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Abstract
The decision to migrate is complex and is often influenced by a combination of eco-
nomic, social, political, and environmental pressures. Household survey instruments 
can capture detailed information about migration histories and their contexts, but it 
can be challenging to identify important predictors from large numbers of covari-
ates with standard statistical methods, such as regression analyses. Machine learn-
ing techniques are well suited to pattern identification and can identify important 
covariates from large datasets. We report on the application of machine learning 
approaches to two large surveys collected from a total of more than 2800 households 
in southwestern Bangladesh. We applied random forest classification and regres-
sion models to identify significant covariates with the greatest predictive power for 
household migration decisions. The results show that random forest models are able 
to identify nuances in predictors of different types of migration and migration in dif-
ferent communities. Random forests also outperform logistic regression and support 
vector machines in predicting migration in all cases analyzed. Therefore, random 
forest models and other machine learning methods can be useful for improving the 
predictive accuracy of migration models and identifying patterns in complex social 
datasets. Future work should continue to explore the potential of machine learning 
techniques applied to questions of environmental migration.
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Introduction

Climate change poses a wide variety of threats to human health and well-being 
[1]. This is especially true in low-lying coastal communities, where climate 
change is likely to affect a variety of natural phenomena including storms, sea-
level rise, coastal inundation, erosion, and precipitation [2]. In addition, climatic 
change and other environmental stressors will combine to affect livelihood oppor-
tunities in vulnerable coastal areas [3].

Migration as a possible response to climate change and other environmental 
stresses has received a lot of attention in both the scholarly literature and the 
press. Discussions of climate-induced refugees have traditionally been framed 
around a looming crisis of “climate refugees” [4]. However, this narrative has 
been challenged as oversimplifying migration. Recent work has shown that, 
although climate change and environmental pressure can affect migration, those 
impacts can have complex and nonlinear interactions with other factors, so that 
some environmental stresses can actually reduce migration [5–8]. Migration is a 
complex, multi-causal phenomenon that is impacted by both “push” factors such 
as political instability, lack of economic opportunity, and lack of natural resources 
in the location of origin, as well as “pull” factors related to the destination loca-
tion including availability of employment, resources, and social capital. Interven-
ing factors such as transportation networks, social ties, and cultural norms can 
further complicate the decision to migrate [8, 9].

Past work has studied specific environmental drivers of migration such as sea 
level rise [10], impacts on agriculture [11], extreme weather events [12], and tem-
perature increases [13]. Within this work, certain authors focus on the dynamics 
of temporary migration, while others question the causes of permanent migration 
specifically [14, 15]. An additional challenge in studying environmental migra-
tion is that the findings vary significantly by location [16]. Specific research has 
focused on climate variability in South America [17], drought in Ethiopia [18], 
land use in Ecuador [19], heat stress in Pakistan [20], soil quality in Kenya [21], 
tsunamis in Sumatra [22], weather anomalies across Africa [23], to name a few. 
Individual perceptions, preferences, and demographics may shape environmen-
tally induced migration. For example, some research has focused on the impacts 
of individual risk perception on migration [24, 25], while other research sug-
gests that preference for a certain type of climate is a more significant driver [26]. 
Demographic factors, such as gender [27, 28], legal status [29], and household 
wealth [30], also influence migration.

The complexity of human migration poses a challenge for researchers [31]. 
How to best model human migration to account for this complexity, as well as 
how to obtain appropriate and accurate data to test these models, remains an open 
and contested question [32]. Current work uses a wide range of methods and 
models, including strictly conceptual models [10, 33], logistic regression [25], 
multivariate regression [34], and a few agent-based models [35–39]. Additionally, 
some researchers choose to control for demographic variables, while others do 
not [40].



1 3

Journal of Computational Social Science	

The complexity of the migration process often makes it difficult or impossible 
to isolate one or a few dominant driving factors of migration while controlling for 
all other variables. Researchers who study migration often use expert judgement or 
theory to select which variables to focus on. This approach can provide insights into 
how certain drivers may impact migration decisions, but it presents some limita-
tions. First, there is not always a clear theoretical basis for selecting a few variables 
out of dozens or even hundreds collected by a survey. Second, there is a risk that by 
focusing only on migration dynamics predicted by current theory, researchers may 
miss novel dynamics not accounted for in current theory.

This paper aims to address this gap through a data-driven approach that applies 
random forest models to two large household surveys of communities in Bangladesh 
to identify which variables have the greatest statistical importance for predicting 
migration. Random forest models and other statistical learning methods have several 
advantages over more traditional regression analysis when analyzing large data sets 
with many covariates and no clear theoretical model of the processes being studied. 
Random forests in particular often display high predictive accuracy, ability to deter-
mine variable importance, and the ability to model complex and nonlinear interac-
tions among variables [41]. Random forest models have been shown to perform well 
in environmental and ecological contexts [41, 42]. To our knowledge, this is a novel 
application of random forest algorithms to the topic of environmental migration, and 
to social survey datasets in general. Using this approach, this work aims to demon-
strate the usefulness of random forest algorithms for identifying salient variables in 
complex social datasets for the study of migration and developing more powerful 
predictive models.

Study area

The study area for this research is located primarily in the southwest of rural 
Bangladesh. Bangladesh is located on the low-lying deltaic floodplain of the Gan-
ges–Brahmaputra–Jamuna Delta, which includes the Ganges, Brahmaputra, Jamuna, 
Padma, and Meghna Rivers [43]. Bangladesh is commonly considered one of the 
most vulnerable countries to climate change in the world [44, 45]. As in other delta 
regions, future climate change is expected to create additional stress and uncertainty 
in Bangladeshi communities through its interactions with natural hazards such as 
cyclones, flooding, waterlogging, salinity encroachment, and land erosion, as well 
as with natural resources, such as accreting land and freshwater supplies [3, 46–52]. 
Environmental conditions in Bangladesh pose severe challenges to rural commu-
nities, where approximately two-thirds of workers (representing nearly half of all 
workers in Bangladesh) depend on agriculture as their primary source of livelihood 
[53].

Migration has long been a way of life in Bangladesh, where it serves to diversify 
livelihood activities and to adapt to environmental and economic stress [8, 24, 54, 
55]. Rural to urban migration is the most prevalent form of migration in Bangladesh 
[56], especially temporary migration to adapt to seasonal poverty [57]. Environmen-
tally induced migration has also been widely studied in Bangladesh [5, 6, 29, 56, 
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58–61]. Much of this research focuses on extreme weather events, such as cyclones 
and floods [6, 62]. Other research considers slower environmental change such as 
salinity encroachment, temperature change, and precipitation [5, 10, 63]. Recently, 
Chen and Mueller found that salinity encroachment could be a powerful driver of 
migration in Bangladesh due to impacts on agriculture [59]. While much of the 
existing body of work in migration has focused on individual factors, this paper is 
taking a holistic look at how different factors contribute to migration.

Data

Data for this work come from two distinct social surveys collected from households 
in southwestern Bangladesh. The first survey, Survey 1, comes from Integrated 
Social Environmental Engineering Bangladesh (ISEE-B), a multi-disciplinary col-
laborative project to study community resilience to environmental change in coastal 
Bangladesh [47]. The data were collected in household interviews in 26 communi-
ties in the southwest region of Bangladesh from March through April 2014. The 
26 communities are a sample from a set of 75 communities identified based on the 
properties of their aquifer which gave them inadequate access to fresh safe water 
[47]. The 26 study communities were identified for variability on three dimensions: 
nongovernment organization partner, geographic dispersion, and ground water qual-
ity. Each community was a neighborhood of approximately 100 households, gener-
ally sharing a common water source. After doing a geolocated photo census of each 
community, 20–50% of the households were randomly selected for study. In total, 
1204 heads of household were interviewed about their household’s demographics, 
sources of livelihood, sources of water, environmental stressors, and other factors. 
Additional questions measured their individual risk perception, sense of social cohe-
sion, and political trust. The original dataset consists of 1204 observations and 1456 
variables.

The second survey of households, Survey 2, was also collected in the south-
west region of Bangladesh by the Bangladesh Environment and Migration Survey 
(BEMS) (Online Resources 1). This survey contains migration, employment, and 
livelihood histories on more than 3000 individuals affiliated with 1695 households. 
The data represent 1695 randomly sampled households in nine sites in Bangladesh, 
which were surveyed in 2014. The survey specifically asks for histories of migra-
tion within Bangladesh, to India, and to any other country [29]. A full description of 
Survey 2 design and implementation can be found in previously published work [29, 
60]. Here, we focus only on each household’s reported migrations internal to Bang-
ladesh. The original dataset consists of 1695 observations of 1997 distinct variables.

Because of their distinct purposes, Survey 1 and Survey 2 ask different questions 
and include data from different communities, so they present two unique opportuni-
ties to identify salient variables and test the performance of machine learning meth-
ods in discerning and predicting migration. Figure 1 shows the geographic locations 
of households surveyed in Survey 1 and Survey 2.

The structure of Survey 1 is such that the response variables are Boolean variables 
indicating the respondent’s answer to yes or no questions about migration: “Have 
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you ever moved your household temporarily to another place within this village 
because of an environmental event?”; “Has anyone in your household ever moved 
for education?”; “Has anyone in your household ever moved for health care?”; “Has 
anyone in your household ever moved for commerce/ trading?”; and “Has anyone in 
your household ever moved to visit relatives?” These questions were used to assess 
migration for environmental reasons, for education, for health, for trade, and to visit 
relatives, respectively. Thus, Survey 1 also allows us to assess random forests’ abil-
ity to compare the salient variables associated with migration for different reasons.

Survey 2 asks respondents to recall the total number of migrations that any mem-
ber of the household has made, without attributing underlying motivation. This pro-
vides the total number of migration trips per household, normalized by total person-
years. Person-years were calculated for each member of the household, beginning 
at age 11, which is the age that many Bangladeshis begin migrating for livelihood 
opportunities, until 2014 when the survey was collected [29]. Our analysis of Survey 
2 considers the response variable to be annual probability of making a migration, 

Fig. 1   Map of Bangladesh with locations of households surveyed by Survey 1 and Survey
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which is represented as a continuous variable at the household level, and identifies 
salient variables that predict this probability.

Methods

Model selection

The first step of our analysis was to compare different approaches to analyze the 
survey data. We compared random forest models, multiple logistic regression, and 
support vector machines (SVMs) with a radial basis kernel function. Random forest 
modeling, which is a tree-based method, is described in more detail in the next sec-
tion. Multiple logistic regression is a generalized linear model that fits coefficients 
to predictors to fit the logit transformation of the probability of the event of interest, 
which is then converted to a dichotomous prediction of the outcome variable [64]. 
SVMs are another class of supervised machine learning methods used for classifica-
tion and regression. SVMs use hyperplanes in a high-dimensional feature space to 
optimally divide the data into different classes based on the response variable [65].

All three models were fit to each of the five motivations of migration in Survey 
1: environmental, education, health, trade, and to visit relatives, for a total of 15 
models. Each model was trained on a random sample comprising 80% of the data 
set, and tested on the remaining 20% to assess predictive accuracy. For random for-
ests and SVMs, relevant model parameters were tuned by minimizing out-of-sample 
error. Table 1 shows the prediction error for each model on the test data in percent 
error.

Imputing missing data in Survey 1

Before further analyzing Survey 1, data related to the household respondent were 
selected from the household roster, and summary variables related to household 
size, household education, and livelihood were developed. We also eliminated ques-
tions that only applied to part of the sample, keeping only variables that were rel-
evant to the full data set. The remaining variables were then screened manually, and 
variables that were likely not missing at random, or for which there were known 
problems during data collection, were dropped.

Table 1   Test data prediction error (percent error) for models fit to each type of migration in Survey 1

Environmental Education Health Trade Visit relatives

Null 40.5 15.6 38.5 19.9 44.4
Logistic regression 47.1 44.9 44.1 43.4 42.6
SVM 36.0 16.2 36.0 19.9 41.2
Random forest 35.5 14.7 33.1 19.9 33.8
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The resulting subset of data consisted of 1184 observations of 730 variables. 
Within this subset of the original survey, approximately 1.5% of data across all vari-
ables and rows were missing. Even after dropping columns that were not relevant 
to all households from the subset of Survey 1, restricting the analysis to complete 
cases would have needlessly lost information in the partial cases. We imputed miss-
ing variables in partial cases using multiple imputation, which allowed us to assess 
the stochastic uncertainty associated with the imputation process [66, 67].

Before imputing, the data were filtered to consider only variables with less than 
12% missingness, which was a threshold that maintained 711 of the 730 variables. 
Imputations of missing data were then conducted using the mice (Multivariate Impu-
tations by Chained Equations) package in R [67]. To accommodate both categorical 
and continuous data, a random forest imputation method was used to impute missing 
data 10 times. This resulted in 10 unique, complete datasets to be used in analysis.

Survey 2 did not have significant missing data, and therefore imputations were 
not necessary before assessing variable importance.

Random forest models for variable importance

Random forest models are an ensemble method of decision trees. They work by fit-
ting many decision trees with random subsets of the data and then averaging across 
them for a final prediction. Thus, random forest models can achieve high predictive 
accuracy while avoiding overfitting the data. As previously mentioned, one strength 
of random forest models, especially over other “black box” statistical models, is 
their ability to assess variable importance and account for complex, nonlinear inter-
actions between variables. They are also able to take inputs of categorical, factored, 
or continuous data without requiring dummy variables or scaled data. This makes 
them especially appealing tools for analyzing large social surveys and studying com-
plex challenges such as migration.

For each survey and each model, the data were split into a training set, which 
consisted of a random subset representing 80% of the data and a holdout set, com-
prising the remaining 20%. The randomForest package in R was used to fit random 
forest models to the training data [68]. For Survey 1, 10 random forest classification 
models were fitted (one for each imputed dataset) for each of the five types of migra-
tion (environmental, education, health, trade, and to visit relatives), using a binary 
outcome variable indicating whether or not a respondent migrated. Each model used 
the same subset of the data as the training and holdout sets. For Survey 2, 10 random 
forest regression models, this time each using a different random subset of the data 
as the training and holdout sets, were fitted to the continuous outcome variable of 
total internal migration trips per household normalized by person-years. For each 
model, the parameter for the number of variables to be randomly sampled at each 
split was tuned by minimizing the out-of-sample error.

For each of the five types of migration in Survey 1, variable importance was 
ranked by averaging across the 10 imputed datasets. Variable importance for the 
model of Survey 2 was also ranked and averaged across the 10 complete models. 
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Tuned and fitted models were then validated using the testing data, which con-
sisted of the remaining 20% of the data that were not used for training.

For Survey 1, variable importance is given by mean decrease in Gini index, 
which measures a specific variables ability to correctly classify an outcome. This 
use of a Gini index is completely different from the common use of the index 
for assessing economic inequality. For classification random forest models, the 
Gini index is a weighted measure of how much a specific variable contributes 
to decreasing the variance in the outcome, and, therefore, measures how much 
of the final model’s predictive power can be attributed to that variable. The Gini 
index is not comparable from one analysis to another, but is useful as a com-
parative measure between variables within a given analysis, and allows us to rank 
variables by their contribution to the overall model [69]. For regression random 
forest models, which were used to analyze Survey 2, importance is calculated 
using node impurity, which also represents the contribution of a specific variable 
to decreasing the variance in the outcome [69].

Results

Variable importance

Figure  2 shows the 15 most important variables for random forest models pre-
dicting environmental migration, migration for education, migration for health, 
migration for trade, and migration to visit relatives from Survey 1. Fifteen vari-
ables are displayed because it was consistently found that below this cutoff there 
was very little difference in variable importance. However, full results from this 
analysis provide a ranked list of the variable importance of every survey variable.

In these figures, variable importance decreases from top to bottom. Colors 
in the figures are used to show similarities and differences across the five types 
of migration studied and to highlight the uniqueness of the variable. Colors 
represent occurrence: the number of times a variable occurs in the top 15 most 
important variables for all types of migration: An occurrence of one (red) means 
that a variable was important only for that type of migration. An occurrence of 
five (blue) means that the variable was important for models of all five types of 
migration.

In addition, Table 2 shows salient variables from all model results grouped into 
higher level categories of variables related to migration (“Migration”), livelihood 
and wealth (“Livelihood”), community-level variables (“Community”), infrastruc-
tural support (“Infrastructural Support”), level of trust in others including commu-
nity and government (“Trust”), personal- and household-level demographics (“Per-
sonal”), and perceptions of locus of control (“Control”). These categories are useful 
to begin to identify differences in salience across the different types of migration. 
Table 2 lists the English translations of the actual survey questions corresponding 
to the variables in Fig. 2, together with the high-level categories and the models in 
which the variable appears.
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Figure 3 shows the 15 most important variables in the random forest model of 
Survey 2. Table 3 presents English translation of the survey questions corresponding 
to the variables listed in Fig. 3.

Predictive accuracy

For Survey 1, predictive accuracy was assessed by error rates when the models were 
applied to the holdout test data. The error rate represents the fraction of total predic-
tions that the random forest predicted incorrectly and a lower error rate indicates 
better model performance. Figure 4 shows the error rates for each of the five types 
of migration assessed in Survey 1. The model for predicting migration for education 
performs the best, with a mean error rate of 14.8%; while, the model for predicting 
environmental migration performs the most poor with a mean error rate of 33.8%.

Fig. 2   Top 15 variables of importance identified by random forest models from top to bottom by mean 
decrease in Gini Index for environmental migration (a), migration for education (b), migration for health 
(c), migration for trade (d), and migration to visit relatives (e). Colors represent how many times a spe-
cific variable was in the top 15 most important variables for another model
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For Survey 2, error was assessed by root-mean-square error (RMSE) between the 
model predicted number of household migrations and the actual household migra-
tions in the holdout data. To assess RMSE, the predicted number of migrations was 

Fig. 3   Top 15 variables of importance in Survey 2 identified by random forest models of total household 
migrations normalized by person-years

Table 3   Variables of importance identified by random forest model of migration in Survey 2

Variable name Survey question

Latitude Household latitude
Water Sources: Who owns? Who owns the primary water source?
Business: year started What is the year that your business was started?
Longitude Household longitude
Household: total number of members How many household members are living in the home?
Cyclone: source of water What was your principle source of water during the last 

cyclone?
Cyclone: Source of food What was your principle source of food during the last 

cyclone?
Gas/kerosene cooker Do you own a gas or kerosene cooker?
Where would you go for future cyclone Where would you go if there was a future cyclone?
Refrigerator Do you own a refrigerator?
Non-workers What is the total number of non-workers in the household?
Union Household union (indication of community)
Primary water source What is the household’s primary water source?
Toilet—female What kind of toilet facility do female household members use?
Spouse-prepared meals consumed Has household consumed prepared meals? If yes, who? Spouse
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rounded up to the nearest integer if the prediction was greater than one trip, and 
rounded down to zero if the prediction was less than one trip. This was to account 
for the fact that all of the holdout data migrations are reported as integer values. The 
mean RMSE of models was 2.22 with a standard deviation of 0.05. This is com-
pared to an average mean of actual holdout set household migrations of approxi-
mately 3 migrations with a standard deviation of 3. For comparison, a naïve model 
that assumes that each household simply has the mean number of migrations has a 
mean RMSE of 2.27.

Discussion

The analysis of variable importance from random forest models reveals similarities 
and differences between the variables associated with different types of migration 
in Survey 1: environmental migration, migration for education, migration for trade, 
migration for health, and migration to visit relatives. For all five of the models, pos-
sible proxies for wealth or socio-economic status such the amount of homestead 
land owned were among the most important variables that predict the migration out-
come variable. This analysis only establishes associations among variables and can-
not speak to causal connections, but we can compare the salient variables identified 
here with causal relationships discussed in other work. The material of the respond-
ent’s home was important in models of four of the five types of migration. Previ-
ous research has indicated that livelihood and economic opportunity can greatly 

Fig. 4   Percent test errors for each random forest model of migration assessed in Survey 1. Test errors are 
calculated based on predictions of test data from models fitted with training data. The figure shows that 
the model of migration for education has the lowest test error, while the model of environmental migra-
tion has the highest percent test error. These differences represent that random forests’ predictive abilities 
vary based on outcome variables and underlying patterns in data
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motivate or limit movement [70, 71]. Perceived issues in the community were also 
important across all of the models (“Biggest problem in community”, “Second big-
gest problem in community”, and “Third biggest problem in community”), suggest-
ing that perceptions and satisfaction with one’s home are also importantly associated 
with migration, regardless of the dominant motivation. Birth year of the head of 
household was also important for many of the models, suggesting that age is likely 
an important personal factor associated with migration decisions.

Assessing the individual models more closely provides additional insights into 
the differences between the models of migration as a result of varying self-reported 
motivations. Figure 5 shows high-level differences between models based on the fre-
quency of important variables categorized by theme. From this analysis, we see that 
the response variable for environmental migration is uniquely associated with know-
ing others who have also migrated for environmental reasons, as the first two most 
important variables reflect this. Past research has shown that the barrier to migrate 
can be significantly lowered by potential migrants having social connections with 
others who have migrated in the past [9, 72, 73]. It is also noteworthy that there were 
not any explicitly environmental variables amongst the most important variables for 
environmental migration. This reinforces the common understanding that even when 
environmental pressures impact migration, they are rarely the only driver [7].

In contrast to environmental migration, the model of migration for education 
is uniquely influenced by variables that relate to household education level, such 
as the annual household expenditures on education and the number of household 
members who attended college and university. In addition to these variables related 

Fig. 5   Overview of categories of variables present in top 15 variables of importance for models of 
migration assessed with Survey 1. The legend shows the colors corresponding to the categories of vari-
ables
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to education, the models have identified variables related to socioeconomic status 
and access to infrastructure, such as tenancy of agricultural land and distance to a 
cyclone shelter as important variables.

Other nuances in the important variables in the models of migration for health 
care, migration for trade, and migration to visit relatives further demonstrate the 
strength of random forest models in identifying nuances and complex relationships 
in data. For instance, migration for trade or commerce is strongly associated with 
the location of the respondent’s primary source of livelihood. Migration for health 
is uniquely associated with factors that reflect community-level conditions, such as 
the minimum level of education that a community member would be able to obtain. 
Migration to visit relatives is uniquely associated with variables related to locus of 
control such as the respondent’s faith in their ability to plan ahead and ability to 
express themselves during elections.

The test error rates for the random forest models for each type of migration may 
also be telling. Models of migration for education have the lowest error rate, sug-
gesting that this type of migration is easier for a model to predict. Models of envi-
ronmental migration, in contrast, have the highest error rate, followed by migration 
for health care. There seems to be a clear divide between models to predict migra-
tion for education, migration to visit relatives, and migration for trade, which per-
formed relatively well; and models for environmental migration and migration for 
health care, which were considerably less accurate. One possible explanation is that 
environmental events or health challenges are responses to specific negative events, 
such as severe storms or illness, that cannot be predicted in advance. Education, vis-
iting relatives, and economic opportunities, on the other hand, may be driven more 
by ongoing positive conditions at a destination that draw someone to move and that 
are more predictable and subject to advance planning [8, 36].

The analysis of Survey 2 also demonstrates the power of random forest models 
for providing insights into important variables associated with migration in Bangla-
desh, this time where the outcome variable is continuous rather than dichotomous. 
Here, the first and fourth most important variables are latitude and longitude, which 
are important even when controlling for the survey community. We speculate that 
the importance of latitude and longitude may reflect spatial variations in environ-
mental and geographic conditions that affect migration. For example, soil salinity 
varies strongly on a north–south gradient, and salinity has been shown to be an 
important factor influencing migration in Bangladesh [59]. Longitude correlates 
both with proximity to the Indian border and with proximity to a number of major 
rivers whose orientations are largely north–south.

In addition to latitude and longitude, several variables that suggest socio-eco-
nomic status are important in the model. The second and thirteenth most important 
variables reflect ownership and the type, respectively, of the household’s primary 
water source. In addition, the year a business was started as well as owning a refrig-
erator or a gas cooker all correlate with household wealth. Toilet facilities used by 
female members of the household, and whether or not the spouse of the household 
head consumes prepared meals are also likely to reflect socioeconomic status as well 
as gender empowerment, education, household wealth, and household employment 
[74]. As with the results from Survey 1, this supports the common understanding 
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that livelihood and economic opportunity are important to migration decisions [70, 
71]. Results from Survey 2 also suggest that household composition is important to 
migration: the size of the household and the number of non-workers in the house-
hold are both important, even though the number of migrations is normalized by the 
number of person-years for the household.

Finally, several variables related to the most recent cyclone were important in 
this analysis, including sources of food and water during the latest cyclone, as well 
as where a household would go in the event of a future cyclone. Cyclones have been 
widely studied as a driver of migration in Bangladesh [62, 75, 76]. Mallick and Vogt 
found that that male household members migrated towards cities to access liveli-
hood opportunities after the cessation of emergency aid after the 2009 cyclone Aila 
[62].

This work provides initial evidence that random forest models can be promis-
ing tools for predicting migration from a large collection of covariates. Assessed 
by the accuracy of out-of-sample predictions, random forests outperformed logistic 
regressions and SVM models for Survey 1. This is likely due to the fact that tree-
based models allow us to identify nonlinear and multimodal (nonmonotonic) inter-
actions between variables that we cannot effectively model with generalized linear 
models or SVMs. When assessing the predictive accuracy of the model for Survey 
2, we see that the random forest models only slightly outperform a naïve model. 
This is in large part due to the structure of the outcome data in Survey 2, which is 
a continuously distributed variable that is strongly zero inflated (most households 
do not migrate at all) with a very long tail (a few households have very high levels 
of migration). This complex structure of the data that the model is trying to pre-
dict means that it is very difficult to model and even define an appropriate measure 
of predictive accuracy. For these complex, continuous data, results show that the 
skill of the random forest model is very limited. However, future work will continue 
to investigate more sophisticated ways of modeling continuous data from a zero-
inflated distribution.

In general, we see significant potential in the random forest models for improv-
ing predictive accuracy, primarily from the results of Survey 1. Predictive ability 
is valuable for informing future climate policy and adaptation strategies that aim to 
address migration [9, 58, 77, 78]. Where prediction might be more important than 
understanding underlying drivers, especially when providing information to policy-
makers, random forest should be explored further as a possible tool. As modelers 
and researchers continue to work to improve their ability to predict migration, ran-
dom forest models have much to offer for future analysis. However, modelers should 
continue to develop more sophisticated methods, as our results show that even the 
random forest model still has limited predictive accuracy, especially when predict-
ing the number of migrations versus a dichotomous classification of a household’s 
mobility. It is possible that the limited predictive power of our random forest mod-
els was partially due to the absence of potential push factors (such as cyclones or 
illnesses) in models of migration for environmental and health reasons. Explicitly 
including push factors in future analyses may improve model predictive accuracy. 
These push factors are not themselves very predictable: there is great stochastic 
uncertainty in the distribution of cyclone strikes. However, even when the push 
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variables are not themselves predictable, predictive models that incorporate them via 
conditional probabilities (e.g., what is the probability of migration in the event that 
a cyclone strikes?) can be useful for disaster planning and “what-if” policy analyses.

This work demonstrates that random forest models can help researchers identify 
salient variables from large social surveys when studying migration. This is espe-
cially useful when dealing with large, complex datasets from social surveys, where 
it can be challenging to decide which variables are worthwhile for further investiga-
tion. For cases of categorical as well as continuous outcome variables, random for-
est models were able to identify a small number of important predictors of migration 
from sets of more than 700 independent variables. From these important predictor 
variables, we were able to provide insights into the underlying patterns in the data-
sets and, thus, identify nuances in the possible drivers of different kinds of migration 
in southwestern Bangladeshi communities.

Conclusion

This work is a novel application of machine learning techniques to social survey 
data, and our results highlight the usefulness of such methods to identify important 
variables in such large, complex datasets. By applying these methods to the study 
of environmental migration from household surveys, our results show that random 
forest models can be useful tools for researchers studying migration, especially envi-
ronmental migration, where the theory is not clearly established or varies consider-
ably by location.

One downside of the random forest models, however, is that although they can 
quantify variable importance, they do not provide simple explanations of the ways 
in which the individual predictors connect to the outcome variable. For example, we 
know from random forest outputs that latitude is important to predicting normalized 
total number of household internal migration trips, but there is not a simple relation-
ship in which either higher or lower latitudes are associated with migration. Once 
important variables are identified, a combination of theory and traditional regres-
sion methods may be useful in identifying more directly how those variables relate 
to migration. Thus, random forest models are not the final answer to assessing or 
modeling environmentally induced migration, but they can serve a valuable role in 
exploratory data analysis by providing insights into datasets, informing hypotheses, 
or testing theories.

Future work should continue to develop modeling methods that are able to assess 
and explain the complex relationship between environmental, economic, and politi-
cal factors and how they contribute to migration decisions. Predictive accuracy 
should remain a priority for future research, but data-driven methods, such as ran-
dom forest modeling, should work together with theoretical analysis that can provide 
fundamental understanding of the socio-environmental systems [22, 79, 80].
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