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Abstract

Background: Recent advances in cognitive digital assessment methodology, including high-frequency, ambulatory assessments,
promise to improve the detection of subtle cognitive changes. Computational modeling approaches may further improve the
sensitivity of digital cognitive assessments to detect subtle cognitive changes by capturing features that map onto core cognitive
processes.

Objective: We explored the validity of a brief smartphone-based adaptation of a visual working memory task that has shown
sensitivity for detecting preclinical Alzheimer disease risk. We aimed to optimize properties of the task for computational cognitive
feature extraction with drift diffusion modeling.

Methods: We analyzed data from 68 participants (n=47, 69% women; n=55, 81% White; mean age 49, SD 14; range 24-80
years) who completed 60 trials for each of 16 variations of a visual working memory binding task (the Color Shapes task) on
smartphones, over an 8-day period. A drift diffusion model was fit to the response time and accuracy data from the task. We
experimentally manipulated 3 properties of the Color Shapes task (study time, probability of change, and choice urgency) to test
how they yielded differences in key drift diffusion model parameters (drift rate, initial bias toward a response option, and caution
in decision-making). We also evaluated how an additional task property, the test array size, impacted responses across all conditions.
For array size, we tested a whole display of 3 shapes against a single probe of 1 shape only.

Results: The 3 task property manipulations yielded the following results: (1) increasing the ratio of different responses was
credibly associated with higher initial bias toward the different response (mean 0.06, SD 0.02 for the whole display; mean 0.15,
SD 0.02, for the single probe condition); (2) increasing the choice urgency during the test phase was credibly associated with
decreased caution in decision-making in the single probe condition (mean −0.04, SD 0.02) but not in the whole display (mean
−0.01, SD 0.02); and (3) contrary to expectation, longer study times did not yield a credibly faster drift rate but produced credibly
slower ones for the whole display condition (mean −0.28, SD 0.05) and a null effect for the single probe condition (mean 0.01,
SD 0.05). In addition, as expected, we found that individual differences in drift rate were associated with age in both array sizes
(r=−0.45 with Bayes factor=191), with older participants having a slower drift rate. Older participants also showed higher caution
(r=0.42 with Bayes factor=80.76) in the single probe condition.
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Conclusions: We identified a version of the Color Shapes task optimized for smartphone-based cognitive assessments in
real-world settings, with data designed for analysis through computational cognitive modeling. Our proposed approach can
advance the development of tools for efficient and effective early detection and monitoring of risk for Alzheimer disease.

(JMIR Form Res 2025;9:e66300) doi: 10.2196/66300
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Introduction

Background
Conventional cognitive testing is widely used to diagnose
neurocognitive impairments from various clinical conditions.
However, many of these conditions have a long preclinical
phase, characterized by cognitive changes that are more subtle
than what most conventional cognitive tests are designed to
detect [1,2]. In other words, while cognitive performance
summary scores (typically obtained from 1-time assessment)
may be sufficient for detecting overt impairments in
neurodegenerative diseases, they often lack the sensitivity to
capture the early-stage changes in subtle cognitive subprocesses.
Ratcliff and McKoon [3] have suggested that cognitive and
neuropsychological testing could capitalize on advances in
cognitive modeling to move beyond static performance summary
scores and better assess the latent cognitive dynamics. With
advances in digital health tools, smartphone-based cognitive
assessments have shown promise for capturing subtle processes
in cognitive performance daily contexts (ie, ambulatory
assessment), facilitating more representative and richer
measurements [4,5]. Here, we introduce a smartphone-based
implementation of a working memory task that evaluates a
cognitive function that has been linked with early-stage
Alzheimer disease (AD) risk [6,7].

Recent evidence suggests that sensitive measures of subtle
cognitive processes may be captured through repeated
ambulatory cognitive assessments with smartphones [8],
particularly when combined with computational cognitive
modeling [9]. High-frequency ecological momentary
assessments [10] of cognitive functioning across days produces
a rich data stream across time and daily life contexts [11],
providing a representative sample of daily cognition. These
repeated assessments in natural contexts also mitigate reliability
concerns [8], while preserving ecological validity [12], and
permit the implementation of computational methods to
effectively explore subtle within-person cognitive processes
[13]. However, many cognitive tasks are designed for laboratory
administration, and the resulting performance scores are often
summarized via simple summary statistics. Here, we show how
subtle cognitive processes underlying ambulatory reaction time
and accuracy data can be captured with cognitive modeling.
Our approach emphasizes the advantages of identifying
individual differences in cognitive features via state-of-the-art
computational cognitive psychometric modeling from repeated
ambulatory assessments of cognitive performance.

A consistent theme in the cognitive modeling literature
highlights the benefits associated with cognitive model–based

approaches, which support the widely used scaling
transformations [14,15], assist in identifying potential confounds
[6,16], and improve parameter estimation stability [17]. When
it comes to evaluating processing speed for example, cognitive
modeling can jointly consider both response time (RT) and
choice behavior and contribute to greater analytical sensitivity
than mean-level insights alone [3]. Cognitive psychometric
models [18] provide mathematically disciplined approaches for
simulating data-generating mechanisms, distilling observed
behavioral scores, and extracting individual differences in their
latent cognitive features. In summary, this approach can identify
subtle latent processes underlying manifest cognitive
performance data and explore individual differences therein to
capture latent mechanisms and dynamic processes [19].

There has been a growing shift toward adopting cognitive
models to diagnostic challenges posed by early AD, such as a
need to distinguish AD-specific markers from other
neuropsychological conditions, normative age-related declines,
and practice effects [3,7,16]. Cognitive modeling approaches
have shown promise in identifying early cognitive markers of
dementia risk, such as reduced episodic memory [20], higher
task-switching costs [21], declines in attentional control [22],
and higher performance inconsistency [23]. Moreover, cognitive
modeling can parse out individual differences in these cognitive
features linked to clinically relevant person-level characteristics,
such as age [24], genetic and familial risks [6,20], and cognitive
impairment status [3,9]. The drift diffusion model (DDM)
framework has also been increasingly applied to characterize
latent cognitive processes underlying neurological conditions
[25-28] and age-related cognitive changes [29,30].

Parra et al [6] identified visual working memory binding as one
of the earliest underlying functions impacted in preclinical AD,
particularly deficits in “binding” visual features. This
feature-binding deficit has demonstrated sensitivity and
specificity across a range of at-risk populations, validated as a
reliable early cognitive marker in symptomatic and
asymptomatic mutation carriers [6,25], individuals with mild
cognitive impairment and AD [26,30], and individuals across
the clinical continuum with elevated AD-related biomarkers
[27,31]. The original task was designed to isolate visual feature
binding by using novel, abstract shapes and randomized
color-shape pairings [6]. The abstract shapes were selected to
make it difficult to attach a label to them (eg, triangle and
square), thus preventing undesirable verbal encoding instead of
relying on visual working memory. Building on this paradigm,
we tested a mobile adaptation of this task, which we will refer
to as the “Color Shapes” task [5]. Previous implementations of
the Color Shapes task for mobile administration have been
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largely web based [28,29] and focused on analyzing aggregated
mean performance data across all administrations and did not
explore the cognitive processes through computational modeling.

To address this gap, we propose that cognitive modeling of
repeated administrations of Color Shapes task can further
enhance our ability to capture subtle cognitive change processes.
This approach can formally assess the validity of the model by
evaluating fit with observed data [19]. One such model, the
DDM [32], characterizes decision-making as a noisy process
of evidence accumulation toward response options and can
disentangle into hypothesized generative cognitive processes.
The DDM captures the latent processes underlying observed
performance of RT and accuracy [3,14,33]. By fitting the DDM
to RT and accuracy data, we can disentangle subtle underlying
cognitive processes, such as rate of evidence accumulation,
caution in decision-making, and response biases [32,34]. For
instance, individual differences in the speed of evidence
accumulation and caution can elucidate important idiosyncrasies
in decision-making so that we can better identify those at risk
for AD [20,35].

Objectives
The aim of this study was twofold: (1) to conduct an
experimental validation of the DDM analytic approach in the
context of RT and accuracy data from the Color Shapes task
and (2) to identify an ambulatory Color Shapes task version
that is most optimal for DDM-based data analysis. We propose
that the DDM-based computational modeling approach can
extract useful signals that can serve as novel digital cognitive
markers of risk for subtle cognitive decline. Consistent with the
literature on cognitive testing and aging, we hypothesized the
following effects on cognitive features in response to our
experimental manipulations: (1) allowing for longer study time
would increase the evidence accumulation rate, (2) showing
trials with a higher number of different trials (48/60, 80%

different trials) would bias the starting point of the decision
process toward different, and (3) imposing higher decision
urgency (3000 ms limit) would lower the decision boundary,
corresponding to lower response cautiousness. Overall, our
study aimed to lay the groundwork for this approach and
illustrate the corresponding statistical tools for data analysis.
As a corollary to our optimization effort, we also considered
which test array size produces data in ambulatory setting that
are in line with the assumptions of the DDM (ie, single shot
decision-making) and measuring visual working memory (as
opposed to memory relying on verbal encoding). For this, we
varied 2 test phase formats: simultaneous presentation of 3
visual elements phase (labeled as whole display) versus simply
showing a single item in the test phase (single probe).

Methods

Ethical Considerations
This study was approved by the Pennsylvania State University
Institutional Review Board (STUDY00018787). All procedures
were conducted in accordance with the ethical principles
outlined in the Declaration of Helsinki and all applicable
guidelines and regulatory standards. All participants provided
written informed consent before participation in the study. All
data were fully deidentified before analysis and handled in
anonymized form. Participants received compensation of up to
US $100 for completing the study.

Participant Recruitment
We recruited 69 adults from Pennsylvania (n=47, 69% women;
n=21, 31% men) on the web via ResearchMatch, a nonprofit,
National Institutes of Health–funded national registry established
through the Clinical Translational Science Award program to
support medical study participation [36,37]. Participants were
screened via telephone to assess eligibility. Participant inclusion
criteria are presented in Textbox 1.

Textbox 1. Participant inclusion criteria.

• Aged >18 years

• Fluent in English

• Has access to a reliable internet connection

• Does not have a motor or visual impairment that would interfere with operating a smartphone

• Does not have a history of neurological injury or disease (eg, stroke and seizures)

After an initial remote onboarding session (conducted via
videoconference), participants were asked to complete cognitive
tasks (Color Shapes trials; details in the measures section) for
8 days for approximately 20 minutes each day. More information
is provided in the design and procedure section, which follows
the brief description of the task and the computational modeling
framework chosen to analyze the data.

Measures

Demographics
Participants responded to gender, age, race and ethnicity, ethnic
status, and level of education. Participants were asked whether

they had ever tested positive for COVID-19 (data were not
analyzed). Basic health information was provided on
ResearchMatch upon sign-up (eg, BMI, medical conditions,
and medication).

The Color Shapes Task
The Color Shapes task is a visual array change detection task
where participants were asked to determine whether the
combination of features (color and shape) among visual objects
distributed throughout the array change between study and test
arrays. In our study, participants were asked to study a set of 3
abstract shapes, each with a unique color. After a brief 900-ms
delay, they were presented with a test array and asked to
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determine if the stimuli contained in the test array contained
the same combination of shape and color as the study array. To
identify an optimal combination of task parameters for mobile
administration and drift diffusion modeling, we experimentally
manipulated 4 features of the task in a within-persons 2 (study
duration)×2 (probability of change)×2 (response duration)×2
(probe type) full factorial experimental design. Specifically,
each trial of the Color Shapes task began with a fixation cross
displayed for 500 ms after which 3 colored abstract shapes
appeared for either a short (500 ms) or longer (2000 ms) period
(study duration). Participants were asked to study the specific
combinations of shape and color presented in the study array
objects.

The abstract shape set consisted of 8 distinct shapes and 6
distinct colors. All stimuli used in the experiment are presented
in Multimedia Appendix 1 [4]. For each trial, 3 shapes and 3
colors were randomly selected without replacement to form 3
unique shape-color pairings. In the study array, these 3-colored

shapes were presented within a 3×3 grid layout (9 possible
positions), and each shape was randomly assigned to one of the
selected locations. After a brief 900-ms delay period, either a
1-colored shape or 3-colored shapes reappeared (probe type) at
different locations throughout the test array, as illustrated in
Figure 1. The test arrays either maintained the same
combinations of color and shape (a same trial) or two of the
shapes swapped colors (a different trial). The 3 selected color
and shape elements remained constant within each trial, only
their pairings were changed. Participants indicated whether they
believed the combination of shapes and colors presented in the
test array match the combinations presented in the study array
by pressing the same or different buttons located at the bottom
of the screen. Test array stimuli remained on the screen for
either a short (3000 ms) or long (10,000 ms) period (response
duration). Each trial has either a 50% to 50% chance or 20% to
80% chance (probability of change) of being a same or different
trial.

Figure 1. Study and test arrays of the Color Shapes task. An illustration of the Color Shapes task showing the study array and test array with four
configurations from left to right: (1) different trial with whole display (3-colored shapes) shown in the test array, (2) same trial with whole display
(3-colored shapes) shown in the test array, (3) different trial with single probe (1-colored shape) shown in the test array, and (4) same trial with single
probe (1-colored shape) shown in the test array.
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All manipulations were implemented within-persons across 8
consecutive days of ambulatory testing. Each participant
completed 2 versions of the task per day, with 60 trials per
version, culminating in up to 960 total trials across the 8 days.
The 2 task versions were administered according to a
randomized schedule. To evaluate testing experience and assess
potential strategy use, participants completed a free response
debrief item at the end of the study. The type of probes used at
testing (all 3 items presented simultaneously in the
whole-display format or a single item presented in the
single-probe format) may have enabled the use of cognitive
strategies such as focusing on a subset of items or using
self-generated mnemonic heuristics. Instructions did not
explicitly prohibit strategy use (eg, verbal encoding) to avoid
inadvertently increasing its salience, but we assessed for
potential strategy use during the poststudy debrief. Overall, our
goal was to translate the Color Shapes tasks for unsupervised,
ambulatory use while evaluating task designs suitable for
extracting latent cognitive parameters through drift diffusion
modeling, described in the next section.

Debrief Survey
Upon completing the final session, participants completed the
exit survey consisting of 3 items. First, participants were asked
how typical their routine, activities, and experiences were during
the 8 study days on a 5-point scale, where 1=very unusual,
2=unusual, 3=neutral, 4=typical and 5=very typical, with a
prefer not to respond option. Second, participants were asked
whether they were impacted by any unusual circumstances or
stressful events over the study duration. There were 13 response

options ranging from nothing unusual to various stressful events
(eg, negative social interaction, health issues, financial issues,
and world events). Finally, participants were asked, “Over time,
did you develop any strategies for better performance on the
brain games?” (yes or no). If they responded yes, they were
asked to provide more details about the strategies they used.
This was an unstructured free response question. We only
analyzed responses from the third item on cognitive strategy
use in this study.

Computational Modeling With the DDM
The DDM falls under the family of sequential sampling models
with continuous time and continuous evidence [32]. A graphical
illustration of the model is shown in Figure 2. This model
assumes that each decision-making task starts a stochastic
information accumulation process of incoming evidence toward
one of the two response options. The observed decision is
determined by the process terminating at one of the decision
boundaries, represented in Figure 2 as the upper (respond
Different) and lower (respond Same) bounds of the Color Shapes
task. The distance between these bounds (the boundary
separation) captures the threshold amount of evidence needed
for a response to be chosen. Mathematically, the information
accumulation process is modeled as a 1D or Wiener diffusion
process that terminates at the absorbing response boundary.
With evidence toward the upper boundary represented by
positive values and lower boundary represented by negative
values, decisions are based on this Wiener diffusion process in
continuous time as a single total that integrates both antagonistic
types of evidence.

Figure 2. An illustration of the drift diffusion model. In a decision-making process, evidence is accumulated over time at an average drift rate of δ.
The decision process terminates if the cumulative evidence value reaches 0 (lower boundary for "respond Same") or α (upper boundary for "respond
Different"). At the onset of a trial, the decision process can be biased due to the amount of preliminary evidence given by αβ. The nondecision time τ
reflects the duration of perceptual processes such as stimulus encoding and response execution, which occur outside the actual decision-making process.
Equation 1 in Multimedia Appendix 2 describes the response time (RT) distributions that follow from these model assumptions. Figure generated via
[39].
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The 4 core parameters of the DDM are presented in Table 1
(adapted from the studies by Ratcliff and Vandekerckhove
[32,38]). Formally, the drift rate (δ) describes the speed of
information accumulation by capturing the average amount of
evidence that is accumulated from the stimulus over a small
period, the boundary separation (α) describes the level of
evidence required to make a decision (capturing speed-accuracy
trade-off), the initial bias (β) describes the starting status toward
one or the other boundary before the evidence accumulation
process, and the nondecision time (τ) represents the component

of RT that is not related to the decision-making process. When
an individual is presented with 3 colored shapes in the study
array across repeated trials, the DDM models the evidence
accumulation process toward a different or same decision using
the individual’s initial bias, nondecision time, boundary
separation, and evidence accumulation rate. More details on the
mathematical formulation of the model are provided in
Multimedia Appendix 2 [17,39-46]. Given a participant’s choice
RT data, we can estimate these parameters and interpret them
in the context of the Color Shapes task [38].

Table 1. Summary of the parameters of the drift diffusion model.

InterpretationDefinitionParameterSymbol

Higher δ indicates faster accumulation of
evidence; lower δ indicates slower accumu-
lation

Average quality of the stimulus and infor-
mation accumulation process

Drift rateδ

β>.5 indicates bias toward different re-
sponse; β<.5 toward same

Starting point bias for either responseInitial biasβ

Higher α indicates more caution and higher
accuracy; lower α indicates reduced caution
and lower accuracy

Distance quantifying evidence required to
make a decision; speed-accuracy trade-off

Boundary separationα

High τ indicates slow encoding or motor
response; low τ toward faster encoding

Motor response time, encoding timeNondecision timeτ

In a decision-making process, evidence is accumulated over
time at an average drift rate of δ. The decision process terminates
if the cumulative evidence value reaches 0 (lower boundary for
respond Same) or α (upper boundary for respond Different). At
the onset of a trial, the decision process can be biased due to
the amount of preliminary evidence given by αβ. The
nondecision time τ reflects the duration of perceptual processes,
such as stimulus encoding and response execution, which occur
outside the actual decision-making process. Equation 1 in
Multimedia Appendix 2 describes the response-time
distributions that follow from these model assumptions. Figure
generated via the study by Chavez et al [47].

Design and Procedure
After providing informed consent and enrolling in the study,
participants were sent smartphones configured with the Color
Shapes cognitive assessments. Next, a remote meeting with a
study administrator was scheduled where they were onboarded
onto the study and trained on the study protocol (eg, smartphone
instructions). Over the next 8 consecutive days, participants
were instructed to complete a self-initiated daily session
consisting of overall 16 versions of the Color Shapes task (see
description below), with each daily session taking <20 minutes.
Two versions of the task were completed once per day over 8
days, and the order of the presented 16 versions were drawn
randomly from 3 different schedules. Each version consisted
of 60 ultrabrief trials per task, with a maximum of 960 total
possible trials. The participants could only complete the testing
once per day, the testing had to be completed in a single setting,
which timed out after 30 minutes. Make-up opportunities were
not provided for missed or incomplete sessions, and participants
were presented with the next scheduled versions. Reminder
alerts were provided every hour until 9 PM. Upon completing
the final session, participants completed a final exit survey on

the smartphone. Afterward they were debriefed by a study
coordinator via videoconference and were provided with
instructions to return the smartphone.

We experimentally manipulated features of the Color Shapes
task in line with prior parameter selection experiment in
cognitive modeling. These included four within-person variables
in the Color Shapes task: (1) study time, (2) probability of
change, (3) choice urgency, and (4) probe types.

We had 2 objectives in mind: to test the sensitivity for capturing
changes in terms of the latent parameters of the DDM and to
compare the 3-colored shapes test array and 1-colored shape
test array versions of the task shown in Figure 1. Specifically,
we manipulated across four task features, each with 2 levels:

1. Short (500 ms) versus long (2000 ms) study array time
2. Low (50% different trials and 50% same trials) versus high

(80% different trials and 20% same trials) proportion of
different trials, capturing different probabilities of change
in the properties of the shapes from the study array to the
test array

3. Minimal choice urgency (10,000 ms to respond) versus
high choice urgency (3000 ms to respond)

4. Whole display (3 colored shapes simultaneously presented
in the test array) versus single probe (1 colored shape
simultaneously presented in the test array)

Previous cognitive modeling research has demonstrated that
each of these manipulations map onto distinct parameters of
the DDM [48,49]. Drift rate, the speed of information
accumulation, is enhanced by longer study times as it enables
more effective encoding and speed [50,51]. Adjusting the
probability of change shapes the initial bias point of
decision-making, shifting it toward the more frequently
occurring response [34]. Manipulating response urgency
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influences boundary separation, mapping onto the speed
accuracy trade-off where increased urgency leads to more
impulsive responses and has been found to be more prevalence
with age [50]. Finally, single-probe designs have been shown
to effectively isolate feature-binding processes in visual working
memory targeted by the Color Shapes task that has been
identified as an early cognitive marker of preclinical AD [6],
alongside broader utility in assessing individuals with
diminished memory capacity [52]. Accordingly, we designed
each experimental manipulation to target a distinct DDM
parameter and evaluate its sensitivity in an ambulatory,
unsupervised testing context (Table 2).

Manipulations (1-3) aimed at influencing parameters of the
DDM: (1) drift rate (δ) with the study array, (2) initial bias (β)
with the different probabilities of change, and (3) boundary
separation (α) with the different time urgency to respond. The
nondecision time (τ) was estimated across participants and
conditions, but we did not make any predictions about possible
differences in it across conditions. Experimental manipulations
were not communicated to participants. An illustration of these

3 cognitive task manipulations is shown in Figure 3 for the
single probe trials.

We had the following hypotheses about the effects of the
manipulations on the parameters:

1. We expected faster drift rates with longer study times, that
is, more time for encoding leading to faster accumulation
of evidence

2. Initial bias toward different responses with higher
probability of different trials than the 50% to 50%
probability

3. Lower (closer) boundary separation, that is, less caution in
decision-making with increased urgency to choose a
response

4. We studied how the first 3 manipulations would work with
2 visually different versions of the task, where the test array
with single probe version has the additional advantage of
reducing unwanted strategy use.

The experimental manipulations are summarized in Table 2.

Table 2. Drift diffusion model experimental manipulations and hypothesized effects.

HypothesesCondition, parameter, and levels

Study time

Drift rate (δ)

Slower drift500 ms study time (short study time)

Faster drift2000 ms study time (long study time)

Probability of change

Initial bias (β)

No bias50% different or 50% same (low change)

Bias toward different80% different or 20% same (high change)

Choice urgency

Boundary separation (α)

Farther boundaries10,000 ms response-time window (minimal urgency)

Closer boundaries3000 ms response-time window (high urgency)

Probe type

No expected effectsTest array with 3 colored shapes (whole display)

No expected effectsTest array with 1 colored shape (single probe)
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Figure 3. An illustration of 8 out of 16 Color Shapes task versions (all with test arrays with 1 colored shapes) with examples of different trial types
shown here. Manipulations for task arrays are emphasized in green font and baseline conditions in black font. Versions have been ordered to flow from
least manipulated to most manipulated versions.

Data Processing
We set the RT-based outliers attending to the real-world
constraints of the Color Shapes task. The DDM was intended
to assess decision-making for fast 1-shot processes. Trials with
RTs faster than 200 ms and slower than 7000 ms were excluded.
Ultrafast RTs suggested technical errors, and long RTs were

assessed as not following speeded task instructions or not paying
attention to the task.

Data Analysis
We fit a tailored, multilevel DDM to RT and accuracy to derive
latent cognitive parameters of interest. The multilevel DDM
was cast in a Bayesian framework [41]. We estimated drift rates,
initial bias, boundary separation, and the non–decision time
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parameter for each condition and individual, allowing these
parameters to vary between all 16 conditions with no constraints.
Finally, the RT data were scaled from milliseconds to seconds
for the analysis. A detailed description of our multilevel DDM
is provided in Multimedia Appendix 2. All analysis scripts and
data are provided on the Open Science Framework [39].

Results

Participant Characteristics
We recruited 69 participants for the study but excluded 1
participant due to missing 99.1% of data (9/960 trials
completed). Therefore, our final sample size was 68, and
demographics for these participants are displayed in Table 3.

The average age of participants was 49 years; 69% (47/68) were
women, 31% (21/68) were men, and none identified differently.
Participants’ ages spanned across younger to older adulthood
(mean 49, SD 14; range 24-80 years), as visualized in
Multimedia Appendix 3. Regarding race, 81% (55/68) identified
as White, 4% (3/68) as Black or African American, 6% (4/68)
as Asian, 1.5% (1/68) as American Native or Alaska Native,
1.5% (1/68) as Native Hawaiian or Pacific Islander, 3% (2/68)
as multiethnic, and 3% (2/68) as other. As for ethnicity, 96%
(65/68) identified as non-Hispanic and 4% (3/68) identified as
Hispanic. In terms of highest education received, 5% (3/68)
reported high school, 14% (9/68) reported vocational or some
college, 12% (8/68) received an associate’s degree, and 68%
(46/68) reported at least a bachelor’s degree or higher.

Table 3. Demographic characteristics of the sample (N=68).

Values

Gender, n (%)

47 (69)Women

21 (31)Men

Race, n (%)

4 (6)Asian

1 (1)American Native or Alaska Native

3 (4)Black or African American

2 (3)Multiethnic

1 (1)Native Hawaiian or Pacific Islander

2 (3)Other

55 (81)White

Ethnicity, n (%)

65 (96)Non-Hispanic

3 (4)Hispanic

Education, n (%)

3 (5)High school

9 (14)Vocational or some college

8 (12)Associate’s degree

19 (29)Bachelor’s degree

2 (3)Post–bachelor’s degree

19 (29)Master’s degree

6 (9)Doctoral degree

2 (3)N/Aa

49 (14); 24-80Age (y), mean (SD); range

aN/A: not applicable.

Descriptive Statistics
In total, 41 participants completed all possible 960 trials (16
versions by 60 trials); 22 participants completed at least 75%
(720/960) of the trials, and 4 participants completed 62.5%
(600/960), and only 1 participant completed only 25% (240/960)
of the trials. A summary of participant-level trial engagement

is shown in Table 4. The overall rate of unrecorded or missing
trials was 8.45% (5,518/65,280). See Multimedia Appendix 4
for a detailed breakdown of trial exclusion percentages. In short,
from the 65,280 total possible trials, 59,762 (91.55%) trials
were recorded, and a total of 58,978 (90.35%) trials were
retained for analysis. In total, 784 trials (1.20%) were excluded
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based on predefined criteria. Among these, 720 (1.10%) were
removed because they exceeded the allowed response window
in the choice urgency condition, and 54 trials (0.09%) were
removed due to unrealistic values (eg, unrealistically fast RTs
<200 ms or slow RTs >7000 ms).

Table 5 shows that accuracy rates by test array condition (single
probe vs whole display). The mean overall accuracy rate of
correct trials among all trials was 85.83% (50,623/58,978).
Accuracy rate was higher in the whole display (26,945/29,427,
91.57%) than in the single probe (23,678/29,551, 80.13%)
condition.

Table 4. Summary on participant engagement during the study (N=68).

Participants, n (%)Versions completed, nTrials completed, nCompletion status, %

41 (60)16960100.0

2 (3)1590093.8

13 (19)1484087.5

7 (10)1272075.0

4 (6)1060062.5

1 (2)424025.0

Table 5. Accuracy rates and response times across all trials and between test array probe types.

Response time (ms)Accuracy, %Total trials, nCorrect trials, nProbe type

1290.9585.8358,97850,623Overall

1314.9791.5729,42726,945Whole display

1270.3580.1329,55123,678Single probe

Model Fit
To evaluate model fit, we simulated posterior predictive data
(n=6000) based on the DDM. In Figure 4, we plotted observed
(data-based) and model-predicted RT quantiles for all 16
conditions. Empty circles represent quantiles of incorrect
response RT distributions, and filled circles are correct
responses. We can see that the observed and model predicted
values line up well for RTs below 2 seconds, with more variance

occurring after 2 seconds. However, even for these larger RTs,
the fit is reasonable. In Figure 5 we only show these for a single
probe version, with 500-ms study time, no choice urgency, and
half different or half same probes (our recommended
constellation of features for future use in combination with drift
diffusion modeling, see the discussion section). This plot also
shows great fit with some flaring for slow RTs, which are more
variable, and some underestimation of error RTs, which are
only a small proportion of the data.

Figure 4. Posterior predictive check for all 16 conditions. RT: response time.
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Figure 5. Posterior predictive check for conditions (short study time, 50%-50% distribution of trials, high urgency, single probe). RT: response time.

Group-Level Summaries of DDM Parameters
Summaries of DDM parameter estimates are shown for the
condition that was aimed for their manipulations in Table 6.
Results are separated for the different probe type test array
conditions: whole display and single probe. Mean and 95%
credible interval estimates are based on the posterior distribution
of the corresponding parameters. The credible interval is a
Bayesian statistic that can quantify the uncertainty that the true
parameter value lies within the interval. A 95% credible interval
indicates that the interval has a 95% probability of containing
the true value. If 0 is included in the 95% credible interval, we
conclude that there is no credible evidence that the parameter
is different from 0.

For clarity, findings are presented similarly in structure across
the three DDM manipulations: (1) drift rate is displayed with
the 2 conditions related to study time, (2) initial bias is shown
with the probability of change conditions, and (3) boundary
separation is shown with choice urgency conditions.

For drift rate, higher absolute δ values represent faster
accumulation of evidence. By definition, the initial bias ranges
with β values between 0 and 1, with a β=.5 indicating no bias.
For the ease of regression model (initial bias estimates were
regressed on task conditions), we worked with logit transformed
initial bias estimates (see details in Multimedia Appendix 2),
which meant that positive estimated β values expressed bias
toward different response, while negative β values for same

response. When the corresponding 95% credible interval
contained 0, we concluded that there was no credible bias in
either way (which was expected for the condition with equal
proportion of same and different trials). Finally, as the boundary
separation parameter by definition could only take positive
values, we applied a log-transformation to this parameter to
ease regression modeling. Higher α values simply relate to
farther response boundaries in the log scale as well, just like in
the original scale.

While we can see clear differences in Table 6 between the
conditions in both probe types, we need to test whether these
differences are credible. Therefore, for the manipulated features
listed in (1-3), we estimated contrast parameters by taking the
difference between each condition (manipulation—baseline) to
examine differences on expected cognitive processes.
Specifically, we estimated 3 contrast parameters:
study-time-contrast (difference in long study time—short study
time), probability-of-change-contrast (high change—low
change), and choice-urgency-contrast (high urgency—minimal
urgency). The Bayesian framework allowed us to derive these
contrasts as regular model parameters with posterior
distributions, which allows for principled testing of our
hypothesis. Table 7 summarizes the estimates for these below.
All parameters were estimated simultaneously within a
single-step model estimation process. The strength of this
approach is the correct carryover of uncertainty and avoiding
bias in sequential estimations [53]. We discuss results for each
DDM parameter manipulation next.
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Table 6. Posterior summaries of the drift diffusion model parameters per conditionsa.

95% credible intervalPosterior mean (SD)Parameter, condition, and probe type

Drift rate (δ)

Long study timea

1.13 to 1.581.37 (0.12)Whole display

0.66 to 1.120.90 (0.13)Single probe

Short study time

1.37 to 2.001.65 (0.18)Whole display

0.70 to 1.060.88 (0.09)Single probe

Initial bias (β)

High changea

0.07 to 0.200.13 (0.03)Whole display

0.02 to 0.180.10 (0.04)Single probe

Low change

−0.02 to 0.140.07 (0.04)Whole display

−0.19 to 0.10−0.05 (0.09)Single probe

Boundary separation (α)

High urgencya

0.78 to 1.050.91 (0.09)Whole display

0.56 to 0.770.66 (0.07)Single probe

Minimal urgency

0.73 to 1.120.92 (0.13)Whole display

0.59 to 0.870.71 (0.08)Single probe

aManipulation condition.

Table 7. Posterior differences of manipulated condition on drift diffusion model parameters.

95% credible intervalPosterior mean (SD)Parameters, condition, and probe type

Drift rate (δ)

Long study–short study

−0.39 to −0.18−0.28 (0.05)Whole display

−0.09 to 0.110.01 (0.05)Single probe

Initial bias (β)

High change–low change

0.02 to 0.100.06 (0.02)Whole display

0.11 to 0.200.15 (0.02)Single probe

Boundary separation (α)

High urgency–minimal urgency

−0.04 to 0.03−0.01 (0.02)Whole display

−0.08 to −0.01−0.04 (0.02)Single probe

Study Time on Drift Rates
First, we examined the differences in drift rate estimates (δ)
between the study time conditions, broken down by probe type
conditions (upper part of Table 7). For the posterior means of

the study-time-contrast parameter (difference in long study
time–short study time), positive difference values indicate faster
drift rates in the manipulated long study time (2000 ms) than
in the control short study time (500 ms), while negative
difference values indicate slower drift rates in the manipulated
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condition compared with the baseline condition. As can be seen
from Table 7, the drift rate was credibly higher in the control
condition in the whole display probe version of the task. While
the manipulation had no credible effect in the single probe
version of the task.

Our drift rate manipulation did not show the hypothesized effect.
We expected faster drift rates when participants were allowed
more time to study the visual features; however, we observed
no credible change for single probe and slower draft rates as
well. Figure 6A illustrates the posterior mean summaries of the
estimated average drift rate between study time conditions for
the different probe types (see the values in Table 6). Drift rates
were credibly faster on whole display trials with shorter time
to inspect the study array (baseline condition: mean 1.65, SD
0.18; 95% credible interval 1.37-2.00) than when given more

time to study (manipulated condition: mean 1.37, SD 0.12; 95%
credible interval 1.13-1.58). This is also illustrated in Figure
6B, which shows that the light gray posterior distribution of the
drift rate differences (study-time-contrast parameter) between
study time and probe type conditions (mean –0.28, SD 0.05;
95% credible interval –0.39 to –0.18) does not overlap with 0.
This finding was unexpected, as we expected that longer time
to study the test array would result in faster drift rates. Drift
rates on single probe trials did not differ credibly between
shorter study times (mean 0.88, SD 0.09; 95% credible interval
0.70-1.06) and longer study times (mean 0.90, SD 0.13; 95%
credible interval 0.66-1.12). As shown in Figure 6B, the dark
gray posterior distribution of the study-time-contrast parameter
overlaps with 0 (mean 0.01, SD 0.05; 95% credible interval
–0.09 to 0.11); that is, our drift rate manipulation simply did
not influence single probe trials.

Figure 6. Posterior means and posterior differences of drift rate parameters for study time conditions. (A) Drift rate posterior group means; (B)
Distribution of drift rate posterior differences.

Probability of Change Manipulation on Initial Bias
S e c o n d ,  w e  ex a m i n e d  t h e  e s t i m a t e d
probability-of-change-contrast parameter between probe types.
This manipulation was intended to influence the initial bias
parameter (β) that captures the degree of a priori bias toward
different or same response options. As mentioned earlier, this
parameter was logit-scaled, with values at 0 representing no
systematic bias toward both binary responses, positive values
indicating greater bias toward the different response, and
negative values indicating bias toward the lower same response.
Therefore, in Table 7, for the calculated contrast parameter
taking the difference in initial bias estimates between the
probability of change conditions (high change—low change),
the positive values indicated greater a priori biases toward the
different response boundary in the manipulated high change
condition.

We observed positive changes in initial bias with higher
probability of change manipulation in both probe types—all
contrast values were credibly positive. Figure 7A shows the
posterior mean summaries of the initial bias parameter between
probability of change conditions and probe types. When tasks
were manipulated to have higher probabilities of different trials
(48/60, 80% of trials) than same trials (12/68, 20% of trials),
estimates of the initial bias were sensitive to the manipulation
and took positive values overall, reflecting a tendency toward
selecting the different boundary, both on whole display trials
(mean 0.13, SD 0.03; 95% credible interval 0.07-0.20), and in
single probe trials (mean 0.10, SD 0.04; 95% credible interval
0.02-0.18). As expected, trials with even presentation of different
and same stimuli indicated negligible response bias in both
whole display (mean 0.07, SD 0.04; 95% credible interval –0.02
to 0.14), and in single probe trials (mean –0.05, SD 0.09; 95%
credible interval –0.19 to 0.10), as shown in Table 5.
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Figure 7. Posterior means and posterior differences of initial bias parameter for probability of change conditions. (A) Initial bias posterior group means;
(B) Distribution of initial bias posterior differences.

The initial bias manipulation effect is further illustrated in Figure
7B, where the distribution of posterior differences in β per
probability of change conditions are shown. The range of the
contrast parameter’s distributions for both probe types do not
include 0, suggesting credible effects of this manipulation on
the initial bias parameter across probe types. This effect is more
pronounced in the single probe condition (dark gray distribution:
mean 0.15, SD 0.02; 95% credible interval 0.11-0.20) than the
whole display condition (light gray distribution: mean 0.06, SD
0.02; 95% credible interval 0.02-0.10).

Choice Urgency Manipulation on Boundary Separation
Third, we examined differences in the boundary separation
parameter by choice urgency and probe type conditions. This
manipulation was intended to influence the response boundary
separation: the amount of evidence required to make a decision.
Larger boundary separation corresponds to higher threshold
values (α). We expected the boundary separations to be lower
in the manipulated condition with higher choice urgency to
respond (3000 ms) than in the baseline condition with minimal
urgency and more time to respond (10,000 ms). The boundary
separation parameter was log-transformed to ease the regression
modeling, but this scale remained easy to interpret as higher
boundary separation values still indicated more information
needed before making a decision (with values closer to 0

indicating less information acquired before making a decision).
In Table 7, negative choice-urgency-contrast values (high
urgency-minimal urgency) indicated lower boundary separation
in the manipulated condition (high urgency). Positive differences
represented higher response boundary separation in the
manipulated high urgency condition than the control minimal
urgency condition.

Our boundary separation manipulation worked as expected for
the single probe version of the task. The posterior mean
summaries of the boundary separation parameter between choice
urgency conditions and probe types are shown in Figure 8A,
based on values from Table 6. In the single probe trials, this
manipulation was successful as boundary separation parameters
were sensitive to the different choice urgency conditions (mean
–0.04, SD 0.02; 95% credible interval –0.08 to –0.01), with
participants exhibiting lower boundary separation with
heightened urgency to respond to trials. This contrast parameter
for single probe trials is shown in Figure 8B, with almost all
the dark gray posterior distribution being <0. Comparatively,
looking at the light gray distribution corresponding to the whole
display trials, we saw that 0 is almost in the middle of that
distribution (mean –0.01, SD 0.02; 95% credible interval –0.04
to 0.03), signifying no credible effect for this manipulation in
the whole display condition.

Figure 8. Posterior means and posterior differences of the boundary separation parameter for choice urgency conditions. (A) Boundary separation
posterior group mean; (B) Distribution of boundary separation posterior differences.
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Bayesian Correlations
We explored associations between age and the 3 person-specific
parameters of the DDM (drift rate, boundary separation, and
initial bias) by running Bayesian correlation analysis in JASP
(version 0.17.3) [54]. This analysis yields a regular Pearson
correlation coefficient for each tested link and a corresponding
Bayes factor that in our case summarizes the amount of evidence
for the coefficient to be different from 0 [15]. For instance,

Bayes factors of (BF10) 3 to 10 indicate moderate evidence for
the correlation, 10 to 30 indicate strong evidence, 30 to 100
indicate very strong evidence and beyond. On the basis of a
previous study [24], we predicted that older participants would
have slower drift rates and higher boundary separation in
decision-making, while we did not expect age to be credibly
linked to initial bias. We tested associations across all trials then
stratified by probe types. Correlation coefficients and their
corresponding Bayes factors are shown in Table 8.

Table 8. Bayesian correlations of drift diffusion model parameters and age.

95% credible intervalBF 10
aPearson rParameters and probe type

Drift rate (δ)

−0.61 to −0.23191.11−0.45bOverall

−0.57 to −0.1732.33−0.39cWhole display

−0.59 to −0.2076.04−0.42Single probe

Initial bias (β)

−0.03 to 0.420.620.21Overall

0.08 to 0.514.260.31Whole display

−0.27 to 0.190.16−0.04Single probe

Boundary separation (α)

0.09 to 0.514.880.32Overall

−0.02 to 0.430.740.22Whole display

0.20 to 0.5980.760.42Single probe

aRepresents ratio of likelihood of evidence in favor of alternative model (1) than null model (0).
bBF10>30.
cBF10>10.

As expected, the Pearson r coefficients capturing association
between age and overall drift rate indicated a credibly negative
association with age (r=–0.45; 95% credible interval –0.61 to
–0.23; BF10=191.11), suggesting that older participants have
slower drift rates. Results indicated extreme evidence for this
association and that the data were at least 191 times more likely
under the alternative hypothesis of correlation than the null
hypothesis of no correlation. We found similar links when we
broke down this association by probe type. The results indicated
very strong evidence for moderate negative association between
drift rate and age in single probe trials (r=–0.42; 95% credible
interval –0.59 to –0.20; BF10=76.04) and whole display trials
(r=–0.39; 95% credible interval –0.57 to –0.17; BF1032.33). As
expected, we did not find evidence for association between
initial bias and age across both probe type trials (r=0.21; 95%
credible interval −0.03 to 0.42; BF100.62). People’s age was
not expected to be linked with whether they are more likely to
choose different or same on a trial. However, when we separated
the probe types, we found some weak evidence of association
in the whole display condition (r=0.31; 95% credible interval
0.08-0.51; BF10=4.26). Importantly, the single probe condition
showed evidence for the lack of correlation (r=−0.04; 95%
credible interval −0.27 to 0.19; BF10=0.16)—this can be seen
by taking the reciprocal of the corresponding Bayes factor

(BF10=1/0.16=6.25), which represented 6 times more evidence
for the lack of correlation.

The Pearson r coefficients showed a positive association
between age and boundary separation (r=0.32; 95% credible
interval 0.09-0.51; BF10=4.88). This suggested that older
participants had higher boundary separation. Across all probe
type trials, and the Bayes factor indicated moderate evidence
and that the data were at least 4 times more likely under the
alternative hypothesis of correlation than the null hypothesis of
no correlation. Importantly, this boundary separation association
was driven by the single probe trials. The correlation between
boundary separation and age in single probe trials was r=0.42
(95% credible interval 0.20-0.59; BF10=80.76), with very strong
evidence. For the link between age and boundary separation in
whole display, we did not find a credible association and the
Bayes factor provided no evidence (BF10≈1) for the alternative
hypothesis (r=0.22; 95% credible interval –0.02 to 0.43;
BF10=0.74).

Strategy Use
Subsequently, we conducted a post hoc qualitative analysis of
cognitive strategy use in light of the unexpected effect of study
time on drift rates. As part of the debrief and exit survey,
participants were presented with a brief series of unstructured
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questions. Summary of strategy use is presented in Table 9, and
all the raw responses are reported in Multimedia Appendix 5.
From the 68 participants, 81% (n=55) reported using some
strategy, whereas 13% (n=9) reported no strategy used.
Individuals who responded “Yes” were presented with an
open-ended response to elaborate on specific strategies. One
common theme emerged upon reviewing the responses. Many
strategies involved using some tactic involving ≥2 shapes.

Responses were categorized based on whether individuals
reported any mention of 2 shapes or not. Approximately 60%
(n=33) reported some strategy using 2 shapes, whereas the other
40% (n=22) individuals reported a different strategy that did
not involve 2 shapes. For instance, participants reported using
mnemonic strategies, such as organizing objects by size, creating
heuristics with objects, or integrating the array into a single
object.

Table 9. Summary of responses related to cognitive strategy use (N=68) and post hoc analysis of reported cognitive strategy use.

Responses, n (%)Cognitive strategy reported

55 (81)Used some strategy

33 (60)Description includes 2 shapes

22 (40)Any strategy that does not include 2 shapes

9 (13)Did not report any strategy

4 (6)No response

Discussion

Overview
We explored the feasibility of fitting a computational model
(ie, the DDM) to ambulatory Color Shapes data by
experimentally manipulating features of the Color Shapes task.
Our proposed approach can integrate theory-based working
memory measures with computational cognitive methodology
to capture computational model–based metrics of cognitive
ability in daily life settings. This approach was powered by the
Bayesian statistical engine, which allowed for simultaneous
estimation of all latent features, as well as person- and
condition-specific variations in it.

Overall, the results of this study revealed several patterns that
emerged consistently across conditions. The hierarchical
Bayesian model provided a good fit to the data, confirmed via
posterior predictive checks. Of the 3 experimental
manipulations, the initial bias and response boundary conditions
effectively shifted the corresponding cognitive parameters in
the single probe condition. However, the drift rate manipulation
effect did not work for the single probe condition and had the
opposite effect in the whole display condition. In terms of
individual differences in DDM parameters, age was
meaningfully associated with drift rate and boundary separation,
as was expected based on previous studies on aging [55,56].

Principal Findings
We presented a novel ambulatory adaptation of the Color Shapes
task. The Color Shapes task has previously been established in
the literature as a sensitive and specific measure of symptomatic
and asymptomatic preclinical AD [6,7,25]. RT and accuracy
data from this task have not been analyzed previously in a drift
diffusion modeling framework. Our approach focused on
disentangling subtle cognitive processes underlying manifest
Color Shapes task performance with the DDM.

Specifically, we aimed to optimize the Color Shapes task for
drift diffusion modeling in ambulatory assessment settings.
Models, such as the DDM can incorporate speed and accuracy

characteristics in RT data that may offer novel insights into
cognitive changes that account for the speed-accuracy trade-off
[14]. For this, we tested whether we are able to experimentally
manipulate 3 parameters of the DDM by changing features of
the Color Shapes task. We compared whole display and single
probe versions across these manipulations. We also tested
whether individual-level DDM parameters were meaningfully
associated with participant’s age, given previous studies showed
that older participants tended to have declines in speed of
cognitive processing [6] and monitor responses to prioritize
accuracy over swift responses [57]. Finally, we looked at
whether participants would be likely to use strategies for
performing better on the Color Shapes task.

Our results showed that 2 Color Shapes property manipulations
affected cognitive processes as we expected, as captured by the
DDM parameters. First, when we changed the proportion of
different versus same trials toward different, the initial bias
shifted, indicating subtle preference toward the different
response in both single probe and whole display versions of the
task. Second, when we manipulated the boundary separation
feature by triggering choice urgency, we observed the expected
effect only in the single probe version, with practically no effect
in the whole display version. In the single probe condition,
imposing a higher choice urgency (ie, 3000 ms response window
before autoadvancement) resulted in a lower response caution,
as indicated by a closer boundary separation, relative to the
minimal urgency condition with a longer response window
(10,000 ms). However, this manipulation did not show this
similar effect in the whole display condition.

Our results showed that the presentation duration manipulation
did not yield the hypothesized effect on drift rate. Specifically,
increasing the amount of time to study the array did not increase
the drift rate in the single probe version but produced slower
drift rates in whole display trials. While our decision to include
this manipulation was based on previous studies using similar
methods [48], and making allowances for the difference between
laboratory studies and our ambulatory setting, it is likely that
our short 500 ms duration already put most subjects at ceiling
level for presentation duration (see the study by Ratcliff [58]
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for the equivalent finding in a laboratory setting). Successfully
manipulating the drift rate for the Color Shapes task in question
might require a different approach, possibly making use of
visual masking. Indeed, Smith [59] argues that the critical factor
distinguishing whether presentation duration manipulation works
is whether or not backward masks are used to limit the
information extracted from the display. Note, however, that this
failure to find the hypothesized effect does not otherwise speak
to the validity of the study’s premise of testing the DDM, whose
parameter estimates appropriately reflect the pattern in the data.

Altogether, we conclude that the single probe version of the
Color Shapes task is better optimized for capturing DDM-based
cognitive process dissociations in ambulatory settings than the
whole display version. The single probe version might also
more effectively activates a single decision-making process, in
line with DDM assumptions [34]. In contrast, the whole display
version may engage multi-strategy decision processes, which
could obscure the attribution of cognitive shifts and diminish
the validity of model parameter estimates [60]. In addition, the
correlations analysis between individual-level DDM parameters
and age was more consistent with the single probe version: (1)
there was evidence for links between age and drift rate, which
is in line with previous findings and (2) evidence for the lack
of correlation between age and initial bias, as expected [61,62].
The whole display version did not show evidence for correlation
between age and boundary separation and had some evidence
for unexpected weak correlation between age and initial bias.
Post hoc qualitative data analysis showed that most of the
unwanted strategy use was related to encoding only 2 shapes
out of the 3 in the study array. This strategy would not be
feasible for participants in the single probe version of the task.

Our results indicated that this ambulatory task version (single
probe version of the Color Shapes task with short study time
[500 ms], low probability of change [50%-50% different or
same], and minimal choice urgency) responded well to the
intended manipulations and was associated with convergent
and divergent constructs as theorized. Giving 500 ms to study
has been commonly used in clinical settings and might also
prevent verbal encoding of the stimuli. We found that drift rates
were higher in the 500-ms condition, which might support a
more 1-shot decision-making style assumed by the DDM. The
other two features of the task, that is, even presentation of
stimuli and no strict limit on time to respond are also typical in
the literature. In terms of raw data, this condition had an average
reaction time of 1252.87 ms (95% central quantile range
800.43-1799.48 ms) with a 76.82% average accuracy rate (95%
central quantile range 57.63%-96.63%), which are also in range
of typical data modeling with DDM. These results align with
broader research demonstrating that DDM parameters are
sensitive to subtle cognitive variations associated with aging,
AD, and a range of neuropsychiatric conditions, including
obsessive compulsive disorder, attention-deficit/hyperactivity
disorder, and Parkinson disease [63-66].

This optimization of an ambulatory version of the Color Shapes
task for accessibility and computational cognitive modeling
advances the development of digital tools that extract novel
digital markers to empower individuals to initiate health services
earlier. By implementing the DDM to disentangle ambulatory

cognitive performance data into more nuanced processes
underlying performance, we can open opportunities to integrate
cognitive aging theoretical frameworks with early detection
advances ushered in by technological advances in computational
tools [67] and multi-model data [68]. Our study integrated the
Color Shapes task linked with preclinical AD-related cognitive
changes with computational cognitive methodology and focused
on their respective methodological strengths for capturing
cognitive processes in daily life settings. This approach is
powered by the Bayesian statistical engine that allows a
person-centered approach for quantifying individual-specific
risk probabilities, for example, in terms of DDM parameter
estimates.

Taken together with drift diffusion modeling, the results found
that this approach was effective in measuring subtle differences
in latent cognitive processes from observed performance. This
approach has the potential to extract sensitive digital-based
cognitive indicators that can reveal subtle cognitive decline at
earlier stages of AD and related dementias. The longitudinal
implementation of this approach holds promise for being able
to monitor these digital cognitive features over short and long
periods. On a broader scale, this approach can be effectively
tailored for designing person-centered treatment plans for
monitoring cognitive health status over adulthood.

Limitations and Future Directions
Finally, this study had some limitations. First, there may be
underlying bias related to participants and study selection. For
instance, the population of individuals that register for research
participation may be qualitatively compared with individuals
that do not sign-up. Second, cognitive health status was assessed
via self-reported information and may be bolstered with
biological or clinical validation. Third, there may be relevant
reasons for missing data on cognitive performance that can be
important to address in future computerized assessment designs.
Fourth, we applied fixed RT cutoffs informed by domain
expertise, and recommend that future work explore alternative,
more flexible approaches to managing RT outliers. Fifth,
participants were not formally screened for color vision
deficiencies, which may have affected performance despite the
task being designed using color palettes and shape elements
informed by visual accessibility guidelines [69].

As this study was conducted entirely remotely, it may require
additional consideration to control for unintended cognitive
strategy use. We opted to ask participants at the end regarding
any cognitive strategy use, rather than providing explicit
instructions that may potentially bias performance data. As the
Color Shapes task is intended to assess cognitive processes
underlying visual working memory [5,7], using unwanted
cognitive strategies using different cognitive domains (eg, verbal
encoding), the Color Shapes task could fail to measure changes
in visual short-term memory system and bias results. Designs
to assess subtle changes associated with cognitive impairment
may benefit from conducting a priori technical optimization to
identify best strategies to control for unwanted cognitive strategy
use. By optimizing the task for unsupervised remote testing,
this aids in designing valid and reliable ambulatory cognitive
instruments.
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AD has a long preclinical phase marked by neuropathological
changes [70]. While early stages of preclinical AD can be
detected using biomarkers of amyloidosis and neurodegeneration
(eg, cerebrospinal fluid, brain imaging, and blood [71]), mobile
cognitive testing offers an easily accessible early monitoring
tool. Due to the nature of subtle progressive cognitive decline
in AD, individuals may conflate pathological cognitive decline
with normative age-related changes and consequently delay
seeking timely medical care [72] or wait until symptoms have
worsened [73]. One overarching goal of this study was to
develop an optimized version of the Color Shapes task that is
effective for unsupervised, high-frequency cognitive testing.
Our results showed evidence that mobilizing smartphone
technology to administer ambulatory cognitive assessments in
this manner is a viable approach for sampling a representative
measure of cognitive status variability in daily contexts. A recent
survey reported that 70% of Americans want to know if they
were at risk for preclinical AD for seeking earlier treatment,
however, only 60% of Americans were reluctant to discuss mild
cognitive impairment symptoms and early signs with their health
care providers [73]. Commonly cited reasons included concerns
with receiving incorrect diagnosis, treatment, or waiting until
symptoms did not resolve. Our results were promising as single

probe trials may be less cognitively loading and may support
long-term adherence. This study demonstrates an effective and
feasible design to address related to effective screening and
earlier intervention. Finally, although this study focused on
deriving cognitive process parameters using the Color Shapes
task, future research should explore how these parameters relate
to performance on standard neuropsychological assessments.
Mapping these associations would help contextualize DDM
parameters and facilitate their application in cognitive and
clinical settings.

Conclusions
Collecting data with the Color Shapes task in ambulatory
settings and analyzing it using a drift diffusion modeling
approach yielded digital markers of key cognitive processes.
We found that the single-probe (test array with 1 colored shape)
version of the Color Shapes task with 500 ms (short) study time,
even presentation (50% to 50%) of different and same trials,
and minimal response urgency exhibited expected performance
and associations. These novel digital cognitive features could
facilitate more sensitive and earlier screening of individuals for
secondary AD and related dementia, enable earlier intervention,
and support efforts to target modifiable risk factors [1,3].

Acknowledgments
ZO, MJS, JGH, and KDH were supported by the NIH (National Institutes of Health; R01 AG074208, R56 AG074208, and U2
CAG060408). JGH was supported by the NIH under award numbers R00AG056670 and R33AG078084. JV was supported by
a National Science Foundation grant 2051186. KDH was supported by a T32 AG049676 training grant. This work used assessments
developed under the National Institute on Aging grant U2 CAG060408.

Conflicts of Interest
KDH is a full-time employee of CogState Ltd, which develops cognitive assessments. This study did not use any CogState
products. All other authors declare no conflicts of interest.

Multimedia Appendix 1
The Color Shapes task shapes and color palette.
[DOCX File , 61 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Drift diffusion model.
[DOCX File , 19 KB-Multimedia Appendix 2]

Multimedia Appendix 3
Age distribution of participants (N=68).
[DOCX File , 52 KB-Multimedia Appendix 3]

Multimedia Appendix 4
Summary of included and excluded trials.
[DOCX File , 15 KB-Multimedia Appendix 4]

Multimedia Appendix 5
Open-ended responses on cognitive strategy use collected during the debrief survey.
[DOCX File , 27 KB-Multimedia Appendix 5]

References

JMIR Form Res 2025 | vol. 9 | e66300 | p. 18https://formative.jmir.org/2025/1/e66300
(page number not for citation purposes)

Kim et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=formative_v9i1e66300_app1.docx&filename=ac27b30370196886ab2412c11d1e600d.docx
https://jmir.org/api/download?alt_name=formative_v9i1e66300_app1.docx&filename=ac27b30370196886ab2412c11d1e600d.docx
https://jmir.org/api/download?alt_name=formative_v9i1e66300_app2.docx&filename=49b46c4b6f9ed4e86c46a9a65fed557e.docx
https://jmir.org/api/download?alt_name=formative_v9i1e66300_app2.docx&filename=49b46c4b6f9ed4e86c46a9a65fed557e.docx
https://jmir.org/api/download?alt_name=formative_v9i1e66300_app3.docx&filename=2838f2de59bf882a75c1311f75313116.docx
https://jmir.org/api/download?alt_name=formative_v9i1e66300_app3.docx&filename=2838f2de59bf882a75c1311f75313116.docx
https://jmir.org/api/download?alt_name=formative_v9i1e66300_app4.docx&filename=c2b292b8f6005d23dd6b69a06d7b8b4f.docx
https://jmir.org/api/download?alt_name=formative_v9i1e66300_app4.docx&filename=c2b292b8f6005d23dd6b69a06d7b8b4f.docx
https://jmir.org/api/download?alt_name=formative_v9i1e66300_app5.docx&filename=9f9ac849170fc1d2055943c51da0dd14.docx
https://jmir.org/api/download?alt_name=formative_v9i1e66300_app5.docx&filename=9f9ac849170fc1d2055943c51da0dd14.docx
http://www.w3.org/Style/XSL
http://www.renderx.com/


1. Sperling RA, Aisen PS, Beckett LA, Bennett DA, Craft S, Fagan AM, et al. Toward defining the preclinical stages of
Alzheimer's disease: recommendations from the National Institute on Aging-Alzheimer's Association workgroups on
diagnostic guidelines for Alzheimer's disease. Alzheimers Dement. May 22, 2011;7(3):280-292. [FREE Full text] [doi:
10.1016/j.jalz.2011.03.003] [Medline: 21514248]

2. Tsoi KK, Chan JY, Hirai HW, Wong SY, Kwok TC. Cognitive tests to detect dementia: a systematic review and meta-analysis.
JAMA Intern Med. Sep 01, 2015;175(9):1450-1458. [doi: 10.1001/jamainternmed.2015.2152] [Medline: 26052687]

3. Ratcliff R, McKoon G. Can neuropsychological testing be improved with model-based approaches? Trends Cogn Sci. Nov
2022;26(11):899-901. [FREE Full text] [doi: 10.1016/j.tics.2022.08.015] [Medline: 36153231]

4. Hakun JG, Elbich DB, Roque NA, Yabiku ST, Sliwinski M. Mobile Monitoring of Cognitive Change (M2C2): high-frequency
assessments and protocol reporting guidelines. PsyArXiv. Preprint posted online on August 23, 2024. [FREE Full text]
[doi: 10.31234/osf.io/34ux5]

5. Sliwinski MJ, Mogle JA, Hyun J, Munoz E, Smyth JM, Lipton RB. Reliability and validity of ambulatory cognitive
assessments. Assessment. Jan 15, 2018;25(1):14-30. [FREE Full text] [doi: 10.1177/1073191116643164] [Medline:
27084835]

6. Parra MA, Abrahams S, Logie RH, Méndez LG, Lopera F, Della Sala S. Visual short-term memory binding deficits in
familial Alzheimer's disease. Brain. Sep 2010;133(9):2702-2713. [doi: 10.1093/brain/awq148] [Medline: 20624814]

7. Parra MA, Calia C, Pattan V, Della Sala S. Memory markers in the continuum of the Alzheimer's clinical syndrome.
Alzheimers Res Ther. Sep 30, 2022;14(1):142. [FREE Full text] [doi: 10.1186/s13195-022-01082-9] [Medline: 36180965]

8. Nicosia J, Aschenbrenner AJ, Balota DA, Sliwinski MJ, Tahan M, Adams S, et al. Unsupervised high-frequency
smartphone-based cognitive assessments are reliable, valid, and feasible in older adults at risk for Alzheimer's disease. J
Int Neuropsychol Soc. Jun 2023;29(5):459-471. [FREE Full text] [doi: 10.1017/S135561772200042X] [Medline: 36062528]

9. Oravecz Z, Sliwinski M, Kim SH, Williams L, Katz MJ, Vandekerckhove J. Partially observable predictor models for
identifying cognitive markers. Comput Brain Behav. Mar 24, 2025;97(6):1038-1050. [doi: 10.1007/s42113-025-00238-8]
[Medline: 39891430]

10. Shiffman S, Stone AA, Hufford MR. Ecological momentary assessment. Annu Rev Clin Psychol. 2008;4:1-32. [doi:
10.1146/annurev.clinpsy.3.022806.091415] [Medline: 18509902]

11. Patrick K, Griswold WG, Raab F, Intille SS. Health and the mobile phone. Am J Prev Med. Aug 2008;35(2):177-181.
[FREE Full text] [doi: 10.1016/j.amepre.2008.05.001] [Medline: 18550322]

12. Koo BM, Vizer LM. Mobile technology for cognitive assessment of older adults: a scoping review. Innov Aging. Jan
2019;3(1):igy038. [FREE Full text] [doi: 10.1093/geroni/igy038] [Medline: 30619948]

13. Milner T, Brown MR, Jones C, Leung AW, Brémault-Phillips S. Multidimensional digital biomarker phenotypes for mild
cognitive impairment: considerations for early identification, diagnosis and monitoring. Front Digit Health. Mar 6,
2024;6:1265846. [FREE Full text] [doi: 10.3389/fdgth.2024.1265846] [Medline: 38510280]

14. De Boeck P, Jeon M. An overview of models for response times and processes in cognitive tests. Front Psychol. Feb 6,
2019;10:102. [FREE Full text] [doi: 10.3389/fpsyg.2019.00102] [Medline: 30787891]

15. Lee MD, Wagenmakers EJ. Bayesian Cognitive Modeling: A Practical Course. Cambridge, MA. Cambridge University
Press; 2014.

16. Logie RH, Parra MA, Della Sala S. From cognitive science to dementia assessment. Policy Insights Behav Brain Sci. Oct
01, 2015;2(1):81-91. [doi: 10.1177/2372732215601370]

17. Vandekerckhove J, Tuerlinckx F, Lee MD. Hierarchical diffusion models for two-choice response times. Psychol Methods.
Mar 2011;16(1):44-62. [doi: 10.1037/a0021765] [Medline: 21299302]

18. Batchelder WH. Cognitive psychometrics: using multinomial processing tree models as measurement tools. In: Embretson
SE, editor. Measuring Psychological Constructs: Advances in Model-Based Approaches. Washington, DC. American
Psychological Association; 2010:71-93.

19. Wiecki TV, Poland J, Frank MJ. Model-based cognitive neuroscience approaches to computational psychiatry. Clin Psychol
Sci. Mar 10, 2015;3(3):378-399. [doi: 10.1177/2167702614565359]

20. Aschenbrenner AJ, Balota DA, Gordon BA, Ratcliff R, Morris JC. A diffusion model analysis of episodic recognition in
preclinical individuals with a family history for Alzheimer's disease: The adult children study. Neuropsychology. Feb
2016;30(2):225-238. [FREE Full text] [doi: 10.1037/neu0000222] [Medline: 26192539]

21. Ging-Jehli NR, Kuhn M, Blank JM, Chanthrakumar P, Steinberger DC, Yu Z, et al. Cognitive signatures of depressive and
anhedonic symptoms and affective states using computational modeling and neurocognitive testing. Biol Psychiatry Cogn
Neurosci Neuroimaging. Jul 2024;9(7):726-736. [doi: 10.1016/j.bpsc.2024.02.005] [Medline: 38401881]

22. Souza AS, Frischkorn GT. A diffusion model analysis of age and individual differences in the retro-cue benefit. Sci Rep.
Oct 13, 2023;13(1):17356. [FREE Full text] [doi: 10.1038/s41598-023-44080-z] [Medline: 37833420]

23. Oravecz Z, Harrington KD, Hakun JG, Katz MJ, Wang C, Zhaoyang R, et al. Accounting for retest effects in cognitive
testing with the Bayesian double exponential model via intensive measurement burst designs. Front Aging Neurosci. Sep
26, 2022;14:897343. [FREE Full text] [doi: 10.3389/fnagi.2022.897343] [Medline: 36225891]

24. Thapar A, Ratcliff R, McKoon G. A diffusion model analysis of the effects of aging on letter discrimination. Psychol Aging.
Sep 2003;18(3):415-429. [FREE Full text] [doi: 10.1037/0882-7974.18.3.415] [Medline: 14518805]

JMIR Form Res 2025 | vol. 9 | e66300 | p. 19https://formative.jmir.org/2025/1/e66300
(page number not for citation purposes)

Kim et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

https://europepmc.org/abstract/MED/21514248
http://dx.doi.org/10.1016/j.jalz.2011.03.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21514248&dopt=Abstract
http://dx.doi.org/10.1001/jamainternmed.2015.2152
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26052687&dopt=Abstract
https://europepmc.org/abstract/MED/36153231
http://dx.doi.org/10.1016/j.tics.2022.08.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36153231&dopt=Abstract
https://osf.io/preprints/psyarxiv/34ux5_v1
http://dx.doi.org/10.31234/osf.io/34ux5
https://europepmc.org/abstract/MED/27084835
http://dx.doi.org/10.1177/1073191116643164
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27084835&dopt=Abstract
http://dx.doi.org/10.1093/brain/awq148
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20624814&dopt=Abstract
https://alzres.biomedcentral.com/articles/10.1186/s13195-022-01082-9
http://dx.doi.org/10.1186/s13195-022-01082-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36180965&dopt=Abstract
https://europepmc.org/abstract/MED/36062528
http://dx.doi.org/10.1017/S135561772200042X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36062528&dopt=Abstract
http://dx.doi.org/10.1007/s42113-025-00238-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39891430&dopt=Abstract
http://dx.doi.org/10.1146/annurev.clinpsy.3.022806.091415
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18509902&dopt=Abstract
https://europepmc.org/abstract/MED/18550322
http://dx.doi.org/10.1016/j.amepre.2008.05.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18550322&dopt=Abstract
https://europepmc.org/abstract/MED/30619948
http://dx.doi.org/10.1093/geroni/igy038
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30619948&dopt=Abstract
https://europepmc.org/abstract/MED/38510280
http://dx.doi.org/10.3389/fdgth.2024.1265846
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38510280&dopt=Abstract
https://europepmc.org/abstract/MED/30787891
http://dx.doi.org/10.3389/fpsyg.2019.00102
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30787891&dopt=Abstract
http://dx.doi.org/10.1177/2372732215601370
http://dx.doi.org/10.1037/a0021765
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21299302&dopt=Abstract
http://dx.doi.org/10.1177/2167702614565359
https://europepmc.org/abstract/MED/26192539
http://dx.doi.org/10.1037/neu0000222
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26192539&dopt=Abstract
http://dx.doi.org/10.1016/j.bpsc.2024.02.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38401881&dopt=Abstract
https://doi.org/10.1038/s41598-023-44080-z
http://dx.doi.org/10.1038/s41598-023-44080-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37833420&dopt=Abstract
https://europepmc.org/abstract/MED/36225891
http://dx.doi.org/10.3389/fnagi.2022.897343
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36225891&dopt=Abstract
https://europepmc.org/abstract/MED/14518805
http://dx.doi.org/10.1037/0882-7974.18.3.415
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=14518805&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


25. Parra MA, Saarimäki H, Bastin ME, Londoño AC, Pettit L, Lopera F, et al. Memory binding and white matter integrity in
familial Alzheimer's disease. Brain. May 11, 2015;138(Pt 5):1355-1369. [FREE Full text] [doi: 10.1093/brain/awv048]
[Medline: 25762465]

26. Didic M, Barbeau EJ, Felician O, Tramoni E, Guedj E, Poncet M, et al. Which memory system is impaired first in Alzheimer's
disease? J Alzheimers Dis. 2011;27(1):11-22. [FREE Full text] [doi: 10.3233/JAD-2011-110557] [Medline: 21799246]

27. Parra MA, Gazes Y, Habeck C, Stern Y. Exploring the association between amyloid-β and memory markers for Alzheimer's
disease in cognitively unimpaired older adults. J Prev Alzheimers Dis. Mar 2024;11(2):339-347. [FREE Full text] [doi:
10.14283/jpad.2024.11] [Medline: 38374740]

28. Butler J, Watermeyer TJ, Matterson E, Harper EG, Parra-Rodriguez M. The development and validation of a digital
biomarker for remote assessment of Alzheimer's diseases risk. Digit Health. Jan 23, 2024;10:20552076241228416. [FREE
Full text] [doi: 10.1177/20552076241228416] [Medline: 38269369]

29. Butler J, Owo AS, Watermeyer TJ, Danso SO, Parra‐Rodriguez MA. Developing an AI algorithm to detect predictors of
poor performance in a self-administered, web-based digital biomarker for Alzheimer’s disease: proof of concept. Alzheimers
Dement. Jan 09, 2025;20(S2):1. [doi: 10.1002/alz.092887]

30. Cerino ES, Katz MJ, Wang C, Qin J, Gao Q, Hyun J, et al. Variability in cognitive performance on mobile devices is
sensitive to mild cognitive impairment: results from the Einstein aging study. Front Digit Health. Dec 3, 2021;3:758031.
[FREE Full text] [doi: 10.3389/fdgth.2021.758031] [Medline: 34927132]

31. Thompson LI, Strenger JR, Emrani S, De Vito A, Harrington K, Roque N, et al. 91 remote smartphone-based assessment
predicts standard neuropsychological test performance and cerebral amyloid status in cognitively normal older adults. J Int
Neuropsychol Soc. Dec 21, 2023;29(s1):493-494. [doi: 10.1017/S1355617723006392]

32. Ratcliff R. A theory of memory retrieval. Psychol Rev. 1978;85(2):59-108. [doi: 10.1037//0033-295x.85.2.59]
33. Stafford T, Pirrone A, Croucher M, Krystalli A. Quantifying the benefits of using decision models with response time and

accuracy data. Behav Res Methods. Oct 30, 2020;52(5):2142-2155. [FREE Full text] [doi: 10.3758/s13428-020-01372-w]
[Medline: 32232739]

34. Ratcliff R, McKoon G. The diffusion decision model: theory and data for two-choice decision tasks. Neural Comput. Apr
2008;20(4):873-922. [FREE Full text] [doi: 10.1162/neco.2008.12-06-420] [Medline: 18085991]

35. Ratcliff R, Scharre DW, McKoon G. Discriminating memory disordered patients from controls using diffusion model
parameters from recognition memory. J Exp Psychol Gen. Jun 2022;151(6):1377-1393. [FREE Full text] [doi:
10.1037/xge0001133] [Medline: 34735185]

36. Make a positive impact by volunteering for research. ResearchMatch & Vanderbilt University Medical Center. URL: https:/
/www.researchmatch.org/ [accessed 2025-05-31]

37. Harris PA, Scott KW, Lebo L, Hassan N, Lightner C, Pulley J. ResearchMatch: a national registry to recruit volunteers for
clinical research. Acad Med. 2012;87(1):66-73. [doi: 10.1097/acm.0b013e31823ab7d2]

38. Vandekerckhove J. Extensions and applications of the diffusion model for two-choice response times. Katholieke Universiteit
Leuven. 2009. URL: http://www.cidlab.com/prints/vandekerckhove2009extensions.pdf [accessed 2025-05-29]

39. Kim S, Vandekerckhove J, Oravecz Z, Sliwinski M, Hakun JG, Li Y, et al. Digital biomarkers project. Open Science
Framework. URL: https://osf.io/ty4uf/ [accessed 2025-08-14]

40. Nilsson H, Rieskamp J, Wagenmakers EJ. Hierarchical Bayesian parameter estimation for cumulative prospect theory. J
Math Psychol. Feb 2011;55(1):84-93. [doi: 10.1016/j.jmp.2010.08.006]

41. Gelman A, Carlin JB, Stern HS, Dunson DB, Vehtari A. Bayesian Data Analysis. New York, NY. Chapman and Hall/CRC;
2013.

42. R: a language and environment for statistical computing. The R Core Team. 2025. URL: https://cran.r-project.org/doc/
manuals/r-release/fullrefman.pdf [accessed 2025-05-29]

43. Plummer M. JAGS: a program for analysis of Bayesian graphical models using Gibbs sampling. DSC 2003 Working Papers.
2003. URL: https://www.r-project.org/conferences/DSC-2003/Drafts/Plummer.pdf [accessed 2025-05-29]

44. Plummer M, Stukalov A, Denwood M. Package ‘rjags’: Bayesian graphical models using MCMC. CRAN R. 2016. URL:
https://cran.r-project.org/web/packages/rjags/rjags.pdf [accessed 2025-05-29]

45. Wabersich D, Vandekerckhove J. Extending JAGS: a tutorial on adding custom distributions to JAGS (with a diffusion
model example). Behav Res Methods. Mar 20, 2014;46(1):15-28. [FREE Full text] [doi: 10.3758/s13428-013-0369-3]
[Medline: 23959766]

46. Brooks SP, Gelman A. General methods for monitoring convergence of iterative simulations. J Comput Graph Stat. Dec
1998;7(4):434-455. [doi: 10.1080/10618600.1998.10474787]

47. Chávez De la Peña AF, Vandekerckhove J. An EZ Bayesian hierarchical drift diffusion model for response time and
accuracy. Psychon Bull Rev (Forthcoming). Jul 25, 2025. [doi: 10.3758/s13423-025-02729-y] [Medline: 40715684]

48. Ratcliff R, Smith PL, Brown SD, McKoon G. Diffusion decision model: current issues and history. Trends Cogn Sci. Apr
2016;20(4):260-281. [FREE Full text] [doi: 10.1016/j.tics.2016.01.007] [Medline: 26952739]

49. Voss A, Nagler M, Lerche V. Diffusion models in experimental psychology: a practical introduction. Exp Psychol. Jan 01,
2013;60(6):385-402. [doi: 10.1027/1618-3169/a000218] [Medline: 23895923]

JMIR Form Res 2025 | vol. 9 | e66300 | p. 20https://formative.jmir.org/2025/1/e66300
(page number not for citation purposes)

Kim et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

https://europepmc.org/abstract/MED/25762465
http://dx.doi.org/10.1093/brain/awv048
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25762465&dopt=Abstract
https://journals.sagepub.com/doi/abs/10.3233/JAD-2011-110557?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.3233/JAD-2011-110557
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21799246&dopt=Abstract
https://europepmc.org/abstract/MED/38374740
http://dx.doi.org/10.14283/jpad.2024.11
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38374740&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/20552076241228416?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
https://journals.sagepub.com/doi/10.1177/20552076241228416?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/20552076241228416
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38269369&dopt=Abstract
http://dx.doi.org/10.1002/alz.092887
https://europepmc.org/abstract/MED/34927132
http://dx.doi.org/10.3389/fdgth.2021.758031
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34927132&dopt=Abstract
http://dx.doi.org/10.1017/S1355617723006392
http://dx.doi.org/10.1037//0033-295x.85.2.59
https://europepmc.org/abstract/MED/32232739
http://dx.doi.org/10.3758/s13428-020-01372-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32232739&dopt=Abstract
https://europepmc.org/abstract/MED/18085991
http://dx.doi.org/10.1162/neco.2008.12-06-420
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18085991&dopt=Abstract
https://europepmc.org/abstract/MED/34735185
http://dx.doi.org/10.1037/xge0001133
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34735185&dopt=Abstract
https://www.researchmatch.org/
https://www.researchmatch.org/
http://dx.doi.org/10.1097/acm.0b013e31823ab7d2
http://www.cidlab.com/prints/vandekerckhove2009extensions.pdf
https://osf.io/ty4uf/
http://dx.doi.org/10.1016/j.jmp.2010.08.006
https://cran.r-project.org/doc/manuals/r-release/fullrefman.pdf
https://cran.r-project.org/doc/manuals/r-release/fullrefman.pdf
https://www.r-project.org/conferences/DSC-2003/Drafts/Plummer.pdf
https://cran.r-project.org/web/packages/rjags/rjags.pdf
https://escholarship.org/uc/item/qt1hn8q7d7
http://dx.doi.org/10.3758/s13428-013-0369-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23959766&dopt=Abstract
http://dx.doi.org/10.1080/10618600.1998.10474787
http://dx.doi.org/10.3758/s13423-025-02729-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40715684&dopt=Abstract
https://europepmc.org/abstract/MED/26952739
http://dx.doi.org/10.1016/j.tics.2016.01.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26952739&dopt=Abstract
http://dx.doi.org/10.1027/1618-3169/a000218
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23895923&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


50. Ratcliff R, Thapar A, McKoon G. Individual differences, aging, and IQ in two-choice tasks. Cogn Psychol. May
2010;60(3):127-157. [FREE Full text] [doi: 10.1016/j.cogpsych.2009.09.001] [Medline: 19962693]

51. Schmiedek F, Oberauer K, Wilhelm O, Süss HM, Wittmann WW. Individual differences in components of reaction time
distributions and their relations to working memory and intelligence. J Exp Psychol Gen. Aug 2007;136(3):414-429. [doi:
10.1037/0096-3445.136.3.414] [Medline: 17696691]

52. Ashby NJ, Fukuda K, Vogel EK. Estimating visual working memory capacity with whole and single probe test arrays. J
Vis. Aug 01, 2009;9(8):590. [doi: 10.1167/9.8.590]

53. Boehm U, Marsman M, Matzke D, Wagenmakers EJ. On the importance of avoiding shortcuts in applying cognitive models
to hierarchical data. Behav Res Methods. Aug 12, 2018;50(4):1614-1631. [FREE Full text] [doi: 10.3758/s13428-018-1054-3]
[Medline: 29949071]

54. JASP (Version 0.17.3). JASP. URL: https://jasp-stats.org/ [accessed 2025-05-29]
55. Starns JJ, Ratcliff R. The effects of aging on the speed-accuracy compromise: boundary optimality in the diffusion model.

Psychol Aging. Jun 2010;25(2):377-390. [FREE Full text] [doi: 10.1037/a0018022] [Medline: 20545422]
56. Gür E, Duyan YA, Türkakın E, Arkan S, Karson A, Balcı F. Aging impairs perceptual decision-making in mice: integrating

computational and neurobiological approaches. Brain Struct Funct. Jul 22, 2020;225(6):1889-1902. [doi:
10.1007/s00429-020-02101-x] [Medline: 32566973]

57. Rabbitt P. How old and young subjects monitor and control responses for accuracy and speed. British J of Psychology. Apr
13, 2011;70(2):305-311. [doi: 10.1111/j.2044-8295.1979.tb01687.x]

58. Ratcliff R. A diffusion model account of response time and accuracy in a brightness discrimination task: fitting real data
and failing to fit fake but plausible data. Psychon Bull Rev. Jun 2002;9(2):278-291. [doi: 10.3758/bf03196283] [Medline:
12120790]

59. Smith PL. Attention and luminance detection: effects of cues, masks, and pedestals. J Exp Psychol Hum Percept Perform.
Aug 2000;26(4):1401-1420. [doi: 10.1037//0096-1523.26.4.1401] [Medline: 10946722]

60. Forstmann BU, Ratcliff R, Wagenmakers EJ. Sequential sampling models in cognitive neuroscience: advantages, applications,
and extensions. Annu Rev Psychol. Jan 04, 2016;67(1):641-666. [FREE Full text] [doi:
10.1146/annurev-psych-122414-033645] [Medline: 26393872]

61. Ratcliff R, Thapar A, McKoon G. The effects of aging on reaction time in a signal detection task. Psychol Aging.
2001;16(2):323-341. [doi: 10.1037//0882-7974.16.2.323]

62. Theisen M, Lerche V, von Krause M, Voss A. Age differences in diffusion model parameters: a meta-analysis. Psychol
Res. Jul 13, 2021;85(5):2012-2021. [FREE Full text] [doi: 10.1007/s00426-020-01371-8] [Medline: 32535699]

63. Erhan C, Balcı F. Obsessive compulsive features predict cautious decision strategies. Q J Exp Psychol (Hove). Jan 01,
2017;70(1):179-190. [doi: 10.1080/17470218.2015.1130070] [Medline: 26652727]

64. Erhan C, Bulut G, Gökçe S, Ozbas D, Turkakin E, Dursun OB, et al. Disrupted latent decision processes in medication-free
pediatric OCD patients. J Affect Disord. Jan 01, 2017;207:32-37. [doi: 10.1016/j.jad.2016.09.011] [Medline: 27690351]

65. Gupta A, Bansal R, Alashwal H, Kacar AS, Balci F, Moustafa AA. Neural substrates of the drift-diffusion model in brain
disorders. Front Comput Neurosci. Jan 7, 2021;15:678232. [doi: 10.3389/fncom.2021.678232] [Medline: 35069160]

66. Shapiro Z, Huang-Pollock C. A diffusion-model analysis of timing deficits among children with ADHD. Neuropsychology.
Sep 2019;33(6):883-892. [FREE Full text] [doi: 10.1037/neu0000562] [Medline: 31094550]

67. Vrahatis AG, Skolariki K, Krokidis MG, Lazaros K, Exarchos TP, Vlamos P. Revolutionizing the early detection of
Alzheimer’s disease through non-invasive biomarkers: the role of artificial intelligence and deep learning. Sensors. Apr
22, 2023;23(9):4184. [doi: 10.3390/S23094184]

68. Vrahatis AG, Vlamos P, Avramouli A, Exarchos T, Gonidi M. Emerging machine learning techniques for modelling cellular
complex systems in Alzheimer’s disease. In: Proceedings of the 2020 International Conference on Computational Biology
and Bioinformatics. 2021. Presented at: GeNeDis '20; September 21-24, 2020:199-208; Bali, Indonesia. URL: https://link.
springer.com/chapter/10.1007/978-3-030-78775-2_24 [doi: 10.1007/978-3-030-78775-2_24]

69. Wong B. Points of view: color blindness. Nat Methods. Jun 27, 2011;8(6):441. [doi: 10.1038/nmeth.1618] [Medline:
21774112]

70. Rajan KB, Weuve J, Barnes LL, McAninch EA, Wilson RS, Evans DA. Population estimate of people with clinical
Alzheimer's disease and mild cognitive impairment in the United States (2020-2060). Alzheimers Dement. Dec 27,
2021;17(12):1966-1975. [FREE Full text] [doi: 10.1002/alz.12362] [Medline: 34043283]

71. Price JL, Morris JC. Tangles and plaques in nondemented aging and "preclinical" Alzheimer's disease. Ann Neurol. Mar
1999;45(3):358-368. [doi: 10.1002/1531-8249(199903)45:3<358::aid-ana12>3.0.co;2-x] [Medline: 10072051]

72. Harada CN, Natelson Love MC, Triebel KL. Normal cognitive aging. Clin Geriatr Med. Nov 2013;29(4):737-752. [FREE
Full text] [doi: 10.1016/j.cger.2013.07.002] [Medline: 24094294]

73. Alzheimer’s disease facts and figures. World Health Organization. URL: https://www.alz [accessed 2023-07-20]

Abbreviations
AD: Alzheimer disease

JMIR Form Res 2025 | vol. 9 | e66300 | p. 21https://formative.jmir.org/2025/1/e66300
(page number not for citation purposes)

Kim et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

https://europepmc.org/abstract/MED/19962693
http://dx.doi.org/10.1016/j.cogpsych.2009.09.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19962693&dopt=Abstract
http://dx.doi.org/10.1037/0096-3445.136.3.414
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17696691&dopt=Abstract
http://dx.doi.org/10.1167/9.8.590
https://europepmc.org/abstract/MED/29949071
http://dx.doi.org/10.3758/s13428-018-1054-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29949071&dopt=Abstract
https://jasp-stats.org/
https://europepmc.org/abstract/MED/20545422
http://dx.doi.org/10.1037/a0018022
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20545422&dopt=Abstract
http://dx.doi.org/10.1007/s00429-020-02101-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32566973&dopt=Abstract
http://dx.doi.org/10.1111/j.2044-8295.1979.tb01687.x
http://dx.doi.org/10.3758/bf03196283
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12120790&dopt=Abstract
http://dx.doi.org/10.1037//0096-1523.26.4.1401
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10946722&dopt=Abstract
https://europepmc.org/abstract/MED/26393872
http://dx.doi.org/10.1146/annurev-psych-122414-033645
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26393872&dopt=Abstract
http://dx.doi.org/10.1037//0882-7974.16.2.323
https://europepmc.org/abstract/MED/32535699
http://dx.doi.org/10.1007/s00426-020-01371-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32535699&dopt=Abstract
http://dx.doi.org/10.1080/17470218.2015.1130070
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26652727&dopt=Abstract
http://dx.doi.org/10.1016/j.jad.2016.09.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27690351&dopt=Abstract
http://dx.doi.org/10.3389/fncom.2021.678232
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35069160&dopt=Abstract
https://europepmc.org/abstract/MED/31094550
http://dx.doi.org/10.1037/neu0000562
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31094550&dopt=Abstract
http://dx.doi.org/10.3390/S23094184
https://link.springer.com/chapter/10.1007/978-3-030-78775-2_24
https://link.springer.com/chapter/10.1007/978-3-030-78775-2_24
http://dx.doi.org/10.1007/978-3-030-78775-2_24
http://dx.doi.org/10.1038/nmeth.1618
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21774112&dopt=Abstract
https://europepmc.org/abstract/MED/34043283
http://dx.doi.org/10.1002/alz.12362
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34043283&dopt=Abstract
http://dx.doi.org/10.1002/1531-8249(199903)45:3<358::aid-ana12>3.0.co;2-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10072051&dopt=Abstract
https://europepmc.org/abstract/MED/24094294
https://europepmc.org/abstract/MED/24094294
http://dx.doi.org/10.1016/j.cger.2013.07.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24094294&dopt=Abstract
https://www.alz
http://www.w3.org/Style/XSL
http://www.renderx.com/


DDM: drift diffusion model
RT: response time
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