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Abstract. Robust human state detection based on analysis of physi-
ological signals requires model personalization since physiological reac-
tions are individual. Personalization requires prior information, which is
not available for a new, unknown person, i.e. in a cold-start. To over-
come this, the current study proposes user calibration, which uses easily
obtainable short baseline measurements to normalize physiological vari-
ables individually. Experiments were conducted on a cognitive load detec-
tion use case to determine effectiveness of the approach, required baseline
duration, and the most suitable normalization function. In addition, the
behavior of the model was analyzed with Shapley additive explanations
to assess its trustworthiness. The results showed that user calibration
always beat the non-personalized model, the optimal baseline duration
was 3-3.5min, and there were no differences between the different nor-
malization functions. The model paid the greatest attention to the phys-
iological phenomena found to be indicative of cognitive load in previous
studies. The results encourage further evaluation of user calibration in
different use cases for smart healthcare.
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1 Introduction

Recent advances in sensor technology have enabled pervasive monitoring of peo-
ple’s physiology, which facilitates real-time detection of stress, and mental and
cognitive state of the user, to name a few. Knowledge of the user’s state can
be utilized in the design and implementation of novel interactive applications
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aiming to improve user health, wellbeing, and performance. For example, a vir-
tual physiotherapist could detect person’s activities to assist in physical reha-
bilitation, detected stress or emotional state could trigger interaction in mental
coaching or when recovering from a trauma, measuring alertness or drowsiness
with interventions could help if a person has trouble sleeping, and the detected
states could be used in clinical decision support as additional information.

To unlock the full potential of these applications, they should work auto-
matically, close to real-time, and adapt to each individual, even new, unknown
ones. One major drawback in current state detection approaches is that they fail
to properly account for individual differences especially in a cold-start scenario.
Basic physiology, reactions to external stimuli and perceptions of varying situ-
ations are individual-specific, which should be accounted for in the modelling
procedure: the detection model should be personalized. Typically, the physio-
logical features used for state detection are normalized participant-wise, using
a whole dataset from each person to do so. This solution accounts for the dif-
ferences in individual baselines and individual reactions to the different stimuli.
However, applying it requires a complete set of data from each participant before
the developed model can be applied for them. When a new user starts using the
system, i.e. a cold-start occurs, completing a lengthy calibration protocol with
different stimuli is burdening for them and may lead to demotivation and even
giving up with the system before even properly beginning.

The current study investigates the cold-start problem in the context of cogni-
tive load detection. Monitoring cognitive load is important in safety-critical fields
such as flight control, and healthcare professionals working e.g. in the emergency
room or the first aid unit, but also in everyday life like driving a vehicle, and
in training and education applications for improved learning. It may also help
in detecting early signs of cognitive impairments. Furthermore, it has been sug-
gested that cognitive load of medical professionals should be monitored when
considering the use of artificial intelligence assisted decision making tools in
healthcare [8].

Specifically, using a few minutes of baseline data for model personalization is
proposed. Different normalization functions and baseline durations are investi-
gated, and self-reported cognitive load is detected as a continuous variable with
a regression model. Additionally, model behavior is explained with a feature
contribution analysis with SHAP values. The approach is evaluated on an open-
source dataset ADABase [23] having several physiological signals measured in a
controlled laboratory protocol consisting of simulated driving and n-back tasks.
Such a dataset offers clear signals and tasks which likely results with a rather
high cognitive load, making it suitable for the first evaluation of the proposed
approach. The main contributions of the study are listed as follows:

— Different normalization strategies are evaluated to use short baseline period
for cold-start model personalization in detecting continuous cognitive load.

— Minimal baseline duration for optimal performance is estimated.

— Feature importance and contribution analysis is provided to assess which
factors increase and decrease experienced cognitive load.
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2 Related Work

2.1 Methods in Cognitive Load Detection

Cognitive load or mental workload refers to the amount of mental resources
used to perform a task [24]. Several approaches to measure cognitive load as
a continuous variable exist, like self-report questionnaires (e.g. the NASA-TLX
[13]), performance measures of cognivitely demanding tasks [30], and physiolog-
ical triggers, since cognitive load is reflected to e.g. pupillary responses [36,38],
heart rate variability [7,28], electrodermal activity [34,35], and facial expressions
[16,41]. The link between cognitive load and physiology has led to the develop-
ment of automated tools to detect cognitive load based on (wearable) sensor
data. Figure 1 shows a general machine learning pipeline for the detection task
based on sensor data processing.

Previous works attempting cognitive load detection with machine learning
methods have primarily focused on a classification setup. Most works have
detected high cognitive load from low or no load [3,9,32,37] while some have had
three or more levels based on estimated difficulty of the task [18,19]. Although
cognitive load can be considered a continuous measure and treating it as a con-
tinuous variable allows for a more fine grained analysis, few works attempt to
detect it with a regression model. Herbig et al. [14,15] have recognized cognitive
load in an e-learning and a machine translation task. Pejovié et al. [25] developed
a non-contact sensor to detect cognitive load during elementary cognitive tasks.
Lastly, Oppelt et al. [23], who introduced the dataset used for experiments in
this study, presented results also for regression modelling. Each work selected
self-reported cognitive load as the regression target.

2.2 Cold-Start Model Personalization

Baseline physiology, physiological reactions and task perception are individual,
which calls for model personalization when detecting cognitive load. Still, sev-
eral previous studies aim for fully person-independent detection [3,9,19]. When
personalization was considered, the most prevalent approach has been some ver-
sion of participant-wise feature normalization, used in e.g. [14,15,25,32], which
normalizes features separately for each person using their full dataset. In addi-
tion, it was the only personalization approach considered in a contest to detect
cognitive load from wearable sensor data, applied by 5 teams from 12 [11]. Other

Sensor . Preprocessing and o Model
Segmentation . Personalization o
data feature extraction g ' training

Fig. 1. A machine learning pipeline generally used for training a state detection model.
Personalization is not always included, which is depicted with a dashed box and it can
overlap with either preprocessing or model training.
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personalization approaches include e.g. custom domain adaptation [17], where
a transfer learning approach adapts the neural network to each individual. In a
related context of stress detection, users have been clustered first to train the
model based on similar users’ data [39].

Each of these approaches require a substantial amount of data from each user,
most of them a full set similar to that of the users in the training data. In a cold-
start case, such data is not available, and the developed model is unapplicable
for new users.

To the best of our knowledge, no earlier studies exist in cognitive load detec-
tion addressing this challenge. However, in emotion recognition, Saganowski et
al. [27] proposed to apply transfer learning with accumulating data in real-life
scenario, and in stress detection, participant-wise feature normalization has been
implemented with just the baseline data [1,26]. A similar approach for stress and
affect detection was examined in [31] who also analyzed the duration of base-
line measurement needed. In neuroscientific research, eliminating the individual
variations with baseline data is a standard procedure [20].

To set the current study apart from related work the following differences
are outlined: i) continuous cognitive load is detected with a regression model as
opposed to classification, ii) cold-start is addressed by personalizing based on
short baseline measurement, iii) different baseline durations and normalization
functions are evaluated.

3 Methodology

3.1 User Calibration

In general terms, a normalization function transforms given input data according
to some normalization parameters into a representation that is better suited for
a machine learning model. The normalization parameters should be computed
from the training and applied for the testing data but the same parameters are
used for both splits of the dataset.

In participant-wise scaling, the normalization parameters are computed sepa-
rately for each participant from a full measurement protocol. Instead, the param-
eters could be computed from a short baseline measurement, called user calibra-
tion in this study, and applied for all subsequent data from that person. In a
real-life use case, a new person should sit still and relax for a couple of minutes,
allowing the collection of baseline data, which is a much less burdening option
than completing the whole protocol. Figure2 highlights the differences in the
inference process between regular personalization and user calibration.

Three normalization functions are applied in this study: averaging X,,, =
X —mean(X), standard scaling Xtq = Xqug/5td(X) and min-max transforma-

X—min(X)
mazx(X)—min(X)’
the normalization parameters (mean, std, min, max) are computed separately
for each participant across the whole measurement protocol, and in user cali-
bration they are computed separately for each participant from short baseline

measurement, of varying duration.

tion Xoinmaz = for a dataset X. In participant-wise scaling,
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Fig. 2. The cold-start process for mental state estimation of a new user in inference
mode. The boxes tagged “Stimulus protocol” display the tasks to be completed before
the trained model can be personalized and applied for inferring the state of the user.

3.2 Dataset

The ADABase dataset [23] was adopted for the cognitive load detection exper-
iments. The dataset consists of two tasks aimed at inducing cognitive load: the
n-back task and a simulated driving task called k-drive. Simulators and standard
cognitive tests provide a controllable and quantifiable environment and thus the
induced cognitive states are more homogeneous. Thus, the dataset comprises a
good basis to study algorithm development for the cold-start case.

An n-back task consists of a sequence of stimuli and the study participant
must indicate when the current stimulus matches the one presented n steps
earlier. The n-back task conducted in ADABase consisted of a single (visual
stimulus) and a dual stimuli (visual and auditive stimuli) test with three dif-
ficulty levels (i.e. n € {1,2,3}). The k-drive task consisted of watching an
autonomous simulator playing a driving game and indicating, on three difficulty
levels, whether the car was 1) passing another car, 2) being overtaken, or 3)
accelerating or decelerating rapidly; each level was incremental and in each sub-
sequent level the participant had to indicate the events of the previous level(s)
as well. Additionally, the participant solved a secondary task of searching and
adding songs to a playlist during levels 2 and 3.

The test participants’ physiology was monitored with a Biopac MP160 system
measuring electrocardiogram (ECG), electromyogram (EMG, trapezius mus-
cle), electrodermal activity (EDA), respiration (RSP), skin temperature (SKT)
and photoplethysmogram (PPG). In addition, video-oculography (VOG) was
recorded with Tobii Pro Fusion and facial cues with a BASLER camera.

The published version of dataset contains 30 participants, 12 of whom refused
the collection of facial video data. The order of n-back and k-drive was random-
ized, and in the public version 18 participants first completed the n-back task.
The measurement set-up was the same for all participants, but it was adjusted
for handedness and the time of day varied. The baseline measurement used in
this study for user calibration is taken from the resting baseline that occurred
before the first stimulus, whether it was n-back or k-drive.
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Cognitive load was assessed after each phase of the protocol with the NASA-
TLX self-report questionnaire, assessing mental, physical and temporal demand,
performance, effort and frustration. Each dimension has a weighting factor to
compute the final score as a sum of weighted self-report components. This final
score serves as the metric for cognitive load in this study. The authors in the
original paper [23] suggest transforming the score individually to a value between
0 and 1 through min-max normalisation. Since this transformation is impossible
in a cold-start scenario, it was decided to opt for the unscaled metric in this
study.

3.3 Data Processing

Features were extracted from each of the available data sources except for the
PPG signal, which was thought redundant since ECG was available. Following
the original paper [23], features were extracted with a sliding window of two
minutes with a five second window slide. The physiological signals were mostly
processed using the NeuroKit2 software package [22], but the heart rate vari-
ability features were extracted with the hrv-analysis library [4] and saccades,
fixations, and blinks were detected from the VOG data with the PyGaze library
[6]. The sum of frames with each facial activation was used as the features for
the facial data; see [23] for a description of the activation units. The rest of the
extracted features are listed in Table 1.

Table 1. Extracted features from each signal.

Signal | Extracted features

ECG | mean_HR, std_HR, mean_nni, sdnn, nni50, pnni50, rmssd, vlf_power,
If_power, hf_power, 1f/hf ratio, total power, lfnu, hfnu, vlf_relative_power,
If_relative_power, hf_relative_power

EMG | rms, n_onsets, fraction_high_activity, max_amplitude

EDA | eda_mean, eda_std, eda_min, eda_max,eda_ slope, eda_range, tonic_mean,
tonic_std, tonic_correlation_with_time, phasic_n_peaks,
phasic_peak_amplitude, phasic_peak_duration, phasic_peak_area

RSP | breathing rate_mean, breathing rate_std, phase_ratio_mean
SKT |skt_mean, skt_std, skt_min, skt_max, skt_slope

VOG | pupil_diam_mean, pupil_-diam_std, pupil_diam_slope, blink_rate,
blink_duration, time_between_blinks, fix_rate, fix_duration,
time_between_fix, n_fix_with_dur_>100ms, n_fix_with_dur_66-150ms,
n_fix_with_dur_300-500ms, n_fix_with_dur_>1000ms, sac_rate,

sac_duration, time_between_sac, sac_amplitude

ECG =electrocardiogram, EMG = electromyogram, EDA =electrodermal activ-
ity, RSP =respiration, SKT=skin temperature, VOG = video-oculography,
diam = diameter, fix = fixations, sac = saccades
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3.4 Experimental Protocol

The extracted features were used to detect cognitive load as a continuous vari-
able using extreme gradient boosting regressor (XGBoost) [5]. The regressor
was selected since extreme gradient boosting has been shown to have good per-
formance in different domains with tabular data, and since it natively handles
missing data which is prevalent in the current dataset due to some participants
opting out from facial data collection.

The k-drive tasks had a duration of about five minutes and so the experienced
cognitive load may have varied over the course of the task. Still, subjective ratings
were given only after the task. To ensure that the physiological data is timely
and best reflects the given rating, only the last two minute window from each
task was used for training the model. This choice has also a balancing effect
between the two task types, as the n-back tasks lasted for about two minutes.

Following the original paper [23], the adopted cross-validation strategy was
leave-three-users-out, resulting in 10 folds total. For each fold, the data of three
randomly selected participants was left out and the model was trained with the
remaining participants data and tested on the left out fold. The model perfor-
mance was assessed in terms of mean absolute error (MAE), mean squared error
(MSE) and root mean squared error (RMSE). The performance was compared
against a baseline of predicting the average cognitive load for each observation.

Three modelling tasks were defined: i) without feature normalization; ii) with
participant-wise feature normalization; and iii) user calibration. The evaluation
without feature normalization sets a baseline which user calibration should try
and exceed to be useful, and participant-wise feature normalization sets an upper
limit of what to expect with normalization-based personalization approaches.

In addition, the duration of the needed baseline measurement was evaluated
by training the user calibration model with varying duration of baseline data,
ranging from two to five minutes in 30s increments. Shorter than two minute
calibration was not considered since the used feature window length was two min-
utes. Moreover, three different normalization functions as specified in Sect. 3.1
were experimented with.

The statistical significance of the differences between the personalization
and normalization approaches were assessed with related samples T-test, since
the cross-validation errors were found to be normally distributed (Shapiro-Wilk
test). P-values were corrected with the Benjamini-Hochberg method to adjust
the false discovery rate for multiple testing.

4 Results

User calibration performed better than the general and the average prediction
model with each normalization function tested (see Table2) and the difference
was statistically significant (Table 3). As expected, participant-wise scaling per-
formed better than user calibration when features were normalized with standard
scaling or min-max normalisation, but the two approaches performed the same
when features were averaged. No statistically significant differences between the



Cold-Start Model Personalization

41

Table 2. Regression results of predicting subjective cognitive load. Dur stands for best
calibration duration in minutes.

Normalization Personalization | Dur | MAE MSE RMSE
Standard scaling | Participant-wise | — | 8.20 (1.12) |107.57 (31.86) | 10.27 (1.47)
Calibration 3.0 |10.09 (1.69) | 148.26 (51.37) | 12.01 (2.02)
Averaging Participant-wise | — | 9.93 (1.34) | 147.27 (42.49)  12.01 (1.72)
Calibration 3.5 9.72 (1.54) |136.89 (35.87) | 11.60 (1.56)
Min-Max Participant-wise | — | 8.57 (1.75) | 114.74 (41.81)  10.52 (2.02)
Calibration 3.5 19.78 (1.74) | 146.99 (47.09) | 11.95 (2.05)
No scaling General model | — 11.03 (1.80) | 175.80 (51.65) | 13.11 (2.01)
Average prediction | General model | — 10.99 (1.38) | 160.78 (34.89) | 12.60 (1.42)

Table 3. Related samples T-test results of comparing the MAE’s of the user calibration
model to those of other models’. P-values were corrected with the Benjamini-Hochberg

method.

Mean absolute error

Normalization Participant-wise | No scaling | Average prediction
T P T p T P
Standard scaling | —3.08 | 0.020 2.4910.039 | —21.64 | <0.001
Averaging 0.520.618 3.69]0.011 | —22.08 | <0.001
Min-Max —2.7410.029 3.4910.012| —20.67 | <0.001
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Fig. 3. Model performance at different durations of baseline measurement. The line
colors refer to the normalization approach and line style to personalization approach.

three normalization functions when using user calibration were observed (test
results not shown). The non-personalized model performed similarly to average
prediction.

Figure 3 shows the MAE of user calibration with different baseline durations:

a MAE of e.g. 10 would denote that an error of 10 units was made on average
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Fig. 4. Scatter plot of model residuals vs. predictions with a LOWESS trend curve,
produced over test data folds of the best performing user calibration model with 3.5 min
baseline with features normalized with averaging.

when predicting the load. The best performance was observed with 3 min base-
line duration with standard scaling, and 3.5 min with averaging and min-max
normalization. However, the differences between the different durations were not
large.

According to the residual plot in Fig.4, there were no clear signs of het-
eroscedasticity or outliers. The trend curve shows slight elevation at lower cog-
nitive loads, and a minor decreasing trend towards the higher predicted cogni-
tive load estimates. Thus, the model may overestimate lower cognitive load and
underestimate higher one, but based on the figure the effect should not be large.

Shapley additive explanations (SHAP) [21] were computed to assess the
importance of different signal modalities and features. Figure5 displays a
beeswarm plot of the top-20 features with highest average absolute SHAP values
in a decreasing order, drawn over the best performing user calibration model.
Judging by the number of features from different modalities in the plot, the
most influential signal modalities were facial activations and ECG, and each
signal modality had at least one feature within the top-20.

Although the direction of changes is a little confused for some features, certain
conclusions can be made from the figure. The most influential feature was mean
pupil diameter, with its higher values corresponding to higher cognitive load, and
vice versa for lower values. Lower/higher values in AU20 (lip stretcher), AU25
(lip part), and AUO5 (upper lid raiser) corresponded to lower/higher cognitive
load, respectively. Moreover, higher skin temperature, variation in breathing
rate, blink duration, trapezoidal EMG activity, and electrodermal activity, and
lower heart rate variability all corresponded to higher cognitive load, according
to the developed model. These are roughly in line with previous observations
[2,7,35,36] but there was mixed evidence of skin temperature and respiration
changes under cognitive load [10,12,34].
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Fig. 5. Beeswarm plot of the SHAP values of the features in the user calibration model
with 3.5 min baseline with features normalized with averaging.

5 Discussion

The presented analysis proved the usefulness of user calibration, since it always
outperformed the general model regardless of the choice of the normalization
function. Thus, collecting 3-3.5min of baseline resting data from a new user
allows making better predictions since the beginning. The proposed approach
has some limitations which form the ground for future work: it only captures
individual differences at the level of basic physiology, determining the correct
ground truth is challenging, the used dataset was collected in a constrained
environment with a large set of physiological signals, and only one modelling
approach was evaluated. Each of these points are further discussed next.

The data collection protocol exhibited individual variations in three levels:
basic physiology, reactions to stimuli, and self-reporting. The basic physiology
between the participants differed, which was up to some extent caught by user
calibration. Different people react in different ways to similar external stimuli,
which in turn was caught by participant-wise normalization. Finally, different
people may experience the same task in various ways: some see the task demand-
ing while others find it enjoyable, which is reflected in the subjective reports.
Such information could be included in the model by normalizing the reported
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load participant-wise, as was done in the original paper [23], but not here since
it would be unfeasible in a cold-start scenario.

Curiously, the general model performed the same as predicting the average
score. Since the general model has no knowledge of any of the individual com-
ponents, this further highlights the need for personalization especially in the
cold-start case: if there was no prior information from a new individual, using
the general, non-personalized model for them would be as good as guessing the
average score.

Obtaining this prior information is a crucial step in cold-start model per-
sonalization for mental state estimation: without some, one cannot personalize.
Having the people rest for a few minutes, as in this study, is one of the less
burdensome techniques, but it contains no information about how people might
react to or perceive cognitively loading stimuli. While it is already a more tiring
option, conducting a mini-protocol of short cognitive tasks might be an alter-
native to include reactions and variation in the baseline data. However, any
baseline measurement should be repeated periodically since e.g. caffeine intake
[40] or fatigue [33] may cause changes to human physiology. Therefore, one could
alternatively opt for collaborative filtering [29] based methods by e.g. measuring
user similarity via background questionnaire, such as demographics or personal-
ity traits. Although the big five personality traits did not improve classification
results in [23], they could still be useful in cold-start personalization.

Due to subjectiveness, determining the ground truth in detection of cognitive
load and other mental states is also a challenge of its own. The current study used
non-normalized cognitive load self-reports as labels for a regression model. One
could also choose to normalize the labels participant-wise (not feasible in a cold-
start scenario) or choose to classify between self-reported low /medium /high load
or even classify based on task labels. The latest would be an objective measure
when looking at the data labelling, but still physiology would reflect subjective
load and some people might not experience cognitive load in tasks labelled under
high load. Ultimately the choice of the ground truth comes down to the targeted
use case: what is most sensible given the context? The target used in the cur-
rent study is suitable for applications where the interest is in subtle subjective
changes in cognitive load. A continuous target and regression analysis applies
to a more (time-wise) continuous modelling and allows developing methods to
detect moments when the person is just heading towards cognitive overload,
unlike classification, which provides a more definite outcome.

The dataset used in this study contained a simulated driving task and the
n-back task conducted in a controlled laboratory environment. Since this was the
first inspection of cold-start model personalization in cognitive load detection,
such dataset with clear and likely high cognitive load periods was chosen to be
able to focus on the cold-start issue. Since the results were encouraging, the
method should be evaluated next on different datasets from the health domain
to improve its ecological validity.

While some features showed a rather clear behavior pattern in Fig.5, like
pupil diameter and skin temperature, the behavior of other features, such as
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RMSSD and maximum amplitude of EMG, was more convoluted. Here, too,
there may be some individual differences. Indeed, several features are clustered
around zero, meaning that for those observations the current feature had a small
impact, and long tail(s) denoting observations for which the current feature had
a larger impact. However, the coloring of e.g. RMSSD and EMG_max_amplitude
show that higher values were related to both decreased and increased cognitive
load. These may be related to some spurious events during the completion of the
task, changing of cognitive load during the two-minute window, or the relation
between self-reports and some physiological parameters may be unsystematic.

Investigation and understanding this relationship and finding features with
systematic behavior under varying cognitive load is a necessity for robust cogni-
tive load detection. To keep focus on user calibration and normalization options,
this analysis is left for future work, together with finding the best type of a
model, hyperparameter optimization, feature window duration optimization, fea-
ture selection, and signal modality selection, all of which are important steps to
consider in model development. Based on Fig. 4, the developed model fit to the
data reasonably well, but the described steps may help in improving the model
performance.

6 Conclusions

Overcoming the cold-start situation in model personalization is a necessity for
future human state detection applications. In this study, using short baseline
measurements to normalize features was proposed as the solution in detect-
ing continuous cognitive load. The experiments showed that user calibration
always performed better than the general model but worse than a model with
participant-wise normalization with full dataset. The optimal baseline duration
was found to be 3-3.5min and there were no differences between the tested
normalization functions. A SHAP feature importance analysis revealed that the
developed model found physiologically correct patterns, increasing trust to it.
Future studies are needed for different mental states to further validate the pro-
posed user calibration approach.
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