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Abstract 
Scholars from various disciplines have long attempted to identify the variables most 
closely associated with individual preparedness. Therefore, we now have much more 
knowledge regarding these factors and their association with individual preparedness 
behaviors. However, it has not been sufficiently discussed how decisive many of these 
factors are in encouraging preparedness. In this article, we seek to examine what 
factors, among the many examined in previous studies, are most central to engendering 
emergency prepared‑ ness in individuals particularly for tornadoes by utilizing a 
relatively uncommon machine learning technique in disaster management literature. 
Using unique survey data, we find that in the case of tornado preparedness the most 
decisive variables are related to personal experiences and economic circumstances 
rather than basic demographics. Our findings contribute to scholarly endeavors to 
understand and promote individual tornado prepared‑ ness behaviors by highlighting the 
variables most likely to shape tornado preparedness at an individual level. 

Keywords:  

Disaster management; Emergency preparedness; Machine learning; Random forest 
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1 Introduction 
While disasters cause tremendous damage to individual human life and property, the 
risks associated with them can be significantly reduced if the society and its members 
are appropriately prepared. Previous disasters have shown that the level of emergency 
preparedness, particularly at an individual level, can reduce negative outcomes of these 
events such as mortality and property damage (Diekman et al. 2007; Keim 2008; Paton 
2008). Therefore, in addition to the development of emergency response plan and 
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training first-responders for emergency preparedness, it is also important to promote 
emergency preparedness at individual level. 

Given the importance of individual emergency preparedness, scholars from various 
disciplines have attempted to identify the variables most closely associated with 
individual emergency preparedness. While the associated factors vary depending on 
the specific type of hazards such as earthquakes, hurricanes and tornadoes (Perry and 
Lindell 1991; Murphy et al. 2009, 2018), numerous studies have found that basic 
demographic characteristics and disaster-specific variables such as disaster experience 
and risk perception may explain variations in individual emergency preparedness for 
various disastrous situations. Furthermore, there is evidence that political disposition 
variables may also influence emergency preparedness and other general risk-mitigating 
behaviors of individuals. This line of study has primarily been conducted using statistical 
modeling techniques such as multiple and multivariate linear regression. 

Given these scholarly contributions, we now have much more knowledge regarding 
factors associated with individual preparedness for various hazards. However, the 
dominant statistical approach (relying on variations of multiple regression techniques) 
raises concerns about the confounding influence of multiple variables—especially when 
calculating the size of various effects. Because of this, it is not clear how important and 
decisive many of these factors are in encouraging preparedness. Is preparedness 
driven by relatively immutable demographic characteristics? Does disaster experience 
shape individual preparedness behaviors? We know that there are many statistically 
significant factors—but which are the most often decisive? Therefore, we seek to 
identify what factors, among the many tested in the previous studies, are most central to 
engendering emergency preparedness. 

To that end, we look at levels of individual preparedness for tornadoes specifically. 
There are several reasons why we choose to look at tornado preparedness. First, 
tornadoes are one of the most salient hazards; tornadoes pose immediate harm to the 
public and their properties in more than 30% of states in the USA. Given the scale and 
scope of this issue, it is important to understand individual preparedness for tornadoes 
and seek to reveal the ways in promoting it. Furthermore, scholars have previously 
heavily focused on individual preparedness for seismic hazards (see review in Choi and 
Wehde 2020). Given that hazard type may affect individual behaviors during 
emergencies differently, it is useful to increase efforts for understanding individual 
preparedness beyond seismic hazards. By answering this question, we expect to have 
more accurate predictions regarding individual emergency preparedness and eventually 
provide better practical implications for practitioners. 

To examine the relative decisiveness of factors, we use a relatively uncommon 
technique in this literature: random forest regression (RFR). RFR is a machine learning 
technique that assesses the effects of all explanatory variables simultaneously and 
allows us to understand what factors are more decisive than others to determine the 
value of dependent variables (Breiman 2001). This machine learning technique allows 



us to assess the decisiveness of variables without making strong parametric 
assumptions and avoiding the common problems related to high correlations between 
the explanatory variables (i.e., multicollinearity). This technique answers questions 
related to how often a variable is an influential part of classifying respondents as 
undertaking preparedness activities rather than estimating an effect on a conditional 
mean of preparedness activities (as regression approaches do). 

In the following article, we first review previous studies of individual emergency 
preparedness to determine the variables we will analyze. Given that there are 
insufficient studies on emergency preparedness for tornadoes specifically (Choi and 
Wehde 2020), this paper reviews the emergency preparedness literature for various 
hazards including tornadoes as well as general risk mitigation behaviors. Next, we 
provide a brief introduction to RFR and how this technique helps us to assess the 
decisiveness of variables. We then utilize data from the 2013 Severe Weather and 
Society Survey and ft models using RFR to ascertain independent variable 
decisiveness. While previous studies have heavily focused on gender and race to 
understand individual preparedness for emergencies, we find that the most decisive 
variables are related to personal experience, economic circumstances and trust in 
government rather than basic demographics. Our analysis highlights the interventions to 
accentuate disaster experience and trust in government to promote individual 
preparedness for tornadoes. Finally, we end with a discussion of the methodological 
implications of our research for future studies in disaster management. 

2 Literature review 
Scholars in various disciplines have sought to understand variations in the level of 
individual emergency preparedness for various hazards and other risk-mitigation 
behaviors. Because individual decisions and behaviors are rather complex, many 
categories of potential explanatory factors have been examined. 

First, scholars have found that basic individual demographic characteristics explain 
variations in individual emergency preparedness. While the effects of demographic 
characteristics may vary depending on locations and specific disasters, scholars have 
found the contingent effect of a plethora of demographic variables reviewed here. There 
is the greatest degree of consensus that as income and education increase, generally, 
so do preparedness levels (Fothergill and Peek 2004; Russell et al. 1995; Ablah et al. 
2009; Edwards 1993). Most studies find that females are more likely to be prepared for 
disasters and emergencies than their male counterparts (Murphy et al. 2009; Robinson 
et al. 2019; Eisenman et al. 2006; Mulilis et al. 2000). Home-ownership is often 
associated with increased preparation for emergencies as well (Perry et al. 2001; 
Murphy et al. 2009). Furthermore, those who have more children at home are more 
likely to be prepared for disasters and emergencies (Edwards 1993; Russell et al. 1995; 
Baker and Cormier 2013; Olympia et al. 2010).  



In some areas, the evidence on the influence of demographic characteristics is 
contradictory or mixed. Ablah et al. (2009) and Lindell and Whitney (2000) find that age 
is positively associated with emergency preparedness while Heller and coauthors 
(2005) find a negative relationship between age and preparedness for emergencies. 
Many studies have found that racial and ethnic minorities are more likely to be prepared 
for emergencies (Eisenman et al. 2006; Torabi and Seo 2004) while others find no 
differences between white respondents and minority counterparts (Murphy et al. 2009). 

Additionally, there is evidence that disaster-specific variables are associated with 
individual emergency preparedness. The set of disaster-specific variables generally 
include individual risk perception, previous disaster experience, and the level of 
knowledge on a specific disaster of individuals, to name a few (Lindell and Whitney 
2000). Individual risk perception of specific disasters is a significant determinant of 
individual emergency preparedness as well as other risk mitigating behaviors (Miceli et 
al. 2008; Funk et al. 2010; Lai et al. 2018; Murphy et al. 2009; Paton 2008; Palm et al. 
1990; Pennings and Grossman 2008). While a majority of these studies have shown 
that those who perceive higher risks associated with disasters tend to prepare for these 
events more, other studies have also found that risk perception is not significantly 
associated with individual risk mitigating behaviors (Russell et al. 1995; Jackson 1981; 
Mileti and Darlington 1997; Lindell and Whitney 2000).1 Previous studies have also 
found that individuals are more likely to take risk mitigating behaviors or prepare for 
emergencies when they are knowledgeable regarding specific disasters and risks 
associated with them (Bord et al. 1998; Jaeger et al. 1993; Leiserowitz 2006). 
Furthermore, some scholars have also found that people who have previously 
experienced disasters and emergencies are more likely to prepare for potential 
emergencies (Norris et al. 1999; Mulilis et al. 2003; Kapucu 2008). 

Political dispositions are also often investigated to explain individual emergency 
preparedness and other risk mitigating behaviors—though this research is far more 
limited than the study of demographics and disaster-specific characteristics. Political 
dispositions are generally measured as political ideology, party identification or attitudes 
toward government. These concepts work to represent the central belief systems 
through which individuals process their decisions, such as being prepared for an 
emergency, that is related to policy (Taber and Lodge 2006; Rudolph and Evans 2005). 
It is reasonable to expect that individual decisions related to policy filtered through 
political lenses may eventually affect their actual behaviors. Scholars have found that 
political dispositions, mainly trust in federal and local government, may affect individual 
emergency preparedness although this effect is contingent on locations and specific 
type of disasters (Ablah et al. 2009; Perry and Lindell 1991; Murphy et al. 2009; Basolo 
et al. 2009; Arlikatti et al. 2007; van der Weerd et al. 2011; Murphy et al. 2018). 

 

1 Some scholars argue that the mixed results may be the results of different measurement strategies of 
risk perception. 



3 Data and methods 
While previous studies show variables associated with individual preparedness for 
various hazards including tornadoes, scholars have not investigated which variables, 
among many, are the most or least decisive factors explaining individual emergency 
preparedness. Therefore, we seek to examine the relative decisiveness of these 
variables. 

To answer this question, we draw on data from the 2013 Severe Weather and Society 
survey which was fielded in eight weekly waves between May 8th and June 27th with 
each wave consisting of approximately 500 randomly selected members of the same 
SurveySpot Internet panel.2 Because we are interested in emergency preparedness in 
the context of tornadoes, we geographically restricted our sample so that only people 
living in a tornado-prone region of the USA commonly known as Tornado Alley were 
asked to participate. Members of the panel qualified as living in a tornado-prone region 
if the address they registered with SSI is located in one of the high-vulnerability regions 
listed by Ashley (2007) in his seminal study of tornado climatology. A total of 3976 
participants living in tornado prone areas from Alabama, Arkansas, Georgia, Illinois, 
Indiana, Kansas, Kentucky, Louisiana, Michigan, Mississippi, Missouri, North Carolina, 
Ohio, Oklahoma, South Carolina, Tennessee, and Texas were recruited for this survey.3 
We also oversampled members of the sample that reside in rural settings so as to 
maximize geographic coverage and combat the urban bias typically associated with 
Internet access and participation in web-based surveys (Couper 2000). Our survey 
measures the perceptions, opinions and preferences of Americans regarding natural 
disaster issues, particularly tornadoes, perceived risks, trust in various levels of 
government and agencies, knowledge about tornadoes, political dispositions and other 
basic demographic characteristics.4 By utilizing this data, we seek to investigate the 
decisiveness of variables which may influence individual emergency preparedness, with 
a specific focus on tornadoes. 

The dependent variable in this study is the level of individual emergency preparedness 
for tornadoes based on specific protective actions. Each respondent was asked to 
select items they currently have available at their residence in case of emergencies. 
These items include (1) a disaster response plan for them and their family, (2) an 
emergency preparedness kit containing first-aid supplies, flashlights, batteries, etc., (3) 
supplies of water and food, (4) generators to provide electricity, (5) designated place to  

2 At the time, the SurveySpot panel consisted of approximately two million households with about five 
million household members. In addition to this large panel, SSI maintains a subpanel of approximately 
400,000 members whose demographics (e.g., race, gender, and education) are roughly proportionate to 
national census characteristics. Our sample was randomly drawn from the 400,000 census-balanced 
subpanel. 

3 See Table 2 in “Appendix”  

4 See Tables 3 and 4 in “Appendix” for survey questions 



provide the most shelter from tornadoes within their house, and (6) specially 
constructed room or other facilities on your property designed to provide shelter from 
tornadoes and they are recommended by FEMA. This article creates a measure of the 
level of individual emergency preparedness using this survey question (0 = “not 
prepared at all’ to 6 = “fully prepared”). If a respondent who answered that he or she 
does not have any of those items, the respondent was coded as 0 (“not prepared at 
all”). In contrast, the respondent who answered that he or she has all of these items was 
coded as 6 (“fully prepared”). 

This study includes seven important demographic variables based on the findings of 
previous studies (Murphy et al. 2009; Fothergill and Peek 2004; Russell et al. 1995; 
Ablah et al. 2009; Edwards 1993; Robinson et al. 2019; Eisenman et al. 2006; Mulilis et 
al. 2000). We include gender (0 = “female”, 1 = “male”), age (respondent’s reported age 
in years), education (dummy variables for a high school education or less, some college 
or a bachelors degree, and graduate education), race (dummy variable for White), and 
income (variable ranging from 1 to 4 where 1 represents “less than $50,000” and 4 
indicates “$150,000 or more”). We also include home-ownership of individuals (0 = “ do 
not live in their own property”, 1 = “ live in their own property instead of renting a house”) 
and the number of children individuals live with (0 = “None” to 4 = “four or more”). 

This study includes variables to measure disaster-specific factors such as perceived 
risks (Risk perception) and previous tornado experience (Disaster experience). These 
factors have been previously determined to explain the variations in individual 
preparedness for various hazards (Paton 2008; Murphy et al. 2009; Lindell and Whitney 
2000; Funk et al. 2010; Lai et al. 2018; Palm et al. 1990; Pennings and Grossman 2008; 
Bord et al. 1998; Jaeger et al. 1993; Leiserowitz 2006; Norris et al. 1999; Mulilis et al. 
2003; Kapucu 2008; Perry et  al. 2001). To measure risk perception, each respondent 
was asked to rate how much risk they think tornadoes impose to them and their family 
(From 0 = “no risk” to 10 = “extreme risk”). In order to measure disaster experience, we 
included two ordinal variables: Damage experience and Experience of active tornado. 
To measure Damage experience, the respondents were asked to answer how many 
tornadoes they have personally seen while they were active (1= “None” to 4 = “More 
than fve”). Additionally, the respondent were asked if they or their members of family, 
neighbors, friends or associates ever experienced property damage, personal injury, or 
loss of life from a tornado ( 0 = “No” to 4= “Yes for them personally, for family, for 
neighbors, for close friends or associates”). By including these two ordinal variables to 
measure individual experience with tornadoes, we expect to have a more accurate 
understanding of the role of disaster experience. This article also includes individual 
knowledge regarding tornadoes (Disaster knowledge). The respondents were asked to 
answer six questions regarding common myths about tornadoes. These statements 
were either true or false; each question was recoded where 1 = correct and 0 = 
incorrect. Based on these recoded questions, we create a scale of individual knowledge  

 



(0 = “not knowledgeable at all” to 6 = “fully knowledgeable”).5 

This study, finally, includes several measures of political dispositions based of research 
from political science (Murphy et al. 2018; Choi and Wehde 2020). We consider 
individuals’ confidence in federal and local government as political disposition variables 
(Trust in fed, Trust in local). The respondents were asked to rate how much of the time 
they trust the federal and local government to do what is right for the American people 
(0 = “none of the time” to 10 = “all of the time”). Additionally, respondents were asked to 
report their political ideology (1 = “strongly liberal” to 7 = “strongly conservative”) and 
party identification (Republican, Independent, or Democrats). Based on this we created 
dummy variables for Republican. Summary statistics are in Table 1. 

4 Random forest regression 
The existing literature focuses on regression-based models that seek to identify the 
difference in expected levels of preparedness (the dependent variable) based on 
ensemble lists of suspected factors related to preparedness (all of the independent 
variables). This approach provides information about the statistical significance of 
proposed factors and, sometimes, an effect size related to a variable under specific 
parametric assumptions. The parametric assumptions become quite strong as one 
includes interrelated independent variables—as is almost universally the case. We 
sought an alternative model to, instead, assess the decisiveness of the variable rather 
than an expected difference. This search led us to a class of models relatively new to 
emergency management studies—machine learning models, specifically random forest 
regression. 

Random forest regression (RFR) is an ensemble machine learning technique which 
may be utilized for efficient regression and classification tasks on large data sets (Hastie 
et al. 2005). It is built around the utilization of many decision trees (thus leading to the 
“forest” terminology). In simple terms, the technique imagines that one wants to most 
efficiently predict the level of some variable (for this study, preparedness) with as little 
data as possible. It proposes simple decision rules that help split the sample to explain 
the observed dependent variable. 

A decision tree is an efficient algorithm for splitting a data set according to its various 
independent variables leading to a branch-like structure with each “node” corresponding 
to a splitting based on one variable. The decision to split according to one independent 
variable as against the others is taken by measuring the effectiveness of the split. This 
effectiveness is generally measured through different metrics such as impurity or 
variance reduction in the split data sets which is explained in the following. We may 
define the impurity for a regression task as 

5 Question wordings for knowledge questions and correct answers are in the Appendix. For development 
of this scale, see Allan et al. (2017). 

 



 
With Ῡm is the mean of the dependent variable Yi  given by  

 
and where Nm is the number of data points at a particular node m. The set Qm 
represents the data that resides at a node. The total impurity at this node may then be 
expressed as  

 
and where nleft and nright correspond to the number of children data points in the left and 
right branches arising from the node m and 

 
are the left and right split data sets, respectively. Note that the splitting of Qm depends 
on a independent variable xj and a threshold tm at each node. The choice of tm is 
generally given by the median value of the attribute xj , i.e., the left data set is comprised 
of all samples with independent variable xj  less than tm. The decision tree splits the data 
Qm in a manner that minimizes G(Qm,Ɵ) by choosing an optimal dimension j for the 
independent variable. This branching is performed recursively for every node 
(corresponding to a different j) until certain user-defined criteria are met such as Nm ≤ 
Ntol at which point the node is denoted a leaf. A branching may also be terminated if a 
certain maximum depth is reached. A new data point (i.e., an unseen sample) can then 
follow the branching trajectory (by tracking the order of splits by j and Eq. 3 and 
placement into left or right branches by tm) and reach a leaf. In case Ntol criteria are set, 
the prediction of the decision tree for a sample is the average prediction value of the 
dependent variables at this leaf. We note that there exists multiple impurity metrics for 
splitting trees such as Gini impurity and entropy. From a high-level perspective, node 
impurity is a measure of the homogeneity of the data at a node and user defined 
homogeneity metrics may be used for the purpose of splitting the data at a node. 

 

 



Table 1: Summary statistics 

 
Figure 1 shows an example of one of several decision trees in the random forest 
regression which explains the level of individual emergency preparedness with this 
study’s data. This decision tree splits a random subset of our total data set into several 
branches terminating at leaves (or when a maximum depth of 4 branches is reached). 
As shown here, the first variable used to split the data is the high school degree (high 
school, dummy variable). We remind the reader that the decision to split is made 
through the arguments of impurity reduction. The tree continues to branch according to 
the same rule. The MSE field in the tree indicates the value given in Eq. 1 and the value 
field indicates the mean of the dependent variable at each node. 



 

 

 

 
RFRs utilize ensembles of decision trees (one example of which is shown in Fig. 1) by 
selecting random subsets of the total data for each tree to obtain a consensus on 
regression predictions. This leads to greater accuracy than the utilization of one 
decision tree solely which is prone to the phenomenon of ‘overfitting’, implying a lack of 
generalization of the model. Each tree utilizes a random subset of the data through 
sampling with replacement and may therefore obtain a completely different branching 
structure depending on the distribution of that particular data set. The generation of 
multiple decision trees as estimators also encourages generalization. RFRs are well 
suited to the modeling of nonlinear interactions between independent variables for 
which they are considered more robust than linear regression methods. In addition to 
greater robustness in model building, RFRs also provide their users a metric of 
independent variable importance. Each decision tree therefore provides different 
estimates for impurity reduction for each variable for each tree. Average impurity 
reductions may then be obtained for the entire forest and used to rank the relative 
importance of variables. In other words, variables with the most average impurity 
reduction are classified as more important. The RFR is a good fit for our endeavor to 
assess the relative importance of features affecting individual preparedness in the event 
of a natural disaster. A greater discussion of the mathematics of the RFRs utilized here 
can be found in Breiman (2001). 

We note, however, that unlike linear regression methods, RFRs do not lead to a 
parameterized model and do not provide correlation coefficients or the results one 
would need to generate effect sizes and related statistics. In that sense, the RFR results 
are decidedly ‘black-box’ in comparison with more conventional regression methods. 
For each tree, N samples are drawn randomly with replacement from the training set 
(where N is the total number of samples) and the tree is built on this new version of the 
training data. This introduces randomness in the training procedure since trees will each 
be trained on slightly different training sets. In expectation, drawing N samples with 
replacement from a data set of size N will select approximately 2N/3 unique samples 



from the original set (Louppe 2014). This explains the 2513 ‘unique’ samples at the 
head node in Fig. 1. Note that it is possible to implement individual trees with a random 
number of independent variables utilized for each tree. However, we chose to keep all 
decision variables available to all trees. 

Due to the socio-economic nature of our dataset, we execute several validation 
strategies before concluding on the importance of factors. These are outlined below. A 
first crucial step to ensure that the feature importance aren’t numerical artifact is through 
the use of a multi-step cross-validation. In this phase, 40 different random selections are 
made with each comprising 80% of the data which we denote the training data. 
Subsequently, for each selection, a hyperparameter optimization is performed to 
determine the optimal depth for branching. This optimization scans between a minimum 
branching depth of 4 to a maximum depth of 15 to determine when branching should be 
stopped to account for the lowest mean absolute validation error. Note that the 
validation error comes from the 20% of the total data set that is kept aside for each of 
the 40 assessments—commonly denoted validation data in machine learning parlance. 

Our implementation of the RFR uses the well-known scikit-learn machine learning 
package for Python. We utilize 100 trees with each tree using all the independent 
variables and keep Ntol = 1. Feature rankings (obtained from the forest with the optimal 
depth) are then ranked according to their importance on this set. Finally, one is left with 
40 sets of feature importances. We stack all the feature importances and display box 
plots which also show median, quartile, minimum, maximum and outlier values for the 
ranking a variable obtained as shown in Fig. 2. We can thus be more confident about 
our conclusions in this manner. One can clearly observe that the results indicate a clear 
trend. 

For each of our 40 assessments, we record the validation mean absolute error and find 
the average over the entire experiment. We obtain a mean absolute error of 0.798. We 
remind the reader that the output variable ranges from 0 to 6 and is ordinal and within 
that context, this error is deemed acceptable for the purpose of discerning feature 
importance. We would like to clarify here that the work seeks not to use the RFR as a 
predictive model directly—although this can be an interesting follow up study. Some 
strategies to extend the current framework to a predictive model would require removal 
of unimportant features recursively and assessment of test error improvement, feeding 
the identified features into another machine learning framework such as a neural 
network, potentially. However, they are outside this manuscript’s scope of study. 

5 Results 
In this paper, we calculated modal rankings of variable decisiveness with regard to 
individual preparedness for tornadoes. Figure 2 presents the results. We remind the 
readers that a higher modal value implies lower ranking and consequently a lower 
importance in our formulation. For example, first place is best while higher rankings are 
less decisive. Box-plots for each explanatory variable are presented to provide more 



detailed information about the variance of variable decisiveness. In addition, we also 
provide the percentages in relative decisiveness of each explanatory variable in Fig. 3. 
While random forest regressors do not provide quantitative interpretation with these 
percentages in relative decisiveness, it helps us identify the clusters of decisive factors 
among all explanatory variables.  

 

 
When we consider both Figs.  2 and 3, age and damage experience seem to be the 
most decisive factors to structure individual preparedness for tornadoes. Figure 3 
particularly shows that damage experience and age are the most commonly decisive 
factor by a notable margin (approximately 0.14 and 0.13 in relative decisiveness, 
respectively). In addition, experience of active tornado (how many times they have seen 
active tornadoes) also seems to be one of the most decisive factors to shape individual 
preparedness for tornadoes. This is not surprising, but it illustrates the importance of 
personal history, and the possibility of learning, in the decision to prepare for tornadoes. 
This is a variable that is common—though not universal—within the literature. 
 



 
 

Random forest regressor does not provide knowledge on how these relatively important 
variables affect individual preparedness for tornadoes, therefore, the direction of 
explanatory factors is beyond the scope of this paper. However, according to the 
previous studies and their findings (see Choi and Wehde (2020), Ablah et al. (2009)), it 
is expected that older people are more likely to prepare for tornadoes. Furthermore, 
people may be more likely to prepare for tornadoes when they have previous 
experience related to this hazard (Mulilis et al. 2003; Kapucu 2008). 

Trust in local government as well as trust in federal government are also among the 
decisive factors in shaping individual preparedness for tornadoes. It is interesting that it 
is trust in local government that is decisive rather than trust in federal government, 
political ideology or party identification. This may suggest more attention to what it is 
about trust in local government that makes it more salient to preparedness decisions 
than more distant (but, often in other situations, more salient and familiar) political 



characteristics like party identification. Additionally, risk perception is considered as 
important as trust in government factors. The result also highlights economic motivation. 
Clearly income level defines a great deal of one’s economic experience and defines 
many options for preparedness. Higher income not only increases the options available, 
that is affordable, for respondents to use in preparation it is also associated with 
increased leisure time available to prepare for future events such as disasters. 

The third set of variables, number of children, ideology, disaster knowledge and 
homeownership, seem to be similarly decisive at a low level. Finally, at the lowest end, 
our results suggest that a majority of basic demographic factors such as household 
location (rural), education, race and gender as well as party identification may be 
associated with differences in preparedness but is not a decisive factor in predicting 
levels of preparedness in our analysis. 

6 Discussion 
This article utilized a machine learning technique to examine the relative decisiveness 
of various factors tested in previous studies. While the analyses provide unique results, 
it should be noted that our conclusions are somewhat limited to tornado specific 
situations. Scholars have argued that the dynamics of preparedness for different types 
of disasters may either affected differently by or be affected by different individual 
attitudes and categories of variables (DeYoung and Peters 2016; Choi and Wehde 
2020; Murphy et al. 2018). Therefore, we suggest future research to investigate and 
compare the relative decisiveness of factors for different types of natural and human-
induced hazards to better understand individual emergency preparedness in the future. 

The results show that the most decisive variables in preparedness for tornadoes are 
age, personal experiences, trust in government, risk perceptions, and economic 
motivations. The RFR results related to the decisiveness of the variables reveal that 
some of the most commonly discussed components of individual level models are not 
the most decisive in the decision trees. For instance, race has been emphasized in 
many previous studies. Our analysis shows that, while related, it is not a decisive factor 
in predicting levels of preparedness for tornadoes.6  Rather, the most decisive variables 
are related to personal experiences, economic circumstances, and trust in government. 
These results should direct our effort to better understand the role that disaster 
experiences, economic situation and public trust in government have in determining 
household disaster preparedness. These results suggest emergency managers and 
policymakers concerned with disaster preparedness, at least for tornadoes, focus on 
interventions that will also increase trust. For example, clear and transparent 
communication strategies and deliberative processes may serve to increase 
preparedness both directly and indirectly through improvements in trust. 

6 It is worth noting that the measurement of race in this study is simplistic. Future work on decisiveness 
should use more precise measures of race before the concept is relegated to secondary importance in 
preparedness research. 



While RFR allows us to answer somewhat different and under-investigated questions, 
these results do not replace the continuing important work with traditional regression 
approaches. We acknowledge that the RFR method has some inherent limitations due 
to its black-box nature and have attempted to discuss these throughout to serve as 
warnings. Furthermore, it should be noted that RFR and its quantitative interpretation is 
somewhat limited. For instance, according to our analyses, we can confidently say that 
disaster experience is more important than gender since there is a large difference 
between their relative decisiveness. However, it does not tell us as much about 
individual characteristics that are much more closely ranked such as age and 
experience with tornadoes. Furthermore, it does not provide estimates of effect size 
such as the increase in the expected value of preparedness given a unit increase in an 
independent variable. Consequently, these results cannot provide results in the form of 
“having experienced a tornado increases preparedness levels by X%” . Those sorts of 
statements are possible from a parametric regression approach but not from our RFR 
approach. There is clearly still room for traditional parametric models to help generate 
these sorts of statements—statements often essential for benefit/cost analysis, for 
example. However, the RFR approach provides a useful check and corrective for a 
literature that relies on the parametric approach—and the misinterpretations may fall 
victim to based on strong parametric assumptions. For example, regression-based 
models can provide misleading results (in terms of both statistical significance and 
effective sizes) when models include closely related variables—even if correlations are 
low due to differences in level of measurement. It is easy in parametric, regression 
based approaches to misrepresent the influence of trust in local government when 
included simultaneously with party identification. The decisiveness approach of the RFR 
lets us see which variables are most likely to help us categorize respondents into levels 
of preparedness. In this way, it helps us see which variables are most important in the 
decision trees implied by our survey data. This can help us focus our research attention 
to the variables that are most able to shape individual preparedness behaviors. 
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