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Abstract

Virtual Reality (VR) games have become increasingly more popular
in the digital age. Educational games can benefit from this by making
use of VR technologies and bestow an even better experience than previ-
ously. Having said that, certain elements can reduce the overall VR ex-
perience, such as being lost in a task finding game. This research assesses
how adaptive textual guidance can be utilized for the purpose of reduc-
ing cognitive overload and enhancing engagement, presence, interest and
knowledge retention in virtual environments by adapting to the player’s
needs. The lostness measure system developed in this paper is applied to
the PlayStation 4 Virtual Reality (PS4VR) game ”The Chantry” where
the difficulty of finding items is adjusted in real-time, based on how the
player is performing. Experiments ware conducted comparing 2 groups
where one played the normal version of the game, while the other played
a version that includes the adaptive measure. 31 participants took place
in the experiments, split into two groups of 17 and 14. Each participant
filled out a questionnaire and a knowledge test after their play-through of
the game, measuring their interest, presence, engagement, cognitive load,
story knowledge, and spatial knowledge. Results show that the adaptive
system worked as intended, reducing and increasing specificity only when
deemed necessary. Results revealed that participants playing with the
adaptive version scored higher on both story and spatial knowledge, while
having a reduced cognitive load. No differences were found in presence,
interest, and engagement. Considering all this, ensuring a more overall
intermediate experience for exploratory VR games will enhance the play-
ers knowledge retention, spatial information retention and reduce their
cognitive load.

1 Introduction

Games have proved to be a powerful tool in teaching and learning [1, 2, 3, 4, 5,
6, 7]. One of the key benefits of games and virtual reality (VR) is that they can
be immersive, thus making the player further motivated to learn more about
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the world they are experiencing. Meaning that any method that boosts the
player’s experience would be a potent benefit for any game. An interesting way
to approach this would be to adjust the difficulty of the game based on the
player, considering it has been proven that experience will drop if the player is
having a hard or too easy of a time in the game [1, 8].

Admittedly, for more complex games it is potentially quite challenging to
ensure that all players will play the game on the difficulty that is most suited
specifically for them. This signifies that a method that adapts in real-time while
the player is still playing would be an extremely convenient solution. As cer-
tain types of games provide instructions in order to describe how to complete
an objective, making these more specific will make these tasks easier and vice
versa. The proposed adaptive algorithm is implemented based on theories from
cognitive psychology, information retrieval, and the theory of specificity. Exper-
iments were carried out in this paper to examine the algorithms capabilities by
measuring the player’s cognitive load [9], engagement, interest, presence, knowl-
edge and spatial information retention of the game. This is done by having them
fill out a user questionnaire/survey [6, 10, 11].

There are a few terms that require explanation before proceeding. ”Perfor-
mance” and ”Efficiency” are defined as how fast can the player locate a target,
as well as the ability to retain information. Additionally, being ”lost” is defined
as giving up before finding the target even if the user is on the right track.
Lostness refers to how lost a user is when trying to locate a target. But this is
not a subjective user feeling since lostness is a degradation of their performance
[12]. Lostness can be calculated as long as the number of information items
the player has inspected and the number of required items that are required to
be inspected is known. ”Interest” refers to how interested the player is in the
game and ”engagement” how psychologically engaged they are while playing.
”Experience”, in this case, is a general term containing presence, interest, en-
gagement and immersion all at the same time. The last significant definition
that needs mentioning is the relation between ”immersion” and ”presence” in
virtual environments (VE). Mestre [13] says ”immersion is intended to instill a
sense of belief that one has left the real world and is now ”present” in the vir-
tual environment. This notion of ”being present” in the virtual world has been
considered central to VE. Thus, whereas immersion is a ”technology-related”,
objective aspect of VEs, presence is a psychological, perceptual, and cognitive
consequence of immersion. Presence is thought of as the psychological percep-
tion of ”being in” or ”existing in” the VE in which one is immersed” [13]. This
study focuses on the psychological perception aspect by manipulating difficulty
and not the technological one, therefore immersion is not measured.

Cognitive load is related to the amount of information being presented to
the user [9]. It has been proven that reducing the player’s cognitive load will
maximize the user’s performance and satisfaction, as well as their ability to
retain information [1, 14]. This occurs when users do not have a well-defined goal
that matches the information presented, causing them to spend ”useless” time
trying to get acquainted with this newfound information. However, reducing
cognitive load by too large of a degree can lead to cognitive underload, which
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is detrimental to the player’s learning experience [15]. Another major factor
affecting performance is how lost the user is. It has been shown that lostness
is highly related to time and efficiency [1]. This is also in line with research
revealing that reducing lostness or providing guidance when a user is lost is
beneficial [16]. When assisting the player, performance rises, but at the same
time, if a player feels like they require assistance then the ”sense of presence”
is broken [1, 17]. This suggests that it would be best to preemptively help the
player before they start feeling like they need help or even quitting.

Several ways can be used to lower the difficulty and increase efficiency when
searching for a target among distracters. Increasing the N-N (Non-target and
Non-target similarity), lowering the T-N (Target and Non-target similarity)
will result in the best efficiency and vice versa for worst [18, 19] Furthermore,
increasing T-N does not matter when N-N is already high and decreasing N-N
does not matter when T-N is already low. Also, when N-N is low then T-N is
even more potent. Furthermore, searching for an item ”A” among a sea of ”B”
can be harder than searching for item ”B” in a sea of ”A” [20]. It has also been
shown that color is effective at making a target stand out [21], even more so than
shape [22]. The best colors to utilize are red, green and yellow [20]. Luminosity
is another excellent way of making a target stand out [23, 24] but opacity is not
[20]. Set size also affects performance [23] but the range of distracters does not
matter [18] and search efficiency is not correlated to serial or parallel search [19].
It has also been proven that showing an image of a target is more effective than
describing the target through text form since the amount of helpful information
that can be provided, in the latter case, is limited [17, 24, 25]. Finally, the
human mind categorizes certain shapes and objects and searches a target with
those categories in mind, instead of using the actual shape. An example would
be where a 10◦ tilted line is interpreted the same as a 15◦ tilted line angle since
they are categorized as the same in the human mind [18, 20, 22]. One last
finding in terms of search is that when users are asked to confirm whether the
target exists or not they are more efficient when the target does indeed exist
[20, 26].

It is important to note that the ”intention” of the guide is significant and will
play a factor in influencing the search of the user [27]. It has been found that
search instructions and guidance can override the salience of objects from the
player’s perspective [24]. More specifically, the type of information given can
influence the player’s eye path and fixation, therefore deciding beforehand which
order the player will perceive certain elements and characteristics of an object
or environment [9]. The specificity of the instructions can also influence which
characteristics will the player find more important when observing an object or
environment [28], effectively deciding which parts will be observed and which
ones will not. If both general and specific information is given, the player will
place a larger emphasis on the specific one and will likely ignore details of the
general one. Additionally, this will inevitably control how and what type of
information the player will recall afterward.

In this study, specificity labels are used, where they guide the player towards
the next in-game objective or location of interest. In the adaptive version, the
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labels will be changing difficulty after every objective, becoming more specific to
lower the difficulty or more vague to increase the difficulty, based on the player’s
performance in the previous objective. But the first label cannot possibly be
adaptive. The reason being, implementing an adaptive system without prior
knowledge of the nature of the interaction is impossible [29]. Another relevant
discovery in regards to the knowledge test is that even if people can locate the
target easily this does not necessarily mean that they will remember details
about it or the environment [26].

There is evidence supporting the claim that educational games are most ef-
fective when they are immersive and engaging, as well as when the player is
motivated towards finishing the game [30]. There is also evidence showing that
specifically recall and long-term knowledge retention increases when immersion
and engagement are high [6]. More specifically for VR, research reveals that
VR games improve the player’s spatial learning even when compared to im-
mersive desktop games [7]. On the other hand, it has been shown that player
experience can be hindered due to them being lost in the game, not knowing
where their next objective or target should be [22]. This, combined with the
evidence that adaptive games have potential, supports the claim that creating
an adaptive game specifically for guiding a player should result in the better
overall performance of the game’s ability to instill information to the player,
with the possibility of enhancing the player experience as well.

2 Lostness Formula & Specificity Labels

This paper is following Pauline A. Smith’s [12] formula and definition of lostness
where it is viewed as a term related to the degradation of player performance
instead of a purely subjective feeling of being lost.

2.1 Lostness formula

The player moves in-game by traversing through nodes. These nodes are speci-
fied points where the player is allowed to move towards discretely. By logging the
player’s movement through these nodes, the algorithm can output the player’s
lostness. This is done by calculating the number of nodes between the player
and the target, and recording whether each move brings the player closer or
farther to the target.

More specifically, the implemented lostness algorithm is based on Equation 1.

[h]
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where R is the minimum number of nodes needed to be visited and reach the
target, S is the total number of nodes a player has visited, and N is the number
of unique nodes a player has visited. Unique nodes are defined as nodes the
player has yet to visit. This formula will return a value between 0 and
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indicates that the task has been completed by traversing the least amount of
nodes possible and the player was not disoriented (high navigational efficiency).√

2 indicates that the player was completely disoriented (low navigational ef-
ficiency) and has unnecessarily traversed through multiple nodes. The S and
N -values will be recorded as the player carries out the task whilst the R-value
is calculated in real time every time a new task is completed.

But instead of using the normal lostness formula, the local lostness formula
will be used. Reason being, for this experiment, each task has several objectives
that can be completed in any order, so rather than only focusing on these sets
of objectives that belong to each task, local lostness takes into consideration all
the objectives, essentially treating the whole game as one long task [14].

Equation 2 for local lostness can be derived by using the Equation 1. Here,
R, S, and N -values of each objective (O) being summed together to give a
measure of lostness for the full game:
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with n representing the overall number of objectives O.
In this measure, the S and N -values are reset to 0 after each completed task.

Once again, the R-value has to be calculated for every new task whilst S and
N -values are constantly being recorder throughout the entire play-through.

The R, S, and N -values from each objective are fed into the original lostness
formula to give a full-game local lostness measure LL. This reflects the full
path taken by a player throughout the whole game. Finally, it is important to
note that the intention of the system is to provide an intermediate experience,
meaning that most players will be falling close to the middle gray area of lostness
(0.5>LL>0.4) where this suggests that they are both ”about to be lost” and
”about to stop being lost” at the same time [12].

2.2 Specificity Labels

The game in question ”The Chantry” describes the story of Dr. Edward Jenner
and how he invented the vaccination against the smallpox virus. In order to
progress through the game, the player needs to explore the house of Jenner. The
payer will find locked doors and window shutters, blocking them from progress-
ing. when attempting to unlock them, a list of objectives will appear. These
objectives represent a particular topic, or episode, of the story (see Figure 2).
Each list is a task where players must find items that contain story information,
in the form of an audio narrative, which must be found in order to unlock the
aforementioned doors and window shutters. To do this, players must pick up
items and rotate them around, searching for text written on these items. The
text on a mandatory item is always the same as the name of the current chapter
(see Figure 1).

As explained earlier, specificity labels will be used to guide the players
throughout ”The Chantry”. The labels will have text on them explaining where
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Figure 1: Player discovering one of the items necessary to progress the ”Small-
pox” story chapter

the next location of interest or item should be. The explanation on the labels
will become more vague as the game becomes harder, or more specific as it
becomes easier, depending on the player’s needs. There are 5 difficulty stages
(”Very Easy”-”Easy”-”Normal”-”Hard”-”Very Hard”). The difficulty changes
one level down or up based on the player’s performance from the previous ob-
jective. The format for every difficulty level is as follows. ”Very Easy” contains
specific information related to the location of the objective and the item itself
that needs to be picked up (target item). ”Easy” contains vague information
related to the location of the objective but still contains specific information
about the target item. ”Normal” only contains specific information regarding
the target item. ”Hard” informs about the target item vaguely. ”Very Hard”
only describes the target item in a very generic way. The difficulty of the non-
adaptive version does not change and is constantly on ”Normal” (see Figure
2).

3 Methods

The purpose of this study is to test whether providing adaptive textual guidance
will enhance the player’s engagement, interest, presence, knowledge retention
and affect cognitive load in a VR environment. This is achieved by implementing
the lostness formula which determines if the player is lost and requires assistance.
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Figure 2: Adaptive and non-adaptive Versions. The labels are less specific
(harder difficulty) in the adaptive version in this particular instance
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3.1 Participants

31 participants were included in this study. 16 were male and 15 were female.
All had normal or corrected-to-normal vision. 2 were well versed with VR, 11
had some previous experience and 17 did not have any previous experience (Av-
erage=1.8; 1=No experience; 5=Well versed). All participants were students
from Utrecht University and all had at least an intermediate level of English.
Participants with Epilepsy, severe migraine, or nausea were not allowed to par-
ticipate or continue the experiment and therefore were not included in this study.
Fortunately, no such case occurred.

3.2 Materials

The VR game: ”The Chantry” was developed by Steel Minion Studios and was
played on a Playstation 4 console using a Sony Playstation 4 Virtual Reality
headset and a PlayStation 4 DualShock wireless hand controller. The game
was developed on the PhyreEngine and has been modified with the adaptive
system for the purpose of this experiment. The programming language used is
C++ through the use of Microsoft Visual Studio 2017. A knowledge test and
a questionnaire were given post-test to gauge the participant’s story knowledge
and spatial information retention of the contents of the game, alongside their
engagement,interest and presence.

3.3 Experiment Variables

The independent variable of this experiment is the condition (either adaptive or
non-adaptive version of the game). The dependent variables are the knowledge
test answers (spatial and story questions), the experience questionnaire answers
(presence, interest and engagement) and cognitive load.

3.4 Design

This experiment uses a between-groups design. Two groups are formed, group
A plays through the game without the adaptive algorithm, while group B plays
the game with it. The number of in-game tasks for both groups is the same, as
well as the knowledge test and questionnaire. This design procedure was chosen
in order to measure the impact of the algorithm [4, 6].

3.5 Procedure

As per the terms and conditions followed in regards to COVID-19 by Utrecht
University, the researcher thoroughly cleans the PS4VR headset and the PlaySta-
tion 4 DualShock controller with sanitizer. Throughout the entirety of the ex-
periment, a 1.5 meter distance will be kept between the researcher and the
participant. The participant is asked to sign a written consent regarding the
experiment. Following this, it is explained to the participant that this is an
educational game aiming to provide an informative experience about the early
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days of vaccination of the smallpox virus. The participants will be answering a
knowledge test and a questionnaire based on the game after they finish playing
it. Additionally, they are instructed with the knowledge that the researcher will
not be interfering with the participant or provide any help with clearing the
game.

The researcher explains that first there will be a 10 minute training session in
the game ”A night in the forum” as a means to get the participant familiar with
the controls, and then playing the main game ”The Chantry”. Subsequently, the
researcher does indeed let the participant know about the 30-minute playtime
limit when playing ”The Chantry” and how they will be asked to stop once they
reach it. Afterwards, the researcher explains how to equip the headset and will
continue to provide help verbally to the participant until the headset is in a
comfortable position. Next, the participant is handed the PS4 hand controller
and before starting the game the researcher informs the participant that in-game
dialogue cannot be skipped and it has significance in the knowledge test.

Now the participant can start playing the game. In-game, notifications will
pop up, the specificity labels. These labels provide hints on what the player
should be doing or be looking for, in order to complete the current task. Once
the player has completed the current task, the specificity label for the next task
will appear. It is possible to complete some of the tasks out of order. For the
participants in group B, depending on how well or poorly they are performing,
the algorithm will be adjusting the difficulty of the game and adapting to the
player’s lostness. As explained earlier, there are five difficulty modes (Very
Easy - Easy - Normal - Hard - Very Hard). If the player performed well in the
previous task, finding the right items and location efficiently without making
many unnecessary steps, then the difficulty will shift one stage towards harder.
This changes the label for the next task making it less informative, essentially
making the task harder. The opposite is also true when the player is performing
poorly. The very first objective will always start at ”Normal”, since it is not
possible to know beforehand what the right difficulty for this particular player
is [29]. For group A, the game difficulty will not be shifting on ”Normal”
throughout the entire game.

Once the participant is done, or once the timer is up before they complete
the game within 30 minutes then the researcher will stop the participant and
proceed with the knowledge test (24 questions), along with the questionnaire
(43 Overall Questions; 14 Presence; 19 Engagement; 10 Cognitive Interest).
Each knowledge test question can be answered by selecting true or false (0 -
1) and for the questionnaire one of the five options ranging from 1 - 5. The
knowledge test will be testing the participant’s retention of spatial information,
as well as the in-game presented story information related to the Smallpox [6].
The questionnaire will be gauging the participant’s presence, engagement and
cognitive interest. The duration for the entire experiment is 60 minutes.
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Figure 3: Presence, Interest, Engagement, Cognitive Load, Story Questions and
Spatial Questions
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Variable (Range) Adaptive Mean (SD) Non-adaptive Mean (SD) F (6, 24) p η2p

Presence (1-5) 3.10 (0.39) 3.20 (0.39) 0.536 0.47 0.018

Interest (1-5) 3.58 (0.71) 3.84 (0.57) 1.233 0.28 0.041

Engagement (1-5) 2.93 (0.36) 3.17 (0.49) 2.523 0.12 0.080

Load (0-100) 38.8 (13.3) 53.8 (13.7) 9.610 0.004 0.25

Story (0-1) 0.71 (0.09) 0.63 (0.11) 4.353 0.046 0.13

Spatial (0-1) 0.71 (0.17) 0.48 (0.16) 13.825 0.001 0.32

Table 1: Descriptive & MANOVA Univariate test results

4 Results

Table 1 shows a comparison between the two different conditions (Adaptive
and Non-adaptive). These two groups do not share participants from one an-
other, therefore the two groups are independent. The data is derived from 31
participants. The adaptive test contained 17 participants while non-adaptive
test contained 14 participants.

Lostness is a variable manipulated by us and calculated in real time by the
previously mentioned local lostness formula (see Equation 2), therefore we
do not present it. Presence, Interest, Story questions, Spatial questions and
Cognitive Load are all dependent variables which are derived from the user
questionnaire. Presence refers to the sense of presence of a player in a game
and Interest shows how interested the player is in the game itself, as discussed
earlier. These 2 variables have a range of 1-5 (1=not at all, 5=very much so)
and represent the averages of the answers in the questionnaire. Story questions
and Spatial Questions are specifically the average answers for the questions that
are related to story and spatial information retention respectively. These are all
true/false questions and therefore have a range of 0-1 depending on how many
the participant got right, with 0 being the worst score and 1 being the best.
Lastly, cognitive Load refers to the amount of information a player needs to
process in a singular moment, and is also measured from 0-100 (0=Cognitive
underload, 100=Cognitive overload).

The box plots in Figure 3 represent the descriptive statistics of all 31 partic-
ipants. Maximum and minimum values are shown as the most top and bottom
”whisker” lines respectively. The box itself shows where the middle portion of
the data is located, the interquartile range. The bottom of the box represents
the first quartile (Q1) and the top represents the third quartile (Q3). The mid-
dle line inside the box represents the median and ”X” marks the mean. The
circles are recordings that are considered outliers and therefore do not count as
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maximum or minimum recordings.
Following this, a normality test was conducted to prove that the above data

follows a normal distribution. Considering this along with the fact the data
is provided from 2 independent groups, a Multivariate Analysis of Variance
(MANOVA) test was deemed appropriate in order to check whether there was
a significant difference between the adaptive and non-adaptive conditions. An
Analysis of Variance (ANOVA) test is statistical method of finding out if survey
or experiment results are significant and determine the influence that indepen-
dent variables have on a dependent variable. MANOVA is similar but can
instead include multiple dependent variables which fits our case.

The following syntax is used for reviewing MANOVA results: F(hypothesis
df, error df)= F; p= p-value; η2p= Partial Eta Squared. F is the approximate
F statistic for the given effect and test statistic. Higher F values imply that
the variance in the data is caused from between groups rather than within
groups. Hypothesis df is the number of degrees of freedom in the model and
error df is the number of degrees of freedom associated with the model errors.
Then, p stands for the p-value which is used for observing whether a variable
is statistically significantly different or not. Wilk′sΛ can be interpreted as the
proportion of the variance in the outcomes that is not explained by an effect.
Partial eta squared is the ratio of variance associated with an effect, plus that
effect and its associated error variance. It shows the percentage of variance in
each effect or interaction, and the error that is accounted for by that effect.

In the MANOVA, an overall significant effect in favor of adaptivity was ob-
served (F (6, 24) = 5, 158; p = 0.002 < 0.05;Wilk′sΛ = 0.437; η2p = 0.563). Af-
terwards, the univariate effects on the dependent variables was analyzed. More
specifically Presence, Interest, Engagement, Cognitive Load, Story Questions
and Spatial Questions were examined as dependent variables using a signifi-
cance level of (α = 0.05) and their results are shown in Table 1.

5 Discussion

It is common for players to get lost inside an exploratory game [1, 17]. Lostness
is not inherently a negative attribute as it can provide a much-needed challenge
when exploring, aiding in the experience of the player [3, 30]. However, the user
should not be acting without a clear goal for a prolonged period of time. Players
who progress aimlessly will inevitably lose interest and will therefore stop play-
ing [8]. The problem is even more apparent in educational games as players who
never manage to complete the game can never learn what the game was aiming
to teach. Therefore, it makes sense that a game should not eliminate lostness
entirely; but, instead, reduce it whenever necessary. By automatically adjusting
difficulty in real-time through specificity labels, the game can provide help to
counteract this lostness only when needed. In this paper, such an algorithm
is developed and implemented in Steel Minion’s PS4VR game ”The Chantry”.
Subsequently, an experiment was carried out with two groups of participants to
test the impact of this algorithm on the player. In the experiment, participants
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completed a play-through of the game with the adaptive system or without it,
depending on their group. Following this, the participants answered a question-
naire related to their presence, interest and engagement in the game as well as
questions related to the historical knowledge the game was originally aiming to
provide.

A Multivariate Analysis of Variance (MANOVA) test was carried out, re-
vealing that cognitive load and spatial and story knowledge were all positively
impacted by the adaptive system. This is in line with other works showing that
cognitive load does indeed influence player performance [1, 9, 11]. No difference
was found in interest, engagement, or presence, implying that the adaptive sys-
tem does not impact these attributes. Despite having said that, it is clear that
the adaptive system increases their performance in-game as well as outside the
game since participants have better knowledge and spatial information retention
when the difficulty is adjusted. That leads us to believe that engagement, pres-
ence, and interest in serious games do not necessarily need to be enhanced to
improve knowledge retention of the taught subject. Other experiments related
to this topic seem to have arrived at the same conclusion [4].

As expected, the most sizeable difference was observed on lostness since the
specificity labels combined with the adaptive system ensure that players get
more/less hints when needed. This is in line with other works where it has been
proven that specificity makes a difference in searching [24]. It is also in line
with research showing that a lostness measure would be a valuable asset for a
node-based VR game [7].

Considering all this, the answer to our original research question would be
that adaptive textual guidance does not enhance the player’s engagement, pres-
ence, or interest, but it does manage to enhance the player’s knowledge reten-
tion, and improve the player experience by reducing cognitive load while also
ensuring no cognitive underload or overload is experienced.

One of the limitations of this study lie in the methods of adjusting the
difficulty. Only one factor is used, and that is specificity in the form of text
labels. Another limitation is that the system only works for exploratory games,
and even in that case, the formula would have to be redesigned if the game
does not include a node system like ”The Chantry”. Having said all this, one
potential future direction of this research would be utilizing other factors such
as sound or haptic feedback as a means of changing the search difficulty. There
has been some research done for haptic feedback previously, but no conclusive
evidence was found [31]. Another future direction could be to further develop
the lostness formula for a game environment without a node system, possibly
measuring distance in in-game length, instead of number of nodes.

To conclude, knowledge retention in educational games is of paramount im-
portance. Therefore, a system that enhances knowledge retention would greatly
benefit any educational game. In this paper, a system is implemented in a se-
rious VR exploratory game that improves knowledge retention by adapting the
search difficulty, based on how lost the player is. While there was no increase
in interest, presence or engagement, results have shown that this system aids in
the teaching of players by improving knowledge and spatial information reten-
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tion by ensuring a more intermediate experience for all types of players, while
avoiding both cognitive overload and cognitive underload.
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