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Exploring Model Design Spaces for Cognitive and Affective State
Recognition in Immersive Virtual Reality Using Multimodal

Neuro-physiological Signals
Anonymous Author(s)∗

Figure 1: Screenshots of immersive Virtual Reality (iVR) environment used in our experiments: (a) blank screen presented
during the VR baseline phase; (b) Speech Trainer application used during the Speech Delivery Phase; (c) and (d) Virtual Buffet
used during Food Selection Phase.

ABSTRACT
Immersive virtual reality (iVR) environments and wearable devices
enable studying human behavior and cognitive and affective pro-
cesses at a fine-grained level. Those advancements support the
development of behavior modification or training programs. It is
well known that developing accurate inverse inference models that
map neuro-physiological signals to cognitive and affective states
in iVR is crucial for the success of adaptive and personalized in-
terventions. However, researchers building those inference models
often face complex decisions like modality, feature set, and person-
alization. To add to the complexity, these choices may depend on
the specific inference task of interest. In this paper, we explored
this complex model design space through a secondary analysis of
a rich neuro-physiological multimodal data set collected from 10
participants during a multi-phase iVR experiment. The experiment
comprised two rest phases (one without and another with iVR), a
phase on a go/no-go cognitive task to measure effortful control,
a phase in which we induced stress and cognitive load by asking
participants to prepare and deliver a surprise speech about their
strengths and weaknesses before a virtual audience, and a phase
where participants selected food in a virtual buffet environment.
With these clearly defined phases serving as natural labels, we
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conducted a series of machine learning-based evaluations to inves-
tigate the impact of design decisions on the model’s capacity to
discriminate among the six phases. We further shed light on the
between-person variation through non-linear manifold embedding
methods on the multimodal feature set, which underscore the im-
portance of building models adapting to individual characteristics.
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1 INTRODUCTION
In recent years, there has been growing interest in the adoption
of immersive virtual reality (iVR) environments to study human
behavior and underlying cognitive processes, supported by vari-
ous validation studies demonstrating that human behavior in these
environments closely mirrors real-life scenarios [4, 9] The increas-
ing accessibility of wearable devices, such as fNIRS, GSR, and HR
monitors, has made iVR an attractive tool for examining human
behavior and cognitive and affective processes at a granular level,
with the ultimate goal of providing adaptive support for behavior
modification or health education, for example. To achieve this goal,
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it is crucial to develop an accurate “inverse inference" model that
maps the neuro-physiological signals to cognitive and affective
states that unfold in the iVR environment. The precision level of
these models will significantly influence the success of adaptive
and personalized interventions.

When constructing these models, however, researchers face a
complex decision space, which includes factors such as modality
selection (choosing sensors/devices), feature set (deciding which
features to include), and personalization decisions (e.g., whether or
not to incorporate personalized features). It is hypothesized that
these choices may depend on the specific inference task targeted
of interest, such as recognizing specific cognitive states, affective
states, or a combination of both. In this study, we conducted a sec-
ondary analysis of a rich mulitmodal neuro-physiological dataset
from 10 participants during a multi-phase iVR experiment. The
experiment comprised two rest phases (one without and another
with iVR), a phase on a go/no-go cognitive task, a phase in which
participants prepared and delivered a surprise speech about their
weaknesses before a virtual audience, and a phase where partici-
pants selected food in a virtual buffet environment. These phases
served as natural labels for conducting machine learning experi-
ments to evaluate the data and the model’s ability to distinguish
between the phases. We investigated the impact of model design
decisions in this context. We also conducted an in-depth analysis
of between-person variation in responses to the given stimuli via
non-linear manifold embedding methods, which shed light on the
necessity of personalization.

The following section will present a brief overview of the related
work in this field. We will then explain the virtual environment and
study protocol, including the sensing devices utilized, descriptions
of the phases, and the data collection process. We will then outline
the data analysis and modeling pipeline, encompassing preprocess-
ing, feature extraction, and construction steps. Next, we will present
the machine learning framework of the inverse inference problem
and describe the experimental setup. In the results section, we will
report on the effects of design decisions on the model’s ability to
discriminate between various phases, followed by an in-depth ex-
ploration of the between-person variation. The paper concludes by
discussing the implications of wearable-based adaptive interven-
tions in iVR and possible future avenues for exploration.

2 RELATEDWORK
2.1 Immersive Virtual Environment as a

Promising Tool for Health Education and
Behavioral Intervention

In recent years, virtual reality (VR) technology has been increas-
ingly utilized to study food-related decisions. A study demonstrated
that VR effectively elicits emotional responses similar to real-life
situations in the context of food-related decisions [14]. Further-
more, VR has been successfully employed to treat body image
disturbances in patients with eating disorders and shows promise
as a technology for cue exposure therapy in this domain [13]. Im-
mersive virtual reality (iVR) has also been investigated for inter-
active food portion-size education [3], treating eating disorders
[27], and training inhibitory control to reduce binge eating [24].
The application of VR in marketing research and health education

demonstrates its potential to influence food selection and purchas-
ing decisions, encourage healthier choices, and address diet-related
diseases [6, 28, 34]. Additional studies have explored using VR to
enhance emotion regulation [7] and treat mental disorders [33].
The ultimate success of those applications in real life necessitates
a robust framework that can accurately model the complex cogni-
tive and affective processes as the basis to provide adaptive and
personalized interventions.

2.2 Modelling Cognitive and Affective Processes
Using Neuro-Physiological Sensing Data

iVR technology is rapidly being utilized to investigate cognitive
and affective processes in realistic surroundings [2]. To achieve
a better understanding of these dynamic responses in iVR con-
texts, researchers have employed physiological signals such as
EEG, fNIRS, and GSR [11, 15, 21, 32], for example, to characterize
cognitive load [29], attentional states [17], stress levels [18], and
brain activity patterns [2]. In the context of fNIRS, research has
explored methods for predicting attentional states [16], quantifying
the relationship between exercise and cognition [19], and classify-
ing mental tasks. [5]. Likewise, wearable EEG devices has be used
in virtual reality environments for real-time monitoring of cogni-
tive functioning, particularly decision-making [25]. There are also
studies that explored the integration of GSR and ECG signals for
emotion recognition in virtual reality environments using wearable
sensors and deep learning techniques[8].

2.3 Multimodal and Personalization
Considerations

Multimodal Fusion. Multimodal fusion can handle complex or
ambiguous situationswhere a singlemodalitymay not be sufficient[1,
10, 20, 26]. Combining multiple physiological markers provides
more accurate insights into cognitive and emotional responses in
immersive VR (iVR) settings [22]. For instance, Sun et al. (2020)
employed functional near-infrared spectroscopy (fNIRS) and elec-
trocardiogram (ECG) to classify affective states and revealed that
the multimodal model outperformed individual modalities [31].

Personalization. The use of personalized data has increased in
recent years to improve the accuracy of predictions and decision-
making. Personalization has been found to enhance multimodal
classification accuracy [12, 30]. To create a personalized baseline,
data from an individual or a specific circumstance is gathered and
examined to ascertain what is "normal" or usual for that individ-
ual or environment. Personalization eliminates the need to use a
population-based average for comparing changes and allows com-
parisons according to each person’s own baseline. For example,
Harrivel et al. (2016) created a personalized model that predicts
attentional states in a VR environment using fNIRS signals and dis-
covered that it was more accurate than a non-personalized model
[16].

These studies show the potential benefits of combining numer-
ous physiological markers with machine learning classifiers to
provide more precise insights into cognitive and affective states in

2
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VR environments. Personalized models could also improve classifi-
cation accuracy and tailor VR experiences to individuals based on
physiological reactions.

3 OVERVIEW OF IMMERSIVE VIRTUAL
REALITY ENVIRONMENTS

Figure 1 illustrates the interactive VR environment used in our ex-
periments. Virtual Buffet (subplots (c) and (d)) is a custom-developed
environment with accurate architectural references created using
photogrammetry. While participants interacted with the VR Buffet,
they can pick food from the buffet trays and place it on the plate
(as in subplot (d)). Previous validation study (citation removed for
anonymity) shows that participants’ food choices in a VR environ-
ment are comparable to those in real life. This application was used
during the Food Selection Phase. In addition, we used a third-party
application Speech Trainer1 which is used during the Speech Deliv-
ery phase (Subplot (b)). Subplot (a) is a screenshot of a blank screen
presented to participants during the VR baseline phase.

4 STUDY PROTOCOL AND DATA COLLECTION
4.1 Participants
As part of the primary study, we enrolled 10 healthy participants
from the university, including 3 males and 7 females, with an av-
erage age of 20.5 years (SD = 1.58 years). The sample was diverse
in ethnicity, with 5 participants identified as White, 4 as Asian,
and 1 as Black. The study was approved by the Institute Research
Board from the university (name blinded for review), and informed
consent was obtained from all participants.

4.2 Experimental Phases
The research team designed six experimental phases to understand
participants’ neuro-physiological responses to a variety of stimuli
that may trigger interesting cognitive and affective processes in the
iVR environment as related to food-related decision-making. These
tasks include a baseline task to establish a neuro-physiological base-
line, a Go/no-Go Task to assess participants’ effortful control in
a non-VR setting, and an Emotion Induction Task in which par-
ticipants are surprised and asked to do an impromptu speech to
a virtual audience about their strengths and weaknesses to elicit
stress in participants. Finally, a VR food selection task is adminis-
tered. Each task’s start and end timestamps are recorded, enabling
the building of supervised machine-learning models using those
natural labels of experiment phases (as described below) derived
from those marked timestamps.

Phase 1: Non-VRBaseline Phase. After participantswere equipped
with ECG, GSR, and fNIRS sensors, they began the initial phase,
during which they sat and rested for 5 minutes without engaging
in any physical activities to acquire a neuro-physiological baseline.

Phase 2: Go/No-Go Task Phase. The Go/No-Go task, a widely
used psychological test, measures response effortful controls. Partic-
ipants will undergo one practice and three experimental blocks with
low energy-density food, high energy-density food, and neutral
cues as NO-GO signals and household objects or plants as GO cues.

1ℎ𝑡𝑡𝑝𝑠 : //𝑠𝑡𝑜𝑟𝑒.𝑠𝑡𝑒𝑎𝑚𝑝𝑜𝑤𝑒𝑟𝑒𝑑.𝑐𝑜𝑚/𝑎𝑝𝑝/552770/𝑆𝑝𝑒𝑒𝑐ℎ𝑇 𝑟𝑎𝑖𝑛𝑒𝑟/

Each block consists of 100 trials, starting with a fixation cross and
followed by a GO or NO-GO cue. Participants must press the space-
bar for GO cues and withhold for NO-GO cues, focusing on speed
and accuracy. A 25-trial practice block provides feedback, while the
experimental trials do not. A 30-second rest period separates each
block, and block order is randomized. Stimuli presentation follows
a pseudo-randomized pattern.

Phase 3: VR Baseline. After being fitted with the VR headset
and learning how to navigate the virtual environment using the
controller, participants entered the VR baseline phase, during which
they viewed an empty VR environment (Figure 1(a)) and rested for
2 minutes without engaging in any activities to acquire a baseline
for the neuro-biophysical data in the VR environment.

Phase 4 & 5: Emotion Induction with Impromptu Speech. In
this phase, participants were prompted to give an unexpected task
involving a 2-minute impromptu speech about their strengths and
weaknesses in a VR roomwith virtual avatar audiences (Figure 1 (b))
They had 1 minute to prepare (Speech Preparation Phase) before
delivering the speech (Speech Delivery Phase). The main objective
of this phase was to induce stress and examine its potential impact
on food choices in the subsequent phase. While this setup was
motivated by the primary research question, the current secondary
data analysis considers these phases as having distinct cognitive and
affective features, which will be analyzed alongside other phases.

Phase 6: Food Selection. During this phase, participants se-
lected food items from the virtual buffet (Figure 1 (c, d)) by picking
up items and placing them on trays. Participants could take as long
as they wanted until they explicitly informed the experimenter that
they had finished food selection. This phase lasted approximately 1
to 5 minutes, varying across participants.

4.3 Neuro-physiological Data Acquisition
We collected GSR, ECG, and fNIRS signals from each participant
during all six phases described above. We used Shimmer3 ECG and
Shimmer3 GSR sensors 2 to collect Electrocardiogram (ECG) and
Galvanic Skin Response (GSR) signals. Both the ECG sensor and
the GSR sensor are recorded at 512 Hz. We used an OctaMon fNIRS
device from Arinis 3 to capture continuous fNIRS data waves using
twowavelengths (760 & 840 nm) at a 50 Hz sampling rate. The fNIRS
setup included 8 channels, each comprising a pair of detectors and
sources. The distance between the receiver and transmitter, known
as the source-detector or inter-optode distance, measures 35mm.
Figure 2 illustrates the sensors used in this study and Figure 3 is a
timeseries plot of one of the fNIRS measuree HbDiff overlaid the
the 6 phases described above.

5 METHODS
Figure 4 outlines the steps involved in data preprocessing and fea-
ture engineering. The output of those features will be used in the
machine learning experiment described below.

2https://shimmersensing.com/product/shimmer3-gsr-unit/
3https://www.artinis.com/
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Figure 2: The sensors used in this study.

5.1 Data Preprocessing
At the start of the pipeline, we manually inspect the data streams
to ensure the signals are clean and have no obvious anomalies.
For fNIRS signals, we first process the raw data using the Oxysoft
software from Artinis, the device provider. Four measures from
each of the eight channels were derived, including O2Hb (oxy-
genated hemoglobin), HHb (deoxygenated hemoglobin), HbDiff
(hemoglobin difference, the difference between O2Hb and HHb),
and tHb (total hemoglobin, the sum of O2Hb and HHb). For ECG
data, we use the out-of-box Heart Rate measures available from the
Shimmer 3 Unit. For GSR signals, we use the open-source Python
toolbox NeuroKit2 [23] to extract the phasic and tonic components
of the GSR signals.

5.2 Feature Extraction and Engineering
After the preprocessing steps, we then apply a similar feature ex-
traction pipeline for all data streams, and statistical features were
extracted from a sequence of 20s-movingwindowswith 50% overlap.
The details of features extracted from each data dream are outlined
in the grid in Figure 5. All those features are derived from the val-
ues within the 20s window. We experimented with two versions
of the features, a simple feature set that includes only the mean
values commonly used by practitioners and is easy to understand;
in addition, we calculated a less commonly used feature set that
includes other statistics. As shown in the empirical experimental
result (section 6.2), we identify a parsimonious set of features that
captures the majority of the information. This feature set includes
32 mean features from fNIRS and 19 features from HR and GSR,
which were highlighted in blue in the grid (Figure 5).

5.3 Personalized Feature Set
For comparison, we created a personalized feature set. To create
this feature set, we first calculate the person-specific mean values
of the given features derived from the first phase Non-VR Baseline
as described in section 4.2. We then subtract these mean values
from the original features. This step is done for each person and
each feature.

5.4 Multimodal Feature Set
Due to the complex nature of cognitive and affective states and
their interaction, a single modality may not provide robust or op-
timal measurements. Sensors are often affected by various noise
sources (e.g., instrumental and environmental), which can increase
their sensitivity to error. In fNIRS measurements, several confounds,
such as skin and skull hemodynamics or motion artifacts, can af-
fect results. This uncertainty restricts analysis. Studies have shown
that physiological responses from different measurements can vary
significantly between subjects [24]. As a result, a single sensor may
not scale well for estimating physiological signals. Utilizing a mul-
timodal or fusion approach may provide an effective solution to
enhance the robustness and reliability of measurements and ad-
dress current challenges. By combining information from multiple
sources, a more comprehensive picture of the underlying processes
can be obtained, leading to more accurate and reliable results.

Following an early fusion paradigm, in addition to the unimodal
feature set derived from each modality, we created a multimodal
feature set which is a concatenation of features derived from all
modalities fusing fNIRS, GSR and ECG.

5.5 Machine Learning Experiments
Our primary focus in this study is determining whether the model
can differentiate between the six experimental phases outlined in
section 4.2. Therefore, we conducted 15 independent sets of machine
learning experiments; each formulated as a binary classification
problem to distinguish between phases (e.g. Phase 5: Speech De-
livery and Phase 6: Food Selection). We use the Area Under Curve
(AUC) metric, which ranges between 0 and 1 and is widely used
to measure classifier performance. A higher AUC score indicates
greater separability or difference between the two paired phases
given the modeled neuro-physiological signals.

We have experimented with two popular machine learning mod-
els: Random Forest (RF), which can model non-linear relationships,
and non-regularized Logistic Regression (LR), a linear model. We
found that Random Forest outperformed Logistic Regression con-
sistently in all classification tasks, achieving an average 15% im-
provement in AUC measures (RF 78% vs. LR 68%). To streamline
our discussion of other design space dimensions, we only report
results from the Random Forest experiment.

A crucial aspect of affective and cognitive state detection model-
ing is its capacity to generalize, meaning the model must perform
well when applied to new individuals in the future. To objectively
evaluate model performance in this context, we utilized a leave-one-
person-out (LOPO) experiment paradigm. We trained the model on
data from all participants except one and assessed the performance
of the excluded participant. We report the average performance as
the mean performance across all excluded participants in the test
set.

6 RESULTS
6.1 Overview
In this section, we present the results demonstrating the impact of
three key model design decisions on the performance of classifi-
cation tasks, as previously described. Specifically, we explore the

4
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Figure 3: An illustration of 6 phases during the experiments, overlaid with a plot of 8-channel fNIRS measures of relative
blood oxygenation concentration level (i.e. HbDiff) for a given participant. Those time series is plotted against the relative
timestamps, which mark the starting of the first phase (Non-VR baseline) as timestamp 0.

Figure 4: Pipeline for data preprocessing and feature engineering. For the Windowed Feature Extraction step, a similar feature
extraction approach was applied for all data streams to derive statistical features which were extracted from a sequence of
20s-moving windows with 50% overlap.

following three design choices: (1) Modality, in which we inves-
tigated five different options - fNIRS alone, GSR alone, HR alone,

GSR and HR combined, and a multimodal approach that includes
all three modalities; (2) Feature Complexity, where we examined

5
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Figure 5: Feature set derived from each of the 20s moving
window. Blue-highlighted features are a parsimonious fea-
ture set found to be effective.

the use of basic mean-level features, which are easily interpretable
by humans, and compared them to less intuitive features (such as
fNIRS skewness or GSR phasic mean AUC); and (3) Personalization:
which refers to features derived from individualized data streams,
normalized against mean values from each person’s Non-VR base-
line as described above in section

6.2 Effect of Feature Complexity

Figure 6: Mean model performance from all pairs of exper-
iments, comparing complex features against simple mean
features for each sensing modality. The chosen feature sets
are denoted by smiley faces.

Figure 6 provides an overview of the model performance aggre-
gated from all pairs of experiments (including those with personal-
ized and non-personalized features). The figure compares models
using simple features to those using complex features across vari-
ous sensing modalities. The results indicate that for fNIRS, there
is no discernable difference between complex and simple features.
However, for ECG and GSR modalities, using simple features leads

to a noticeable decline in model performance. As such, in subse-
quent evaluations, we only include simple features from fNIRS and
complex features from ECG and GSR sensors. The multimodal fea-
ture set is a concatenation of these three sets of features, which
includes a total of 51 features (32 fNIRS features, 15 GSR features,
and 4 HR features, please refer to Figure 5 for details.)

6.3 Effect of Modality and Personalization

Figure 7: Mean model performance across all 15 pairs
of experiments, comparing personalized features to non-
personalized features for each sensing modality.

Figure 7 summarizes the average AUC score for model perfor-
mance, comparing personalized and non-personalized features. As
shown, personalized features consistently outperformnon-personalized
features across all modalities, individual or combined. This differ-
ence is more prominent in the neuro modality (i.e., fNIRS) compared
to physiological modalities, including GSR and ECG, and their com-
bination. Furthermore, we observed that the feature set derived
from the fNIRS modality outperforms those from physiological
modalities, and this pattern holds for both personalized and non-
personalized features. When combining GSR and ECG signals, the
resulting model performs better than those from individual modali-
ties. However, when combining neuro and physiological modalities,
we did not observe notable differences compared to fNIRS alone.
However, the multimodal performance was notably better than the
GSR and ECG or combined. This result suggests that the neuro
modality provides sufficient information for discriminating among
phases, possibly making GSR/ECG sensor-based physiological sig-
nals redundant.

6.4 Model Performance by Classification Tasks
Figure 8 provides a detailed comparison of model performance
(measured by AUC score) across 15 classification tasks, each aiming
to differentiate between two of the six phases. The results indicate
that while most classification tasks achieve a high level of accuracy
across modalities, distinguishing among the last three phases in-
volving Speech Preparation, Speech Delivery, and Food Selection
proves to be the most challenging. The most ambiguous pair is
Speech Delivery and Food Selection. In this task, the multimodal
model achieves an AUC score of around 72%, while GSR and HR
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Figure 8: A detailed comparison of model performance (mea-
sured by AUC score) across 15 classification tasks, each aim-
ing to differentiate between two of the six phases, using per-
sonalized features.

modalities achieve AUC scores of only 64%. A similar pattern is
observed for fNIRS. This low level of discrimination suggests that
the neuro-physiological signals between these two phases are more
similar than those of other pairs.

On the other hand, given an AUC score higher than a random
classifier of 50%, it implies that the cognitive/affective states (e.g.,
emotional stress and high cognitive load) experienced during speech
preparation or delivery are notably different from those during
food selection, which is possibly characterized by a mixture of
emotional stress carried over from the previous phase and the
cognitive process involved in food-related decisions.

6.5 Between-person Variation during the Last
Three Phases in VR

Figure 9 further illustrates the between-individual variation in pat-
terns of overlap among the last three phases in the VR environment,
which includes Speech Preparation, Speech Delivery, and Food Se-
lection. The plot was generated using UMAP (Uniform Manifold
Approximation and Projection), a popular technique for dimension-
ality reduction and visualization of high-dimensional data, which
was computed using the "umap" package in R.

Figure 10 summarizes the overlap patterns and corresponding
participants belonging to each pattern. For participants belong
to Pattern A, all three phases seem indistinguishable from one
another, while for Pattern B, Speech Preparation is notably different
from the other two phases, which are indistinguishable in between.
Patterns A and B share a commonality in that the stress or arousal
induced by the speech task possibly has a significant influence
on the Food Selection task. This pattern of carrying over stress
to Food Selection, however, is not observed in Pattern C. In this
pattern, the signals from the two speech-related phases resemble
each other but differ from those observed in the Food Selection
phase. This could suggest that these participants recovered quickly
from the stress induced by previous phases. Further studies could
explore these overlapping patterns in relation to food choices (e.g.

between healthy and unhealthy food items) as well as psychological
measures such as effortful control that can be obtained from Go/No-
Go tasks.

6.6 Effect of Personalization by Classification
Tasks and by Modality

Figure 11 provides a detailed view of the influence of personaliza-
tion on machine learning models’ capacity to distinguish between
any two of the six phases, analyzed by modalities. The effect is
quantified by the percentage change in AUC scores. The result
reveals variations in terms of both classification tasks and modali-
ties. For example, the most considerable effect is observed when
contrasting the effortful control cognitive task of Go/No-Go with
other cognitive/affective tasks such as Speech Preparation, Speech
Delivery, and Food Selection. This effect is especially pronounced
for fNIRS and HR signals but not for GSR signals. Among the last
three phases involving tasks in the VR environment, we see a no-
table personalization effect for GSR in discriminating between the
Speech Preparation phase and Speech Delivery and Food Selection.
However, this effect is not evident for other modalities, possibly
because these tasks are related to arousal primarily detectable by
GSR signals. Intriguingly, when the machine learning model dif-
ferentiates between speech delivery and food selection tasks, the
multimodal model exhibits the largest personalization effect, im-
proving by about 20%. Overall, this analysis highlights the potential
correlation between the personalization effect and detection tasks,
which are moderated by the modalities used in the model.

7 DISCUSSION
In this secondary analysis of a rich multimodal neuro-physiological
dataset collected from a multi-phase experiment in an immersive
virtual reality (iVR) environment, we examined the impact of several
critical machine learning-based model design decisions on a total
of 15 classification tasks. These tasks aimed to discriminate among
pairs of the six experimental phases, four of which occurred in the
iVR environment. The design decisions we investigated included
choices of modalities, feature sets, and personalization.

Our empirical analysis revealed that: (1) fNIRS, using only simple
mean level features, outperformed other modalities; (2) while per-
sonalization generally improved results, its effect varied bymodality
and task and, in rare cases, even negatively impacted performance.
We further observed that the personalization effect diminished
when the classification task was more challenging.

By employing a non-linear manifold embedding method, we
gained insights into between-person variation in terms of similar-
ity/dissimilarity patterns among the last three phases, which proved
relatively challenging to distinguish from a modeling perspective.
These phases involved surprise speech preparation and delivery,
and food selection. To some extent, the stress and cognitive load
induced by the surprise speech task may have been carried over
to the final phase. However, the "carry over" effect may vary from
one individual to another, as evidenced by three distinct overlap
patterns observed. This observation underscores the need to ac-
count for between-person variation inmodeling neurophysiological
responses.
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Figure 9: The UMAP Embedding of multimodal features, with each grid representing data from one participant and colors
denoting each of the last three phases.

Figure 10: Overlappping Patterns summarized from the
UMAP embedding and the list of participants belonging to
each pattern. The square bracket groups similar phases to-
gether.

While personalizing feature sets is one possible solution, other
avenues exist. For example, we could explicitly model individual
differences using other personal-level characteristics, such as effort-
ful control capacity, personality, or resilience. Such models would
necessarily increase complexity and would be more suitable when
we have access to a larger sample of participants with varying
characteristics. This approach is planned as part of our future work.

8 CONCLUSION
As technology advances in both immersive virtual reality (iVR) and
sensing capabilities, there is a growing need to develop practical
guidelines for navigating complex model design decisions in order
to create personalized and adaptive interventions for diverse users.
Our study highlights the complexity and interactions within the

Figure 11: Impact of personalization by classification tasks (in
rows) and modalities (in columns), expressed as a percentage
of improvement (+) or degradation (-) of AUC scores between
models using personalized features versus non-personalized
features.

design space when solving the reverse inference problem of predict-
ing cognitive and affective states from neurophysiological signals.
Although our results largely align with the literature on the benefits
of multimodal and personalization approaches, they also shed light
on the nuanced nature of these findings. This emphasizes the impor-
tance of meticulous experimentation when navigating the complex
model space to address real-world problems, as demonstrated in
this study.
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