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Abstract

Digital educational games have evolved in recent years due to the need to support ed-
ucation and training focused on non-technical skills. Data gathered through interaction
with the graphical user interface are explored and exploited to analyze the players’ ex-
perience. Many researchers have pointed the importance to analyse players’ in-game
behavior, which can help to enhance the learning process, identify learners’ strategies,
and improve the effectiveness of the serious game. This study is devoted to the analysis of
students’ behavior in a simulation game called CLONE, which targets work scheduling,
situation awareness, and decision-making. The students performance and their behav-
ioral strategies are examined based on sequences analysis of players’ in-game actions.
Moreover, outlier detection is proposed as an instrument for obtaining information that
might help better understand students behavior. The findings of the study show that such
indicators as time spent on planning schedule, time spent on inspecting additional infor-
mation, and intensity of delegation activity are significantly higher for successful games
than for lost ones. The sequences analysis and clustering have revealed students’ pre-
vailing in-game strategies, which mostly consist of inspection, reading medical records,
delegation, and scheduling. Eventually, outlier detection has disclosed the game ses-
sions with uncertain strategies and unstructured scheduling.

Keywords: Nursing Simulation, Serious Game, Nurse Training, Game Analytics, Learning
Strategies, Outlier Detection

1 Introduction

Nowadays educational applications aim at both improving learning quality in general and
enhancing understanding of the learning process. In order to follow these two highlights,
new types of educational environments have been developed in recent years. One of these
environments that allows improving students decision-making skills and performance is a
game [1]]. The use of game with purposes apart from entertainment context is called serious
game (SQG) 12, 3].

The number of serious games as an educational tool has recently increased in many areas
such as education, health, wellbeing, and government [4]. Through serious games players
learn from their own experiences [J5, [6]. They are designed to educate people about a cer-
tain subject, amplify concepts, reinforce development, or help learners to gain learning skills
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or change an attitude. Thus, serious games are relevant instruments for education purposes,
delivering a message, or knowledge acquisition through interactivity, motivation, and engage-
ment. This determines the parallel interests in both: (i) engaging features of games as an
entertainment medium (ii) use games for learning.

Domain experts emphasize the challenging task of evaluating a game’s outcomes and its
positive impact [7]]. First of all, this task includes the issue of finding features to assess a
game’s effectiveness. In terms of learning, two main emerging domains have been identified:
Learning Analytics and Gamification Analytics. The Learning Analytics [8, [9] is the anal-
ysis and representation of data about learners in order to improve students’ learning. It also
intends to support teachers to improve their teaching and better understand the students’ strate-
gies. Recently, the field of Gamification Analytics has been invested by research [10} [11]. It
describes methods and tools that help designers to understand the user’s strategies and im-
prove the gamification process. Gamification Analytics aims at defining metrics to monitor
user interaction with a gamified system. Data collected through metrics are used to elabo-
rate comprehensive insights and better understand the relationship between a gamified system
and user’s behavior. As an illustration, Heilbrunn ef al. in [11] has proposed a data-driven
monitoring and adaptation process within gamification project to monitor the gamification
process. Dichev et al. in [12] has tried to mix the learning analytic approach and the gamifi-
cation approach to encourage students to reflect and monitor their learning activities through
a course gaming platform. A recent review of literature has shown that the game, used as in-
terventional tools, can influence behavior by incentivizing, reinforcing, educating, providing
feedback loops, prompting, persuading, or providing meaning, fun, and community. However,
not all game elements will appeal to all consumers equally, and different elements might work
for different people and in different contexts [13]].

In our work, we focus on the analysis of behavioral tendencies in a digital simulation game
to estimate its effectiveness and to understand users’ behavior and limitations of game simu-
lation. The analyzed dataset has been collected from the game-based simulation for students
from Nursing Schools, which is called Clinical Organizer Nurse Education (CLONE). The
study proposes a data analysis model with the implementation of data mining tools. Applying
statistical criteria to features that indicate the game’s outcomes, we have found out factors that
determine the game’s success. Using n-grams models, which have been explained in detail in
[14], we have parsed students’ sequences of actions during the game playing. Hence, based
on obtained n-grams, we have accomplished clustering and outlier detection for inspection the
main behavioral strategies during the game playing. The outcomes of the study might bring
new insights in identifying in-game behavior that can evoke reinforcement of the learning
through simulation games.

The paper is organized as follows: in Section 2 we consider the related works in assess-
ing serious game, introduce CLONE as educational environment, and formulate the research
questions; in Section 3 we observe algorithms and methods implemented in this work and data
collection process; Section 4 presents experimental results; Section 5 and Section 6 discuss
and conclude the study.

2 Research Frameworks

2.1 Assessing Serious Games for Learning

A wide range of applications has been developed in past decades due to the existing many
advantages of using games as an educational environment [15H17]]. However, domain experts
often face the challenging task of how games should be evaluated for education and training
purposes [7]]. The assessment of serious games’ effectiveness has been mainly studied in the
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following three dimensions: usability, engagement, and learning [[18]. Here, usability deter-
mines the ease of use and learnability of the serious game, engagement reflects the ability of
the game to engage users, and learning shows what learners will know or be able to do as a
result of playing the serious game. According to Castellar et al. [19], there are three issues
which cause the difficulties in the establishment of general effectiveness estimation process:
(i) different activities in control-groups; (ii) different measures that are used for assessing ef-
fectiveness; (iii) different statistical techniques are used for quantifying learning outcomes.
Consistent with the first issue, the effectiveness can be estimated through the comparison of
pre- and post-game measurements. Although the tracking of the measurements’ dynamics is
indicative, differences in outcomes could be due to knowledge differences between individ-
uals or groups. The second issue is induced by a variety of features that are used to assess
effectiveness. The third issue addresses various techniques which are implemented to estimate
effectiveness. In this work, we focus on the analysis of students’ in-game behavior in order to
assess such aspects as learning and engagement.

The choice of features for evaluation of game’s effectiveness is a challenging task for
domain researchers. Some of them have estimated effectiveness through engagement, mo-
tivation, and usability [20-23]], others have examined the knowledge acquisition and skills
gained through learning [24H27]]. The analyzed features usually depend on the application
purpose and the type of collected data. However, the most prevalent indicator is time spent on
an in-game activity. Time, which students spend on finishing a task or completing a mission
can indicate engagement, difficulty, lack of knowledge, unclear formulation of the problem.
Cheng et al. in [28] have evaluated learners’ behavior through analysis of time spent on view-
ing relevant materials embedded to the SG. Cagiltay et al. have measured the time spent on
reading and responding answers in exploring the effects of game design, on learning outcomes
and motivation [29]. Tellioglu ef al. have used session time as an indicator of productivity
in Crowd-Sourced Serious Games [30]. Along with time features, other numerical indicators
are frequently examined in serious game analytics. These indicators comprise of multiple pa-
rameters such as a number of clicks, frequency of tool use, and duration of interaction, which
can be interpreted as a specific indicator of player’s behavior. For instance, Kerr et al. [31]]
have identified the main features of learners’ proficiency by logging actions via mouse clicks
during gameplay. Denden et al. have suggested that the learners personalities can be identi-
fied based on their actions and choices in the games and examine such indicators as earned
during the game score and places that the learner visited while exploring the game environ-
ment [32]]. Rowe et al. in [33] have used the gameplay log data to measure students implicit
computational thinking practices. In our previous work, we have investigated factors that can
impact game’s outcomes: time spent on the game session, number of actions made during the
game session, and some characteristics of repeated sessions [34]]. In this work, we expand the
analysis of these factors by considering additional game sessions’ features, related to specific
in-game activity: time spent on planning personalized care plan for patients; time spent on
inspection - analyzing supportive materials, such as medical records or doctor’s prescriptions,
and the number of actions related to delegating activity.

Modern serious games can contain complex solution paths (open-ended), and allow play-
ers to make various actions to achieve the goals. The assessment of the skill-gaining within
such SG by traditional measurements is a difficult task, which sometimes can not properly
reflect the real situation. Therefore, many studies in the field explore various ways to track
players’ in-game behavior to better understand learning progress [35-38]]. The most indica-
tive data for analyzing players’ behavior are sequences of actions committed during the game.
Kang er al. [39] have emphasized several general techniques for tracing players’ behavior.
The first technique has spatial-temporal nature: the game’s designers investigate players’ be-
havior according to the exact locations of students for a specific time frame. The second
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technique is based on sequential pattern mining analysis. In this case, the frequent subse-
quences are identified in a condition of predefined values for the occurrence of patterns in
data. However, these techniques have limitations such as the inability to check the time of
events and the presence of loads of low-level meaningful actions. Thus, it is important to seek
the approach, which corresponds to the aims of the research. For instance, Loh et al. [40,41]
have explored methods to find differences between sequences of actions of experts and novice
users. Some other studies have clustered players into performance groups based on in-game
actions [42H43]]. Liu et al. [46] have used a multi-case approach to examine how behavioral
patterns vary according to students’ learning characteristics.

All these studies aim to enhance the learning process and improve an educational system.
Nevertheless, they are focused on considering frequent and common patterns in data while
infrequent patterns can contain relevant hidden information. Hence, along with analysis of
the game’s outcomes and students’ behavioral strategies we have detected learners with rare
sequences of actions or learners with uncommon characteristics. We call these learners - out-
liers, and the process of finding them - outlier detection. The importance of outlier detection
is caused by the fact that outliers in a dataset can bring significant information for applica-
tion domains. Outliers exist in almost every dataset and might be summoned for a variety of
reasons. They can appear because of human error, instrument error, natural deviations in pop-
ulations, fraudulent behavior, changes in the behavior of systems, or faults in systems [47].
Many data mining algorithms try to minimize the influence of outliers or eliminate them alto-
gether. However, this could lead to the loss of important hidden information since one persons
noise could be another persons signal [48]]. Therefore, outliers can be relevant, especially for
cases that result to make a decision based on data analytics, such as an education. Despite the
relevance of outlier detection in educational data, this topic is not too common. According to
Aldowah et al. [49], only 2.25% of investigated papers are devoted to outlier detection. As
far as we know, in the Serious Game field, there are no studies dedicated to outlier detection.

2.2 CLONE as Educational Environment

The importance of designing educational environments and educational programs which re-
produce the professional environment, is pointed by many researchers [S0-53]]. Thus, Flin et
al. highlighted the importance of non-technical skills in the work of an anaesthetist [1]]. Non-
technical skills are composed of two categories: interpersonal skills and cognitive skills. Inter-
personal skills, e.g. interact with others, leadership, and coordination, are skills which enable
a team to solve complex problems [54]. Cognitive skills are used to organize tasks, manage
complex situations and make decisions. Therefore, developing inter-professional simulations
is a perfect way to train medical specialists.

In healthcare field, a large majority of digital training are dedicated to medical specialists
and focus on technical skills such as surgery or emergency first aid. Very few of them were
designed to train inter-professional teams [55) [56]]). This is the case of ”3D Virtual Operating
Room” [55] which intends to train in real-time the surgeon, the anesthetist and the operating
nurse. The simulation provides real-life like professional situations designed to show the im-
portance of communication, leadership and decision making skills. While a large majority
of digital training simulations target medical staff, they gradually appear for nurse training all
over the world [57]. This is the case of a serious game designed by Petit et al. [58]] which have
intended to improve nurses’ clinical reasoning and detection skills in home-care and commu-
nity settings. Similarly, Kilmon et al. [59] have designed an immersive virtual environment
for nurse training and focus on speed and accuracy of nurse response in emergency situations
requiring cardiopulmonary resuscitation. Most of them target technical skills.

The game-based simulation called CLONE is also dedicated to nurses while it intends
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to develop non-technical skills. CLONE is a software which provides various real-life-like
professional cases. Nurse students are supposed to develop skills such as work organization,
decision making, and situation awareness. This digital environment includes game mecha-
nisms and interactive features such as task scheduling or shifting and decision-making. The
designing process of CLONE contained three steps: the domain analysis, the human activity
modelling, and the scenario, which are described in [60]. Fig. [T presents the graphical user
interface.
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Figure 1: The graphical user interface

The player chooses a study case from the library of educational cases, which shortly de-
scribes the actual and expected situations in a virtual medical unit. A study case provides
interactions that allow the players to complete the mission. Each case contains patients, ac-
tors involved in the medical team and medical dynamic events predictable or not. In each
case, the player takes the role of a nurse and must program patients care for herself/himself
and their teammates and make decisions under conditions of uncertainty and risk. The mis-
sion includes locks (educational and playful), which intend to prevent the player to succeed.
The player has to manage patients’ diseases to deliver care and to delegate tasks to the nurse
assistant and nurse taking into account the workload of each actor of the game as well as their
possibilities. To complete the mission, the medical care team (nurse and nurse assistant) has to
provide the required care for each patient according to their pathology. Afterwards, outcomes
are compared to expected objectives, and results of the game are immediately displayed on
the dashboard.

The playing process includes the following steps:

1. The briefing. At this step a student reads information about the mission of the game.
The game briefly describes the actual situation and expected situation at the end.

2. The communication with the night shift. Here, a student receives information from
the night shift about the current situation when they shift at 6:30.

3. The scheduling. This step is devoted to developing a care plan for all patients. At this
step, a student inspects patients’ records and organizes their daily activities.
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4. The care delivery. The main goal of this step is to provide drugs, organize medical
examination, professional phone calls, patient discharge or arrival.

5. The communication with the afternoon shift and debriefing. The next shift is in-
formed about the current situation.

A list of soft and hard constraints is attached to each patient. A hard constraint must be
satisfied at all costs. For example, distributing an anti-inflammatory treatment according to a
doctor’s prescription is a hard constraint. A soft constraint refers to a desirable practice that
might be violated in order to generate a workable solution. If a player breaks a soft constraint,
the patient’s health is not strongly affected. If a hard constraint is broken, a player loses a
star. A set of stars is associated with each scenario and represents the maximum of allowed
violations. Finally, when a student launches a new session and restarts a scenario, the game
saves the global care plan from previous sessions and a student continues playing. Thus, in
case of the failure, a student can try to play again using information and experience gained
during the previous game sessions.

2.3  Research Questions

To examine the students’ behavior while they interact with the game environment, this study
addresses the following research questions:

RQ1: Which factors impact the game’s outcomes?

Answering this question, we have considered game sessions from 2 different angles:
comparison of features for successful and lost sessions, and comparison of results of
repeated sessions when students play several times in a row.

RQ2: Which strategies did students choose to achieve the games purpose?

Here, we have referred to tendencies in students’ behavior by highlighting frequent
patterns of actions during playing.

RQ3: Can the detection of outlying sessions help domain experts to understand stu-
dents’ behavior better?

In the framework of this question, we have indicated the main reasons for the arising of
outliers and the features that determine them.

In responding to these research questions, we have aimed to assess the game in terms
of two aspects: learning and engagement. The prevailing behavioral tendencies might show
the depth of involvement and learnability, while outlier detection might reflect limitations in
learning. Consequently, this can help domain experts to understand learners and improve the
learning process by provision data-based decision-making.

3 Methodology

One of the challenging tasks in-game analysis is to determine appropriate techniques, which
correspond to the purposes of research. The choice of methods mainly depends on data type
and data context. To answer formulated research questions, we have accomplished complex
data analysis with the implementation of various data analytics and data mining techniques,
such as non-parametric statistical analysis, sequences analysis, clustering, and outlier detec-
tion.
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3.1 Methods

Statistical Analysis and Visualization

In SG analytics statistical analysis is closely related to data visualization. The visualization as
a method of analysis has emerged in recent years as a new tool for tracking students learning
progress and presenting students knowledge understanding [[16]. Visual representation of data
can reinforce recognition of playful learning patterns, as well as improve game design for
optimal learning and engagement. The combination of statistical and visual methods can take
the form of descriptive statistical charts, simple learning curves, histograms, and heat maps.

To address the first research question, along with basic descriptive statistics, we have
utilized non-parametric statistical analysis for independent variables and descriptive statistics.
In the context of visualization, we have represented outcomes as boxplots.

Sequences Analysis

The data extracted from the game represent sequences of actions, which students have made
during the game session. For a symbolic sequence, the simplest way is to treat each element
as a feature. However, the sequential nature of sequences cannot be captured by this trans-
formation. To keep the order of the elements in a sequence we have exploited the n-gram
models. N-gram approach is commonly used in computational linguistics (e.g. natural lan-
guage processing) and computational biology (e.g. DNA sequencing or protein sequencing).
An n-gram is a contiguous subsequence of n elements from considered sequence. For exam-
ple, for a sequence of elements {1, 2, 3, 4} we can form three 2-grams {12, 23, 34} and two
3-grams {123, 234}. Given a set of n-grams, a sequence can be performed as a vector of
the presence and the absence of the n-grams or as a vector of the frequencies. These vectors
form map matrix, which afterward might be a basis for further analysis such as clustering or
classification [14]. At the same time, n-grams can be used for efficient approximate matching
[61].

In this work, the sets of n-grams have been utilized for computing a similarity measure
between sequences of actions. We have applied a metric based on Jaccard index, which reflects
ratio Intersection over Union.

J(A,B)=ANBJ/AUB (1)

Here the numerator is the number of n-grams intersection and the denominator is the
number of n-grams union. The Jaccard index ranges from O to 1, where 1 means 100%
similarity and 0 means 0% similarity. Therefore, distance based on Jaccard index can be
represented as follows:

dist(sl,s2) =1 — J(sl,s2) (2)

Where s1, s2 are sets of n-grams for sequences of actions.

Clustering

Among the data science techniques for exploration of behavioral strategies or types of game
play, the most widely used are cluster techniques. Cluster analysis helps researchers to group
data based on the similarity of the data points.

There are numerous options for clustering methods, but all of them attempt to merge
similar objects in the same cluster, and split dissimilar objects into different clusters. For
instance, Kerr and Chung in [31] have applied fuzzy feature cluster analysis to identify key
features of student performance in log data collected from a mathematical game for sixth
grade students; Slimani ef al. in [43]] used Expectation-Maximization and K-means clustering
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approaches for students’ performance in a game-simulation of the biological room; Martin et
al. in [62] have performed hierarchical clustering in order to investigate student success study
of fractions.

In this work, we have implemented clustering method with a distance matrix based on
Jaccard index in order to find out groups of students with similar sequences of actions and
reveal their characteristics. Our main hypothesis has been founded on the assumption that
clusters with small number of members contain outliers and their characteristics are abnormal.
The partitioning methods of clustering have not been used due to the absence of predefined
parameters except distance matrix. Eventually, we have applied agglomerative clustering as
a linkage method, namely Wards method, which is based on minimizing variance. Obtained
clusters have been considered and their characteristics have been compared.

Outlier Detection

In the context of analyzed data, we have assumed that the games where students had abnormal
and rare sequences of action are called outliers and the process of finding them is outlier
detection. Since the similarity measure between sequences has been based on a distance
matrix (Jaccard distance), we have considered distance-based outlier detection technics.

One of the most commonly used distance-based approaches is k-nearest neighbor outlier
detection (kNN). The kNN outlier detection algorithm finds outliers in data relative to their
neighborhood. The basic idea is that outliers are data points that are distant from their neigh-
bors or which have sparse neighborhoods. The algorithm is described by [63] and its steps are
as follows: first, a k-nearest neighbor graph is defined, where every vertex has k edges to the
k nearest vectors. The weight of the edge is the distance between vectors. Hence, according
to a predefined threshold for edge weight (distance between points), instances are detected as
outliers if at least one point in their k-neighborhood is further than the threshold.

kNN algorithm works well for detecting global outliers - objects which are outlying for
the entirety of the dataset in which it is found. The results of the algorithm are very simple
to understand and equally easy to interpret. The algorithm requires predefined parameters:
k - number of nearest neighbors, d - the threshold. In the current work, we have considered
k = 3. As a thumb rule, in the outlier detection field, the partition of the outliers usually
does not exceed 10%; however, it depends on the application domain and other circumstances
related to the certain context. Therefore, the assumption that 10% of students are outliers have
been implemented, i.e. 10% of sequences with the highest value of outlying score have been
defined as outliers.

3.2 Data Collection

In this work we have analyzed log data that include information about actions of students
during game sessions and their timestamps. It is worth mentioning that we have not focused on
time series and have not considered the time for each action. However, we have concentrated
on continuous sequences of actions and their row in the game session. In other words, we
have not compared data objects according to time, when they happened, but have analyzed
their order.

The actions or sets of actions have been denoted as activity types and after have been
coded. The code for each action had the following representation: Type_Info_Time, where
Type corresponds to activity type, Info refers to the Patient ID or extended information about
activity, and Time corresponds to the virtual time at schedule panel. The scheduled panel
contains six time gaps with one-hour duration and one time gap with thirty minutes duration,
where the start time is 7:00, and the end time is 13:30, thereby the code for gap 7:00-8:00 is
1, and code for gap 13:00-13:30 is 7. Depending on the activity, the code may consist of one,
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two, and three parts. For example, the code of such activity as Communication is C, the code
of planning of the breakfast Pm_bkf, the code of planning an activity pertaining to personal
care for a Patient 4 at 8:00-9:00 time gap is P_4_2. The full list of codes and its descriptions

are represented in Table|[T]

Table 1: Types of actions

Type Description Code
Care action Deliver care to a patient A_1/./A5
Related activity | Perform tasks related to patient’s care Af_1/../Af5
Relaxation Perform actions in the relaxation room R
Delegate tasks To a nurse assistant D_AS
To a nurse D_IDE
To a nurse and nurse assistant D_IDE-AS
Planning Micro | Set/modify / delete a task in the patient’s care plan | P_1_1/.../P_.5_7
Planning Macro | Move/ delete a task in the global care plan Pm_1_1/../Pm.5_7
Arguments Argue for the choice Ar_1/.../Ar5
Open patient’s | Open patients administrative record and click on | O_adm
records mask to discover hidden information
Open patients medical record and click on mask to | O_med
discover hidden information
Open patients nursing record and click on mask to | O_nurse
discover hidden information
Communication | Communication with the next or previous shift team | C
Help Get information about the nursing practices in this | H
medical unit
Inspection  of | Inspect scheduled global planning without making | PI
global planning | any actions
Inspection Inspect a patient’s care planning without making any | 1_1/.../1_5
actions for patient
Inspect administrative record I_adm
Inspect nurse assistant record I_assist
Inspect all information Linfo
Inspect global care plan for all patients Lall
Inspect medical reports I_med-rep
Inspect nurse service and nurse assistant service I.n-as
Inspect nurse service I_nurse
Inspect prescriptions for injections I_pr-inj
Inspect prescriptions per os I_pr-os
Inspect other requirements ILpr
Inspect other information I_service

Thus, the collected data contained in-game actions for 353 game sessions which have been
made by 222 students. The students from 11 Nursing Schools played the same scenario during
the 2018-2020 period. The explored scenario included 5 patients’ profiles, who require a low-
level of care. According to the scenario, students had to attentively analyse patients profiles,
doctor prescriptions, and schedule care plan for all patients (except Patient 3, who arrives
later in the morning). Moreover, the set of established constraints should be satisfied for each
patient. In case of breaking of hard constraints, students accumulate critical errors, which can
bring to the failure of the game session. The maximal allowed number of critical errors for
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Patient 1 and Patient 2 is 7, for Patient 3 and Patient 4 is 3, and for Patient 5 is 4. Among
considered in this study 353 game sessions, 261 are lost, and 92 are successful.

4 Results

RQ1: Which factors impact the game’s outcomes?

RQ1 has been examined by 2 steps analysis: (i) analysis of dependencies between the game’s
outcomes and game’s features; (ii) analysis of repeated sessions and their features. In our
previous study, we have found out that students, who spend more time on playing and make
more actions per session achieve better results. In the current work, we have extended the
list of factors that might impact game outcomes and have considered such indicators as time
spent on planning schedule, time spent on inspection, and a number of actions related to
delegating activity. Since analyzed indicators significantly differ from the normal distribution
(p<0,0005), 3 statistical hypotheses have been checked by the non-parametric Mann-Whitney
U test to find out the difference between successful and lost sessions.

HI1. The game outcomes depend on the time spent to Planning schedule

The purpose of the game is to schedule a day for patients and to deliver care. Therefore, the
time, which students spend on the planning schedule reflects their engagement in the game
process. The non-parametric Mann-Whitney U test for independent variables has shown the
significant difference (p<0,0005) between the planning time of the successful session and
the planning time of lost games (Fig. [2a). The average planning time of successful game
sessions is 14 minutes (median = 14 minutes), whereas the average planning time for lost
game sessions is 10 minutes (median = 8 minutes). Successful sessions require more time for
planning than lost sessions. Therefore, we can accept the hypothesis that success depends on
the time spent on the planning schedule.

H2. The game outcomes depend on time spent on Inspection

To follow purposes of the game, students need to gather and analyze additional materials, such
as medical records, doctor’s prescriptions, etc. All these activities refer to the same activity
type, called inspection, which reflects students’ preparation to decision-making (Table [I)).
Therefore, time spent on inspection corresponds to the time spent on exploring of information
distributed through the virtual environment. Mann-Whitney U test has shown that the time
spent on inspection for lost sessions is significantly lower (p<0,0005) than the time spent on
inspection for successful games (Fig. [2b). The average time spent on inspection for successful
games is 13 minutes (median = 12 minutes), whereas the average time for lost games is 8
minutes (median = 5 minutes). Here, we can outline that the more students inspect the more
successful outcomes they have.

H3. The game outcomes depend on delegating activity

The last hypothesis is dedicated to delegation activity which determines the ability to assign
a task to other teammates. There are three options in this activity type: assign a task to
another nurse, assign a task to a nurse assistant, and assign a task to both nurse and assistant
to accomplish it in pairs (Table [I)). Student has to take into account the workload of each
actor of the game as well as their possibilities. For instance, nurse assistance can not do some
tasks, which nurse can. Therefore, delegation activity is balancing task, where student has to
follow proposes according to game conditions. To estimate the delegating activity, we have
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collected a number of actions related to the delegation. Consistent with the Mann-Whitney U
test delegation activity for lost sessions is significantly lower than for successful sessions (Fig.
[2c). The average number of actions related to delegating for successful games is 14 (median
= 14), while for lost games this indicator is 9 (median = 7). The proposed hypothesis can be
accepted.

40 e —_— c 30 —T 40 B o

£35 25  —1— 35
230 ; 30
£25 £20 225
20 15 520
£15 B 10 215
£10 g 10
as I 259 5

0 0 — — 0 [

L s L S L S

a) b) c)

Figure 2: Boxplots of investigated features versus game’s outcomes, where L corresponds
to lost sessions and S corresponds to successful sessions. A box denotes the distribution of
values between 25™ and 75" percentiles. The line at the center is the median. a) Planning
time. b) Inspection time. c) Number of delegation clicks

According to Fig[2] there are game sessions where students have not not committed dele-
gating activity either inspection or planning activities. It is totally normal because the majority
of such sessions are repeated. When a student launches a new session and restarts a scenario,
the game saves the global care plan from previous sessions and a student continues play-
ing. Additionally, during repeated sessions students can gain information from previous game
sessions. Consequently, the impact of these factors on the game’s outcomes have been exam-
ined by analyzing repeated sessions. Among 222 students, who played the game, 81 students
played more than one session and 21 students played more than two sessions (Table [2). We
have already ascertained in [34]] that with increasing order of session, such features as average
session time and number of actions made per session are decreasing. This can be caused by
the fact that game saves modifications of the schedule panel from previous sessions. There-
fore, playing the second and the third time students spent less time on planning the schedule.
Thus, planning, inspection and delegating activities have been also examined. Analogically
with previous results, the average values of these features are decreasing when students play
more. Despite this fact, the percentage of lost games stays relatively high: for the first sessions
1s 94%, whereas for the second sessions this value is 75% and for the third session is 76%.

Table 2: Characteristics of repeated sessions

Characteristic 15¢ session | 2”7 session | 37 session
Number of players 81 81 29
Percentage of lost sessions 94% 75% 76%
Average time of session, min 50 23 14
Average time spent on Planning schedule, min 17 2 1
Average time spent on Inspection, min 10 7 2
Average number of actions per session 232 59 35
Average number of Delegation actions per ses- 14 2 1

sion
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Since the game saves modifications of the schedule panel from previous sessions, repeated
sessions can be considered as continuous games. For example, a student may devote the
first session to the inspection of patients’ records and scheduling, and the second session -
to deliver a care, which makes a comparison of sessions incorrect. To avoid biased results,
repeated sessions for one student have been merged into one. Hereby, for further analysis, we
have obtained 222 sequences of actions for 222 players.

RQ2: Which strategies did students choose to achieve the games purpose?

To examine the students’ activity during the game, 222 sequences of actions have been parsed
into n-grams. We have examined three models where parameter n = [4,5,6]. The models,
where n < 4 have not been considered because they can not show the main tendencies in
game strategies of students. The game does not have any restrictions in terms of continuous
progress, which means students can commit any action at any time and repeat it several times.
As an example, students can plan an activity related to care for Patient 1 for 7:00-8:00 time
gap, then for 10:00-11:00 time gap, and afterward modify 7:00-8:00 time gap. Two-grams
and three-grams models contain a lot of noisy patterns, which have high frequency but do not
reflect any behavioral features. In selecting an appropriate model for further analysis, we have
focused on the comparison of the following model’s characteristics: number of unique grams
and relative frequency. The Relative Frequency RE for the gram G; is a ratio of the grams
frequency N(G;) (how many times the gram appears in data) and the number of existing
grams in the data N:

RF(G;) = N(G;) x 100%/N 3)

With the increasing n parameter of the n-gram model, the number of unique grams rapidly
growing due to the expanding the number of possible combinations of actions (Table[3)). Con-
sequently, the part of grams which occur in data once is increasing. Therefore, for further
analysis, the four-grams model has been chosen, due to the optimal values of considered char-
acteristics.

Table 3: Characteristics of n-gram models

The model 4-grams | 5-grams | 6-grams
N of unique grams 22 041 32126 40 395
RF of 100 most frequent grams 21% 14% 9%
RF for grams occurred in data once 26% 42% 56%

Patterns consisting of four actions can determine tendencies in players behavior during
the game session. For example, the four-gram {P_1_2,P_1_3,P_1_4,P_1_5} shows continuous
planning strategy and the four-gram {I_1,P_1_1,1_1,P_1.2} refers planning with inspection.
Consistent with analysis of obtained frequent grams, the evident behavioral strategies in game
sessions procedure have been highlighted (Table [). In particular, the distinguished strate-
gies concern the following activities: scheduling personalized care plan (S_P), delivering care
(S-A), opening medical records (S_-O), and inspection (S_I). Moreover, general strategies per-
taining to inspection, opening medical records, and scheduling, have been specified consistent
with patient index. Patterns devoted to delivering care have been merged into union strategy
S_A, due to the small values of RFs for patterns related to a certain patient. According to
analysis of patterns’ frequency, the majority of patterns is devoted to the planning of schedule
for patients. The scenario conditions imply focusing more on one group of patients and less
on others. This strongly depends on the number of hard constraints for each patient and their
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discharge or arrival (according to the scenario, Patient 3 has late arrival). The distribution of
patterns among strategies of planning, as well as strategies of inspection and reading medical
reports have the same characteristics: the highest RFs correspond to Patient 1 and Patient 2
and the lowest to Patient 3 (Fig[3).

Table 4: Strategies

Strategy Description Examples

S_P_1, S_P2, | Planning a schedule for the cer- | {P_.1 2,P_1.3,P_1 4P 1.5}
S_P.3, SP4, | tain patient {P43PA44P45P46}
S_Ps {P5_1,P.52,P.5.1P.52}
S_A Delivering cares for patients {A_.1,A2,A 4,A 5}

S.0.1,S_0-2, | Opening medical reports and | {O_adm,0O_med, P_1.2,P_1_3}
S_0.3,S.0.4, | planning a schedule for the cer- | {O_nurse,P_52,0_med,P_5_3}

S_.05 tain patient
SO Continuous opening medical re- | {O_adm,0_med,O_nurse,l_info}
ports
S1.1, SI2, | Inspectionand planning asched- | {I_all,I_1,P_1_1,I all}
S1.3, S.I4, | ulefor the certain patient {12,P2_1,P22,P23}
S15 {Iall,I5,Linfo,P_5_1}
{I2,P2_1]12P22}
S1 Inspection of additional infor- | {I_pr-inj,I_pr,I_med-rep,I_n-as}
mation {I_pr-os,I_pr-inj,I_pr,I_n-as}
12% | S_A: Delivering care
10% S It Inspec_:tlon _ 'Y
8% S_O: Opening medical records I <
S_P: Scheduling personalized care plan 2 3
6% | g ¢
O | WS: Without strategy 4
4% PN
2% - WY eV S ? 2
/ = 4 ~
< =, N, ™ S 00 Hlmlmlﬂ'lmlﬁlmlmlvlmlu’)
I —_ |
D= == |U)OIO|O|O|O|0—|0—|D—|D—IQ|§
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Figure 3: Cumulative Relative Frequency of four-grams according to distinguished strategies.
The figure concerns the most frequent 1281 four-grams with RF>0.01%. Here strategies
related to inspection, opening medical records, and scheduling are specified for each patient
and represented like S_Action_n, where n is the index of the patient. WS denotes patterns
without strategy

In order to emphasize the similarities between sequences of actions, which students made
during a game session, a clustering have been exploited. Agglomerative hierarchical cluster-
ing (Wards method) has been implemented by using computed earlier Jaccard distance matrix
for sequences of four-grams. The hierarchical dendrogram has divided sessions into four ma-
jor clusters. The main characteristics of clusters are presented in Table[5] where N denotes the

e
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number of game sessions in the cluster, Min and Max show the minimal and maximal length
of four-gram sequence in a cluster, Average determines the average number of four-grams per
session in a cluster. The biggest cluster C4 contains 111 game sessions, whereas the smallest
includes 18 game sessions.

Table 5: General characteristics for clusters

Cluster | N | Min | Average | Max
Cl 67 | 109 302 467
C2 18 1 61 313
C3 26 | 77 227 386
Cc4 111 | 52 307 708

To investigate prevailing strategies for clusters, we have considered the distribution of
patterns occurring in every cluster depending on their strategies (Fig. [dp). Distributions of
clusters C1, C3, and C4 have similar shapes: patterns mostly distributed between planning,
inspection, and reading medical records strategies. Meanwhile, the major part of patterns from
cluster C2 has either an inspection strategy either does not have any strategy. More detailed
distributions of patterns according to their strategies and clusters are represented in the Figidp
(patterns without strategy are excluded). Here we can see the dependence between the number
of hard constraints and the frequency: the most frequent patterns correspond to Patient 1 and
Patient 2, whereas the less frequent patterns correspond to Patient 3.

Ccl1 c2 —C3 —C4 C1 Cc2 —C3 —C4
S A S A
S PS5 S|
ws S_| S P4 s11
SP3 S |2
SP5 so Spo2 S 13
SP1 S 14
sp4 sp1 505 S5
S04 s.0
SP.3 S P2 503 so1
502
a) b)

Figure 4: Distribution of 4-grams by clusters. a) Distribution of patterns according to their
strategies. Here WS denotes RF of patterns without strategies. b) Detailed distribution of
patterns according to their strategies. Patterns without strategy are excluded.

RQ3: Can the detection of outlying sessions help domain experts to understand stu-
dents’ behavior better?

Cluster C2 notably contrasts with other clusters in terms of patterns distribution by strategies.
This means there are sessions, where players’ behavior differs from the general behavior of
the majority of players. To investigate the nature and significance of these differences, unsu-
pervised outlier detection has been used . Twenty-two game sessions have been detected as
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outliers by applying the kNN method. Among them, four sessions are from cluster C4 and
eighteen sessions are from cluster C2. Thus, the entire cluster C2 is outlined.

The distribution of action types for both classes of sessions - Inliers (Class N) and Outliers
(Class O) is depicted in Fig. 5} Game sessions for Class N have the homogeneous spreading
of actions, which determine the main behavioral tendencies for the majority of players. These
game sessions are mostly devoted to planning schedules, reading medical records, and infor-
mation inspection. During these game sessions, players use the delegation of tasks and deliver
care. Contrary to this, sessions-outliers do not have any evident tendencies. However, we can
emphasize several reasons for their arising:

1. Delivering cares before planning. Among detected outliers, there are games where
students do not plan a personalized schedule for each patient before delivering care. As
a result of this activity, a student makes critical errors that lead to failure.

2. Inconsistent planning. Elaborating a global care plan is one of the most important
goals of the game. The majority of students try to consistently plan the daily care
for one patient: inspecting information, reading medical records, setting or modifying
personalized care, and afterward, they do the same actions for another patient. Further-
more, they effort to continuously move from the first time gap to the last. This group
of detected outliers is characterized by inconsistent planning when students planned
schedule just for one patient or they incoherently moved from one time gap to another.

Inconsequent planning interferes students to achieve the goal of the scenario, however,
sometimes this tactic leads to success. Among detected outliers, there is one successful ses-
sion, where the student often interrupted the inconsistent planning by inspection or delegation,
that did not break hard constraints.
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Figure 5: Distribution of types of actions according to the class, where Class N contains
inlier session, and Class O contains outlier sessions.

5 Discussion

Serious games dedicated to learning have evolved in recent years as tools for gathering pro-
fessional expertise [50-52]. The analysis of in-game students’ behavior enables to evaluate
skills-gaining through playing and assess game’s effectiveness. In this work, we have in-
vestigated students’ behavior in a game-based simulation CLONE, which intends to develop
skills such as task management, situation awareness, and decision-making according to Flin’s
taxonomy [1]].
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Students from 11 French Nursing Schools played the same scenario, where they had to
deal with 5 patients, who required low-level care. Inspecting medical reports and checking
patients’ profiles, students had to plan a nursing day and to deliver care for all patients. The
work leaded by Novoseltseva et al. [34] have been extended by the analysis of additional
game session features. Like others research papers [28H30], the present work considers time
features, which indicate characteristics of playing. From the analysis of which factors impact
the game’s outcomes (RQ1), we have found out that successful games required more time
for planning personalized care plans for patients. This indicator shows the involvement of
students in the game process through interaction with the game environment. Therefore, we
can infer that the more students are engaged, the more time they spend to gather information
and memorize it. As a consequence, they achieve better outcomes. Along with scheduling
and delivering care, students may inspect additional information, such as medical records
or patients’ profiles. This activity may reflect the preparation of students for decision-making
and their situation awareness. According to the tested hypothesis, the time spent on inspection
for successful sessions is significantly higher than for lost sessions. This proves that gaining
information before decision-making improves the game’s result: the more students are aware
about the patient’s pathology and required care, the easier it is for them to schedule a fitted
personalized care plan. Finally, the delegating activity has been studied as a factor that impacts
the game’s success. During the game, students can assign a task to the nurse assistant, to the
nurse, or to both nurse and assistant to do it in pairs. This is the balancing task which depends
on actors’ workload and possibilities (e.g. nurse assistance can not do some tasks, which nurse
can). Drawing on the results of statistical test, we can conclude that successful sessions are
characterized by more intense delegating activity than lost sessions.

To examine learning progress during the game, repeated sessions have been analyzed. We
can emphasize that the more students play, the less time they spent to schedule, inspection,
delegation. However, generally, students slowly progress during the second and third sessions.
75% of students who played the second time did not achieve the mission, whereas for students
who played the third time this value is 76%. This means that students did not manage to find
a good strategy or faced to the same difficulties without finding any solution.

Examining frequent action patterns has revealed the main in-game behavioral strategies,
which students stand by (RQ?2): inspection, opening medical records, scheduling personalized
care plan, and delivering care. The most frequent four-grams indicated dependence between
the cumulative relative frequency for the activity type and the level of care required by the
patient. The analysis of relative frequency show that the patterns related to schedule care,
opening, and inspection records for Patient 1 and Patient 2 are more frequent than for Patient 3.
The clustering analysis reinforced the analysis of frequent patterns: members of three biggest
clusters (C1, C3, C4) adhere to the same strategies - scheduling care plan plus inspection.
Meantime, game sessions from the smallest cluster (C2) do not have any evident strategies
and mostly have a small number of actions. Therefore, we have made an assumption that
these game sessions are outlying, where students’ in-game behavior differs from the in-game
behavior of the majority of students.

Outlier detection has confirmed that game sessions from cluster C2 are outlying (RQ3).
Among twenty-two detected outliers eighteen form entire cluster C2. Within outlier detection,
we have exposed the main reasons for arising outliers: delivering care before planning and
inconsistent planning. Outliers can occur due to a bad/wrong understanding of the game
processor’s unawareness of good practice guidelines. The game allows players to override
the good practice, for example, minimize the scheduling step and jump to the delivering step.
The outliers have pointed out the students, who more engaged in the gaming process and not
in the learning process. They do clicks and try to progress without using previous courses,
knowledge, and skills.
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6 Conclusion

The paper presents an analysis of students’ behavior during playing a simulation game for
nurse training. Within this study, such aspects of a serious game as engagement and learning
have been investigated with the implementation of statistical criteria, data visualization, n-
gram models, clustering, and outlier detection.

In terms of engagement, we can conclude that students were deeply involved in the learn-
ing process due to the time that they spent and actions that they did to achieve the main
in-game activities such as scheduling, reading patients’ documentation, and delivering care.
Furthermore, the number of game actions (average values: 252 actions for successful sessions
and 148 actions for lost sessions) and game sessions per student (81 students played more
than 1 time) confirm the interest and willingness to succeed in the proposed mission. How-
ever, the number of failed game sessions points the difficulty of successful mission completing
in medium-difficulty scenario. To improve the user’s experience and avoid frustration, we are
going to orient the future developments on a safekeeping of the global game functionality.
This insight will help to avoid the repetition of actions (e.g. actions related to care delivery
tasks) performed in previous game sessions. The student, who plays the scenario the second
time will begin the game with the previous planning and with the previous delivered care.
Hence, the students’ experience can be improved by adding in-game dynamic feedback which
alerts on the scheduling step about hard constraint violation.

The majority of students stand by the same in-game strategy, which implies being aware
of the patient’s pathology, doctor’s prescriptions, and level of required care. The majority
of frequent patterns are devoted to scheduling and inspection. In real life this situation is
usually the opposite: nurses spend most of the time delivering care and abstain the scheduling
and checking the workload. As a consequence, the patient-to-nurse ratio is growing which
leads to professional dissatisfaction or burns out [64, [65]. The obtained outcomes showed
that the game impacts students’ awareness and highlights the importance of scheduling and
work organization. Even if the game was not used as an interventional tool, the game sessions
have revealed awareness of nurse students about gaining information required to prepare and
to plan patients’ care in a medical unit. Also they have realized that their role consists of both
delivering care, elaborating plans and managing a team. These fact points learning positive
outcomes, however, there are players with uncertain strategies and characteristics - outliers.
Outlier detection exposed the limitations in understanding the game process and lack of skills
for the structuring of knowledge of some players.

Students made a different conscious effort to accomplish the educational goal. Success
does not depend only on their continued perseverance. The exact reason for the game failure is
not evident. The loss of the session can be explained by forgetting to deliver crucial care or by
issues in following a correct global care plan. Generally, these aspects refer that students faced
educational difficulties, which they were unable to overcome without any help. In our case,
we believe that avoiding the delivering care step during the repetition of the game, should
allow to better identify the root causes of failure. Implementing this, we will use learning
analytics results to improve the gamification.
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