Basic and Clinical

Research Paper
Better Than Maximum Likelihood Estimation of

July& August 2025, Vol 16, No. 5

®

CrossMark

Model-based and Model-free Learning Styles

Sadjad Yazdani' (5, Abdol-Hossein Vahabie!" (©, Babak Nadjar-Araabi' (), Majid Nili Ahmadabadi'

1. Department of Machine Intelligence and Robotics, School of Electrical and Computer Engineering, University of Tehran, Tehran, Iran.

Use your device to scan
and read the article online

(S{ETIETY Yazdani, S., Vahabie, A., Nadjar-Araabi, B., & Nili Ahmadabadi, M. (2025). Better Than Maximum
Likelihood Estimation of Model-based and Model-free Learning Styles. Basic and Clinical Neuroscience, 16(5), 891-912.
http://dx.doi.org/10.32598/bcn.2024.5883.1

d - http:/dx.doi.org/10.32598/bcn.2024.5883.1

Article info:

Received: 30 Sep 2023

First Revision: 28 Jul 2024
Accepted: 06 Oct 2024
Available Online: 01 Sep 2025

Keywords:

Model-based (MB) and model-
free (MF) combined learning,
Modeling different styles of
learning, k-Nearest neighbors,
Maximum likelihood (ML),
Maximum a posteriori (MAP),
Behavioral observation
analysis, Behavioral parameter
estimation

ABSTRACT

Introduction: Various decision-making systems collaborate to shape human behavior. Goal-
directed and habitual systems are the two primary systems studied by reinforcement learning
(RL), with model-based (MB) and model-free (MF) learning styles, respectively. Human
behavior can be viewed as a combination of these two decision-making paradigms, achieved
by the weighted sum of the action values of these two styles within an RL framework. The
weighting parameter is often assessed using the maximum likelihood (ML) or maximum a
posteriori (MAP) estimation method.

Methods: In this study, we employ RL agents that use a combination of MB and MF decision-
making to perform the well-known Daw two-stage task. ML and MAP methods yield less
reliable estimates of the weighting parameter, often exhibiting a large bias toward extreme
values. We propose the knearest neighbor as an alternative nonparametric estimate to improve
the estimation error, where we devise a set of 20 features extracted from the behavior of the RL
agent. Simulated experiments examine the proposed method.

Results: Our method reduces the bias and variance of the estimation error, as demonstrated
by the obtained results. Human behavior data from previous studies are also investigated. The
proposed method enables the prediction of indices such as age, gender, 1Q, dwell time of gaze,
and psychiatric disorder indices, which are not captured by the traditional method.

Conclusion: In brief, the proposed method increases the reliability of the estimated parameters
and enhances the applicability of RL paradigms in clinical trials.
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Highlights
* Human behavior is a combination of model-based and model-free learning styles.

* We proposed a method to enhance the combination of model-based and model-free learning styles by employing
reinforcement learning agents.

* We used the K-NN to improve the estimation error.

* The proposed method helps the prediction of indices such as age, gender, IQ, dwell time of gaze, and psychiatric
disorder indices, which are neglected in traditional methods.

Plain Language Summary

Human behavior is shaped by two main decision-making styles: One that plans (goal-directed) and one that relies on
habits. Scientists use a technique called reinforcement learning (RL) to study these styles, which are known as model-
based (MB) and model-free (MF) learning. To understand how these styles combine in real life, researchers often
employ mathematical methods to estimate the contribution of each style to a person’s decisions. However, common
methods like maximum likelihood (ML) and maximum a-posteriori (MAP) often give unreliable results, especially
leaning too much toward one style or the other. In this study, we tested a new approach using a method called k-nearest
neighbors (KNN), which looks at patterns in behavior without relying on strict mathematical assumptions. We trained
computer agents to perform a decision-making task and analyzed 20 features of their behavior. Our proposed method
gave more accurate and balanced results. We also examined real human data and found that our approach could predict
individual traits, such as age, gender, IQ, eye movement patterns, and even signs of mental health issues that are often
overlooked in traditional methods. Overall, our proposed method enhances the measurement of decision-making styles
and could help make reinforcement learning more effective in medical and psychological research.

the hybrid model is an effective subject description (Daw
et al., 2005; Dolan & Dayan, 2013; Gijsen et al., 2022;
Keramati et al., 2016; Kool et al., 2016; Lucantonio et
al., 2014; Toyama et al., 2017). The combination weight
(w) is the parameter that affects the subject's preference
for MB in this model, as explained in Supplementary 1
(Daw et al., 2011).

Introduction

ultiple cognitive systems are thought to
control human decision-making. Most
decision-making and learning occur dur-
ing a person's lifespan as a result of ha-
bitual and goal-directed systems (Dolan
& Dayan, 2013; Wanjerkhede et al., 2014). The habitual

system fosters habits and automatic decisions, whereas
the goal-directed system is primarily concerned with
planning and making decisions. Researchers studying
reinforcement learning (RL) assign habitual and goal-
directed systems to model-based (MB) and model-free
(MF) learning styles. The only distinction between the
MB and MF styles is in the evaluation of state-action. In
MB learning, an environmental model is used to evalu-
ate each decision in the current state. In MF learning,
action values update without the use of any explicit envi-
ronment model, and the value of each action in each state
is learned via trial and error.

Previous studies found that people employ a combina-
tion of MB and MF learning to direct their behavior dur-
ing learning tasks. Several studies support the notion that

Computational models can assist in extracting various
cognitive components that drive maladaptive behavior,
and the model parameters associated with those compo-
nents can be utilized to investigate the potential sources
of cognitive deficiencies (Ahn & Busemeyer, 2016).

One of the elements that can be used to analyze, di-
agnose, and evaluate the efficacy of therapies for psy-
chiatric diseases is the parameter that determines the
subject's preference for the MB/MF style (Montague et
al., 2013). In a two-stage task proposed by Daw et al.
(2011) the reward probability in the second stage fluctu-
ates over time, and the transition from the first stage is
probabilistic. As a result, the MB and MF styles behave
differently. Researchers frequently use this task to deter-
mine how much participants prefer MB and MF styles
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(Daw et al., 2015; Doll et al., 2015; Feher da Silva &
Hare, 2020; Foerde, 2018; Gillan et al., 2015; Miller et
al., 2022; Morris et al., 2017; Otto et al., 2013; Smitte-
naar et al., 2013).

Considering changes in the subject’s preference to-
ward MB (w) due to pharmacological or cognitive ma-
nipulations or neuropsychiatric conditions will provide
important insights for clinical research. For example,
over-reliance on the MF style could lead to inflexible
decisions in addiction and compulsion (Everitt & Rob-
bins, 2005; Gillan & Robbins, 2014; Lucantonio et al.,
2014). Some studies show that patients with obsessive-
compulsive disorder (OCD) prefer the MF learning
style more than MB (Gillan et al., 2011; Gillan & Daw,
2016; Toyama et al., 2019; Voon et al., 2015). Wit et al.
(2011) demonstrated that mild Parkinson disease leads
to impaired motor habit formation. Also, Culbreth et
al. (2016) reported that in schizophrenic patients, MB
behavior is low. On a broader view, there is a growing
consensus that computational modeling can be a con-
structive approach to understanding psychiatric disor-
ders. Therefore, reliable and precise estimation of the
w is important for many applications. However, reliable
estimation of parameters is a challenge due to noise in
behavior, confounding factors, and a low sample size,
especially for extreme values.

Traditionally, researchers have estimated model pa-
rameters, such as the subject's preference for MB (w),
by fitting the model to their observations using maxi-
mum likelihood (ML) or maximum a posteriori (MAP)
methods. The best objective function for model fitting
is the likelihood when no other information is available
beyond behavioral observations. The foundation of ML
is the notion that a specific collection of parameters has
a greater likelihood of being responsible for the ob-
served data. ML is widely applied in the behavioral sci-
ences (Ward et al., 2012). Additionally, if we are aware
of any prior knowledge about parameters, we employ
the MAP approach.

According to the analysis, the precision of the esti-
mated w based on conventional model fitting is subpar.
The precision of traditional methods is affected by fac-
tors such as the nature of the task, the model, noise, the
fitting process, and the limited number of observations.
Our simulations demonstrate that the conventional esti-
mation technique is biased toward the MF style, particu-
larly when the other model parameters are outside the
acceptable range. In model fitting, the estimation of the
w is more inaccurate when the learning rate or tempera-
ture is low or high, respectively (Supplementary 2).

July& August 2025, Vol 16, No. 5

In the present research, we propose that incorporating a
data-driven learning method alongside traditional fitting
methods can enhance the precision and reliability of esti-
mation. This research employs the k-nearest neighbor (k-
NN) algorithm as a straightforward learning technique
(Supplementary 3). Other learning algorithms, such as
deep neural networks, can serve the same function. Al-
though this study focuses on observing action selection,
the estimator can be made more precise by incorporating
other measurable parameters, such as confidence level or
response time (Shahar et al., 2019).

In this study, we aim to enhance the estimation of a
model's parameters based on behavioral observations,
as compared to the traditional methods. Although we
analyze the effect of some nested models on parameter
estimation error, we do not investigate which model is
superior in other ways, such as predicting human behav-
ior. This study did not examine alternative models, such
as the Gijsen model (Gijsen et al., 2022). Some studies
use the reparameterization method (alternative models
with different free parameters) or other combinations of
reparameterization (Gillan et al., 2016; Toyama et al.,
2019). In addition, some studies utilize the response time
of a model that is unavailable for our simulation and was
not incorporated into the model (Shahar et al., 2019). Al-
though a subject's preference for a particular style can
change over time, we will assume that it remains con-
stant for the duration of the task.

Methods discusses the basic model architecture (sec-
tion 2.1) and the k-NN estimator (section 2.2). Sections
2.3 and 2.4 explain implementation. Section 3 sets the
k parameter (section 3.1) and analyzes the results of the
proposed method (section 3.2). Section 3.3 examines the
w extraction in a noisy model. Section 4 presents the ex-
perimental performance of the k-NN method and its ad-
vantages. The conclusion discusses the proposed method
and summarizes the results (section 5).

Materials and Methods

In this study, we compared the results of determining
preference for MB (w) using the traditional method and
the proposed method for both humans and simulated
agents. In the simulation and ML/MAP methods, we
employ the Daw et al. (2011) model (Supplementary 1).
During the training and testing phases, the behavioral
data are derived from simulation, whereas during the
recall phase, it is derived from actual human behavior.
Figure 1 illustrates the proposed method in its entirety.
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In this paper, in addition to the estimated values of the
parameter obtained by ML or MAP, we utilize global
information, including behavioral statistics and indices,
to extract the subject's preference for MB (w) more pre-
cisely. In the proposed method, the k-NN estimator (also
known as the k-NN regressor) is employed as a learning
system to extract w from behavior. k-NN is a supervised,
nonparametric learning method that has been widely ad-
opted as an accurate point estimator (Li et al., 2017). The
w parameter is estimated by k-NN using a set of labeled
feature vectors. To train the k-NN, we employ simula-
tions of RL agents, and the dataset is populated with fea-
tures derived from observations labeled by the agent's w
parameter (w,).

Since we know the parameters of the RL agent during
the testing phase, the estimation error can be calculated.
We illustrate the error distribution using the mean abso-
lute error (MAE) as a point estimator of the error and
the standard deviation (STD). The simulations contain
a sufficient number of agents to yield reliable results;
therefore, the statistical test results are not reported for
the simulation data.

In the current study, the objective functions are mini-
mized by the interior-point optimization algorithm, and
10 random starting points are used to maximize the
probability of global optimization for ML and MAP. All
analyses and optimizations have been implemented in
MATLAB software, version 2021b and are accessible
via the Dataverse repository.

In the training phase, the simulated RL agent performs
the task, and in the recall phase, observed data from hu-
man behavior is utilized.

Computational model

Daw et al. proposed a computational model predicat-
ed on the notion that subjects utilize both MB and MF
learning styles, with the values being linearly combined.
They suggested using the SARSA A algorithm to extract
the MF style value and the Bellman Equation to extract
the MB style value. Using a linear weighted combina-
tion, the net value of an action (a) in a state (s) is com-
puted for each trial (t) (Equation 1).

1' Qtnet (S’ a):WXQtMB (S’ a)+(1 -W)XQtMF (S’ a)

The free parameter w represents the subject's MB
learning style preference. Then, the value of the same
previous action increases by the stickiness parameter (p),
and the model extracts the probability of decisions us-

Basic and Clinical

ing the softmax function. Each trial is updated by incre-
mental learning, which modifies the state-action values
(Supplementary 1). Multiple other researchers have also
employed this hybrid model (Kroemer et al., 2019; Mor-
ris et al., 2017).

The Daw model for the task contains 7 parameters
(DS-AE-SS), but in many studies, some of these param-
eters are set identically in two stages or are assumed to
have a constant value. We extracted nine model versions
for analysis using this method. The models and subsets
of each version's parameters are detailed in Table 1.

k-NN

The distance-weighted method of the k-NN estimator
is utilized. T groups of behavioral observation-derived
characteristics are listed in Table 2. There are 10 char-
acteristics within each group. The first set is based on
the stay probability, which is calculated by counting
the number of stays in observed behavior, i.e. selecting
the same action as in the previous trial in the first stage.
Numerous studies utilizing the Daw two-stage task em-
ployed the conditional stay probability for analysis (Col-
lins et al., 2017; Daw et al., 2011). We estimate the stay
probability across situations and conditions based on
the reward value (either rewarded or unrewarded) and
transition frequency (common or uncommon) of previ-
ous trials. In addition, the slope of stay probabilities, as
an index for MF (Equation 2) and MB (Equation 3) be-
havior (Miller, was utilized as an additional behavioral
indicator in feature space (Miller et al., 2016).

2. 1, 7®=P(S | Re,C)+P(S | Re,R)-P(S | Ur,C)-P(S | UrR)
3.1,,."5=P(S | Re,C)-P(S | Re,R)-P(S | Ur,C) +P(S | UrR)

The second group consists of model-parameter-using
and model-fitting features. Miller et al. (2016) intro-
duced the MB/MF preference indexes, as outlined in
equations 4 and 5, which we employ.

Fi A ~ B
4. IMF =(1-w Fit)XB 1 '
Fi o~ -
5. IMB =W FitXB 1 '

In these equations, W and ", are the w and inverse tem-
perature of the first stage, respectively, and are derived
by fitting the model using ML or MAP. In addition, we
include some RL model parameters, such as the w it-
self, which is estimated by fitting the model using ML or
MAP (Supplementary 3).
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Daw two-stage task
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Figure 1. The flow of information in Ml, MAP, and the proposed method (k-NN), illustrated in the training and test phases

Generated dataset for k-NN

As a supervised learning technique, k-NN requires a
training dataset with the appropriate labels to perform
properly. Therefore, we simulate 80000 independent RL
agents with random parameters and the DS-AE-DS ver-
sion (Table 1), and then record their behavioral observa-
tions. In this study, we selected all random parameters and
MAP prior knowledge as listed in Table 3. Each simula-
tion includes a series of trials and associated observations,
all of which are tagged with the w . In addition, 10-fold
cross-validation is utilized to tune the hyper-parameter k.
To eliminate estimator bias at extremes, we augment the
training dataset with 10000 MB and 10000 MF agents.

Model the lapse in decision-making

It has been demonstrated that incorporating the lapse
rate into models for human subjects can increase the
quality of fit for numerous psychophysical paradigms
(Wichmann & Hill, 2001). This lapse rate is a result of
the participant's participation in random and unattended
trials. We add this noise source capability for agents in
simulations. Each agent's choice is reversed based on a
probability known as the lapse rate or noise level. We
simulate the noisy model with varying lapse rates in the
interval [0, 0.5].

Yazdani., et al. (2025). Parameter Estimation Is Better Than Maximum Likelihood. BCN, 16(5), 891-912.
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Table 1. Comparison of model versions

Stickiness  Stickiness

1 | Num-
Learning Learning nverse nverse Eligi- to Repeat- to Repeat- um
w of N . Tempera- Tempera- -~ q - ber of
Parameter Name Rate 1° Rate 2 X 4 bility ing the ing the
MB/MF ture1*  ture2" 5 v Param-
Stage Stage Stage Stage Trace Same 1% Same 2 eters
g g Action Action
Parameter
mbol w a, a, B, B, A P, P,
Version®
ISIENS w o o B B 1 0 0 3
ISOENS w a a B B 0 0 0 3
ISAENS w a a B B A 0 0 4
DS1ENS w a, a, B, B, 1 0 0 5
DSOENS w a, a, B, B, 0 0 0 5
DSAENS w a, a, B, B, A 0 0 6
DSAESS w a, a, B, B, A P P 7
DSAE1S w a, a, B, B, A P 0 7
DSAEDS w a, a, B, B, A P, P, 8

"Version Naming method: XS YE ZS: where X {I: Identical a and { for both stages, D: Different a and  for stages}, Y {0: No eligibility,
1: Full eligibility, A Grade of eligibility between 0 to 1}, Z {N: No stickiness to repeating, S: Same stickiness to repeating in two stages,
1: Stickiness to repeating just in the first stage, D: Different Stickiness to repeating in two stages, N: No stickiness to repeating, S: Same
stickiness to repeating in two stages, 1: Stickiness to repeating just in the first stage, D: Different Stickiness to repeating in two stages}.
Nine versions of the general model were introduced by setting some parameters to a fixed value or making them identical in two stages.

Results Feature selection can improve k-NN's performance. We
used both unsupervised (analyzing feature correlation)
In this section, we will begin by setting the k parameter and supervised (Backward elimination method) feature
of the k-NN algorithm. We will then apply the necessary selection on the dataset; however, the performance im-
statistics and visualizations to demonstrate the effective- provement was minor, so we ignored the feature selec-
ness of the suggested technique. According to the find- tion (Supplementary 3).
ings of the analyses, both the variance and the bias of the

estimation decreased. As mentioned previously, Table 2 contains two feature
groups. The first group of features is calculated based

k-NN parameter on the stay probability. The second group of features
requires the fitting procedure, which is complicated by

The value of k affects the effectiveness of k-NN. The  computational load, model selection, and optimization
value of k determines the localization and generalization algorithm. To adjust the proposed method for some prac-
of k-NN, and a trade-off between these two factors is  tical applications in which the mentioned factors restrict
required for optimal performance. the use of fitted parameters, we can disregard the second

) o group of features and, as a result, decrease the method's
To achieve the best k'NN performance., We. optimize performance (although in some cases, like having not a
the k value using exhaustive search to minimize MAE. good model or noisy observation, this neglecting can im-

Experimentally, the MAE is nearly constant when kis  ,.;ve the performance). We utilized k-NN in two distinct
greater than 40 and less than 100. The MAE varies mini-

mally within the range of 0.1857 to 0.1862 for these val-
ues of k; however, the optimal value of k is 69, which we $,: Just first group available (features from model fit-
use in all situations. ting are excluded)

circumstances based on the available data and analytics:

896 Yazdani., et al. (2025). Parameter Estimation Is Better Than Maximum Likelihood. BCN, 16(5), 891-912.
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Table 2. Features set

No. Group Symbol Description

1 P(S|Re) Stay probability over trials after the rewarded trial

2 P(S|Ur) Stay probability over trials after the un rewarded trial

3 - P(S|C) Stay probability over trials after the common trial
4 ﬁ P(S|R) Stay probability over trials after the rare trial

o
a
5 > P(S|Re,C)
o
(%)
Q
6 P(S|Re,R . . . I
§ (SIRe,R) Stay probability over trials after different situations across Rewarded, Unreward-

7 é P(S|UrC) ed, Common, and Rare of the previous trial.

wv
@

8 P(S|UrR)

9 IMFPStay IMFP5‘3V=P(S| Re,C)+P(S|Re,R)-P(S| Ur,C)-P(S| Ur,R)
10 1o I, ?'=P(S| Re,C)-P(S| Re,R)-P(S| Ur,C)}+P(S | UrR)
11 IMFMLE
P IMBMLE IMFFit=(1_W"Fit)xB"1
13 | AP IMBFit=W"Fit)<B"1

MF
léD MAP
14 = le
=
15 2 WM
()
=
16 5 o’ ME
©
Q
17 é’ B"lMLE
Parameters extracted by model fitting
18 W"MAP
19 a"lMAP
20 B"IMAP

Table 3. Parameters, range, and random values for independent agents

Parameter Symbol Description Min Max Probability Density
w MB/MF combination weight 0 1 Uniform (0, 1)
a,a,a 1%t and 2" stage learning rate 0 1 Beta (1.2, 1.2)
B,B,B 1% and 2" stage inverse temperature 1 10 1+9xBeta (1.2, 1.2)
A Eligibility trace 0 1 Beta (1.2, 1.2)
P,P.,P 1 and 2" stage stickiness to repeating the same action 0 0.2 Uniform (0, 0.2)

Note: For simulation and the prior in the MAP method, Beta (.) is the beta distribution.

Yazdani., et al. (2025). Parameter Estimation Is Better Than Maximum Likelihood. BCN, 16(5), 891-912. 897
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Table 4. MAE#STD, and R (Pearson r) of w estimation error by k-NN method and model fitting

Estimation Method

NN (2,)
k-NN (,,,)
ML

MAP

MAE+STD R
0.2257+0.1665 0.4284
0.1962+0.1592 0.5929
0.2699+0.2207 0.4509
0.2547+0.2116 0.4608

MAE: Mean absolute error; STD: Standard deviation.

#,.,- All features will be computed (needs model fit-
ting, i.e. ML and MAP estimation).

Performance

Figure 2 depicts the scattering of the extracted w by the
k-NN estimator and traditional model fitting relative to
the corresponding value of agents. To have a clear view,
we have divided it into 5 areas. We are aware that the
exact combination weight (wo) cannot be determined
due to limited data, so a small error is acceptable. We
assume an error of less than 0.1 is tolerable. Grouping
subjects by learning style is an application of extracting
the w. Therefore, if an error in w extraction results in
the incorrect subject label, the error is considerable. The
areas that were not altered by the dominant strategy are
considered slight errors. Those zones without a domi-
nant strategy (0.45<w _<0.55 or 0.45<w "<0.55) were
assumed to be transition areas. The fifth region is the
extreme value of W. According to Figure 2, the results of
k-NN w estimations using ¢, features have the high-
est proportion of the tolerable area. Moreover, the ML
and MAP are biased towards the MF style, but k-NN
methods resolve this issue. In addition, the scatter plot
demonstrates that k-NN addresses the most problematic
aspect of traditional fitting methods, which is the adher-
ence to extreme values.

Individual difference is an important issue, especially
in computational psychiatry. In many cases, the percent-
age of high error is more important than the exact esti-
mation; in other words, it is crucial to have an estimate
with low error variance. Figure 3 illustrates the distribu-
tion of error, which is the difference between the esti-
mated and true values.

Figure 3 demonstrates that the k-NN technique reduces
both bias and variance of error. For the k-NN approach,
the tail of the distribution consists of lower values. The
standard deviation of errors confirms that the k-NN error
variance is superior to that of traditional methods (Table

4). In contrast, the chance of tolerable error (errors be-
tween -0.1 and 0.1) is greater for k-NN approaches than
for fitting methods. In addition, Table 4's presentation of
the MAE and correlation coefficient demonstrates that
the k-NN estimation reduces bias and error variance.
Extreme errors are substantially more in ML and MAP
than in k-NN-based algorithms. Since extreme values
for the subject's preference for MB and MF styles are
possible under clinical situations, these regions are sig-
nificant. k-NN approaches correct these errors and make
the clinical trial model more robust. In accordance with
Toyama's work, the skewness of the error in Figure 3
indicates a bias toward MF (Toyama et al., 2019).

Lapse in decision-making

The potential of erroneously selecting the desired op-
tion due to attentional lapses or other issues is a real
concern in parameter estimation for human data. When
considering the effectiveness and applicability of an es-
timation technique, we should consider its resilience in
the face of lapse rates.

We simulate the model with different lapse rates to see
what happens when people make mistakes. Figure 4 il-
lustrates the differences between the k-NN estimation
method and traditional methods of fitting.

Based on Figure 4, it is clear that k-NN methods are
more resistant to lapse than traditional fitting methods,
especially when feature-based features are removed
from the feature space.

Experimental data analyses

This section validates the proposed method using ac-
tual experimental data. To validate the proposed method,
data from two independent studies were chosen. The
comparison of results based on "w from the proposed
approach" (W, ) to results based on "w from traditional
methods" (W, or W, ) demonstrates the superiority of
the proposed method.

Yazdani., et al. (2025). Parameter Estimation Is Better Than Maximum Likelihood. BCN, 16(5), 891-912.
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Figure 2. The difference in performance

Note: The horizontal axis represents the agent’s w , and the vertical axis represents the estimated weight (W). We simulate
10000 agents performing the Daw task using the DS-AE-DS model and random parameters. We fit all model versions to the ob-
servation by ML and MAP fitting methods, and then the best version was selected based on the AIC. The points with low inac-
curacy (below 0.1) are considered tolerable and are highlighted in green. The considerable error area (red points) corresponds
to instances where the dominant style changed between MB and MF approaches. Slight errors are indicated by the blue points,
which show that the dominating strategy has not changed. Those regions that lacked a dominant strategy (0.45<w _<0.55 or
0.45<w’<0.55) were presumed to be the transition area (magenta color). The top and bottom regions are those spots where the
extracted w adheres to the extreme and is dispersed in black. Distribution of the points, clarified by percentage, in any area.

k-nn (
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—_ )|

Probability of Error
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Error = — w,

Figure 3. The error distribution for various w extraction

Note: Ten thousand independent agents performed the Daw task using the DSA\EDS model version and random parameters to
conduct this analysis. After extracting w using each of the previously mentioned techniques, the estimation error (the extracted
value minus the true value) is computed. For the fitting method, w is extracted by comparing the AIC of the model version.
The output of k-NN was calculated in the distinct-1 and -1+2 feature spaces. The confidence interval is very close to the results.
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Figure 4. MAE of extracted w by k-NN and fitting in the presence of lapse

Note: Each point represents 10,000 independent agents that perform the task using the DS-EA\-DS and random parameters.
After making a decision, it was toggled by the probability of lapse ratio. The fitted model is chosen based on AIC. The k-NN
estimation is applied to all the different feature spaces mentioned before. The confidence interval is very close to the results.

Analysis of the relationship between learning
style and gaze direction

Using the Daw task, Konovalov and Krajbich (2016)
have already investigated the correlation between gaze
information and the w. They used the Daw task in two
ways, and we use the first one to make sure our models
are the same. ML has used the IS AE SS version of the
model to get the w value (Table 1). In this study, we used
the k-NN estimation with g, feature space to extract
the w from their data. The number of trials in the Kon-
ovalov study (2016) has been set to 150, so we make a
different database by setting the number of trials in simu-
lations to 150.

Konovalov and Krajbich divided subjects into two
groups based on the median of W, (0.3) to study the dif-
ferences between MB and MF behavior. When the W,
instead of the WML was utilized, several subjects' group-

Table 5. Correlation between age, gender, and IQ z-score and w

ings were altered. We first focus on the behavioral dif-
ferences in the sense of stay probability across different
groups, and we observe that subjects in the traditional
method and proposed method have conflicting group-
ings. The analysis indicates that the traditional method
divides the subject more effectively than the traditional
one in terms of stay probability (Supplementary 4).

We validate all of the studies presented in the first part
of the paper by Konovalov and Krajbich (2016) using
k-NN group labels. While the major analytical results
remained unchanged, a notable relationship was ob-
served. We examined the correlation between W, and
all behavioral data of subjects. There was no correlation
between W, and available significant behavioral indi-
ces not mentioned in the paper. But using the proposed
method, we observed that the mean dwell time in middle
gazes was strongly correlated with W, (correlation
coefficient=0.5, P=0.001). In contrast, the WML and the

Correlation Coefficient (P)

Parameter
k-NN (p,,,) k-NN (p,) ML MAP
Age -0.162 (9.7e-10)" -0.058 (0.029) -0.059 (0.028)" 0.010 (0.704)
Gender 0.115 (1.6e-05)* 0.084 (0.002)* 0.029 (0.282) 0.020 (0.446)
1Q 0.237 (2.0e-19)* 0.163 (7.1e-10)* 0.036 (0.178) -0.017 (0.529)

“Significant at the 0.05 level, *Significant at the 0.01 level.
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Figure 5. The correlation of the mean dwell time in middle gazes and traditionally fitted w (red) and estimated w by the pro-

posed method (green)

Note: The corresponding correlation coefficients and P are reported in the graph.

mean dwell time of middle gazes were not correlated
(correlation coefficient=0.08, P=0.603). Figure 5 depicts
this amazing association.

The proposed method reveals information from the
data that would have been overlooked if traditional fit-
ting methods were used. This information did not alter
the results of the Konovalov and Krajbich study.

Analysis of the relationship between learning
style and symptom dimension

Gillan et al. (2016) used the Daw task to examine the
relationship between learning style and compulsive be-
haviors. While they utilize the Daw task without modifi-
cation, their analytical model differs from the task itself.
Their computational model is a modified version of the
reparameterization model presented by Otto et al (2013).
They demonstrated strong correlations between certain
psychiatric diseases and the subject's preference for
MB style. However, these correlations for the w are ab-
sent due to imprecise estimation in conventional fitting
methods Table 6. We believe a more accurate estimation
strategy can revive these relationships in the Daw et. al.
(2011) model.

To ensure a fair comparison, we conduct the same
analysis as Gillan et al. (2016), but with the model ver-
sion assuming DS-AE-1S instead of a modified reparam-
eterization model. We use traditional fitting methods and
the proposed method to extract w. Table 6 reports the
correlation between subject aspects and reports. Table 6
reports the regression analysis between the total scores
of the self-report questionnaire and w.

As a control for regression analysis, Gillan et al. used
age, 1Q, and gender, which have been previously reported
to covary with goal-directed behavior (Eppinger et al.,
2013; Gillan et al., 2016; Schad et al., 2014). In line with
the Gillan et al. (2016) study, the extracted w by k-NN
methods shows significant relationships with age, 1Q, and
gender. Still, only a relationship exists between age and
WML (Table 6). The traditional fitting method extracts the
Ww that is inconsistent with other analyses, such as some
studies (Eppinger et al., 2013; Schad et al., 2014).

Based on one-trial-back regression analysis in the Gil-
lan et al (2016) study, there was a significant inverse as-
sociation between goal-directed behavior and scores on
the eating disorder, Impulsivity, OCD, and alcohol ad-
diction questionnaire (Table 6). The k-NN methods rep-
licated some of this association, but the traditional fitting
methods did not. The k-NN (g, ,,) replicates the asso-
ciation between goal-directed behavior and the score of
OCD and alcohol addiction. Also, the k-NN (g, ) method
replicates the association between goal-directed behav-
ior and the score of impulsivity and alcohol addiction
(Table 6). On the other hand, the MAP method replicates
an association between goal-directed parameters and
apathy score, which is not in line with other studies and
regression analyses.

Gillan et al. (2016) introduced three factors for fur-
ther analysis, and we also analyzed the correlation
between these factors and extracted W by different
methods. The regression analysis reveals a significant
association between factor 2, ‘compulsive behavior
and intrusive thought,” and goal-directed behavior (B=-
0.046, SE=0.01, P<0.001). The proposed method also
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Table 6. Regression analysis of the self-report questionnaire total z-score and combination weight

B (P) [Residual]

One-trial-back
Regression

Clinical Scores

(Replicated of Gillan et kNN (,.,) kNN () Mt MAP
al., 2016)
Eating disorders 10,041 (<0.001) [0.042] '0'0[%%(3563) '0‘0[%)90(2576) '0'0[%:()(85?44) o.o&gg;}w)
Impulsivity -0.039 (0.002) [0.028] '0'0[%50(3580) -o.o[go(gé(])m) '0'0[%)?0(8525) 0'0?&(58'21]39)
0D 003 (0.018) [0.050] -o.o[%%(géf])ss) _0'0[%)90(25}55) -o.o{g 0(85(1548) o.o?é (()8.22]13)
Alcohol Addiction -0.03 (0.029) [0.052] '0'0[%‘.50(&(]’26) '0'0[%)?0(24(]’49) '0'0[%30(8%?84) O'OFé é8i5]13)
Schizotypy -0.02 (0.101) [0.028] '0'0[%?0(&? 16) 'O'O[t?()(%ls) -0.0[%;0(8582) o.o?ol'ég.aolgo)
Depression -0.01 (0.351) [0.031] 'O'O[%"‘O(gi?%) '0'0[%?0(%24) '0'0[%;0(8583) O'O?Ol'ég'zllgn
Trait anxiety -0.01 (0.552) [0.038] -0'0[%{‘0(36?32) '0'0[%?0(_,?2?99) '0'0[30(8503) o.o?&ég.zzlsm
i T 'O'O[?f O(gﬁeO) -o.o[%? 0(52?45) 'O'O[%f 0(8#2) O'O?é égéo]on
Social anxiety 0.01 (0.503) [0.028] '0'0[%‘.‘0(&‘]566) '0'0[%?0(%?55) '0‘0[%50(85?31) o.o%égggz)
Anxious-depression’  -0.02 (0.967) [0.018] '0'0[%?0(&?28) '0'0[%?0(;’508) '0'0[%)?0‘8;]386) o.o?&égé(;&)
o Comaal;j:;\%? lzseiC:vior T O -0.0[36? o(gé(])os) -o.o[%f O(;)éc])zg) -o.o[%? 0(85?23) O'O?& (58'14]22)
ght
Social withdrawal 0.03 (0.282) [0.036] '0'0[%‘.‘0(36?60) '0'0[((3)?0(%?59) -o.o[go(gé?oza) O'O?éégﬁ“g)

Note: The first column is one-trial-back regression (symptom_score_z ~ reward * transition * stay + reward * transition * (IQ_z
+ age_z + gender) + (reward * transition + 1| subject)). Each row of the last 4 columns replicates the regression analysis of
symptom_score_z ~ 1+Age_z +IQ_z +gender+ Ww. The yellow box is significant at the 0.05 level, and the green box is significant
at the 0.01 level.

replicates this relationship, but the traditional fitting
methods missed it. Moreover, there were no significant
effects of factor 1 (§=-0.001, SE=0.01, P=0.92) or Factor
3 (B=0.013, SE=0.01, P=0.24) based on both regression
analyses and the proposed method; however, the tradi-
tional fitting method reported an association.

The proposed method could replicate some relation-
ships between goal-directed behavior and some psychi-
atric disorders, but traditional fitting methods missed
this relationship. This issue may be due to the noise re-
duction achieved by the proposed method compared to
traditional fitting methods. Note that Gillan et al. (2016)
show these relationships by regression and a different
model. Therefore, we can conclude that this estimation
method is more reliable than traditional methods in iden-
tifying clinically relevant relationships.

Discussion

The MB and MF learning balance extraction is nec-
essary for transitioning RL modeling to mathematical
psychology. The Daw two-step task was designed to dif-
ferentiate between MB and MF learning styles and was
widely used. We studied the precision of extracting the
subject’s preference towards MB style utilizing this task.
We used 9 nested versions of the model. To establish a
performance measure, we observed the simulated mod-
el's behavior while performing the Daw task, and then
extracted the w from the observed behavior.

Our analysis revealed that the complex model overfit-
ted the observations, and simple models with erroneous
assumptions resulted in higher errors (Supplementary 2).
Moreover, when prior knowledge was not assumed for
the fitted parameters, the fitted values sometimes stuck
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to the extremes of the parameter range. Our analysis
shows that the agent parameter also affects the error. MB
and MF styles have similar behavior when the learning
rate or inverse temperature is low. In these conditions,
the estimation error increases (Supplementary 2). Such
problems in model fitting make the fitted parameters un-
reliable (Eckstein et al., 2022).

In addition to the traditional model fitting, several sta-
tistical indices were extracted and utilized to analyze
cognitive studies using the behavioral data. We propose
to fuse these two types of information by using k-NN
as a simple learning method. Additionally, behavioral
information alone can be used to learn parameter es-
timation instead of model fitting. We use 20 features
(including fitting-based features) to generate the k-NN
dataset, and then we extract two different feature spaces
by eliminating the fitting-based features. Eliminating the
fitted-based features reduces both computational load
and noise effect. The best performance was reached by
k-NN. Both bias and variance of error were proven to
be decreased by k-NN learning compared to traditional
model fitting. The analysis also specifies that the k-NN
method is more stable in the presence of lapse, espe-
cially when excluding all fitting-based features. When
we use fitting-based features, we encounter model fitting
problems, such as low sample size, selecting a suitable
model, choosing an effective optimization method, and
determining the appropriate objective function. There-
fore, if we have no information about the model or fit-
ting, it is better to ignore the fitting-based features. The
proposed method is advantageous due to its lower error
for extreme cases. Such extreme cases may be prevalent
in clinical trials and psychiatric conditions, making the
proposed method superior to model-fitting approaches in
terms of performance. MAP estimation is better than ML
in extreme values because using a prior, k-NN method
works better than MAP. The mentioned improvements
will enhance the applicability of the Daw task for com-
putational psychiatry purposes.

It was indicated that using the proposed method can
help identify a significant correlation between w and
mean dwell time, which is not present in the traditional
method. It was proven that consideration of behavioral
parameters in the estimation of w (in addition to fit-
ting) improves the consistency of behavior and subjects
grouping, so other conclusions from this grouping can
be more precise. Using the proposed method on clinical
subjects has revealed some relationships between disor-
ders and the habitual vs goal-directed behavior axis that
were previously missed by traditional fitting methods.
These relationships were validated by a reparameterized

July& August 2025, Vol 16, No. 5

model and a generalized linear mixed model in Gillan et
al.'s (2016) study. Because adding noise to one variable
can destroy the correlation coefficient between that vari-
able and other measures, some correlation coefficients
have lost their significance due to the noisy estimation of
combination weights. The proposed method was more
successful due to the reduction of this noise. It is worth
noting that, although the proposed method successfully
extracted most relationships from the Gillan et al. (2016)
study, some relationships were missing, even with k-NN.
For example, there was an association between OCD
and goal-directed behavior based on regression analysis,
but none of the extraction methods reflect that.

Note that any model fitting minimizes an objective
function to extract the behavior under different as-
sumptions. The ML maximizes the likelihood func-
tion, whereas the extracted parameter by k-NN will not
maximize the likelihood, although the estimation error
in k-NN is lower. The flow of probabilities in reinforce-
ment agent decisions causes a specific parameter not to
guarantee ML, while another parameter exists that sat-
isfies the maximized likelihood criterion. Although ML
can theoretically achieve the Cramer-Rao lower bound,
the above statement is the reason that learning yields
better estimations than ML. The proposed method can
be considered a ML estimation using simulation-based
estimation. Such a method utilizes trial-by-trial observa-
tions of the behavior and global observations, such as
stay probabilities in random variable space. It attempts to
maximize the likelihood of observing all the mentioned
behaviors together. ML and k-NN methods may con-
verge to the same estimation error for large sample sizes.
However, for limited sample sizes, k-NN has shown
greater reliability and avoids overfitting, making it a bet-
ter option in typical experimental conditions.

Conclusion

In summary, our proposed method can enhance the es-
timation of combination weights for both MB and MF
approaches. This improvement is due to the use of be-
havioral indices from the data, which makes the analy-
sis more robust. This robust estimation can facilitate the
handling of similar paradigms in clinical applications
and aid in the diagnosis of psychiatric disorders.
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Supplementary 1 (the Daw task)

The task

Figure S1-1 illustrates the Markov decision process
(MDP) model for the Daw task. In all non-terminating
states, two different actions are available. Each action is
predominantly associated (with a 70% probability) with
one of the second-level states in the first state. The tran-
sitions with a 70% probability were named “Common,”
and those with a 30% probability were named “Rare.”
Any action in second-level states is associated with dif-
ferent reward probabilities that fluctuate independently
across the session via a random walk (with a standard
deviation of the step size of 0.1), limited between 0.25
and 0.75. In any trial, the subject has to decide between
two actions. The first action has no reward, and the sec-
ond one results in the rewarded or unrewarded trial.
Thus, subjects must make trial-by-trial adjustments in
their choices to maximize the probability of achieving
a reward.

Computational model

In computational models, subjects exhibit both MB
(MB) and MF learning styles, making choices based on
a linear weighted combination of action values from the
MB and MF systems. Figure S1-2 shows the flowchart
of this model, the parameters of the model, and available
observations from the human task for each section. In
this model, decisions are made probabilistically based on
the values assigned to available actions in a specific state
(Qg_,)- These values are updated at each trial.

In any trial (t), the value of each action (a) of the first
state is calculated by the weighted sum of MB (Q/,,)

and MF (Q,.) system value (weight: w) according to
the Equation S1-1.

Start State

ag:r=0;P =0.7

Figure S1-1. Daw task Markov decision process model
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(S1-1)
Q" (La) =w X Quz(L,a) + (1 —w) x Qir (1, @)
the behavior for each part of the model.

The stickiness increases the value of the previous ac-
tion for the current trial by adding P to its value (Equa-
tion S1-2).

S1-2.

Q'(L,a)+P
Q*(L,a)

if ais the previous action
otherwise

' a)={

The softmax or Boltzmann machine is a stochastic,
biologically plausible approximation of the maximum
operation, which is widely used to extract the probability
of choosing each action based on its value (Equations
S1-3).

S1-3.

~ BxQt(La)
.ot = _¢&
P(a;Q") = Sz ePXELLA)

B is the inverse temperature that controls the trade-off
between exploitation and exploration. Due to the non-
deterministic environment and its probabilistic nature
regarding rewards, it is typically assumed to be a fixed
parameter across trials but varies across subjects.

In the second stage of the task, the corresponding Q
values in each state determine the probability of the cho-
sen action using the same stickiness and softmax equa-
tion.

In the beginning, the Q values of all state-actions are
initialized to zero, and the update rules (Equation S1-
4) change the value of state-actions at the end of each

a:r=R;P=1

Terminate State

Note: In all non-terminal states, two different actions (labeled as a, and a,) are available. Each action is predominantly associ-
ated with one of the second-level states in the first state. Any action in second-level states is associated with different reward

probabilities.
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Figure S1-2. The hybrid model for RL
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Note: The flowchart presents the model for the RL process by combining MB and MF styles. The parameter box specifies the
parameters used in each part of the model. Also, the observation box specifies the available observations from the behavior for

each part of the model.

trial. In the second stage of the task, the update rule is
the same for both the MB and MF approaches. In the
first stage, however, action values are updated using the
state-action-reward-state-action (SARSA)-A method for
the MF method. In contrast, the environment model is
used to update the Q,,, based on Bellman’s equation.
Note that update rules for Q,,. are applied only to the
performed action, while Q, , updates all action-values of
the first stage.

S1-4.

Qi (1,@) = Qlr(1,@) + @y (Qhr (1, @) — Q'(S, @) + Aay (vt — Q'(S, @))
Q™ (S,a) = Q'(S,a) + a,(r* — Q'(S,@))
Qus(1,a) = ¥2*Pr(1,a,5) x max Q* (S, a)

, where P_(1,a,S) is the probability of transition from
state one towards the second stage state S, acting a and
may be assumed as the real value (i.e. 0.3 and 0.7) or

calculated by the Beta-Binomial Bayesian updating rule
according to Equation S1-5.

S1-5.

1+N(1,a,5)
2+4¥3N(1a,5)

Pr(1,a,5) =

, where N(1, a, S) is the number of transitions from
start-state to state S by acting on a. In this study, we cal-
culate the transition probability according to Equation
S1-5.

The stop criterion is the fixed number of trials, T, set to
201 for all analyses.
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Figure S2-3. Mean absolute error and standard deviation of a different model version of fitting by A) Machine learning (ML)

and B) MAP versus agent model version

Note: Each row represents 5000 agents who performed the task independently, and the column represents the result of fitting

the model versions to the observed behavior.

Supplementary 2 (Analyzing the Model Fitting
More Precisely)

Effect of agent parameter set in model fitting

Variation of models in model fitting can lead to dif-
ferent error levels, but what about the agent model ver-
sion? To investigate this effect, we ran 5000 independent
agents with different versions listed in the manuscript.
For each data set, all model versions, including ML and
MAP model fittings, are applied to the observations.

These fittings, as specified by ML and MAP, are sum-
marized in Figure S2-3, parts A and B, respectively.
Based on this Figure, when the agent has zero eligibil-
ity trace (ISOENS or DSOENS), and the fitting meth-
od assumes a significant eligibility trace (ISIENS or
DSI1ENS), the estimation error is extensive. Also, the
error is substantial in reverse situations. The eligibility
trace (A) controls the effect of the second-stage state-ac-
tion reward on the first-stage action value in SARSA-A
machinery. The A value strongly affects the behavior of
pure SARSA-A. Therefore, by making a wrong assump-
tion about the A value, the information about MB-MF
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Figure S2-4. Effect of agent learning rate (A) and inverse temperature (B) on the fitting performance

Note: Each point represents 5000 agents that perform the task independently. Agents use the 3ParamV1 model, and other pa-
rameters are random. Then, both maximum likelihood estimation (MLE) and MAP estimation model fitting are used to extract
the w from observed behavior, and the best model version is selected based on the AIC.

in behavior will be confusing and result in a significant
error in the w estimation.

In addition to this remarkable point, knowing the mod-
el that the RL agent has used does not always result in
a lower error, especially when the model is more com-
plicated. It seems that the randomness of behavior, es-
pecially overfitting in the more complex model, causes
this point.

Effect of agent learning rate and temperature on
model fitting

Assume that an agent uses the ISIENS model while
performing the Daw task, and w is extracted by the best
model based on the Akaike information criterion (AIC).
The question here is whether the parameter’s value in
the model affects fitting error. To this end, we run 5000
agents with fixed number sets of learning rate (o) and
inverse temperature (B) individually, while all other pa-
rameters are sampled randomly.

Figure S2-4 demonstrates the result of this simulation.
Figure S2-4, part A, shows that the estimation error is
significantly higher at the low learning rate. A low learn-
ing rate means that the agent cannot follow the changes
in the environment, i.e. the changes in the environment
are faster than the low learning rate can track. This agent
has difficulty in choice evaluation by both MF and MB
styles. This difficulty leads to incorrect decisions that
appear random, and model fitting faces additional chal-
lenges, resulting in higher error rates.

Figure S2-4, part B, shows that agents with low inverse
temperature (<3) have a high MAE, which decreases

for larger B values. A low value of B means more explo-
ration, and similarly, a low value of o results in more
behavior that seems random.

The o controls the effectiveness of the new trial in com-
parison with the previous estimation. Low o values in-
dicate that the previous estimation is precise enough for
decision-making from the agent’s point of view. Hence,
the new observation for rewarded or unrewarded action
changes the evaluation slightly. This small change re-
sults in the same behavior on MB and MF systems.

Inverse temperature, on the other hand, controls the
exploration-exploitation trade-off. The low 3 values re-
sult in a similar choice probability for actions, regard-
less of their values, which leads to more exploration. In
this case, the effect of the action’s values, calculated by
either the MB or MF systems, decreases and is margin-
ally ignored (B becomes zero). So, it is expected that the
explorative subject has slight information about the MB
or MF system preference, and extracting the subject’s
preference towards MB style will be more difficult by
any estimation. High B values indicate that even slightly
higher values of action make them more preferred choic-
es, suggesting exploitative behavior. For high B values,
either little or huge differences in action-values have the
same effects on the behavior.
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Figure S3-5. Backward elimination in different conditions: A) All features included (,,,); B) Fitting features excluded (,)

Note: The red steps feature, whose elimination from the feature space increases the MAE. A 10-fold cross-validation is per-

formed on the k-NN dataset.
Supplementary 3 (k-NN Estimation)

k Nearest neighbor estimation

For numerous observations, assume that we have an
exact value of the combination weight of MB/MF learn-
ing styles (w°). The feature vector is extracted from each
observation, and these feature vectors, along with their
related well-known value (also known as the label), are
stored in a database. By having this database, we want
to estimate the combination-weight for newly observed
behavior data (W, ). Based on this data, the feature vec-
tor was calculated, and then we linearly normalized this
vector in the feature space (Equation S3-1).

S3-1.

Where w"m., w, mino and w, " are the value, minimum,
and maximum of the observed feature vector in the j*
dimension of the i" agent, respectively. Then, we cal-
culate the Euclidean distance (d) of this feature vector
from other vectors in the feature space and find the k
nearest features based on d. Now the estimated value of
the combination weight for this observation is given by
Equation (S3-2):

S3-2.

/\k — sy
W = Yieny Vi X WP / Yien, Vi

, where w°e[0,1] is the label of the i sample in the
dataset, and N, is the index set of k nearest neighbor, and
Equation S3-2 calculates the weighted factor v,

(S3-3).

Amax—di
v = {dmax’dmin
1

if dmax * dmin
Otherwise

, where in Equation (S3-3), d and d , are the maxi-
mum and minimum distance values of the neighbor, re-
spectively.

The feature space and hyperparameter k have the most
impact on the results. The k parameter controls the local-
ization and generalization of the k-NN learning method
and has an optimal value. To achieve the best k-nearest
neighbor performance, we adapt the k value by exhaus-
tive search to minimize MAE. Based on the analysis,
when k is greater than 30 and up to 100, the MAE is
nearly constant. For these values of k, the MAE varies
minimally, ranging from 0.1943 to 0.1948. However, the
optimal value of k is 69, which we use in all different
situations.

In addition to the k parameter, the feature selection
can improve k-NN performance. To optimize the fea-
ture space, we used the backward elimination algorithm.
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Figure 54.6. Estimated w by k nearest neighbor estimation (k-NN) vs estimated w by ML

Note: The green points represent subjects in the same group using k-NN and ML. The red spots are subjects labeled as MF by
ML and MB by k-NN. The blue points express subjects tagged as MB by ML and MF by k-NN. The median, and Mean+SD, of
the estimated values are 0.34 and 0.379+0.238 by the k-NN estimation and 0.274, 0.376, and 0.357 by the ML method.
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Figure S4.7. Stay probability for MF and MB groups

Note: The probability is calculated for each subject, and the mean of the calculated values for each group, along with the stan-
dard deviation, is plotted.
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Backward elimination begins with all features, and in
each step, the best performance is achieved by eliminat-
ing one feature. These steps continue until all features
have been eliminated or any other features make no im-
provement. We use backward elimination in two condi-
tions based on available features (g,,, and ). Based
on Figure S3-5, the improvement in MAE is very low
(<0.001), indicating that all introduced features are likely
beneficial. We also check the linear correlation between
all pairs of features, and all relations are below 0.95, so
we cannot eliminate any feature using unsupervised fea-
ture selection. Due to low improvement, we ignore the
feature selection in the paper.

Supplementary 4 (Behavioral Analysis of Gaze
Data)

We investigate grouping by using the mean value of
P-Stay in groups as a behavioral indicator. When the
W, instead of the W, = was utilized, several subjects’
groupings altered, as shown in Figure S4.6. The first
question concerns which groupings are more consistent
with behavioral observations. To answer this question,
we extract the stay probability from distinct groupings
and subjects with different labels (Figure S4.7).

According to Figure S4.7, ML and k-NN are both con-
sistent with previous findings. For subjects categorized
as MB by ML and MF by k-NN (the blue subjects in
Figure S4.6), the stay probability in trials after rewarded
trials is higher than the stay probability in trials after un-
rewarded trials in different transition conditions (com-
mon or rare transitions in previous trials). This behavior
is caused by ignoring the transition, which is the primary
specification of MF subjects. As a result, these subjects
are better candidates for the MF label than the MB label,
and consequently, the k-NN outperforms the ML. The
stay probability demonstrates attention to the transition
for subjects designated as MB based on W, but MF on
the basis of W, (red subjects in Figure S4.6). As a result,
these individuals are stronger candidates for the MB la-
bel than the MF label, and hence the k-NN outperforms
the ML.
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