. The study is not longitudinal, since subjects are not

re-interviewed. The number of clusters in 2008 is 885, 888 in 2013, with approximately

30 thousand children assessed each year. At each wave, the survey provides information

about under-five-years-old children’s health status, as reported by their mothers (not

assessed by a physician), i.e. whether they had fever (malaria), cough or diarrhea in

the two weeks before the survey date, about their household (number of members,

gender, education and marital status of the household head) and house characteristics

(floor and heating systems of the house, distance from water sources, presence of a

flush toilet and bednets).

Data about deforestation were collected from 2000 to 2014 by Earth observation

satellites at a spatial resolution of 30 meters, see Hansen et al. (2013) for details. Forest

loss is defined as the share of pixels with annual forest loss in a buffer zone around

each DHS cluster with a radius of 5km. Information about the soil composition, pH,

organic carbon and cation exchange capacity, which can be considered as proxies of

soil fertility, refer to the two years of interest, and was obtained from the International

Soil Reference and Information Centre.

5.2. Exploratory analysis

The data set contains more than eighty variables which are measured either at the clus-

ter level, like soil characteristics, and at the first (respondent) level, like the outcome

and the respondent’s demographics. For ease of presentation, we will focus just on the

variables of our interest. Forest loss ranges from 0 to 5% every year. Soil characteristics

are positive variables: specifically, pH values range from 0, denoting maximum acidity,

to 14, indicating basic compounds (in the data set, the scores are multiplied by 10).

Organic carbon expresses how many organic components soil contains, and generally

ranges from 0 to 14%, while cation exchange capacity indicates the soil’s ability to

retain and exchange positively charged ions (cations) such as calcium, magnesium,

and potassium: the higher its value, the more fertile the soil is. Figure 3 displays the

marginal densities of the mediating variables, which, as can be noticed, are positively
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Figure 3. Marginal densities of the mediators, in 2008 and 2013.

skewed, except for pH, which is approximately symmetrical. Table 4 shows a summary

of the average levels of exposure, mediators and outcomes computed by cluster.

To assess the relationships between deforestation, soil characteristics and infant

diseases, we dichotomized the exposure by setting it to 1 if the share of pixels show-

ing forest loss is positive, to 0 otherwise, since this is the variable that will be used

also in the modelling phase. Figure 4 shows the distribution of soil characteristics

conditionally on the deforestation status in the years of interest. It can be noticed

that deforestation seems to affect organic carbon and pH more than cation exchange,

specifically it is associated to increased levels of organic carbon and lower levels of

pH, in both the periods considered. Figure 5 shows the relationship between forest

loss and the proportion of children affected by the three diseases under investigation.

Fever seems to be the least affected by deforestation, while the incidence of cough and

diarrhea appears to be higher and smaller, respectively, in clusters that lost tree ar-

eas. Finally, Table 5 reports the correlations between soil characteristics levels and the

prevalence of infant diseases, suggesting that some of these variables can be associated.
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Table 4. Summary statistics for the mean values of the key variables, computed at the cluster level, in 2008

and 2013 (first and second panel, respectively).

FL 2006 FL 2007 FL 2008 Cation pH Org. carbon Fever Cough Diarrhea
Min. 0.000 0.000 0.000 4.212 49.19 3.685 0.000 0.000 0.000
1st Qu. 0.000 0.000 0.000 7.936 56.49 7.954 0.059 0.034 0.000
Median 0.000 0.000 0.000 9.277 58.91 13.364 0.130 0.097 0.067
Mean 0.001 0.001 0.001 10.534 58.95 14.674 0.160 0.129 0.091
3rd Qu. 0.001 0.001 0.001 11.254 61.83 20.149 0.231 0.188 0.133
Max. 0.015 0.053 0.025 38.342 72.21 54.096 1.000 1.000 0.525

FL 2011 FL 2012 FL 2013 Cation pH Org. carbon Fever Cough Diarrhea
Min. 0.000 0.000 0.000 4.821 49.990 3.659 0.000 0.000 0.000
1st Qu. 0.000 0.000 0.000 8.063 56.370 7.526 0.040 0.018 0.011
Median 0.000 0.000 0.000 9.333 58.910 13.475 0.100 0.074 0.071
Mean 0.001 0.001 0.002 10.740 58.920 14.767 0.128 0.108 0.094
3rd Qu. 0.001 0.001 0.002 11.891 61.870 20.632 0.188 0.160 0.136
Max. 0.039 0.037 0.053 32.306 72.380 53.291 0.833 0.636 0.615

Table 5. Correlation between soil characteristics and infant diseases prevalence in 2008 and 2013.

2008 2013
Fever Cough Diarrhea Fever Cough Diarrhea

Cation 0.032 0.165 -0.064 -0.032 0.096 -0.097
pH -0.069 -0.229 0.411 0.002 -0.126 0.34
Org. Carbon 0.089 0.267 -0.329 0.031 0.177 -0.271

5.3. Specification of traditional and DML mediation models

The mediational setting of interest involves then deforestation as the exposure, soil

characteristics as mediators (one at a time) and the infant diseases as distinct out-

comes. Since the causalweight package requires a binary exposure, we used a binary

version of forest loss, obtained as already introduced in the exploratory analysis. As

regards the mediation package, we fitted mixed-effect models for the outcomes, which

included a random intercept dependent on clusters, and standard generalised linear

models for the mediators: leveraging on the results from the descriptive phase, pH was

modelled as a Gaussian, while cation and organic carbon were assumed to be from a

Gamma distribution, and we used a log link function. The variables included in the

mediator models are forest loss measured in the year of sampling (2008 and 2013),

one year and two years before, as done by Berazneva and Byker (2017a), altitude and

tree coverage in the DHS. They were used in the outcome models as well, in addition

to subject-level covariates like the presence of a toilet and of kidnets in the house

where the child lives, the distance from water sources and other characteristics of the

house. We also adjusted for the month of survey and the region. In the causalweight

package, the mediator’s and outcome’s distribution does not need to be specified, thus
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we simply specify the role of each variable, including the cluster to which each sub-

ject belongs among confounders. To choose which variables to include in the models

as confounders, we first excluded the ones which are not related to the variables of

interest based on subject-matter knowledge, then we performed an AIC-based model

selection, retaining the variables selected in the models with lowest AIC.

5.4. Results

Since the exposure and the mediators are cluster-level variables, while the outcomes

are measured at the subject level, the setting is that of a 2 → 2 → 1 mediation, as

that addressed in the simulation study. In addition, the response variables are binary,

so we will exploit also results from the simulation study in a single-level setting with

a logistic outcome model. The results of the data analysis are shown in Tables 6-8.

Although the magnitude of the effects’ estimates does not differ much between the

two approaches, the associated p-values are quite diverse, with those of regression-

based estimates being larger than those obtained with DML. This is not surprising,

since the machine learning approach does not take into account the clustered structure,

although we included the cluster membership as a covariate. This is in line with the

results obtained in the simulation study.

What remains consistent between the two approaches are the total and direct effects

of forest loss in 2007 on fever, for all mediators. Both effects are always negative. Also

the indirect effect of forest loss in 2013 on the probability of cough and the total and

indirect effect of forest loss in 2007 on diarrhea are significant.

In the light of the simulation results, we can reasonably assume that the effects

estimated through DML are more biased, either because of the intrinsic bias charac-

terising the estimation algorithm, based on penalisation, and the fact that it cannot

account for the data clustered structure. Summarising the results, we can say that

forest loss in 2007 directly affects the probability of having fever, independently of the

mediators, since the indirect effects are not significant. Forest loss in 2012 and 2013

had a positive indirect effect on the probability of suffering from cough through pH in

2013, while in 2006, 2007 and 2008, it had a negative indirect effect on the probability

of having diarrhea via pH. These results are consistent with the exploratory analysis,
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Table 6. Results of the mediation analyses considering fever as outcome. FL stands for forest loss.

DML Regression
Exposure pH Org. carbon Cation pH Org. carbon Cation

FL 2006
ATE -0.009 -0.002 -0.002 -0.010 -0.013 -0.008
NDE -0.006 -0.002 0.000 -0.008 -0.007 -0.008
NIE -0.003 0.000 -0.002 *** -0.002 -0.006 <0.001

FL 2007
ATE -0.034 *** -0.022 ** -0.027 ** -0.024 * -0.029** -0.021 *
NDE -0.034 *** -0.027 *** -0.027 ** -0.022 * -0.022 * -0.021 *
NIE -0.000 0.005 *** 0.001 * -0.002 -0.006 < -0.001

FL 2008
ATE -0.030 *** -0.025 ** -0.027 ** -0.006 -0.010 -0.003
NDE -0.030 ** -0.026 ** -0.027 ** -0.003 -0.004 -0.003
NIE -0.000 0.001 0.000 -0.002 -0.006 <-0.001

FL 2011
ATE 0.017 ** 0.024 ** 0.025 ** -0.010 -0.016 -0.011
NDE 0.023 ** 0.024 ** 0.024 ** -0.012 -0.013 -0.012
NIE -0.006 0.000 0.002 0.003 -0.003 0.001

FL 2012
ATE 0.009 0.017 * 0.019 * -0.013 -0.019 -0.016
NDE 0.013 0.017 * 0.019 * -0.016 -0.017 -0.016
NIE -0.004 0.000 0.000 0.003 -0.002 0.000

FL 2013
ATE -0.020 * -0.007 -0.010 -0.012 -0.020 -0.017
NDE -0.013 -0.007 -0.006 -0.016 -0.017 -0.016
NIE -0.007 * -0.001 -0.004 ** 0.004 -0.003 -0.001

Notes: The number of * denotes the estimate significance, i.e. the corresponding p-value p, * p < 0.05, **
p < 0.01, *** p < 0.001

Table 7. Results of the mediation analyses considering cough as outcome. FL stands for forest loss.

DML Regression
Exposure pH Org. carbon Cation pH Org. carbon Cation

FL 2006
ATE 0.007 0.011 0.009 -0.004 -0.012 -0.009
NDE 0.009 0.011 0.011 -0.008 -0.008 - 0.008
NIE -0.002 0.000 -0.002 *** 0.004 * -0.004 -0.001

FL 2007
ATE 0.014 * 0.016* 0.015 * <0.001 -0.010 -0.006
NDE 0.010 0.013 * 0.014 * -0.005 -0.005 -0.005
NIE 0.003 0.002 * 0.001 * 0.005 -0.005 < −0.001

FL 2008
ATE 0.009 0.010 0.010 0.009 0.000 0.003
NDE 0.005 0.010 0.010 0.003 0.004 0.003
NIE 0.004 0.000 0.001 0.006 -0.004 0.000

FL 2011
ATE 0.017 * 0.022 ** 0.020 ** 0.000 -0.004 -0.005
NDE 0.031 ** 0.020 ** 0.024 ** -0.005 -0.006 -0.005
NIE -0.013 *** 0.001 -0.003 * 0.005 0.002 0.000

FL 2012
ATE 0.017 ** 0.024 *** 0.026 *** 0.011 0.006 -0.006
NDE 0.022 ** 0.023 *** 0.023 *** 0.005 0.004 -0.005
NIE -0.004 0.001 * 0.002 0.006 * 0.002 0.000

FL 2013
ATE -0.020 ** -0.017 * -0.015 * 0.008 0.002 0.000
NDE -0.012 -0.016 * -0.013 0.001 0.000 0.000
NIE -0.009 *** -0.001 *** -0.003 * 0.007 * 0.002 0.000

Notes: The number of * denotes the estimate significance, i.e. the corresponding p-value p, * p < 0.05, **

p < 0.01, *** p < 0.001
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Table 8. Results of the mediation analyses considering diarrhea as outcome. FL stands for forest loss.

DML Regression
Exposure pH Org. carbon Cation pH Org. carbon Cation

FL 2006
ATE -0.031 *** -0.026 *** -0.026 *** 0.010 0.013 0.017
NDE -0.026 *** -0.028 *** -0.027 *** 0.017 0.016 0.016
NIE -0.004 0.002 *** 0.001 * -0.006 ** -0.004 0.000

FL 2007
ATE -0.021 ** -0.010 -0.012 -0.025 * -0.022 * - 0.019
NDE -0.012 -0.013 -0.013 -0.020 * -0.019 -0.019
NIE -0.009 ** 0.003 * 0.001 * -0.005 * -0.003 0.000

FL 2008
ATE -0.022 ** -0.018 * -0.018 * -0.008 -0.004 0.000
NDE -0.019 -0.018 * -0.018 * -0.001 -0.001 0.000
NIE -0.003 0.000 0.000 -0.007 ** -0.003 0.000

FL 2011
ATE 0.013 0.021 ** 0.024 ** -0.006 -0.007 -0.005
NDE 0.023 ** 0.019 * 0.023 ** -0.005 -0.006 -0.005
NIE -0.010 ** 0.002 * 0.001 -0.001 -0.001 0.000

FL 2012
ATE 0.026 *** 0.038 *** 0.038 *** 0.003 0.004 0.005
NDE 0.033 *** 0.037 *** 0.038 *** 0.004 0.005 0.005
NIE -0.007 0.001 0.000 -0.001 -0.001 0.000

FL 2013
ATE -0.017 * -0.014 -0.011 0.002 0.002 0.003
NDE -0.021 ** -0.014 -0.009 0.004 0.004 0.004
NIE 0.004 0.000 -0.001 -0.002 -0.001 -0.001

Notes: The number of * denotes the estimate significance, i.e. the corresponding p-value p, * p < 0.05, **
p < 0.01, *** p < 0.001

which showed that deforestation was associated with lower rates of children suffer-

ing from diarrhea and higher rates of children affected by cough in both the years

of interest. Although this may sound counterintuitive, it is in line with the results

of previous studies (Guerra et al., 2006; Matsumoto-Takahashi et al., 2023; Ranjha

and Sharma, 2021) that highlighted the protective role of deforestation against some

human diseases, especially malaria. In our case, the negative indirect effect seems to

be due to the fact that deforestation makes the soil more acidic, and diarrhea is as-

sociated to higher values of soil pH (more basic soil). The link is probably given by

vegetables eaten by children, although we do not have such a piece of information. The

negative effect of deforestation on the probability of developing diarrhea seems to be

confirmed by the additional analysis that we performed by aggregating deforestation

status over the five years before those of reference, and whore results are reported in

the Supplementary Material. Indeed, the new exposure that we obtained expresses if

an area was affected by deforestation in the last five years: we found that the effects

on diarrhea are significant not only in 2008, but only in 2013, and this reminds of the

frontier malaria theory mentioned in the Introduction, which may likely be applicable

to other diseases: in the long run, deforestation may have a protective effect against
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other diseases, not only malaria.

These results we obtained are influenced by many factors, first of all, the transfor-

mation of forest loss into a binary variable. Indeed, we are comparing the scenario

with no forest loss with the scenario where forest loss occurred, although we did not

quantify it. In the sample, the share of pixels “affected” by forest loss is small, so

this could certainly affect the results. Indeed, if X is not binary, comparing a scenario

with half of the pixels showing forest loss versus another one with total forest loss, the

results (not shown here) are more neat and seem to indicate a larger impact of de-

forestation on infant diseases. In addition, the data we analysed are not longitudinal,

preventing us from exploiting the temporal dependence among the variables of inter-

est. Also, the outcome variables may be affected by measurement errors, since they

are based on children’s mothers’ reports, not on clinical tests. Moreover, as in every

causal study, we cannot know if identifiability assumptions are satisfied. We believe

that it is plausible to assume that sequential ignorability holds in our analysis, since

we included as many confounders as possible, both cluster- and subject-level. Clearly,

we may have ignored possibly relevant variables like children’s feeding habits or the

abundance of mosquitoes in the areas where children live. However, these variables

cannot play the role of confounders in the causal graph representing the relationships

among the variables of our interest: at most, they can be in other mediating paths, be-

ing other mediators to investigate. Ignoring them does not mine the causal conclusions

we drew.

6. Conclusions

In this paper, we investigated how deforestation causally affects the probability of in-

fant diseases through soil characteristics. To do so, we used two approaches: regression-

based and DMLmediation. Since the latter is quite recent (Farbmacher et al., 2022), we

compared its performance to one of the more established and widely spread regression-

based approaches. When data are not clustered the two approaches behave quite simi-

larly and both perform well in terms of bias and coverage rates, although the regression-

based mediation shows in most cases better values of the selected metrics, probably
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because of the intrinsic bias of the Lasso machine learner used in the causalweight

package. In scenarios with clustered data, the regression-based approach outperforms

DML since it can account for the clustered structure, while the causalweight package,

used to implement DML, cannot accommodate clusters and even including subjects’

cluster membership as a covariate did not produce significant improvements.

The data analysis led to different results in terms of the significance of the me-

diational effects, with those estimated through the regression-based approach being

almost all insignificant compared to those obtained with DML. Only some indirect

effects were significant for both approaches, like the one of forest loss on diarrhea me-

diated by soil pH. The effects are negative, indicating that deforestation reduces the

probability of having diarrhea for children under five years through soil characteristics.

Our study is affected by many limitations and this does not allow us to draw final

conclusions about the effect of deforestation on infant health. First of all, the study

is not longitudinal, and this prevents us from analysing the long-term effects of de-

forestation. Second, children’s diseases are reported by their mothers, not ascertained

by a physician, and this can clearly influence the analysis. Moreover, we do not have

important information about children’s eating and clinical history. Despite these short-

comings, this study is, to the best of our knowledge, the first to explicitly investigate

the role of soil characteristics in mediating the relationship between deforestation and

human health. Further studies are needed to provide new evidence about this issue,

extending the sample also to other countries.
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