
198198198

 

Auto

Pos
after e
or deat
wide a
people
trauma
such a
comple
stress 
outcom
except
machin
build a
the aut
NN an
algorit
© 2016 

Keywor

 

1 Intro
 
Firefighters
death of and
[15]. More
Firefighters
exposure to
hazardous 
60-80% of 

Such e
traumatic st
respectively
symptoms 
serious inju
violence [1

           
* Correspondin
Emails: dmag

81981986 

omatic Id
Diso

De

st-Traumatic St
xperiencing, w
th to the physic

array of stressfu
e, exposure to g
atic events plac
as alcohol misu
eted assessmen
as part of a la

mes to build an
t those related 
ne learning algo
and validate the
tomatic predicto

nd DT. Collectin
thms’ prediction
World Academ

rds: post-traum

oduction 

s participate in
d injuries to o

eover, they of
s in many mu
o additional tr
material inci
911 calls to fi
exposures to 
tress (PTS) am
y) [15, 9]. Po
that develop 

ury or death, 
]. Individuals 

                    
ng author.  
goc@stetson.edu

dentifica
order Ba

and Sel

ejan Magoc1,

 1Stetso
2Jacksonvill

3New Mex
4Texas 

R

tress Disorder (
witnessing, or co
cal integrity of 
ul and traumatic
gruesome accid
ces firefighters a
use, especially 
nts of PTS symp
arger study.  W
n automated pr
to PTSD quest
orithms, includ
e automated pre
ors can success
ng additional d
n of at-risk indi

mic Press, UK. A

matic stress diso

n a wide array
other people, e
ften deliver n

unicipalities al
raumatic event
dents, search
ire department
traumatic eve
mong firefigh

ost-Traumatic 
after experie
threat or dea
with PTSD f

                   

u (D. Magoc), tma

ation of F
ased on D
lf-Repor
*, Tanja Mag
n University, 42
le University, 28
ico State Unive
Tech University

Received 9 M

PTSD) is an an
onfronting an e
self or others, 
c events includ

dents, body han
at risk for deve
if they use alc
ptoms, alcohol 

We used demog
redictor of the 
tionnaire. The 
ing Neural Netw
edictor for PTS
sfully predict PT
data points that 
ividuals.  
All rights reserv

order, machine l

y of stressful 
exposure to gr
news of such 
lso serve as E
ts including m

h and rescue a
ts involve med
ents may have
hters is signifi

Stress Disord
encing, witne
ath to the ph
frequently exp

    

agoc@ju.edu (T. M

 

 
 

Firefigh
Demogra
rted Alco

 
goc2, Joe Tom
21 N. Woodlan
800 University 

ersity, PO Box 3
y, 5001 El Paso

 

March 2016; R
 

Abstract
 

nxiety disorder 
event comprisin
or actual or thr

ding threat of in
ndling, multiple
eloping post-tra
cohol as a mean

consumption, a
graphic data, d
presence of PT
results of the P

twork (NN), Na
SD in municipa
TSD with the a
contain more a

ved.  

learning, neural

and traumatic
ruesome accid

tragedies to 
Emergency M
medical emerg
activities, and
dical emergen
e significant c
icantly higher
der (PTSD) i

essing, or con
hysical integri
perience intrus

Magoc), tomaka@

hters with
aphic Ch
ohol Con

maka3, Storm
d Blvd., DeLan
Blvd N, Jackso

30001, Las Cru
o Drive, El Pas

evised 6 June 

that involves a 
ng actual or thre
reatened sexual
njury to self and
e casualties, and
aumatic-stress (
ns of coping w
alcohol problem
data on PTS sy
TSD in firefigh
PTSD question
aïve Bayes Met
al firefighters. T
accuracy of 88.6
at risk individua

l network, Naïv

c events inclu
dents, body ha

the family a
Medical Techni

gencies, vehic
d many other
ncies [15]. 
consequences
r than among 
s an anxiety 
nfronting an 
ity of self or 
sion symptom

@nmsu.edu (J. T

Jo
Vol.

h Post-T
haracteri
nsumptio

my Morales-M
d, FL 32723 

onville, FL 3221
uces, NM 88003
o, TX 79905 

2016 

specific set of 
eatened serious
 violence. Firef

d others, death 
d suicides. Rep
PTS) symptom

with stress. 740
ms, drinking mo
ymptoms and d
hters based on 
nnaire were use
hod (NB), and 

The results of th
65% using NB 
als will improv

ve Bayes, decisi

uding threat of
ndling, multip

and friends o
icians (EMTs
le and aircraf
crises. In ma

. For example
general popul
disorder that 
event compri
others, or ac

ms in the form 

omaka), monks@

ournal of Unce
.10, No.3, pp.

Online at: w

Traumati
istics 
on 

Monks4 

11 
3 

symptoms that 
s injury or deat
fighters particip
of and injuries 

peated exposure
ms and related p
0 municipal fire
otives, and cop
data on alcohol

all attributes p
ed to train and 
Decision Tree 
his study indica
and 91.76% us

ve the machine 

ion tree, firefigh

f injury to sel
ple casualties,

of trauma vict
s), thereby inc
ft accidents, w
any urban are

e, the prevale
lation (16-50%
involves a sp

ising actual o
ctual or threa

m of memories

@ttuhsc.edu (S. M

ertain System
198-203, 2016

www.jus.org.uk

c Stress 

develop 
th, threat 
pate in a 
to other 

e to such 
problems 
efighters 
ing with 
l related 
provided 

test the 
(DT), to 
ated that 
ing both 
learning 

hters 

lf and others, 
 and suicides 
tims [3, 15]. 
creasing their 
water rescues, 
eas, between

ence of post-
% and 8-9%, 
pecific set of 
or threatened 
atened sexual 
, nightmares, 

Morales-Monks).  

s
6
k

 

 



Journal of Uncertain Systems, Vol.10, No.3, pp.198-203, 2016                                                                                                           

 

 
 

199

flashbacks, or prolonged distress. PTSD often leads to alternations in mood and cognition, and heightened arousal and 
stress reactivity.   

Alcohol use and abuse frequently accompany experience of PTS symptoms with 52% of men and 28% of 
women with PTSD also meeting criteria for alcohol abuse or dependence, as compared to 25% of men and 11% of 
women without PTSD [11, 19].  Approximately 30% of firefighters may have problems with alcohol use, double the 
rate among the general population [4, 15].   

Identification of individuals at risk for developing PTSD under varying traumatic circumstances has become a 
major public health challenge [12]. Recent studies have shown that data driven machine learning methods that can 
integrate large sets and many sources of information, such as biological, psychological, and social, could help identify 
models that provide specific forecasting for early identification of vulnerable individuals, and thus increase the 
opportunities for primary and secondary prevention of chronic posttraumatic stress [8, 12, 14]. Although a number of 
studies have been carried out to examine prospective predictors of PTSD among people recently exposed to traumatic 
events, most studies focused on narrow samples leaving it still unclear how well PTSD can generalize directly to 
other populations [14]. Studies suggest that machine learning approaches for forecasting PTSD must be extended and 
enriched using other data sets and adding other assumed predictors, so that accurate early prediction of individual risk 
can be achieved [13, 8, 14].  

In summary, studies show that PTS symptoms are highly prevalent among rescue workers. Such symptoms may 
lead to alcohol use and abuse, particularly if such workers use maladaptive coping mechanisms or see alcohol as 
means of coping with stress. While several machine learning methods have been tested to identify PTSD in various 
populations, they do not take advantage of information specific to firefighters such as rank and longevity of service. 
Moreover, most of the developed methods do not take into account demographic characteristics of individuals. Thus, 
the purpose of our study was to build an automated predictor of PTSD in municipal firefighters while taking into 
consideration firefighters’ rank and longevity of service as well as demographic characteristics. We used three 
machine learning techniques to help us identify firefighters at risk of developing PTSD in early stages and avoid 
potentially more serious consequences of using alcohol as coping mechanisms when dealing with PTSD. Given large 
amount of subjective, and therefore imprecise, data to process as well as variables whose interrelationships are 
unclear, we used three different machine learning algorithms – Naïve Bayes method, Neural Network, and Decision 
Tree – for this task since they deploy different algorithms [16, 18] in order to determine which algorithm is the most 
suitable for the task at hand. 

 

2 Methods 
 
2.1 Participants and Setting  
 
Participants in this study were 740 uniformed firefighters from a large municipal fire department in the southwest 
United States, accounting for 88% of an approximate population of 844 firefighters in this municipality. Besides 
various demographic questions, participants completed assessments of PTS symptoms, alcohol consumption, alcohol 
problems, drinking motives, and coping with stress, as part of a larger study. 

 
2.2 Measures 
 
The following data points were collected from participants in the study:  

Demographics. Demographic items included age, ethnicity, race, marital status, sex, number of years being a 
firefighter, rank in the fire department, and the current shift assignment. 

PTSD Checklist-Civilian Version (PCL-C). The PCL-C is a 17-item instrument that assesses PTS symptoms 
within the past 30 days and the relationship between PTS symptoms and “stressful life experiences” [17]. Scores have 
a possible range of 17-85; cut off points of 44 and 50 have been recommended indicating potential PTSD [17].   

Alcohol Use Disorders Identification Test (AUDIT). The AUDIT is a 10-item instrument that assesses risky 
alcohol consumption and screens for potential alcohol-related problems [2]. Scores range from 0 to 40 with scores of 
8 or greater suggesting “at-risk drinking.”  The AUDIT has a reliability of α= .86 [2].  

Rutgers Alcohol Problems Index (RAPI). The RAPI is a 23-item instrument that assesses frequency of alcohol-
related problems experienced within the last year [20]. Scores can range from 0-92, with higher scores suggesting 
greater experience of alcohol-related problems. The RAPI has a reliability of α= .92 [20].  

Daily Drinking Questionnaire (DDQ-Modified). The DDQ assesses typical consumption of alcoholic beverages 
by asking about drinking patterns during a “typical week” within the last month [6].  
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Drinking Motives Questionnaire (DMQ). The DMQ is a 20-item instrument that assesses reasons why 
individuals might be motivated to drink alcohol [7]. According to Cooper [7], drinking motives fall into four 
categories: enhancement, socialization, coping, and conformity. The DMQ-R subscales have shown adequate 
reliabilities (social α = .96, coping α = .89, enhancement α = .96, and conformity α= .93) [7]. 

Brief Cope. The Brief Cope is a 28-item instrument that assesses an individual’s use of coping mechanisms 
within the past three months [5].   

 
3 Results 
 
3.1  Descriptive Analysis 
 
Table 1 presents demographics for the study population as well as for the two scales with published cutoff criteria. As 
shown, the study population was predominantly male and Hispanic with the mean age of nearly 38 years. About 2/3 
of firefighters were married.  In terms of rank, about ¼ of firefighters were officers and ¾ were uniformed firefighters 
or drivers. Nearly 45% of the study population showed significant signs of PTS and nearly 33% indicated need for 
some kind of alcohol intervention.  

 
Table 1: Descriptive statistics for demographics and study variables with recommended cutoff values 

Variable Mean (SD) or % 
Age 37.67 (8.07) 
Gender (%Male) 98.1% 
Ethnicity (%Hispanic) 75.5% 
Marital Status 
    Single 
    Married 

 
32.6% 
67.4% 

Rank 
     Officer 
     Non-Officer 

 
27.0% 
73.0% 

Post-Traumatic Stress (PCL-C) 
     26-35 
     36-44 
     >44 
     Cumulative > 25 

27.36 (10.21) 
24.7% 
12.4% 
7.5% 
44.5% 

At-Risk Drinking (AUDIT) 
     8-15 (Zone II: Simple Advice) 
     16-19 (Zone III: Simple Advice + Counseling) 
     20-40 (Zone IV: Refer to Specialist) 
     Cumulative > 7 

6.26 (5.25) 
26.4% 
3.9% 
2.4% 
32.7% 

 
Note: N = 740; Marital Status: Single includes divorced, widowed, separated, never married/single, cohabitating, 

or other; Rank: Officer includes Lieutenant, Captain, and Chief. 
 

3.2 Primary Analysis  
 
Using the information collected from 740 firefighters, we trained three machine learning algorithms (Neural Network, 
Naïve Bayes, and Decision Tree) to develop an automated predictor of PTSD in this study population. The input 
variables included the following: 

 Age – any integer value. 

 Hispanic – yes or no. 

 Race – White, Black or African American, Asian, Native Hawaiian or other Pacific Islander, American 
Indian or Alaska Native, or other. 

 Marital status – married, divorced, widowed, separated, single, cohabiting, or other. 
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 Gender – male or female. 

 Number of months spent in firefighter service – any integer. 

 Rank in the firefighter department – firefighter, driver, lieutenant, captain, or chief. 

 AUDIT questionnaire – added values for all 10 questions in the AUDIT questionnaire (possible values 0-40). 

 RAPI questionnaire – added values for all 23 questions in the RAPI questionnaire (possible values 0-92). 

 DDQ average weekly days. 

 DDQ average weekly drinks. 

 DDQ average weekly hours. 
The output consisted of two possibilities {PTSD, no PTSD}, which determines whether the person is classified 

to have or not to have PTSD. Since we performed supervised learning, we labeled each record as “PTSD” or “not 
PTSD” based on the answers to the PTSD questionnaire. We added answers to all 17 questions, which resulted in a 
score in the range 17-85. We assigned a label to each record with scores above 44 indicating the presence of PTSD 
[17]. 

All three machine learning models were trained using free software package weka [10]. For the Neural Network 
approach, we used Multilayer Perceptron with learning rate 0.1 and training time of 500. For Decision Tree approach, 
we used J48 tree with confidence factor of 0.5. The Naïve Bayes was trained using default values for all parameters. 

To validate the accuracy of the developed machine learning algorithms, we performed 10-fold cross-validation 
with 90% of data points used for training and 10% of data points for testing. After combining results of all ten runs in 
cross-validation, the NN and DT classified correctly 91.76% of test data while NB classified correctly 88.65% of test 
data. 

 
3.3 Discussion 
 
Interestingly, neural network and decision tree developed equally good models. This is a rare coincidence to get 
exactly the same results by two methods, but it is very encouraging that both methods performed very well. The 
Naïve Bayes method performed slightly poorer than the other two methods, but still performed at a high level. A 
possible reason for a slightly lower performance is that the Naïve Bayes assumes independence among all input 
variables, which is not true in our sample. While this assumption is usually a good trade-off between accuracy and 
speed of execution, it might have a slight impact on final results. 

Our study shows that machine learning methods can very successfully identify firefighters at risk of developing 
PTSD while focusing specifically on demographic characteristics of firefighters. This is a very promising result given 
that we used out-of-box algorithms implemented in weka, which are freely accessible to everyone. 
 
3.4 Expected Improvements in Machine Learning Predictions 
 
Even though the current machine learning methods’ predictions are quite good and encouraging in supporting easy 
identification of firefighters susceptible to PTSD, further improvements are possible. First, a larger amount of data 
would allow for easier detection of patterns. Moreover, a larger amount of data would likely contain more instances 
of low represented classes such as the number of female individuals. 

Second, the methods that we used are out-of-box algorithms provided by weka. A deeper modifications and 
parametrization of algorithms could contribute to improved results. 

 

4 Conclusions 
 
Due to the frequent exposure to stressful situations that firefighters experience, prevention and intervention strategies 
for stress-related outcomes should be a main focus for this particular population. Interventions designed to prevent or 
reduce PTSD symptoms due to daily exposure to disasters may also be efficient in preventing alcohol-related 
outcomes and decreasing alcohol consumption as a copying mechanism for stress.  The fire departments may benefit 
from assessments and treatments of PTSD symptoms in their early stages, which would require less intense 
interventions, such as education and simple advice rather than counseling, diagnostic evaluation, and treatment in 
more severe cases when individuals with heath related problems are identified in later stages. 

Firefighters often do not want to admit that they cope with PTSD, and therefore they do not willingly participate 
in surveys such as PCL-C to determine their level of PTSD. More likely, firefighters are willing to complete 
demographic and alcohol consumption surveys. 
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The results of this study indicated that the automatic predictors based on demographic characteristics and alcohol 
consumption can successfully predict PTSD among municipal firefighters with the accuracy of 88.65% using Naïve 
Bayes and the accuracy of 91.76% using both Neural Network and Decision Tree. Even though the results are not 
100% perfect, they are highly promising and show a great potential for quick and early identification of firefighters 
susceptible to PTSD and potentially alcohol related problems even without their participation in PCL-C survey. 
Collecting additional data points that contain more at risk individuals could potentially improve the machine learning 
algorithms’ prediction of at-risk individuals. 
 

References 
 

[1] American Psychiatric Association [APA], Diagnostic and statistical manual of mental disorders DSM-IV-TR, 4th Edition. 

Washington DC: American Psychiatric Association, 2006. 

[2] Babor, T.F., Higgins-Biddle, J.C., Saunders, J.B., and M.G. Monteiro, AUDIT: the alcohol use disorders identification test: 

guidelines for use in primary care, Geneva, Switzerland: World Health Organization, 2001. 

[3] Beaton, R., Murphy, S., Johnson, C., Pike, K., and W. Corneil, Coping responses and posttraumatic stress in urban fire 

service personnel, Journal of Traumatic Stress, vol.12, no.2, pp.293–308, 1999. 

[4] Boxer, P.A., and D. Wild, Psychological distress and alcohol use among fire fighters, Scandinavian Journal of Work, 

Environment & Health, vol.19, pp.121–125, 1993. 

[5] Carver, C.S., You want to measure coping but your protocol’s too long: consider the Brief Cope, International Journal of 

Behavioral Medicine, vol.4, no.1, pp.92–100, 1997. 

[6] Collins, R.L., Parks, G.A., and G.A. Marlatt, Social determinants of alcohol consumption: the effects of social interaction 

and model status on the self-administration of alcohol, Journal of Consulting and Clinical Psychology, vol.53, no.2, pp.189–

200, 1985. 

[7] Cooper, L.M., Motivations for alcohol use among adolescents: development and validation of a four-factor model, 

Psychological Assessment, vol.6, no.2, pp.117–128, 1994. 

[8] Galatzer-Levy, I.R., Karstoft, K.I., Statnikov, A., and A.Y. Shalev, Quantitative forecasting of PTSD from early trauma 

responses: a machine learning application, Journal of Psychiatric Research, vol.59, pp.68–76, 2014,  

[9] Grinage, B.D., Diagnosis and management of post-traumatic stress disorder, American Academy of Family Physicians, 

vol.68, no.12, pp.2401–2408, 2003.  

[10] Hall, M., Frank, E., Holmes, G., Pfahringer, B., Reutemann, P., and I.H. Witten, The WEKA data mining software: an update, 

SIGKDD Explorations, vol.11, no.1, pp.10–18, 2009. 

[11] Hruska, B., Fallon, W., Spoonster, E., Sledjeski, E.M., and D.L. Delehanty, Alcohol use disorder history moderates the 

relationship between avoidance coping and posttraumatic stress symptoms, Psychology of Addictive Behaviors, vol.25, no.3, 

pp.405–414, 2011. 

[12] Karstoft, K.I., Statnikov, A., Andersen, S.B., Madsen, T., and I.R. Galatzer-Levy, Early identification of posttraumatic stress 

following military deployment: application of machine learning methods to a prospective study of Danish soldiers, Journal 

of Affective Disorders, vol.184, pp.170–175, 2015. 

[13] Karstoft, K.I., Galatzer-Levy, I.R., Statnikov, A., Li, Z., and A.Y. Shalev, Bridging a translational gap: using machine 

learning to improve the prediction of PTSD, BMC Psychiatry, vol.15, no.30, 2015, doi:10.1186/s12888-015-0399-8. 

[14] Kessler, R.C., Rose, S., Koenen, K.C., Karam, E.G., Stang, P.E., Stein, D.J., Heeringa, S.G., Hill, E.D., Liberzon, I., 

McLaughlin, K.A., McLean, S.A., Pennell, B.E., Petukhova, M., Rosellini, A.J., Ruscio, A.M., Shahly, V., Shalev, A.Y., 

Silove, D., Zaslavsky, A.M., Angermeyer, M.C., Bromet, E.J., de Almeida, J.M.C., de Girolamo, G., de Jonge, P., 

Demyttenaere, K., Florescu, S.E., Gureje, O., Haro, J.M., Hinkov, H., Kawakami, N., Kovess-Masfety, V., Lee, S., Medina-

Mora, M.E., Murphy, S.D., Navarro-Mateu, F., Piazza, M., Posada-Villa, J., Scott, K., Torres, Y., and M.C. Viana, How well 

can post-traumatic stress disorder be predicted from pre-trauma risk factors? An exploratory study in the WHO World 

Mental Health Surveys, World Psychiatry, vol.13, pp.265–274, 2014. 

[15] Murphy, S.A., Beaton, R.D., Pike, K.C., and L.C. Johnson, Occupation stressors, stress responses, and alcohol consumption 

among professional firefighters: a prospective, longitudinal analysis, International Journal of Stress Management, vol.6, 

no.3, pp.179–196, 1999.  

[16] Norvig, P., and S. Rusell, Artificial Intelligence, A Modern Approach, Prentice Hall, 2010. 



Journal of Uncertain Systems, Vol.10, No.3, pp.198-203, 2016                                                                                                           

 

 
 

203

[17] Ruggiero, K.J., Del Ben, K., Scotti, J.R., and A.E. Rabalais, Psychometric properties of the PTSD Checklist-Civilian Version, 

Journal of Traumatic Stress, vol.16, no.5, pp.495–502, 2003. 

[18] Tan, P., Steinbach, M., and V. Kumar, Introduction to Data Mining, Addison Wesley, 2006. 

[19] Vujanovic, A.A., Marshall-Berenz, E.C., and M.J. Zvolensky, Posttraumatic stress and alcohol use motives: a test of the 

incremental and mediating role of distress tolerance, Journal of Cognitive Psychotherapy: An International Quarterly, vol.25, 

no.2, pp.130–141, 2011. 

[20] White, H.R., and E.W. Labouvie, Towards the assessment of adolescent problem drinking, Journal of Studies on Alcohol, 

vol.50, no.1, pp.30–37, 1989. 


	JUS-10-3-1.pdf
	Introduction
	Dynamic Equations on Time Scales
	Fuzzy Set Theory and Its Applications
	Motivation
	Structure of the Paper

	Preliminaries
	Differentiation of Fuzzy Set-valued Functions on Time Scales
	Integration of Fuzzy Set-valued Functions on Time Scales
	Fuzzy Differential Equations on Time Scales

	JUS_10_3_6.pdf
	Introduction
	Preliminaries
	Decision Making in I-fuzzy Environment
	Interpretation of I-fuzzy Inequality aT xIF b

	I-fuzzy Bi-matrix Game with I-fuzzy Goals: Proposed Models
	Equivalent Optimization Models for Problem (IFNLP)
	Model in the Optimistic Framework
	Model in the Pessimistic Framework

	Numerical Illustration
	Concluding Remarks

	JUS-10-3-7.pdf
	Introduction
	Single-Product Single-Period Inventory Problem
	Notations
	Formulation of Credibilistic Inventory Management Model

	Equivalent Convex Programming Models
	Supply Mode under Triangular Credibility Distribution
	Supply Mode under Trapezoidal Credibility Distribution
	Domain Decomposition Method

	Numerical Experiments
	Problem Statement
	The Effects of Various Cost Parameters
	The Effects of Fuzzy Distribution Parameters

	Conclusions




