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Abstract—For the offshore energy industry, virtual environment
technology can enhance conventional training by teaching basic
offshore safety protocols such as onboard familiarization and
emergency evacuation. Virtual environments have the added benefit
of being used to investigate the impact of different training approaches
on competence. This pilot study uses decision tree modeling to
examine the efficacy of two pedagogical approaches, simulation-based
mastery learning (SBML) and lecture-based training (LBT), in a
virtual environment. Decision trees are an inductive reasoning
approach that can be used to identify learners’ egress strategies in
offshore emergencies after training. The efficacy of the virtual training
is evaluated in three ways: 1) analyzing participants’ performance
scores in test scenarios; 2) comparing the decision tree depiction of
participant’s understanding of emergency egress to the intended
learning objectives; and 3) comparing the decision strategies
developed under a different pedagogical approach. A comparison of
the resulting decision trees from the SBML training with trees
generated from the LBT showed that the different training methods
influenced the participants’ egress strategies. The SBML approach
resulted in concise decision trees and better route selection strategies
when compared to the LBT training. This pilot study demonstrates
the diagnostic capabilities of decision trees as training assessment tools
and recommends integrating decision trees into virtual training to
better support the learning needs of individuals and deliver adaptive
training scenarios.

Index Terms—Decision making in emergencies, decision trees,
enter simulation-based mastery learning (SBML), offshore emer-
gency egress, training efficacy, virtual environments.

I. INTRODUCTION

EGRESS training is essential for coordinating the safe

evacuation of offshore platforms and maritime vessels.

For instance, in response to the January 2012 Costa Concordia

accident that resulted in 32 fatalities [1], the International

Maritime Organization enacted regulatory changes to the

Safety of Life at Sea (SOLAS) Convention on Emergency

Training and Drills [2]. As a result, to ensure crews and pas-

sengers are adequately prepared for emergencies at sea, the

SOLAS Resolution MSC.350(92) requires that all passengers

onboard are provided with muster drills and safety briefings

prior to or immediately after departure [2].

Virtual environment technology can enhance conventional

training for maritime and offshore energy industries by pro-

viding crews with worksite familiarization, practice with

safety-critical operations, and experience in responding to

emergencies. Virtual environment training, which will be

referred to as virtual training throughout the remainder of this

article, also has built-in capabilities to track and record the

learner’s performance during the training. The data are pre-

dominately used to assess the learner’s competence, provide

feedback, and deliver adaptive training scenarios. An addi-

tional advantage of the data recording capabilities of the vir-

tual training is the added value of using data to evaluate the

efficacy of the virtual training itself. Conventional ways of

evaluating new training technologies involve experiments

with volunteer participants to collect and report the statistical

differences in human performance between multiple training

interventions. However, these methods can be logistically

challenging, time consuming, and costly.

This pilot study maximizes the use of data collected from

empirical approaches and explores whether decision tree

modeling can offer an alternative to evaluating training effi-

cacy. This article uses the published human performance data

from the two experiments [3], [4], to investigate the utility of

decision tree modeling for evaluating different virtual training

methods. The separate experiments were originally designed

to test the application of two different pedagogical approaches

in training na€ıve personnel for basic emergency duties, specifi-

cally, lecture-based training (LBT) and simulation-based mas-

tery learning (SBML). The first experiment used conventional

LBT training [3] to expose participants to emergency egress

using video tutorials, platform walkthroughs, practice scenar-

ios, and test scenarios in a first-person perspective virtual

environment. The second experiment was conducted to assess

Manuscript received 2 October 2019; revised 27 April 2021, 18 December
2021, and 28 August 2022; accepted 12 September 2022. Date of publication
19 September 2022; date of current version 14 December 2022. This work
was supported by the Natural Sciences and Engineering Research
Council of Canada– through its Husky Energy Industrial Research
Chair in Safety at Sea. (Corresponding author: Jennifer Smith.)

Thiswork involved human subjects or animals in its research. Approval of all eth-
ical and experimental procedures and protocols was granted by Memorial Univer-
sity of Newfoundland’s Interdisciplinary Committee on Ethics in Human Research
under Application No. 20160794-EN and performed in line with the Tri-Council
Policy Statement on Ethical Conduct for Research InvolvingHumans (TCPS2).

Jennifer Smith is with the Faculty of Engineering and Applied Science,
Memorial University of Newfoundland, St. John’s, NL A1B 3X5, Canada,
and also with the School of Maritime Studies at the Fisheries and Marine
Institute, Memorial University of Newfoundland and Labrador, St. John’s,
NL A1C 5R3, Canada (e-mail: jennifer.smith@mi.mun.ca).

Mashrura Musharraf is with the Faculty of Engineering and Applied Sci-
ence, Memorial University of Newfoundland, St. John’s, NL A1B 3X5,
Canada, and also with Mechanical Engineering Department, Aalto Univer-
sity, 02150 Espoo, Finland (e-mail: mashrura.musharraf@aalto.fi).

Brian Veitch is with the Faculty of Engineering and Applied Science,
Memorial University of Newfoundland, St. John’s, NL A1B 3X5, Canada
(e-mail: bveitch@mun.ca).

Faisal Khan is with the Centre for Risk, Integrity, and Safety Engineering
and the Faculty of Engineering and Applied Science, Memorial University of
Newfoundland, St. John’s, NL A1B 3X5, Canada, and also with the Depart-
ment of Chemical Engineering, Texas A&M University, College Station, TX
77843 USA (e-mail: fikhan@tamu.edu).

Digital Object Identifier 10.1109/TLT.2022.3207979

812 IEEE TRANSACTIONS ON LEARNING TECHNOLOGIES, VOL. 15, NO. 6, DECEMBER 2022

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

https://orcid.org/0000-0001-8423-0572
https://orcid.org/0000-0001-8423-0572
https://orcid.org/0000-0001-8423-0572
https://orcid.org/0000-0001-8423-0572
https://orcid.org/0000-0001-8423-0572
https://orcid.org/0000-0003-4505-7409
https://orcid.org/0000-0003-4505-7409
https://orcid.org/0000-0003-4505-7409
https://orcid.org/0000-0003-4505-7409
https://orcid.org/0000-0003-4505-7409
mailto:
mailto:
mailto:
mailto:


the relative merits of the SBML pedagogical approach [4].

Applying the SBML framework in this experiment, the train-

ing repeatedly exposed participants to emergency egress using

platform walkthroughs, practice scenarios, and test scenarios.

Further, the SBML training also included a minimum passing

standard that required participants to master a topic before

moving on to the next module.

Overall, the same first-person perspective virtual environ-

ment, learning objectives, test scenarios, and performance

metrics were used in both studies. The key difference between

the two experiments was the pedagogical approach, which

included the delivery framework, formative assessment, mini-

mum passing requirement, and feedback method. This was

intentionally controlled so the results from both experiments

could be compared in terms of pedagogy.

While the datasets collected from the pedagogical experi-

ments were small, it is considered sufficient for a pilot study

to demonstrate the value of using human performance data to

model learning. As part of this pilot, data mining methods

were applied to the datasets from the two experiments to fur-

ther evaluate the efficacy of the different virtual delivery

methods. Specifically, a decision tree algorithm was applied

to the training datasets to create a collection of decision trees

for each training approach. This information was used to

determine how well the virtual training prepared participants

for emergency scenarios. As an example, Musharraf et al. [5]

applied decision trees to the LBT dataset to identify individu-

als’ decision-making strategies in the context of selecting safe

egress routes in virtual offshore emergencies. This article

builds on the research from Musharraf et al. [5] by developing

decision trees from the SBML dataset and comparing them to

those developed from the LBT dataset.

The results of this pilot study provide a closer look at the

diagnostic capabilities of decision tree modeling, as a comple-

ment to conventional performance metrics, to investigate the

training efficacy of the pedagogical approaches. The analysis

involves three methods to evaluate the virtual training:

1) an empirical analysis of the participants’ performance

scores in the test scenarios;

2) a comparison of the resulting decision trees against the

intended learning objectives;

3) a comparison of the decision trees generated from two

training studies as a way of assessing the relative merits

of the two pedagogical approaches in terms of improv-

ing the performance of participants.

To orient the reader, the introductionwill continue by outlining

the two pedagogical frameworks employed in the research and

explaining the decision tree theory used as a data-informed

diagnostic lens to assess the virtual training.

A. Pedagogical Frameworks

LBT is a learning approach that is instructor-centered and in

line with traditional lecture-style instruction [6]. This method

is a passive form of training in which learners are exposed to

the content through video instructions, demonstrations, and

practice exercises. LBT represents a virtual facsimile of the

orientation training that crews receive in the offshore energy

and maritime industries. However, there are limitations to this

form of training. Mainly the passive assessment often does not

include a minimum passing component or feedback on how to

improve performance, which can leave the learner with little

means to assess their comprehension or gauge their progress.

SBML is designed to meet the needs and pace of the individ-

ual learner. SBML is a pedagogical approach developed in the

medical education field [7], [8], [9], [10], [11], [12], [13], [14]

and is based on Bloom’s competence-based theory of learning

for mastery. Bloom’s mastery learning is an instructional strat-

egy that ensures all learners achieve competence by providing

them with formative assessment, opportunities for deliberate

practice, individualized feedback, and corrective measures

[15], [16]. The SBML protocol builds on Bloom’s theory by

using virtual environments and simulation to provide instruc-

tion and assessment. The SBML framework assesses the

learner’s entry-level knowledge, gradually walks the learners

through the increasingly difficult content, and requires that the

learners deliberately practice the exercises until they demon-

strate competence. Learners are provided with formative

assessments throughout the training, which includes construc-

tive feedback for them to improve or correct their performance.

The instructions, assessment, and feedback are automated in

the AVERT simulator. Once the learners have demonstrated

their understanding in test exercises (e.g., performing at or

above the minimum passing requirement), they are able to

move on to more advanced content. The SBML training allows

learners to gauge their progress and requires that they demon-

strate competence in completing the training.

B. Decision Tree Modeling

Decision trees are common classification approaches used

in educational data-mining applications [17] and in artificially

intelligent enabled adaptive instructional systems [18]. This

pilot study uses decision trees to evaluate how well the virtual

training prepared participants for emergency scenarios. Deci-

sion trees were selected for their visual simplicity, quick con-

struction, and because they require no prior assumptions about

the data, particularly when compared to other methods, such

as artificial neural network or support vector machines [19].

Further, decision trees have behavioral pattern recognition

capabilities that go beyond conventional methods of tracking

trainee progress and performance outcomes and offer a diag-

nostic lens to assess training efficacy.

Decision tree modeling is one of several supervised learning

techniques that are particularly well-suited for virtual training

applications because they employ a repository of solved prob-

lems to draw inferences. For instance, virtual training can

record each user’s in-simulation performance data during

practice exercises and store this data in a user-specific data

repository. Decision tree modeling applies an algorithm to the

observed performance data (i.e., collected during the virtual

training) to develop generalized decision rules [20]. These

generalized rules can be used for many applications, as illus-

trated by Musharraf et al. [5] application of decision trees for
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identifying individual’s egress route strategies in virtual train-

ing. The main benefits of decision trees for the offshore emer-

gency egress application were that the decision trees were

easy to interpret, useful in identifying patterns in participants’

performance, and had diagnostic potential for determining the

strengths and weaknesses of different decision-making strate-

gies. Building on the research from [5], this article investigates

decision tree modeling as a tool to assess different delivery

approaches to virtual training.

C. Organization of the Paper

The rest of this article is organized as follows. Section II

presents the theoretical background for the decision tree

induction process. Section III explains the design of the virtual

training experiments and the application of the decision tree

modeling to the datasets. Section IV presents the performance

results and subsequent decision trees from the two virtual

training approaches. Finally, Section V concludes the stre-

ngths and weaknesses of the training and the utility of decision

trees in assessing the virtual training.

II. THEORETICAL BACKGROUND

The decision tree algorithm employs an induction process

whereby generalizations are made based on observed phenom-

ena [20]. Following the rule-based methodology [21], a data

matrix is created using human performance data from virtual

training. In this pilot study, information from each participant’s

performance in virtual training scenarios is used to populate a

data matrix consisting of scenarios (S1--Sn), attributes (A1–An),

attribute values (V11–Vnn), and actions (E1–En). The scenarios

and attributes are labeled inputs to the matrix and the partic-

ipants’ corresponding actions in the scenarios are known as clas-

ses. As depicted in Fig. 1, the induction process creates

generalized decision rules based on the content of the data

matrix. The goal of the induction process is to classify the data

in the matrix into groups such that the dataset in each group

belongs to the same class. This article uses the ID3 decision tree

algorithm, which uses information gain as an attribute selection

measure, to classify the data into groups [22].

The ID3 decision tree algorithm takes two basic inputs: the

performance data matrix from the virtual training scenarios

and the list of attributes that were varied in each scenario. The

output is a decision tree that describes a participant’s decision

preferences and can also be used to predict their future deci-

sions based on the value of the attributes in a given scenario.

During the decision tree induction, data are iteratively classi-

fied using the attribute that has the highest information gain.

The ID3 algorithm calculates the highest information gain

using three main calculations:

1) the entropy of the dataset;

2) the average information entropy of attributes;

3) the information gain for each attribute.

First, the entropy of the entire dataset is calculated as a mea-

sure of the uncertainty of the data [19]. This is achieved by

defining the data matrix training set as S, where S contains m

class labels and Si is a subset of scenarios within the training

set S. Then the entropy of S is calculated as

Entropy Sð Þ ¼ �
Xm

i ¼ 1

Sij j
Sj j log 2

Sij j
Sj j : (1)

Second, the training set S is partitioned using attribute A,

where A has k distinct outcomes. This partition will result in

subset Sj with j ¼ 1 to k values. The average information

entropy for all attributes (A1--An) in Sj is calculated as

Entropy Að Þ ¼
Xk

j¼1

Sj

�� ��
Sj j Entropy Sj

� �
: (2)

Finally, the information gain, which is the difference in

entropy before and after splitting the dataset on the attribute A

is calculated for each attribute in the data matrix as

Gain Að Þ ¼ Entropy Sð Þ � Entropy Að Þ: (3)

The attribute with the highest information gain is selected as the

root node, which begins the partition of the dataset. The root node

represents the attribute that minimizes the information needed and

reduces the randomness of the partitions [22]. This process repeat-

edly splits the data subsets at each internal node until no attributes

are left for classification, or the dataset is empty, or data in each

group belong to the same class and no further classification is

needed [5]. A complete tree has branches to leaf nodes (that repre-

sent the class label or final action of the participant). Algorithm 1

describes the iterative steps used to develop a decision tree.

III. METHODOLOGY

This section describes the design of the experiments and

explains the decision tree modeling from the dataset.

Fig. 1. Decision tree development. Attributes in the data matrix are classi-
fied using the ID3 algorithm so that the data in each group belongs to the same
class. The class is the participant’s action in the scenario (e.g., route choice).
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A. Virtual Training Experiments

This pilot study used previously published datasets from

two separate experiments to test the LBT and SBML pedagog-

ical approaches to virtual training [3], [4]. The following will

describe the participants, the AVERT simulator, and how the

training approaches were applied to virtual training.

1) Participants: To measure learning from the virtual

training, all participants from both experiments had no prior

offshore experience and no exposure to the AVERT simulator

prior to the study. Most participants for both experiments

were undergraduate and graduate students. The LBT experi-

ment had 36 na€ıve participants. For this experiment, the par-

ticipants were divided into two treatment groups: one group

received multiple training exposures, and the control group

received only one training exposure. This pilot study includes

the results of 17 participants from the multiple training expo-

sure groups (represented by the label LBT, and of which 13

participants were male and four participants were female).

The LBT participants’ ages ranged from 19 to 39 years (mean

¼ 27 years, standard deviation ¼ � 5.0 years). This pilot study

also includes the results from the SBML training experiment

which had 55 na€ıve participants (42 participants were male

and 13 participants were female). The SBML participants’

ages ranged from 18 to 54 years (mean ¼ 27 years, standard

deviation ¼ � 7.9 years).

2) AVERT Simulator: Both experiments trained participants

in offshore emergency egress using the AVERT simulator.

AVERT is a desktop virtual environment (e.g., computer-based

simulator) that provides participants with a first-person perspec-

tive naturalistic representation of an offshore Floating Production

Storage and Offloading vessel [23]. Participants use a gamepad

controller (Xbox) to control their avatar of an offshore worker

and interact with the virtual offshore platform. AVERT is config-

ured to train general personnel in basic offshore emergency

egress duties. General personnel are individuals whose responsi-

bility during an emergency is to muster at their designated muster

stations. The AVERT learning objectives were developed with

guidance from subject matter experts to address both spatial and

procedural knowledge. The learning objectives included familiar-

ity with the platform layout, emergency alarms, egress routes,

safety protocols, and mustering procedures.

3) Applying the Pedagogical Frameworks to AVERT:

Both implementations of the virtual training involved an ini-

tial habituation stage, followed by training and testing mod-

ules. The habituation stage familiarized participants with how

to use the AVERT controls and introduced participants to the

offshore platform. After the habituation stage, participants

proceeded to the training and testing modules. The training

and testing modules targeted the same learning objectives for

both the LBT and SBML training. For the LBT training, par-

ticipants were provided with tutorials, video instructions, and

practice scenarios in the virtual environment before complet-

ing the virtual testing scenarios for each module. Details of

the LBT training are provided in [3].

The SBML training involved four training and testing mod-

ules as depicted in Fig. 2. Each module was designed to train

specific learning objectives and gradually taught participants

the platform layout, how to recognize alarms, what to do in

the event of blocked routes, and how to assess the situation

and avoid hazards while evacuating the platform. Each train-

ing and testing module involved 1–3 practice scenarios and

one test scenario. As shown in Fig. 2, the SBML training con-

sisted of 12 scenarios in total (eight practice and four test sce-

narios). As part of the SBML training, participants were

required to demonstrate competence in each scenario before

they could advance to scenarios that were more complex.

Module 1 taught participants the platform layout and all

the available egress routes from their cabin. Participants

were tested on their spatial knowledge in scenario T1 by

asking them to meet their supervisor at their designated

lifeboat station. Module 2 taught participants the different

alarm types on the platform: general platform alarm

Algorithm 1: Generate Decision Tree from Data Matrix [22]

Input: data matrix, attribute list, attribute selection method

Output: decision tree

1: create a node, Ai

2: if all scenarios Sn at current node are of same class then

3: label the leaf nodes with the class labels

(e.g., branch, Vn; leaf node, En);

4: end if

5: if data subset at the current node is empty then

6: label the node with the majority class label in its parent

dataset (e.g., branch, Vn; internal node, An);

7: end if

8: if no attributes are left for further classification then

9: label leaf node with majority class label in current data

subset (e.g., branch, Vn; leaf node, En);

10: end if

11: for each remaining attribute An

12: compute Gain(An) according to (1), (2), and (3);

13: choose An with highest Gain(An) to branch current node;

14: end for

15: for each branch node Vn go to step 2

16: end for

Fig. 2. SBML training and testing stages. The squares represent practice
scenarios and included in-simulation instruction, exercises, and feedback. The
circles represent test scenarios that were performed until the criterion was
reached.
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(GPA), prepare to abandon platform alarm (PAPA), and

mustering procedures. Participants were tested on their

spatial and procedural knowledge in scenario T2 by asking

them to respond to a muster drill. Module 3 reminded par-

ticipants of the alternative routes from the cabin to ensure

they knew the route options in the event their egress route

was obstructed. Module 4 taught participants the protocols

necessary to respond to emergency scenarios with hazards

such as smoke and fire. Test scenarios T3 and T4 tested the

participants’ ability to respond to emergency conditions

and reroute if their planned route was blocked by hazards.

After each training module in AVERT, the participants’

performance was assessed using test scenarios. In the scenar-

ios, participants were tasked with responding to muster drills

or emergency alarms and selecting the safest egress route

from their cabin. There were two main routes for participants

to choose from: primary or secondary. Each route had multiple

decision points along the path. Participants were instructed to

listen to the alarm, pay attention to the public address (PA)

announcements, and follow the safest route to their muster or

lifeboat station. Participants were assessed on their ability to

recognize the alarm, take their safety equipment, follow the saf-

est egress route, avoid exposure to hazards, reach the correct

muster location, and register at the temporary safe refuge area.

Participants received corrective feedback on their performance

after each scenario attempt. To demonstrate competence, some

participants required multiple attempts at the scenarios.

B. Decision Tree Modeling of the Virtual Training Data

The decision tree development and analysis framework are

depicted in Fig. 3. This process involves six steps. First, each

participant’s performance data collected from the two virtual

training experiments were separated into two datasets: a train-

ing and a testing dataset. Second, the training dataset (repre-

senting 2/3 of the participant’s data) was used to develop a data

matrix consisting of scenarios, attributes, values, and actions.

The test scenarios (representing 1/3 of the participant’s data)

were set aside to form the testing dataset. Third, the decision

tree algorithm was applied to the data matrix to form decision

trees, which represent each participant’s behavioral pattern for

route selection [5]. Once the decision trees were generated, the

fourth step involved using the testing dataset to check the deci-

sion tree classification performance. The final steps involved

using the decision trees to analyze the training efficacy. In step

five, the resulting decision trees were used to compare the par-

ticipants’ understanding of the training with the learning objec-

tives for each test scenario. Finally, in step six, the decision

strategies from the SBML training were compared with the

decision trees generated using data from the earlier LBT exper-

iment [5].

1) Virtual Training Data Collection: As participants com-

pleted the scenarios, their performance data was collected in

AVERT report files for each scenario. Observation logs were

kept by the researcher to note any details that were not recorded

in the automated report files. Each participant’s data were orga-

nized into training and testing datasets. Of the 12 scenarios, 11

were used for the decision tree development. One training sce-

nario was an orientation scenario and was not used in the analy-

sis. Among the remaining 11 scenarios, 9 were used to populate

the data matrix to train the decision tree algorithm and form the

decision trees. These scenarios are referred to as the training

dataset. Two test scenarios, T2 and T4, were set aside to form

the testing dataset and are described in Table I. The testing

dataset was used to evaluate the classification performance of

the decision trees.

By T2, participants had familiarized themselves with the

platform layout, the different alarm types, and the mustering

procedures at the temporary safe refuge area. By T4, partici-

pants were able to assess the emergency, listen to cues in the

PA announcement, recognize the tenability of the egress

routes, and reroute if the primary or secondary egress route

was obstructed due to poor lighting or other barriers.

2) Data Matrix: A two-dimensional data matrix was cre-

ated using each participant’s performance data collected from

the AVERT report files and from observations logged in situ.

As shown in Fig. 2, the data matrices were developed to

Fig. 3. Process used for each participant’s data to develop decision trees and
assess the training efficacy. After the decision trees were developed, the classi-
fication performance was evaluated. Then the decision trees were compared to
the learning objectives and across training techniques.

TABLE I
DESCRIPTION OF THE TEST SCENARIOS [4]
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correspond with the training scenarios that were completed in

two training modules: module 2 (denoted Data Matrix 1) and

module 4 (denoted Data Matrix 2). The data matrix consisted

of a combination of programmed attributes and the partic-

ipants’ actions. The programmed scenario attributes were var-

ied for each scenario, such as the end location, alarm type,

information presented in the PA announcements, presence of

hazards, and location of obstructed routes. For each scenario,

the data matrix included a record of the participant’s actions,

such as their route choices in the current and previous scenar-

ios. Table II lists the attributes varied in the scenarios and their

possible values.

Based on the value of the scenario attributes, the participant’s

goal was to select a safe egress route. Since the SBML training

required participants to reattempt the scenarios until they dem-

onstrated competence, only the participant’s successful final

attempt was stored in the data matrix. Table III shows the state

of the data matrix for a sample participant after finishing all the

training modules. Each row in the matrix contains different

attribute values for the scenario and the corresponding route

choice. As a basic example, scenario P4 from Table III is a situ-

ation in which participants practiced their egress routes and

muster procedures. For a sample participant, the scenario attrib-

utes were recorded as End location ¼ Muster; Alarm type ¼
GPA; Route directed by PA¼ Primary, Hazard presence¼ No,

Blocked route ¼ none, and Previous route ¼ Primary. In this

case, the participant’s choice of route was the primary route.

Complex emergency scenarios were dynamic in the sense

that the value of some attributes changed during the scenarios.

To capture the dynamic aspect, these scenarios were divided

into multiple frames so that the attribute values in each frame

remained static (e.g., the first frame F1 depicted the initial con-

ditions and the second frame F2 depicted the changed condi-

tions). Consequently, many of the emergency scenarios were

multiframes scenarios. Fig. 4 shows an example of a two-frame

training scenario (P8) and how the data matrix was updated to

reflect the change in attributes. Scenario P8 is an emergency in

which participants responded to changing conditions. For this

sample participant, the scenario attributes in F1 were initially

recorded as End location¼Muster; Alarm type¼ GPA; Route

directed by PA ¼ None, Hazard presence ¼ No, Blocked route

¼ None, and Previous route ¼ Secondary. However, the sever-

ity of the situation escalated in F2 and some attributes changed:

End location ¼ Lifeboat; Alarm type ¼ PAPA, Route directed

by PA ¼ Primary, Hazard presence ¼ Yes, and Blocked route

¼ Secondary. As such, the participant’s choice was originally

the primary route, but they rerouted to the secondary route

when the attribute values changed.

3) Decision Trees: The data matrix generated in the previ-

ous step was used as an input for the decision tree algorithm.

The resulting decision trees were used to visualize how partic-

ipants formed emergency egress rules based on the content in

the data matrix. They also provided insight as to which attrib-

utes had the biggest impact on participants’ decision-making.

Fig. 5 shows a decision tree based on the matrix in Table III

for a sample participant.

The decision tree is based on evidence from the partic-

ipant’s performance in a series of virtual scenarios. The deci-

sion tree can be used to predict a participant’s choice of route

for a given future scenario. In this case, the participant’s route

selection was decided based on their understanding of the PA

announcement. In future scenarios, if the PA directs the partic-

ipant to a safest route, then the participant will likely take that

route. If the PA does not provide any information regarding

the safest route, then the participant’s choice will likely

default to their primary egress route.

4) Evaluating the Decision Tree Classification: There are

limitations to the method used to split the participants’ data to

develop the decision tree and evaluate the classification, spe-

cifically when compared with other methods such as cross-val-

idation. For example, cross validation involves dividing the

dataset into mutually exclusive and equal-sized training sets

to train the decision algorithm and test the resulting decision

tree models on all the subsets [22], [24]. However, the cross-

validation approach would not allow for researchers to obs-

erve the participants’ learning as they progressed through the

training which required the time-series formation of decision

trees throughout training.

Using human performance data to develop the decision trees

created an inherent class imbalance in the training dataset. For

each participant, the training dataset was comprised of the par-

ticipants’ training exercises. These training exercises often

contained more classes of a certain type over other classes

(e.g., more examples of choosing the primary egress route). In

this case, the route options were binary. The majority class

label was used for the instance when the participant chooses

the primary route and the minority class label was used for the

instance when the participant choose the secondary route.

Common classification measures like classification accu-

racy or error are not appropriate when a class imbalance

exists. Therefore, three threshold metrics specific for class

imbalance were used to evaluate the decision trees. Methodol-

ogy outlined in [22], [25] was used for defining the confusion

matrix and calculating the classification performance. To test

the decision tree’s classifying performance, the predicted

routes of the decision trees for the test scenarios (T2 and T4)

were compared to the routes taken by the participants. For

each comparison, the correct and incorrect classifications of

the binary route choices were counted.

The terms used to evaluate the classification are outlined in

the confusion matrix in Table IV. For the secondary route,

TABLE II
DESCRIPTION OF SCENARIO ATTRIBUTES
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known as the minority class, the number of correct predictions

is denoted as a true positive (TP) and the number of incor-

rectly predicted secondary route is denoted as a false positive

(FP). For the primary route, known as the majority class, the

number of correct predictions is denoted as a true negative

(TN) and the incorrectly predicted primary route is denoted as

a false negative (FN).

The confusion matrix was used to calculate the sensitivity,

specificity, and geometric mean for all the SBML and LBT

participants’ decision trees

To evaluate the decision trees’ classification performance, the

following three evaluation measures that take class imbalance

into consideration were used: 1) sensitivity, 2) specificity, and 3)

geometric mean [20], [25]. Sensitivity is a measure of the pro-

portion of the minority class that is correctly classified (e.g.,

choosing the secondary route). The sensitivity was calculated

using (4) and represented the proportion of matches between the

predicted secondary route and the observed secondary route

outcome

Sensitivity ¼ TP

TP þ FNð Þ : (4)

Specificity is a measure of the portion of the majority class

that is correctly identified (e.g., choosing the primary route).

The specificity was calculated using (5) and represented the

proportion of matches between the predicted primary route

and the observed primary route outcome

Specificity ¼ TN

FP þ TNð Þ : (5)

Finally, the geometric mean is a combined score that meas-

ures the balance between sensitivity and specificity [25] and

was calculated as

GeometricMean ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Sensitivity � Specificity

p
: (6)

TABLE III
SAMPLE DATA MATRIX FOR TRAINING MODULE 2 (DATA MATRIX 1) AND TRAINING MODULE 4 (DATA MATRICES 1 AND 2)

Fig. 4. Example of scenario frames 1 and 2 for scenario P8.

Fig. 5. Example decision tree developed after data matrices 1 and 2 in
Table III. The decision rules for this tree were based on the participant’s
understanding of the PA announcement.

TABLE IV
CONFUSION MATRIX
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The resulting geometric mean scores for the SBML and LBT

participants decision trees are represented in Figs. 6 and 7,

respectively. The results indicate that the decision trees were

suitable for classifying the decision strategies of participants.

The results also show the decision trees’ predictive potential.

IV. RESULTS AND DISCUSSION

The virtual training efficacy was assessed using three

measures:

1) analyzing the trained participants’ performance scores in

the test scenarios;

2) comparing the participants’ decision trees to the intended

learning objectives; and

3) comparing the SBML and LBT-trained groups decision

strategies.

The following subsections summarize the findings.

A. Empirical Results of SBML Training

Table V shows the percentage of SBML and LBT-trained

participants who successfully completed each learning objec-

tive for scenarios T2 and T4. Differences in compliance were

observed between the groups for the spatial and procedural

learning objectives.

Statistically comparing the results from two groups that

were not randomly assigned in a controlled experiment is con-

sidered a quasi-experiment as it violates the assumptions of

statistical independence [26]. This is the case for comparing

the results of the SBML and LBT-trained participants in their

ability to respond to virtual emergencies. To allow for com-

parisons, measures were taken to control aspects across the

two experiments (e.g., recruiting from a similar population

and testing participants using the same virtual environment

and test scenarios). However, since the two training

approaches were not tested in a controlled experiment, the

observed differences between the groups may not be solely a

result of the training but other confounding factors (e.g., the

age ranges for the groups are different, with an older popula-

tion in the SMBL group).

Fisher’s Exact test [27] was used to determine if there was a

relationship between the training received and the perfor-

mance outcome for each learning objective. Contingency

tables were created for each of the learning objectives and the

number of participants from each training group who passed

or failed the learning objectives were counted. The null

hypothesis was that there would be no difference in the perfor-

mance of the learning objectives between the two trained

groups. The critical value for rejecting the null hypothesis was

set to a ¼ 0.05.

From a spatial competence perspective, both the SBML and

LBT-trained groups were able to locate the correct muster

location and follow the egress routes in benign conditions.

This is shown in the results from the muster drill scenario (T2

in Table V). In the emergency scenario (T4 in Table V), the

main spatial competence differences observed between the

SBML and LBT groups were related to route selection and

rerouting when the egress path was blocked by hazards. This

is supported by the Fisher’s Exact tests, which resulted in no

Fig. 7. Geometric mean for all participants from the LBT training.

Fig. 6. Geometric mean for all SBML trained participants.

TABLE V
PERCENTAGE OF SUCCESSFUL PARTICIPANTS BY LEARNING OBJECTIVE [4]
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statistical association between the training and the pass rate of

the spatial tasks for the test scenarios, with the except for one

learning objective for scenario T4. The Fisher’s Exact test

indicated that the proportion of SBML-trained participants

who correctly rerouted to avoided hazard exposure in T4 was

statistically different from the proportion of LBT-trained par-

ticipants (p ¼ 0.00059). Table V shows how differently partic-

ipants in each group reacted to hazards blocking their egress

routes, four participants from the SBML group (representing

7%) and eight participants from the LBT group (representing

47%) continued on the unsafe route and went directly through

the smoke hazard.

While this work focused mainly on the spatial learning

objectives 1–5 in Table V, it is worth noting that large differen-

ces were observed between the trained groups in the procedural

performance. Specifically, learning objectives 7, 8, and 9 (i.e.,

avoiding hazards, refraining from running, and remembering to

close the fire and watertight doors). The Fisher’s Exact tests

indicated statistical associations between the training and the

pass rate of the procedural tasks for the test scenarios. The pro-

portion of SBML-trained participants who correctly avoided

hazards, refrained from running, and closed the fire and water-

tight doors were statistically different from the proportion of

LBT-trained participants (e.g., avoiding hazard exposure, p ¼
0.00059; avoiding running, p ¼ 3.36e-11; and closing the fire

and watertight doors, p¼ 0.0089).

B. Decision Trees and Learning Objectives for SBML

Data collected from the LBT study was used by [5] to develop

decision trees and identify general problem-solving strategies

in emergency egress situations. The resulting decision trees

showed that given the same training, people employed different

learning strategies and developed their understanding of emer-

gency protocols differently. Decision-making in high-stress

emergencies varied from person to person. These results coin-

cide with the empirical results [3], which found that the LBT did

not provide an adequate assessment (i.e., practice and feedback)

to ensure all participants gained competence.

The decision trees were also used to judge the efficacy of

the SBML training by comparing the SBML-trained group’s

decision trees to the intended learning objectives at two stages

of the training program. The different decision trees for the

SBML training are summarized in Table VI. This table shows

how the trees evolved as more training content was added to

the participants’ data repository.

1) Alarm Recognition Decision Tree (From Data Matrix

1): In the muster drill (T2) and the emergency (T4), the alarm

type indicated the severity of the situation and dictated the

final muster location (e.g., muster or lifeboat station). During

the GPA alarm, personnel were required to gather at the mus-

ter station. During the PAPA alarm, personnel were required

to muster at the lifeboat station. The main learning objective

for module 2 was for participants to listen to the alarm and

relevant instructions from the PA announcement and take the

safest route available in response to the situation.

Table VI, column data matrix 1 (DM1) shows the intended

decision tree that was taught for a muster drill situation

(denoted as Type 1). Seventy-three percent of participants

achieved this type of decision tree before the test scenario

(T2). The remaining 27% of participants also formed their

route selection based on the PA announcement, but when the

TABLE VI
TYPES OF DECISION TREES FORMED AFTER FINISHING THE SBML TRAINING
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PA announcement provided no route information, they relied

on their intended end location, which was dictated by the

alarm type. For these participants, the muster station meant

taking the primary route and the lifeboat station meant taking

their secondary route (denoted as Type 2). The formation of

both decision trees (Type 1 and 2) after module 2 demon-

strated that all participants achieved the intended learning

objectives and were adequately prepared to respond to the

muster drill (T2).

2) Assess Emergency Situation Decision Tree (From Data

Matrices 1 and 2): Building on earlier learning objectives,

module 4 trained participants in how to assess the emergency

situation, avoid hazards, and follow the safest egress path to

the designated muster or lifeboat station. In an emergency, if

personnel encountered an obstructed route, they were required

to reroute in response to the hazardous situation. A variety of

decision trees were developed after module 4.

Table VI, column data matrix 2 (DM2) shows that there

were six different strategies used by participants at the end of

training. Sixty-four percent of participants continued to use

the same decision tree in which they selected an egress route

based on information from the PA announcement (Type 1).

Sixteen percent of participants continued to use the strategy in

which the end location (dictated by the alarm type) indicated

the route choice in absence of a PA announcement (Type 2).

Ten percent of participants followed the alarm type and PA

announcement (Type 3). If no clear route direction was pro-

vided over the PA announcement, the participants would link

the alarm type to an egress route. For example, if the GPA or

PAPA alarm sounded, the participants would take the primary

route. However, in the event of no alarm, they would take their

secondary route. The remaining 10% of participants demon-

strated more varied behaviors. In these cases, when the PA did

not provide a route direction, some individuals put emphasis

on different attributes to make their decision. One partic-

ipant’s data (representing 2%) formed a correct but incomplete

decision tree where the route decision was based solely on

whether the route was obstructed or not (Type 4). The remain-

ing four participants’ data (representing 8%) formed incorrect

decision trees that wrongly considered the presence of hazards

(Type 5) and the previous route taken (Type 6).

When comparing the decision tree variations with the learn-

ing objectives, some weaknesses in the training and the partici-

pants were identified. The formation of an incomplete decision

tree (e.g., Type 4) suggests that this participant required more

targeted scenarios to focus on the missing decision rules (e.g.,

additional practice for situations to create the intended PA deci-

sion rules). The incorrect decision trees (e.g., Types 5 and 6)

show that some participants (7%) require additional practice

opportunities and feedback to ensure they reach the intended

competence. If incorrect trees persist, then it is possible the par-

ticipants are not suitable for virtual training or are not taking the

training seriously (e.g., Type 6 where the participant’s decision

involved their previous route taken).

3) In-Depth Decision Tree Analysis of SBML Training:

The decision tree analysis revealed information about the

participants’ performance that would otherwise not be apparent

when looking solely at the performance metrics of the learning

objectives. Specifically, the diagnostic capabilities of decision

trees were used to identify the strengths and weaknesses of par-

ticipants’ decision-making strategies. Looking at the benefits

of the SBML training, the majority of participants’ decision

trees matched the intended learning objectives (100% for data

matrix 1 and 90% for data matrix 2). These participants, whose

data formed decision tree types 1, 2, and 3, demonstrated the

decision-making skills taught by the SBML program. They

were able to identify attributes that were critical to success and

come up with strategies that led to safe egress.

The decision trees also provided indications of deficiencies

in the SBML training. Such as, the need to provide partici-

pants with sufficient practice to establish robust rerouting

strategies and the participants over reliance on PA announce-

ments during emergencies. For example, three decision trees

(Types 1, 2, and 3) revealed that the participants’ egress strate-

gies centered on the PA announcement. In the absence of an

announcement, some participants focused their attention on a

variety of different attributes (e.g., presence of hazards),

which were useful in terms of making effective egress deci-

sions. However, the formation of decision trees due to missing

or unclear PA announcements provides valuable information

on whether the decision-making skills taught during the train-

ing were sufficient for all emergencies. These are areas that

could be improved in future iterations of the training. Adap-

tive training could recognize these deficiencies in real time

and provide additional training scenarios that focus on teach-

ing participants what to do if there is no PA announcement or

instructions on what is happening during the emergency.

C. Comparison of SBML and LBT Trees

For this pilot study, the decision tree results from both train-

ing experiments were compared directly as another lens to

observe the overall training efficacy. The decision trees mod-

eled from the SBML training data are summarized in

Table VII. The decision trees modeled from the LBT data are

summarized in Table VIII.

Comparing the resulting decision trees generated from the

SBML and LBT data showed that the different training meth-

ods influenced the participants’ egress strategies. Over the

course of the SBML training, the SBML-trained participants’

behaviors in responding to emergencies gradually converged

to a few expected decision trees (except for a few partici-

pants). Ninety percent of SBML-trained participants achieved

the intended learning objectives as demonstrated by the deci-

sion trees (Types 1, 2, and 3). Only 10% of SBML-trained par-

ticipants displayed varied behaviors that could be addressed

with targeted training.

Conversely, the decision trees of the LBT participants’

behaviors for the emergency response scenarios diverged. Only

29% of LBT-trained participants achieved the intended learn-

ing objectives as demonstrated by the decision trees (Type 1).

Many of the remaining LBT participants had a poor under-

standing of the egress procedures and were not compliant.

Thirty-five percent of the LBT participants’ data presented
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TABLE VII
RESULTING SBML DECISION TREES FOR ALL 55 PARTICIPANTS AFTER FINISHING TRAINING MODULES 2 AND 4
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TABLE VIII
RESULTING LBT DECISION TREES FOR ALL 17 PARTICIPANTS FOR TEST SCENARIOS T2 AND T4 [5]
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decision tree strategies that included special conditions for PA

announcements, alarm type, obstructed routes, and hazards. The

decision trees for two participants (representing 12% of LBT-

trained participants) showed how inflexible they were in their

route choice. For example, their decision tree represented behav-

iors of taking the same route regardless of the emergency

condition.

For 24% of LBT-trained participants, the choice of route

was random, and the decision trees could not provide any

more generalization than the data matrix. Overall, the LBT

participants’ decision trees weighted attributes of the sce-

nario that were not useful for making effective egress deci-

sions [5]. The variability and incorrect behaviors observed

in the LBT decision trees show that this method of training

was inadequate for preparing participants for emergency

conditions.

The SBML approach resulted in better route selection

strategies compared to the LBT approach. As shown in the

previous section, the majority of the observed route strate-

gies for the SBML-trained participants (representing 90%)

led to the successful completion of the test emergency sce-

nario. Conversely, the majority of LBT-trained participants

(representing 71%), displayed incomplete or incorrect deci-

sion trees. Therefore, the SBML training resulted in higher

safety compliance and more concise decision trees than the

LBT training. This indicates that participants from SBML

training were generally better equipped for managing emer-

gency scenarios.

V. CONCLUSION

In this pilot study, decision tree modeling was used to eval-

uate the training efficacy of two pedagogical approaches,

SBML and LBT, which were assessed in the context of train-

ing na€ıve personnel for basic emergency duties. The article

presents the proof-of-concept of using decision tree modeling

as an alternative evaluation method to compare with conven-

tional experimental performance outcomes.

In terms of measured performance, the SBML pedagogical

approach was clearly superior to the alternative LBT

approach. The comparison of performance metrics in both

training experiments indicated that the SBML-trained partici-

pants performed better than the LBT-trained participants did;

however, the performance metrics did not offer information as

to why one group outperformed the other.

As a complement to conventional performance outcomes,

the decision tree modeling provided a comprehensive anal-

ysis of the participants’ route performance. The decision

trees generated by the participants’ data in both training

experiments provided an explanation as to how the route

selection performance in the SBML and LBT trained

groups differed. The decision trees showed that when

selecting egress routes in virtual emergencies, the decision-

making strategies of the SBML-trained participants were

more consistent with the intended learning objectives and

represented safer behaviors than the decision tree strategies

of LBT-trained participants.

This pilot study demonstrated the diagnostic capabilities

of decision trees as training assessment tools. In both train-

ing cases, the decision trees provided a convenient visual

representation of the individual strategies employed by

participants. As illustrated in this work, the visual simplic-

ity of the decision trees can be useful for identifying sys-

temic deficiencies in training (and even in how procedures

are designed). This is a useful feature for instructional

designers.

Decision trees can also be used to diagnose the strengths

and weaknesses of individual trainees, a capability that has

additional value in terms of adapting the virtual training to

meet the needs of individuals. This adaptive training poten-

tial could be realized by coupling the SBML approach with a

built-in decision tree diagnostic tool in the virtual training

such that each learner’s performance can be automatically

tracked and assessed in real-time, thereby providing the data

required by a built-in decision tree diagnostic tool. The diag-

nostic tool would compare the individual learner’s data-

informed decision trees at various stages in the training with

the intended learning objectives and suggest adaptive train-

ing scenarios for the learner to perform to assist them in

achieving the intended decision strategies. For this to work

in practice, the training scenarios must be carefully designed,

as they are, in effect, experiment conditions for the diagnos-

tic decision trees. Additional training scenarios would also

be required to provide sufficiently specific pathways for

adaptive training.

Finally, the decision trees were shown to have the consider-

able predictive capability. This feature could also be useful to

instructional designers in terms of evaluating pedagogical

strategies, such as determining when trainees are likely to be

sufficiently capable of responding to a wide variety of emer-

gencies, without necessarily training them for all potential

eventualities.

VI. LIMITATIONS AND RECOMMENDATIONS

The pilot study had limitations that impacted the results.

Specifically, the pilot employed a small sample size that was

not representative of the offshore and maritime population.

The choice of student participants with no prior offshore

experience and no exposure to the simulator was intentional

to measure the learning of basic emergency duties of na€ıve
personnel. However, the small dataset collected from mostly

student participants, rather than members from the offshore

and maritime workforce limits the generalizability of the

findings.

Further, the pilot study used small datasets to generate indi-

vidual decision trees for each participant. Human performance

data can be logistically difficult to collect and often results in

small individual datasets. As such, this article applied a deci-

sion tree algorithm to an available sample of human perfor-

mance data. While the datasets were small, there was valuable

information gained from using human performance data in

this proof-of-concept pilot to investigate the utility of decision

trees for modeling learning.
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To address these limitations, future full-scale empirical stud-

ies should increase the sample size and recruit personnel work-

ing in the offshore and maritime domains. Additionally, future

full-scale modeling and testing of decision trees should involve

a larger source of human performance data. Both limitations

could be achieved by testing the virtual training technology

with a large group of offshore personnel receiving basic safety

training at an onshore facility prior to the individuals boarding

offshore platforms and maritime vessels.
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