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particular ecosystems. The reinvasion

risk we discussed is not the instant one

but the one that may happen months

or years after control campaigns. What

we argued was about the sustainable

success of control across decades,

because this is the right time-window

for sustained development of affected

countries. However, we acknowledge

that our data cope with uncontrolled

populations and may not predict accu-

rately what will happen after control.

Additionally, what needs to be clarified

is that what we measured was not

dispersal between favorable and unfa-

vorable (e.g., treated) sites, but coloni-

zation and sustained establishment of

alleles from one favorable site to

another, in each particular situation

defined by the tsetse species and the

zone of study.
To conclude, the aim of our opinion

article was to point out a drastic nega-

tive relationship between effective

population density and average

parent–offspring distance in tsetse fly

populations across countries and spe-

cies. Because this may predict unsus-

tainability of controlled campaigns,

especially so in high-density areas, we

stressed the need to develop appro-

priate studies to clarify this issue and

then find applicable tools to fix it in

case of confirmation. We indeed

believe that our ability to implement

strategies with long-term sustainability

will rely on such approaches.
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Forum
 machine-learning approaches where
Causal Inference in
Spatial Mapping
Moritz U.G. Kraemer,1,2,3,*
Robert C. Reiner Jr.,4

and Samir Bhatt5,6,*
Disease mapping has evolved to a

powerful field in epidemiology and

public health to focus interventions.

Increased precision has come at the

expense of interpretability. We pro-

pose that future efforts should focus

on causal inference to evaluate and

predict the effectiveness of interven-

tion strategies to guide decisions

more effectively.
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With increasing availability of data, and
efficient computational methods,

tremendous progress has been made

to map human health and related

health indicators around the world

[1–3]. Maps provide visually interpret-

able and comparable estimates across

geographic areas and time. They have

been used to expose large variations

in disease risk or incidence rates,

thereby providing tools for policy

makers to target their efforts, re-

sources, or interventions to particular

areas. The temporal and spatial resolu-

tion of these precision maps is often

chosen opportunistically, depending

on computational feasibility and the

resolution of the underlying observa-

tional data. Research and applications

in mapping geographic distributions

of disease risk have primarily focused

on making the most accurate predic-

tions; this has come at the expense of

interpretability, making it difficult to

base decisions on how to best curb

disease burden directly on these high

dimensional maps. In most instances

spatial mapping approaches use a

suite of covariates that are available to

match the observed data but apply

the contribution of each covariate

cannot be interpreted in isolation. In

tandem, novel research in causal infer-

ence has shown that there is great

potential to extract causal structures

(variable A has a causal effect on the

outcome of interest) from observational

data [4]. In this forum article we argue

that causal inference should become a

priority area of research in disease

mapping, an area of research which

we show has all the ingredients for

successful implementations of causal

inference.

Spatial Mapping and Machine
Learning

The central question in disease

mapping concerns predicting the
logy, October 2019 2019, Vol. 35, No. 10 743
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Figure 1. Spatial Mapping and Machine Learning with No Causal Structure.

Typically, data are collated using multiple data sources that include published reports, digital data from social media or smartphones, and official

reports (e.g., World Health Organization) (A). Data are then standardized and geographically matched with explanatory variables (B,C). These data are

then fed into a learning algorithm of variable complexity (D) that produces the output map at high spatial resolution (E). Maps are generated using the

statistical software R using simulated data.
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geographic distribution of disease

(including mortality) or related indica-

tors such as access to healthcare, socio-

demographic factors, and education
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among many others. The strength

of maps is that they are produced at a -

unified spatial resolution (e.g., 13 1 km

grid cells) which makes them
l. 35, No. 10
comparable across space and time

and easy to aggregate to any higher

spatial resolution (districts, countries).

The process of generating maps usually
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Figure 2. Causal Pathways That Can Exist between an Explanatory Variable and Outcome (e.g.,

Disease, Development Indicator).

(A) Covariate A causes outcome (altitude causes temperature) directly or indirectly. (B) Outcome

causes covariate A (malaria causes anemia, but not vice versa) directly or indirectly. (C) Covariate

and outcome are not causally linked. (D) Feedback relationship between two variables: HIV causes

poverty, and poverty causes HIV. (E) Outcome and covariate A are linked through a hidden

confounder (here, covariate B). An example is: poverty causes malaria and HIV, but HIV and malaria

are independent. (F) The observed relationship between Covariate A and outcome is linked by a

hidden variable (here, covariate B). An example is: malaria and influenza both cause childhood

mortality but are independent from each other. Figure adapted from [4].
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starts with collecting data of the

outcome of interest (e.g., disease inci-

dence or prevalence) that are

abstracted from a variety of sources,

including user-generated big data

(Figure 1A). These observed data-

points are then geo-coded, time-

stamped, and paired with relevant

covariates (Figure 1B). Covariates

considered relevant may be environ-

mental variables such as temperature

or precipitation but could also include

sociodemographic variables such as

urbanization (Figure 1C). The central

modeling aim is to make accurate

predictions to new locations where no

observed data are available. Over the

years, models have matured from sim-

ple linear models to complex nonlinear
machine-learning approaches, making

intuitive interpretations of the model

structure difficult (Figure 1D). In the

process of generating these maps,

however, massive amounts of data

have become available across multiple

spatial and temporal scales that have

already been used to assess the causal

relationship between, for example, air

quality and infant mortality [5].

Increasingly, there is an important need

to ensure that model outputs (disease

maps and many more not discussed in

this forum) can directly be translated

and interpreted in such a way that

they can aid public health interventions.

For example, a very intuitive question

to ask is: what should we do to reduce
Trends in Parasito
the burden of disease in a high-risk

area? More specifically, policy makers

may ask counterfactual type questions

such as: if we reduced poverty by

10%, how many HIV infections could

be averted? Or, if we reduced HIV

incidence by 10%, how many people

could be lifted out of poverty?

Answering such questions is very

rewarding. In order to compute these

so-called counterfactuals, it is not suffi-

cient to rely on correlated associations:

we need to understand the causal rela-

tionships between the outcome vari-

able and factors that influence them.

Understanding the causal direction of

complex processes, such as malaria

transmission across space and time, is

extremely challenging, however, and

requires careful attention. Prominent

examples of disease maps today do

not allow us to make claims about the

underlying causal structure.
The Causal Question in Spatial
Mapping

Understanding the causal relations

from observational data is challenging

[6]. It is a widely observed fact that cor-

relation does not (even) imply causa-

tion, but having information about the

causal relationship between two vari-

ables would enable predictions of the

effects of actions that change the

observed system (e.g., effectiveness of

interventions). The main aim of

applying causal models to observa-

tional data is to recover the underlying

causal mechanisms between the

outcome variable and the explanatory

variables. The gold standard for assess-

ing causal relationships is based on ran-

domized controlled experiments where

the effectiveness of a treatment can be

directly inferred from the data. These

are, however, expensive and imprac-

tical to implement in many settings,

and cannot be used retrospectively.

Matching algorithms such as those

developed by Imai et al. [7] can be
logy, October 2019 2019, Vol. 35, No. 10 745



Trends in Parasitology
used to balance datasets to resemble

those collected through randomized

trials, but careful knowledge of the

problem is required to use these ap-

proaches effectively. Figure 2 describes

common relationships between explan-

atory covariates and observed data,

with intuitive examples.

A few approaches have been proposed

using causal inference on large obser-

vational data, for example, Pearls Do-

calculus [8]; here, Bayesian reasoning

is used to infer probabilistic causality.

In short, theory is used to measure

how the outcome variable may change

as a result of an intervention as we

would in a controlled experiment (for

example, a randomized controlled

trial). The trick is that the intervention

is not carried out but rather inferred

from observational data. Given the

large amount of observational data

that are collected to carry out spatial

mapping (i.e., multiple locations, and

over long periods of time), such a

method would be a promising exten-

sion of current applications. This

method, however, may be insufficient

to understand complex geo-statistical

problems, as pointed out by Mooij

et al. [9] (problem of conditional inde-

pendence). For pairwise causal rela-

tionships machine-learning additive

noise models are proposed by Hoyer

et al. [10] and Mooij et al. [11] to infer

causal relations by analyzing differ-

ences in the residual errors. This

method is very flexible, uses straightfor-

ward and efficient regression algo-

rithms, and has already been shown to

work for some real-world datasets,

including models with more than one

variable and which have nonlinear rela-
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tionships. The vast amount of literature

on the underlying biological mecha-

nisms may help to stratify which covari-

ates should be used to infer causal

pathways and which should be left to

explain the residual unexplained varia-

tion when doing large-scale spatial

mapping. Readers can find a summary

of other causal models applied to

observational data in [11].

Implications for Public Health
Interventions

Given the recent advances in theory

and application of causal inference on

large observational data, we propose

that it should become an integral

part of future research in mapping

disease and development indicators.

If done carefully and correctly [12],

this field of research can deliver high-

resolution maps and, in addition, pro-

vide recommendations for targeted

intervention that can be evaluated

in real-time as new data become

available. Similarly, causal discovery

from observational data is an active

area of research where significant ad-

vances can be expected over the next

decade.
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