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Figure 1: Our work proposes to understand cognitive performance with a new tool Crossroads that tracks errors and continuous
measures from fine-finger trajectories. A study with 12 older adults and 15 younger adults found that slip profiles during errors
provide information that complements standard assessments. Additionally, many measures are reliable and correlate well with
standard cognitive assessment scores.

Abstract
Can we design digital cognitive assessments that are accessible,
low-burden, and capable of tracking more than summative scores?
Traditional cognitive assessments require in-person interaction
with trained experts, making them infrequent and difficult to ac-
cess–particularly for older adults facing mobility or transportation
barriers. Additionally, current cognitive assessments reduce rich
behavioral cues to a summative score, missing the process-level
information embedded in how people perform a task. We present
Crossroads, a self-administered, web-based tool that uses fine-finger
tracking on touchscreen devices to assess cognitive performance.
Crossroads generates two types of measures: episodic measures fo-
cused on errors (like slips and mistakes) and pauses; and continuous
measures (like speed, time, acceleration, and jerk). A user study
with 12 older adults (aged 65+ years) and 15 younger adults (aged
18-30 years)–spanning a broad range of scores on a standard cogni-
tive assessment–evaluated the reliability, validity, and acceptability
of Crossroads. Multiple continuous measures demonstrate high test-
retest reliability across blocks. Two measures–median time taken
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and number of pauses–show strong correlations with standard
cognitive scores (r = -0.72). Slip profiles reveal useful differences
in error processing across participants with different cognitive
scores, offering process-level insight that summative assessments
do not provide. Older adults completed Crossroads in a median
of 2 minutes 19 seconds. All participants completed the task with-
out additional assistance. Our work demonstrates that fine-finger
tracking on touchscreen devices provides new opportunities for
understanding cognitive performance in ways that complement
and extend what current cognitive assessments offer.

CCS Concepts
• Human-centered computing → Interactive systems and
tools; Empirical studies in HCI .

Keywords
Fine-finger tracking, Cognitive performance, Errors, Older adults,
Empirical study

ACM Reference Format:
Sujit Kumar Kamaraj andVineet Pandey. 2026. Crossroads: A Self-Administered
Digital Cognitive Assessment for Older Adults via Fine-Finger Tracking on
Touchscreen-based Devices. In The 28th International ACM SIGACCESS
Conference on Computers and Accessibility (ASSETS ’26), October 25–28,
2026, Vila Nova de Gaia, Portugal. ACM, New York, NY, USA, 17 pages.
https://doi.org/10.1145/3797867.3829021

https://orcid.org/0000-0003-1562-6033
mailto:sujit.kamaraj@utah.edu
https://orcid.org/0000-0002-9881-6088
mailto:vineet.pandey@utah.edu
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://doi.org/10.1145/3797867.3829021
https://doi.org/10.1145/3797867.3829021


ASSETS ’26, October 25–28, 2026, Vila Nova de Gaia, Portugal Sujit Kumar Kamaraj and Vineet Pandey

1 Introduction
Cognitive performance often declines with age, leading to reduced
attention, processing speed, and memory [15]. Subtle changes in
cognition can go unnoticed without systematic fine-granular track-
ing. Traditional cognitive assessments–like the Montreal Cognitive
Assessment (MoCA)–collapse rich behavioral information into sum-
mative scores [6, 36]. Additionally, current cognitive assessments
require in-person administration by trained clinicians–limiting fre-
quent testing and making them largely inaccessible in everyday life.
These barriers are especially pronounced for older adults, who may
face mobility limitations, transportation constraints, or limited ac-
cess to clinical resources [26, 33]. Digital health tools can help make
assessments remotely accessible and reduced user burden [10].

Most digital cognitive assessments are direct copies of pen-and-
paper tests that produce the same summative scores [12]. Such
digital copies of traditional assessments also require expert super-
vision. Current self-administered digital variants–such as digital
Trail Making Tests andWhack-a-Mole adaptations–provide a richer
set of measures (e.g., number of pauses, movement speed, etc.) but
continue to reduce performance to outcome-level metrics [20, 48].
None of these tools track rich process-level information; e.g., how
a user detects, processes, and corrects an error. Such process-level
information can be particularly useful for older adults, since error
detection and correction patterns are sensitive markers of cog-
nitive decline and can help distinguish healthy aging from early
impairment [5, 13, 35]. Older adults with age-related declines in
attention and executive function are less able to detect and correct
errors [1, 5]; yet existing digital tools do not support processing
errors to understand cognitive performance.

Our research presents Crossroads 1, a self-administered, web-
based tool that uses fine-finger tracking on touchscreen devices
to assess cognitive performance. Crossroads operationalizes the
insight that errors provide crucial information about cognitive per-
formance. The speed and movement trajectory of a finger during an
error encodes information about how a user detects, processes, and
corrects their errors. Crossroads builds on the Trail Making Test–a
validated cognitive assessment–and decomposes finger trajectories
into two types of measures: episodic measures (e.g., slips, mistakes,
and pauses), and continuous measures (e.g., speed, time, accelera-
tion, and jerk). A rapid swiping task establishes a user’s baseline
motor performance, allowing cognitive measures to be normalized
with respect to individual motor performance. We evaluated Cross-
roads in a lab study–using the Montreal Cognitive Assessment as
the ground truth–with 12 older adults (65-90 years) and 15 younger
adults (18–30 years).

Our study demonstrates that Crossroads produces reliable, and
valid measures as a self-administered cognitive assessment tool
for older adults. Two measures–median time taken and number
of pauses–showed strong correlations with MoCA scores (r=-0.72)
and high test-retest reliability. Multiple other features moderately
correlated with MoCA scores. Slip profiles revealed useful differ-
ences in error processing across participants’ slips: initiation time
and slip duration varied significantly across MoCA groups, offering

1The name Crossroads is inspired by the figure of speech "at a crossroads"–which
mean a situation that requires making a choice between two options. When using the
Crossroads tool, users need to make decisions on which direction to move their finger.

process-level insights. Older adults completed the task in a median
of 2 minutes 19 seconds. Our work makes two contributions to
designing new cognitive assessments for older adults [52]:

(1) an artifact contribution with a novel, self-administered tool
for tracking cognitive performance within minutes using
fine-finger tracking.

(2) an empirical contribution with a mixed-methods lab study
that assesses the feasibility of this approach for older adults
with measures of reliability, validity, and acceptability.

Our tool and the empirical findings point toward a broader design
direction: touchscreen-based tasks with fine-finger tracking can
complement traditional cognitive assessments by tracking how
users perform, rather than relying solely on what users produce.
Such touchscreen-based tasks can be useful for health monitoring
(especially for older adults), where reducing reliance on clinicians,
shortening testing time, and enabling self-administration at home
are all critical.

2 Related Work
Our research draws inspiration from the strengths and limitations
of current cognitive assessments. Our ideas build on prior work
around tracking errors that have been useful in multiple domains
to understand cognitive performance.

2.1 Cognitive assessments require in-person
interaction with experts and do not provide
process-level information

Current cognitive assessments provide useful outcome measures
but struggle with multiple challenges, especially for older adults.
Traditional pen-and-paper screening tests provide a summative
score; e.g., the Montreal Cognitive Assessment (MoCA) provides a
score between 0 and 30 [36]. These tests usually involve tasks such
as memorizing a short list of words, naming objects shown in pic-
tures, copying shapes, and arithmetic problems. Such assessments
suffer from multiple challenges. First, participants need to rely on
experts to administer and evaluate such screening test like MoCA.
Second, standard thresholds used to screen participants for cogni-
tive impairments are not agreed upon by experts [11]; summative
scores require interpretation across different contexts, often lead-
ing to ad-hoc decision-making by experts. For example, although
the standard MoCA cutoff for mild impairment is 26/30, experts
recommend lowering it to 23/30 for those with a less educated
background [11]. False negatives can occur as well: a participant
might have a cognitive impairment, but the assessment might fail
to detect it due to a rigid threshold [41]. Finally, accessing tradi-
tional cognitive assessments often and on-demand is not possible
due to the reliance on expert presence. Experts need to supervise
and evaluate traditional screening and comprehensive cognitive
assessments. Therefore, participants need to travel to the clinic or
labs to access such assessments.

Beyond issues of access, traditional cognitive assessments miss
out on important details. For example, summative scores do not
differentiate between participants who struggle, hesitate, or make
multiple attempts to complete a task [6, 28]. Additionally, current
assessments do not track the degree of correctness or the nature
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of errors made. Screening tests–like the Montreal Cognitive As-
sessment (MoCA)–do not differentiate between small errors, which
might indicate a small change in cognitive performance, and a com-
pletely incorrect response, which could suggest a severe decrease
in cognitive performance. For example, in MoCA, participants need
to draw a clock with specific features in the clock-drawing task.
The evaluation is based solely on the drawing of the completed
clock. If two participants make different errors–such as misplacing
a number and positioning the clock hands incorrectly–and correct
these errors during the task, both receive full scores on the task.
We believe that the research community’s understanding of cog-
nitive performance will benefit from tracking rich process-level
information (i.e. how participants perform a task) in conjunction
with outcome-level information (i.e. what is the final output on the
task).

Digital cognitive assessments face similar challenges. Many dig-
ital cognitive assessments are digital copies of traditional pen-
and-paper assessments that provide summative scores [12]. For
example, like their pen-and-paper versions, digital copies of the

Montreal Cognitive Assessment provide summative scores out of
30 and rely on a trained expert to supervise and interpret the re-
sults [4, 12, 29, 47, 54]. Some digital variants of traditional cognitive
assessments, like the digital Trail Making Test and digital Whack-
a-Mole, output multiple measures rather than a single summative
score (Figure 2a) [20, 48]. For example, in the traditional (pen-and-
paper) Trail Making Test, participants are asked to connect the dots
labeled with either a letter or number (Figure 2b) [7]. Participants
need to connect the dots in ascending order while alternating be-
tween numbers and letters (1 to A, A to 2, 2 to B, and so on). The
time taken to complete the pen-and-paper Trail Making Test is
used to assess cognitive performance. Digital versions of the Trail
Making Test track additional measures like the number of pauses,
pause duration, lifts, lift duration, number of errors, time inside
each circle, and time between circles [20]. Such additional measures
provided by digital variants are useful but overlook infrequent but
useful occurrences–like self-corrections or exploratorymovements–
that reveal cognitive processes and individual strategies beyond
what summative measures track. When a participant makes an

(a) (b)

Figure 2: a) A design space summarizing different cognitive assessments along two dimensions: who administers the assessment
(x), and nature of measures tracked (y). Some traditional assessments, like the Trail Making Test [7], produce a single summative
score (time taken). Cognitive assessments are typically administered by experts. Others require substantial expert time (60
to 90 minutes) and produce detailed measures, like Wechsler Adult Intelligence Scale [49]. Our work contributes Crossroads
which assesses cognitive performance and produces descriptive measures without the need for experts to administer the task.
b) The Trail Making Test (TMT) is a screening test used to screen for cognitive impairments based on the time taken to complete
the test (also known as task completion time). Participants connect the dots while alternating between letters and numbers in
an ascending order.
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error, details about error detection, processing, and correction are
not studied even though understanding these aspects can provide
critical insights into cognitive performance [5].

Overall, we argue that developing digital cognitive assessments
that reduce reliance on experts, take less time, and provide informa-
tion about process-level measures of cognitive performance–like
errors–can be both novel and useful.

2.2 Errors can provide useful insights, but are
not tracked by cognitive performance
assessments

One missing aspect across cognitive assessments is tracking er-
ror detection and correction. Errors can track the progression of
cognitive performance over time [13, 35]. Errors demonstrate the
potential to discriminate among groups with different cognitive
performance [1]. Participants with different neurological disorders
make different numbers of errors and take varying durations to
correct their errors [1, 39]. Since motor performance–the ability to
control and execute a movement task–reduces over time [46], older
adults take longer on cognitive performance assessments like the
Trail Making Test that rely on motor performance [7]. However, er-
rors on such tasks can still be less susceptible to factors like age [1].
Focusing on errors–e.g. by dividing them into concrete stages–can
provide richer information than summative measures over the en-
tire task [5]. For instance, understanding the breakdown of time
duration across multiple phases in an error (initiation, detection, fix,
completion) provides useful information that a summative measure
like task completion time does not [5].

Even when errors could be tracked, doing so requires experts
who need to observe participants’ behavior during an assessment [5].
Relying on experts to track errors comes with multiple challenges:
it requires expert time, and observers might miss subtle errors due
to inherent limits of the human visual perception system. Digital
assessments can track errors automatically without the need for
an expert. For example, digital versions of the Trail Making Test
automatically tracks the number of mistakes made [20]. However,
such assessments do not track and analyze the different stages and
process-level information of errors.

Closer to our work, fine-finger tracking has been used to ana-
lyze the underlying cognitive processes during task performance.
By examining continuous finger trajectories, different stages of
decision-making and error processing can be inferred. For example,
variations in movement speed and direction have been shown to
reflect changes in confidence while performing a task and shifts in
decisions during dragging tasks [17, 18]. These findings highlight
the potential of using detailed finger trajectory data to uncover
cognitive processes beyond what summative scores reveal.

Our research contributesways to go beyond current error-tracking
methods that track the number of errors or rely on human percep-
tion. We characterize errors into slips and mistakes, and automati-
cally analyze error detection and correction.

3 Context: Older Adults as the Target
Population

Cognitive decline is among the most significant health challenges
facing aging populations. An estimated 15-30% of adults over 65

experience mild cognitive impairment, and the proportion increases
substantially with age [27, 38]. For many older adults, early cog-
nitive changes–including reduced executive function and slower
processing speed–are clinically meaningful but may go undetected
between infrequent clinical visits [26, 33]. Tracking these changes
over time, especially in everyday settings, is a recognized priority
in both clinical and research contexts [45].

Older adults are disproportionately affected by the constraints
of traditional cognitive assessment. Most standard assessments–
including MoCA and similar screening instruments–rely on clin-
ician availability and require commute/travel to a clinic (which
might be difficult for older adults with mobility or transportation
constraints) [12, 26, 33, 36]. As a result, cognitive performance is
typically measured infrequently (often once a year), making it diffi-
cult to track ongoing changes that may be clinically relevant, such
as those caused by aging and neurological decline [9, 45]. Older
adults who are cognitively impaired also take longer to complete as-
sessments, potentially causing tensions and delays in time-sensitive
clinical workflows [53].

Errors during cognitive tasks are particularly informative for
older adults. Error patterns–including increased frequency of errors
and difficulty detecting and correcting errors–are established mark-
ers of cognitive decline and can help distinguish healthy aging from
early impairment [1, 5]. Specifically, age-related declines in atten-
tion and executive function reduce the ability tomonitor and correct
one’s own errors, a capacity known as error monitoring [13, 35]. De-
spite the importance of tracking errors, most traditional cognitive
assessments focus entirely on final outcomes (summative scores
or task completion time) and discard the process-level information
embedded in how errors unfold.

Older adults may have specific preferences regarding how cog-
nitive performance is tracked. Designing for older adults requires
attending to both the technical validity of measures and to the
acceptability and perceived utility of the tool in everyday life [22].
Given these considerations–the importance of error monitoring
in aging, the access barriers posed by traditional assessments, and
the importance of acceptability–we focus on older adults as the
primary population for Crossroads.

4 The Crossroads System
Crossroads is aweb-based tool for fine-finger tracking on touchscreen-
based devices to assess cognitive performance. Crossroads is self-
administered, designed to take a few minutes, and provides quanti-
tative details about errors and multiple measures from the overall
trajectory. Crossroads’ design derives from the traditional Trail
Making Test (TMT) [7]. We chose Trail Making Test as the base
task for Crossroads because TMT is a key part of many cognitive
assessments [16, 24, 50]; and scores on TMT discriminate between
differing cognitive performance [42].

4.1 Task design
Crossroads comprises two tasks: 1) themain task where the goal for
the user is to reach the final dot while alternating between numbers
and letters (Figure 3, Step 2); and 2) a swiping task where the user
swipes their finger on the screen for 10 seconds as quickly as possi-
ble (Figure 3, Step 3). Crossroads tracks the trajectory and time for
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Figure 3: Crossroads is a web-based touchscreen task that assesses cognitive performance without the need for expert adminis-
tration. 1) Crossroads provides instructions to perform the task, 2) The main task is repeated eight times to measure cognitive
performance, 3) The swiping task is used to calculate user’s maximum swiping speed under minimal cognitive load.

each finger movement. In Crossroads, a drag means pressing and
moving a finger across the screen. Users drag the primary finger of
their dominant arm between dots on the screen.

4.1.1 Main Task. The main task comprises a directed finger drag-
ging task. The user alternatively drags their finger to a dot labeled
with a number and then a dot labeled with a letter. The numbers and
letters are organized in ascending order. The user needs to reach
the final dot without lifting their finger. The main task is organized
as eight blocks. Each drag (number-to-letter or letter-to-number)
is considered to be a single trial. Each block consists of 10 trials
(1-A-2-B-3-C-4-D-5-E-6) (Figure 3, Step 2).

Crossroads first displays instructions about the task. Instructions
include the order in which the dots should be connected, a warning

against lifting their finger during the task, and the need to complete
the task correctly and quickly (Figure 3, Step 1).

The task starts with 3 dots labeled ‘1’, ‘A’, and ‘2’ (Figure 4a).
Users drag their primary finger from the dot labeled ‘1’ to the dot
labeled ‘A’ (Figure 4b). When users enter the dot labeled ‘A,’ the
dots labeled ‘1’ and ‘2’ disappear, and new dots labeled ‘2’ and ‘B’
appear in different positions (Figure 4c). Users then need to drag
their finger from ‘A’ to ‘2’ (Figure 4d). The alternating sequence
goes on till the user reaches the dot labeled ‘6’. After completing a
block (a sequence of 10 trials from 1 to 6), the user proceeds to the
next block, or to the swiping task if all eight blocks are completed.

The position of the dots for a block is identical across all blocks
and across all users. Identical positions enables easier comparisons
between participants and between blocks without needing to ac-
count for varying distances between the dots. Each dot has a fixed

Figure 4: During the main task, Crossroads displays three dots labeled with numbers or letters. Users need to drag their fingers
from one dot to another while alternating between numbers and letters in ascending order. Users are asked to restart from the
previous dot if they lift their finger or touch an incorrect dot.
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diameter of 80 pixels. Crossroads uses relative positions to ensure
that dots are identical across devices. The actual position of the
dots scale in relation to the width and height of the device’s screen.
Details about the relative position of dots is provided in the supple-
mentary document. Crossroads shows an error message when the
finger is lifted or if the user touches the incorrect dot (Figure 4e). A
trial restarts (i.e., goes back to the previous dot) after an error.

4.1.2 Swiping Task. The user is instructed to swipe their primary
finger on a blank screen as fast as possible for ten seconds (Fig-
ure 3, Step 3). No goal or direction is provided to the user for this
rapid, swiping movement. The data from the swiping task is used
to estimate each user’s maximum speed when there is minimal
cognitive load. The maximum speed (during swiping) is then used
to normalize speed values during data analysis. Normalizing speed
values helps Crossroads reduce the effects of individual-level motor
performance during the main task.

4.2 Episodic measures
We define episodic measures as measures that are recorded for
specific events that happen infrequently during finger movement.
Specifically, Crossroads generates episodic measures for errors and
pauses. In Crossroads, errors are categorized as mistakes and slips.
Mistakes occur when a user touches the incorrect dot (Figure 5a).
For example, a mistake occurs when the user drags their finger from
the dot labeled ‘1’ to ‘2’ instead of ‘A’. Slips occur when a user initi-
ates movement towards an incorrect dot but changes direction to
reach the correct dot (Figure 5a). For each block, episodic measures
include: 1) number of mistakes, 2) number of slips, 3) slip duration,
4) slip detection time, 5) slip correction time, 6) slip initiation time,
7) confidence gain, 8) number of pauses, and 9) pause duration.

4.2.1 Computing slips and pauses. Slips are calculated using two
angular measures - angle with the correct dot and angle with the
incorrect dot (Figure 6). Consider the case where P2 is the current
position on the trajectory, P1 is the previous position on the tra-
jectory, C is the center of the correct dot, and I is the center of
the incorrect dot. The angle between the lines P2-P1 and P1-I is
the angle with the incorrect dot and the angle between the lines
P2-P1 and P1-C is the angle with the correct dot. The user moves in
the incorrect direction when the angle with the incorrect dot is less
than the angle with the correct dot. Similarly, the user moves in the
correct direction when the angle with the incorrect dot exceeds the
angle with the correct dot. For each infinitesimal movement the user
makes (tracked by the touchscreen), Crossroads calculates if the
user is moving in the correct direction or not. A slip occurs when
the user moving in the incorrect direction begins to move in the cor-
rect direction. Crossroads assumes that a user moves towards either
the correct or incorrect dot and not in another random direction.

Similar to prior work, a pause occurs when the speed is 0 pix-
els/second for over 100 milliseconds during a block [37]. Crossroads
measures the number of pauses and the duration of each pause.
For the duration of pauses, we compute the minimum, maximum,
mean, and median values.

4.2.2 Computing a slip profile. A slip has three segments: initiation,
detection and correction (Figure 5b). The initiation segment starts
at the beginning of the trial and ends at the point where the speed
starts decreasing. The detection segment starts at the point where
the speed starts decreasing and ends at the point where the speed
reaches the minimum. The correction segment starts at the point of
minimum speed and continues until the speed reaches a maximum.

Initiation time (in sec.) is the time taken to the point when the
speed starts decreasing from the start of the trial (Figure 5b-(3)).

(a) (b)

Figure 5: Crossroads generates episodic measures for errors that include mistakes (1) and slips (2). A mistake occurs when the
user drags their finger onto an incorrect dot. A slip occurs when the user moves their finger towards the incorrect dot and then
changes direction to reach the correct dot. By analyzing changes in speed, Crossroads tracks different stages of error processing,
like slip initiation time (3), slip detection time (4), slip correction time (5), slip duration (6), and confidence gain (7) (Inspired by
Figure 4 [37]).
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Figure 6: Slips are identified using two angular measures: 1) angle with the incorrect dot, which is the angle between P2, P1 and
I, and 2) angle with the correct dot, which is the angle between P2, P1 and C. A user is moving in the incorrect direction when
the angle with the correct dot is greater than the angle with the incorrect dot. Slips occur when a user moving in the incorrect
direction starts moving in the correct direction

Initiation time estimates the duration when the user was moving
in the incorrect direction.

Detection time (in sec.) is the time taken from the maximum
speed before a slip to the minimum speed during a slip (Figure 5b-
(4)). Detection time estimates how long it takes for a user to start
correcting themselves after likely detecting the slip.

Correction time (in sec.) is the time taken to go from theminimum
speed during a slip to the maximum speed after a slip (Figure 5b-(5)).
Correction time estimates how long it takes for a user to correct
themselves after they detected the slip.

Slip duration (in sec.) is the sum of initiation time, detection time
and correction time (Figure 5b-(6)).

Confidence gain represents the difference between the maximum
speed before and after a slip (Figure 5b-(7)). Decrease and increase
in speeds have been empirically shown to correlate with a user’s
confidence in their movement [18]. Since different users can have
different finger movement speeds, Crossroads normalizes the speed
difference for each user by dividing it by the user’s maximum speed
during the swiping task.

𝐶𝑜𝑛𝑓 𝑖𝑑𝑒𝑛𝑐𝑒 𝑔𝑎𝑖𝑛 =
𝑚𝑎𝑥 𝑠𝑝𝑒𝑒𝑑 𝑎𝑓 𝑡𝑒𝑟 𝑠𝑙𝑖𝑝 −𝑚𝑎𝑥 𝑠𝑝𝑒𝑒𝑑 𝑏𝑒 𝑓 𝑜𝑟𝑒 𝑠𝑙𝑖𝑝

𝑚𝑎𝑥 𝑠𝑝𝑒𝑒𝑑 𝑓 𝑟𝑜𝑚 𝑠𝑤𝑖𝑝𝑖𝑛𝑔

4.3 Continuous measures
Continuousmeasures are calculated from the finger trajectorywhen
the user’s finger is in contact with the screen. Continuous measures
are used to track the overall performance of a user on the task.
Crossroads measures the following continuous measures for each
trial: 1) time, 2) speed, 3) acceleration, and 4) jerk. For all continuous

measures, we compute the minimum, maximum, mean, and median
values.

5 Study
A user study tested the feasibility of Crossroads’ design (task, user
flow, and measures) to assess cognitive performance with a focus
on characterizing errors. Concretely, the study was designed to
answer questions in four themes:

(1) Reliability of measures: Do some measures demonstrate high
test-retest reliability across the blocks? Which ones?

(2) Validity of measures: Do some measures demonstrate a high
correlation with scores on the Montreal Cognitive Assess-
ment? Which ones?

(3) Value of errors: What insights do error-based measures–like
initiation time, detection time and correction time–provide?

(4) Acceptability of the tool: What did participants think of the
Crossroads task and the Montreal Cognitive Assessment?

5.1 Methods
5.1.1 Participants. We collected data from two participant cohorts.
We recruited older adults (aged 65+) participants. Older adults typi-
cally exhibit a broader range of cognitive performance than younger
adults, allowing us to validate Crossroads across a wide range of
cognitive scores. We excluded potential participants who reported
any motor or vision impairments since the study involved the use of
a touchscreen device. One participant’s finger kept lifting from the
screen due to a subtle tremor unobservable to the unaided eye; they
were excluded from the data analysis since they could not perform
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ID Age group Gender Education Race or Ethnicity MoCA score (0 to 30)
O1 75 - 80 Male Master’s degree or higher education White 25
O2 85 - 90 Female Master’s degree or higher education White 20
O3 80 - 85 Female Master’s degree or higher education White 22
O4 85 - 90 Female Master’s degree or higher education White 20
O5 80 - 85 Female Master’s degree or higher education White 28
O6 85 - 90 Male Master’s degree or higher education White 27
O7 70 - 75 Female Master’s degree or higher education White 27
O8 75 - 80 Male Master’s degree or higher education White 29
O9 80 - 85 Female Master’s degree or higher education White 25
O10 80 - 85 Male Master’s degree or higher education White 25
O11 65 - 70 Male Master’s degree or higher education White 24
O12 70 - 75 Female High school graduate White 26
Y1 25 - 30 Female Master’s degree or higher education Asian, Asian American 27
Y2 18 - 25 Male Bachelor’s degree Asian, Asian American 26
Y3 18 - 25 Male High school graduate White 30
Y4 18 - 25 Male Bachelor’s degree Asian, Asian American 29
Y5 18 - 25 Female Master’s degree or higher education Asian, Asian American 28
Y6 18 - 25 Male High school graduate White 28
Y7 18 - 25 Female Master’s degree or higher education Asian, Asian American 28
Y8 18 - 25 Male Bachelor’s degree White 29
Y9 25 - 30 Male Bachelor’s degree White 28
Y10 25 - 30 Female Master’s degree or higher education Asian, Asian American 27
Y11 18 - 25 Male High school graduate Hispanic/Latino/a/Latinx 30
Y12 18 - 25 Female Associate degree Asian, Asian American 30
Y13 25 - 30 Male Associate degree White 26
Y14 25 - 30 Female Associate degree Mixed 28
Y15 18 - 25 Male High school graduate Asian, Asian American 26

Table 1: Participants O1 to O12 are older adults and Y1 to Y15 are younger adults. Older adults had MoCA scores ranging from
20 to 29 and younger adults had MoCA scores ranging from 26 to 30.

the task. 12 individuals participated in the study (Table 1): 1 was
aged 65-70, 2 were aged 70-75, 2 were aged 75-80, 4 were aged 80-85,
and 3 were aged 85-90 years old. The cohort included 7 females and
5 males. All participants identified as White. 11 participants had a
master’s or higher education degree and 1 participant had a high
school degree. Each participant received a $20 Amazon gift card for
participating in the study. The older adult participants had MoCA
scores ranging from 20 to 29 (on a scale of 0 to 30).

Age-related cognitive decline is well studied–older adults show
reduced processing speed, error monitoring, and executive func-
tion compared to younger adults [15]. Testing Crossroads with
younger adults helps us better interpret slip profiles and further
validate Crossroads’ task and measure design. To test Crossroads
with younger adults, we recruited students or staff members over
the age of 18 at an educational institution (Table 1). 15 individuals
participated: 10 were aged 18–25 and 5 were aged 25–30. The cohort
included 6 females and 9 males. 8 participants identified as Asian
or Asian American, 5 as White, 1 as Hispanic/Latino/a/Latinx, and
1 as belonging to more than one racial or ethnic group. 3 partic-
ipants had an associate degree, 4 had a bachelor’s degree, 4 had
a high school degree, and 4 had a master’s or higher education
degree. None of the participants reported any cognitive or motor

impairments. Each participant received a $20 Amazon gift card for
participating in the study.

5.1.2 Material. MoCA Duo–a digital version of the Montreal Cog-
nitive Assessment (MoCA)–was used to generate a summative score
on MoCA for each participant [4]. Participants used Crossroads
on a 10.9 inch iPad (10th generation) provided by the research
team; continuous measures were computed at an average sampling
frequency of 41Hz.

5.1.3 Procedure. The study was conducted in a quiet room at a
retirement center (for older adults) and at a university (for younger
adults). Participants completed five steps during the study: 1) pro-
vided consent to participate and be video recorded, 2) completed a
digital version of the Montreal Cognitive Assessment (MoCA) on
the iPad, 3) used Crossroads (main task across eight blocks and a
swiping task), 4) took part in a short interview, and 5) filled a survey.
We counterbalanced task order across steps 2 and 3: even-numbered
participants completed MoCA first; odd-numbered participants
completed Crossroads first. All other steps remained the same for
all participants. Both cohorts (older and younger adults) followed
an identical study protocol. When using Crossroads, the written
instructions (Figure 3 Step 1) were shown to the participant. There
was no dedicated training step when using Crossroads. Instead, the
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first block was treated as training and excluded from analysis. The
survey and interview focused on participant experience, contextual
information that might affect their performance (e.g., the amount
of sleep, or caffeine) and demographic information (e.g., their age
and education level). The interview with older adult participants
contained additional questions about their current ways of tracking
cognitive performance. Each participant session was videotaped for
future analysis. The study received approval from the Institutional
Review Board (IRB) of the authors’ institution.

5.1.4 Data Analysis. We analyzed data from older and younger
adults separately. The older adult cohort included a wide range of
cognitive performance (MoCA scores 20–29), while the younger
adult cohort (age 18–30) received MoCA scores ≥ 26. Due to the dif-
ference in the spread of MoCA scores, we report separate analyses
for each age group, then present between-cohort comparisons.

Reliability: Similar to prior work [37], we computed the In-
traclass Correlation Coefficient, or ICC (single rating, absolute-
agreement, 2-way mixed-effects model) to quantify the reliability
of the different measures captured by Crossroads within each co-
hort [3, 30]. We computed the reliability using ICC in three ways:
for one block at a time, median of two blocks at a time, and median
of three blocks at a time. The first block was tagged as a training
block and excluded during all three ICC calculations. The last block
(8th block) was excluded from data analysis when calculating ICC
for the median of two blocks and the median of three blocks. We
interpreted ICC using commonly-accepted thresholds [30]: 1) below
0.50: poor; 2) between 0.50 and 0.75: moderate; 3) between 0.75 and
0.90: good; 4) above 0.90: excellent.

Validity: Pearson correlation was computed between all mea-
sures and scores on the Montreal Cognitive Assessment within
each age group. We interpreted correlation values using commonly-
accepted thresholds [44]: 1) below 0.10: negligible; 2) between 0.1
and 0.39: weak; 3) between 0.4 and 0.69: moderate; 4) between 0.7
and 0.89: strong; and 5) above 0.9: very strong.

Slip profiles: Slip profiles were created as plots of speed vs.
time during a slip. These plots aided both visual inspection and
subsequent data analysis to understand slips made by each partici-
pant. Kruskal-Wallis test was used to assess how slip features–like
initiation time, detection time, etc. (Figure 5b)–differed among par-
ticipants grouped by the Montreal Cognitive Assessment scores.

For between-cohort comparisons, multiple Kruskal–Wallis tests
were used to assess differences in slip features among participants
grouped by age and MoCA score. Comparisons were made between
three groups (younger adults, older adults with MoCA ≥ 26, and
older adults with MoCA < 26). Dunn’s post hoc tests were then
applied to identify which specific group differences contributed
to any significant overall effects, with Bonferroni correction to
account for multiple comparisons.

We analyzed participant interviews using reflective thematic
analysis to assess participants’ experiences using Crossroads and
MoCA [8].

6 Results
Overall, Crossroads provides a rich understanding of slips and
associated cognitive performance. Crossroads produces reliable
measures that also correlate well with scores from the Montreal

Cognitive Assessment. Using Crossroads took a median time of 2
mins 19 sec (min: 1 min 28 sec, max: 6 mins 29 sec) for older adults.
The Montreal Cognitive Assessment took a median time of 11 mins
07 sec (min: 9 mins 05 sec, max: 14 mins 01 sec).

6.1 Do some Crossroads measures demonstrate
high test-retest reliability across the blocks?
Which ones?

6.1.1 Which continuous measures demonstrate reliability in older
adults? When calculated one block at a time, one measure showed
good reliability (0.90 > ICC > 0.75): median time taken (0.80) (Ta-
ble 2).

When the median of two blocks was used, seven measures
showed good reliability: minimum speed (0.78), median speed (0.76),
median time taken (0.84), mean time taken (0.83), minimum time
taken (0.77), number of pauses (0.80), and mean pause duration
(0.75) (Table 2).

When themedian of three blockswas used, fivemeasures showed
excellent reliability: mean time taken (0.96), median time taken
(0.91), maximum time taken (0.95), mean speed (0.94), and mean
acceleration (0.91). Eight other measures showed good reliability:
median speed (0.78), maximum speed (0.78), minimum acceleration
(0.89), maximum acceleration (0.85), median acceleration (0.80),
number of pauses (0.88), mean pause duration (0.89), and median
pause duration (0.81) (Table 2).

6.1.2 Do some measures demonstrate reliability in both older adults
and younger adults? When calculated one block at a time, median
time taken showed good reliability in both older and younger adults
(Table 2).

When the median of two blocks was used, five measures showed
good reliability in both older and younger adults: median time taken,
minimum speed, median speed, mean time taken, and number of
pauses (Table 2).

When the median of three blocks was used, nine measures
showed good-to-excellent reliability in both older and younger
adults: mean speed, maximum speed, mean time taken, median
time taken, maximum time taken, median speed, mean acceleration,
median acceleration, and minimum acceleration (Table 2).

6.2 Do some measures demonstrate a high
correlation with scores on the Montreal
Cognitive Assessment? Which ones?

Two measures are strongly correlated with MoCA scores (between
0.7 and 0.89) in older adults: median time taken (r=-0.72, p=0.008)
and number of pauses (r=-0.72, p=0.008) (Figure 7). Four other
measures are moderately correlated with MoCA scores (between
0.4 and 0.69) in older adults. These measures are mean time taken
(r=-0.56, p=0.05), minimum time taken (r=-0.52, p=0.07), median
pause duration (r=-0.54, p=0.06), and number of mistakes (r=-0.49,
p=0.10) (Table 2).

6.3 What insights do episodic measures
provide?

6.3.1 How do slip profiles differ across MoCA scores in older adults?
A Kruskal-Wallis test indicated that there was significant difference



ASSETS ’26, October 25–28, 2026, Vila Nova de Gaia, Portugal Sujit Kumar Kamaraj and Vineet Pandey

Older adults Younger adults
Measure 1 at a time 2 at a time 3 at a time Correlation 1 at a time 2 at a time 3 at a time Correlation
Time
Minimum time taken 0.67 0.77 0.74 -0.52 0.63 0.76 0.59 -0.22
Median time taken 0.80 0.84 0.91 -0.72 0.86 0.90 0.90 -0.38
Mean time taken 0.66 0.83 0.96 -0.56 0.83 0.88 0.84 -0.42
Maximum time taken 0.40 0.68 0.95 -0.30 0.72 0.75 0.78 -0.56
Speed
Minimum speed 0.30 0.78 0.61 0.00 0.77 0.85 0.75 0.00
Median speed 0.61 0.76 0.78 -0.16 0.82 0.84 0.80 0.68
Mean speed 0.49 0.71 0.94 -0.05 0.90 0.93 0.92 0.64
Maximum speed 0.00 0.00 0.78 0.06 0.71 0.88 0.95 -0.09
Acceleration
Minimum acceleration 0.00 0.00 0.89 0.14 0.21 0.48 0.78 -0.19
Median acceleration 0.00 0.02 0.80 0.00 0.33 0.57 0.77 0.44
Mean acceleration 0.00 0.00 0.91 0.18 0.40 0.59 0.77 -0.19
Maximum acceleration 0.00 0.00 0.85 -0.26 0.03 0.09 0.68 -0.10
Jerk
Minimum jerk 0.00 0.00 0.48 -0.21 0.04 0.10 0.76 -0.10
Median jerk 0.42 0.63 0.53 0.29 0.47 0.59 0.68 0.41
Mean jerk 0.00 0.00 0.10 0.19 0.01 0.01 0.00 -0.19
Maximum jerk 0.00 0.00 0.23 0.04 0.01 0.02 0.69 -0.10
Pause
Number of pauses 0.57 0.80 0.88 -0.72 0.74 0.78 0.72 -0.33
Mean pause duration 0.52 0.75 0.89 -0.32 0.39 0.66 0.73 -0.11
Median pause duration 0.42 0.72 0.81 -0.54 0.44 0.70 0.60 -0.32
Maximum pause duration 0.30 0.60 0.81 -0.10 0.35 0.64 0.73 -0.33
Error
Number of errors 0.31 0.39 0.32 -0.32 0.85 0.91 0.92 -0.02
Number of slips 0.33 0.65 0.42 0.02 0.85 0.91 0.92 0.00
Number of mistakes 0.19 0.23 0.40 -0.49 0.15 0.32 0.11 -0.33

Table 2: Reliability and correlation scores for all measures. ICC scores were calculated for three different groups - "1 at a time",
"2 at a time", and "3 at a time". For ICC values, a light green background represents good reliability and a dark green background
represents excellent reliability. For correlation values, dark green backgrounds represent values that have p value greater than
0.05.

in slip-related features across older adults with different MoCA
scores: initiation time (𝜒2(6, N=10) = 17.12, p = 0.008). No slip-
related measure shows significant correlation with MoCA scores.

6.3.2 How do slips and mistakes differ between older and younger
adults? Participants were grouped by age and MoCA scores to form
three groups: older adults with MoCA score < 26, older adults with
MoCA score≥ 26, and younger adults withMoCA score≥ 26 (MoCA
score = 26 is the standard threshold to differentiate between normal
and mild cognitive impairment).

Older adults make fewer errors (median = 7 and 6 forMoCA score
< 26 and ≥ 26) than younger adults (median = 11). A Kruskal–Wallis

test indicated there was a significant difference in slip-related fea-
tures across the three groups: slip initiation time (𝜒2(3, N=23) =
38.46, p < 0.001), slip detection time (𝜒2(3, N=23) = 20.18, p < 0.001),
slip correction time (𝜒2(3, N=23) = 58.45, p < 0.001), slip duration
(𝜒2(3, N=23) = 103.23, p < 0.001), confidence gain (𝜒2(3, N=23) =
29.29, p < 0.001), and median speed during slip (𝜒2(3, N=23) = 16.92,
p < 0.001).

Post-hoc comparison using Dunn’s method with a Bonferroni
correction for multiple tests indicated that younger adults and
older adults with MoCA ≥ 26 differ due to all six features (Table 3);
younger adults and older adults with MoCA < 26 differ due to five

Younger vs Older (MoCA ≥ 26) Younger vs Older (MoCA < 26) Older (MoCA < 26 vs ≥ 26)
Feature 𝑧 𝑝 𝑝adj 𝑧 𝑝 𝑝adj 𝑧 𝑝 𝑝adj
Initiation time 4.60 <.001 <.001 4.65 <.001 <.001 0.19 .847 1.00
Detection time 3.21 .001 .004 3.48 <.001 .001 0.31 .754 1.00
Correction time 5.02 <.001 <.001 6.30 <.001 <.001 1.15 .249 .748
Slip duration 7.56 <.001 <.001 7.59 <.001 <.001 0.28 .779 1.00
Confidence gain 3.90 <.001 <.001 4.16 <.001 <.001 0.32 0.741 1.00
Median speed during slip -3.76 <.001 <.001 -2.09 .036 .109 1.15 .250 .751

Table 3: Dunn’s post hoc tests (Bonferroni-corrected) for pairwise group comparisons. All older adults and younger differ due
to time-based features while older adults (MoCA < 26 vs ≥ 26) do not differ due to any features.
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Figure 7: Median time taken and number of pauses shows a strong negative correlation to scores on the Montreal Cognitive
Assessment

features; and older adults with MoCA <26 and older adults with
MoCA >=26 do not differ significantly due to any feature. Figure 8
plots how slips differ across the three groups.

Although slip profiles do not show a significant linear correla-
tion with MoCA scores, the significant group-level difference in
initiation time suggests a useful behavioral pattern: participants
with lower MoCA scores tend to spend more time moving in the
incorrect direction before initiating a correction. Such distinction–a
process-level insight into how an error unfolds–is not observable
through summative measures alone, which only track that an error
occurred, not how it developed over time.

6.4 Acceptability of Crossroads and Montreal
Cognitive Assessment

We summarize the acceptability of Crossroads and the Montreal
Cognitive Assessment based on interview and video analysis. Older
adults took a median of 34 mins (min: 25 mins, max: 51 mins) to
complete the study. Younger adults took a median of 27 mins (min:
19 mins, max: 39 mins) to complete the study. Older adults took a
median of 2 mins 19 sec (min: 1 min 28 sec, max: 6 mins 29 sec) to
perform eight blocks of the dragging task on Crossroads. Younger
adults took a median of 1 min 22 sec (min: 56 sec, max: 2 mins 57 sec)
to perform eight blocks of the dragging task on Crossroads. Welch’s
t-test shows a difference in study duration (t=-2.60, p=0.01) and
Crossroads use time (t=-2.82,p=0.01) between older and younger
adults.

Older adults took a median of 11 mins 07 sec (min: 9 mins 05 sec,
max: 14 mins 01 sec) to complete all 12 sub-tasks of the Montreal
Cognitive Assessment. One of the sub-tasks in MoCA is a version of
the Trail Making Test where participants need to alternate between
numbers and letters from 1 to E. Participants perform the task once
(equivalent to one block of Crossroads). Older adults took a median
of 25.5 sec (min: 14 sec, max: 42 sec) to perform the Trail Making
Test in MoCA. The total time taken moderately correlated with

MoCA scores for two measures: the total time taken to complete
Crossroads (r=-0.60, p=0.037) and the total time taken to complete
MoCA (r=-0.59, p=0.042) (Figure 9) 2. All older adults reported using
smartphones every day. Four older adults use tablets multiple times
a day and one older adult uses tablets a few times a week.

All participants used Crossroads without any additional instruc-
tions or research team’s assistance.

"It [Crossroads] was relatively simple, and the instruc-
tions were pretty straightforward." –Y14
"They [instructions] were pretty clear" –Y8

6.4.1 Views on tracking cognitive performance. Most older adult
participants reported getting their cognitive performance tracked
by clinicians once a year when they visit their healthcare provider.
Some older adult participants reported wanting to track their cog-
nitive performance more often. In particular, they were interested
in seeing how the speed and clarity of their thinking changed over
time.

Participants shared enthusiasm for cognitive assessments that
are quick, easy to complete, and provides both summative scores
and descriptive details about their cognitive performance.

"If there’s a quick and easy way to do it [track cogni-
tive performance]" –O10
"Both [summative and descriptive] because a number
can be compared from one to the next [...] So if you
can get both you get the best of both worlds." –O12

Some older adults reported a lack of enthusiasm in tracking their
cognition frequently since it did not help them identify ways to
improve their performance. They reported already being aware of
their cognitive decline and said they did not need an assessment

2Comparing the total time taken to complete Crossroads against the total time taken to
completeMoCA should be interpretedwith caution.MoCA is an assessment comprising
12 distinct sub-tasks, while Crossroads consists of a single task modeled on one MoCA
sub-task (the Trail Making Test). The difference in total completion time is not a direct
measure of relative efficiency between the two
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Figure 8: Slip profiles differ between older and younger adults but not differ between older adults withMoCA <26 and older adults
with MoCA ≥ 26. Minimum, maximum, and median slip features were used to define specific anchor points (when initiation,
detection, and correction occurred), and cubic Hermite splines were used to interpolate between them, with acceleration
controlling the curvature of the resulting profiles. The solid, black line represents the median slip profile and the dotted, gray
lines represent the minimum and maximum slip profile. A blue dotted border (...) represents the slip profile for an older adult
and a black dashed border (- - -) represents the slip profile for a younger adult. During detection and correction, most older
adults (except users with MoCA = 25) reduce their speeds close to zero and all younger adults have speeds greater than zero.
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Figure 9: Time taken to complete Crossroads andMoCAmod-
erately correlate with MoCA scores. Time taken to complete
the Trail Making Test in MoCA (one block) shows no correla-
tion with MoCA scores; 8 blocks of TMT in Crossroads shows
moderate correlation with MoCA scores.

to confirm their decline. Instead they wanted tools that told them
specifically what needs to be done to improve their cognitive per-
formance. One participant mentioned that they would like to track
their cognitive performance only after they notice decline.

"We’re getting older, we know that we’re going to lose
things [cognitive performance]. I just don’t want it
[cognitive assessment] in my face every day [...] if it
also came with some things to try [...] but not you got
a B-minus today. You’re getting dementia. No, I didn’t
want to track losses unless there’s some- oops, you
had a little error. Here’s something you could try" –O5
"Because what’s the point? I’m 84 years old, and I
don’t know of anybody who can really help me." –O3

6.4.2 Minor issues. Participants reported facing three minor issues
while using Crossroads. First, some older adults participants kept
lifting their finger off the screen due to subtle tremors. Second, some
participants reported feeling anxious due to self-expectation to do
well in the task. Third, the movement of dots on the screen after
each trial caused initial confusion for some participants. However,
participants reported that the task was fun to do after they got
used to it. We account for the initial confusion by dropping the first
block during data analysis.

"It takes a minute to figure it [Crossroads’ task de-
sign] out [...] It was challenging [...] if you’re having
problems [if someone had a cognitive impairment]
that would be really frustrating [...] but it was a good
test." –O4

6.4.3 What strategies do participants use while performing Cross-
roads? Seven older adult participants reported they prioritized ac-
curacy, two prioritized speed, and three tried to prioritize both.

"I wanted to accomplish the thing accurately and cor-
rectly. Accuracy first. If we got the wrong answer
quick, it doesn’t matter" –O1

"My main goals to finish it quickly and to get through
it" –O12

"To move quickly and not make mistakes." –O10

Participants created heuristics to complete the task. One par-
ticipant mentioned focusing only on the order of numbers (1, 2,
3, 4, etc.) and not keeping track of letters (A, B, C, D, etc.). Each
time they got to a number, they moved to the letter they see on the
screen. They did not actively keep track of which letter to move to
since only one letter shows up on the screen.

"I focused on the numbers because I knew that was
going to be where I had to go. It just seemed to make
sense just to focus on the numbers and then the letter
was just there" –O7

Similarly, another participant mentioned not keeping track of
the order of both numbers and letters. Instead, they alternated be-
tween any number or letter they saw on the screen while repeating
“number-letter-number-letter” out loud.

"Constantly repeating "letter-number-letter-number"
was very helpful. The first few times, I was very con-
scious of what I’ve got to connect next. Towards the
end, I realized I was following whatever I was hum-
ming. I was dependent on what I was humming." –Y8

7 Discussion
Our research demonstrates that fine-finger tracking on touchscreen-
based tasks yields slip profiles that offer insights into cognitive per-
formance. Slip features–like initiation time and slip duration–show
differences between older adults and younger adults. Addition-
ally, continuous measures correlate well with scores on a standard
cognitive assessment (MoCA) and demonstrate good-to-excellent
reliability. The results show that touchscreen-based tasks can offer
insights into cognitive performance with a few minutes of use. In
this section, we discuss how Crossroads-like efforts can comple-
ment traditional assessments by providing rich performance data
beyond summative scores. We explore how the design of digital
tools can meet varying assessment and research objectives.

7.1 Interactive digital tasks can complement
traditional assessments by automatically
tracking and analyzing on-task errors

Our results show that appropriately designed interactive digital
tasks can produce two outcomes that provide useful insights into
cognitive performance: 1) process-level representation of cognitive
performance and 2) reliable and valid features. Task design can
also benefit from accounting for self-developed strategies and user
preferences.
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7.1.1 Motor primitives can help inform cognitive assessments. Tra-
ditional cognitive assessments largely overlook how errors un-
fold during task performance, including how they are initiated,
detected, and corrected. Prior movement-based cognitive assess-
ment tracks measures like pauses, lifts, and time in a digital Trails
Making Test [20]. Crossroads builds on this by decomposing an
error into phases (initiation, detection, correction), which reveals
how errors unfold. Crossroads provides a representation of cog-
nitive performance (slip profiles) which can be decomposed into
highly interpretable features that are computed easily from finger
trajectories. Our approach draws parallels to motor assessments
that analyze movement primitives such as speed, acceleration, and
pauses. MacKenzie’s seminal pointing work and Hevelius are de-
signed to track motor performance [32, 37]. MacKenzie’s work
measures pointing performance as a combined function of speed
and accuracy normalized for target size and distance [32]. Hevelius
applies Fitts’ law to dynamically adjust target size and distance
to maintain task difficulty for varying motor abilities [37]. Similar
to such assessments, Crossroads tracks motor primitives but it ad-
ditionally embeds such tracking within a cognitively demanding
task of choosing which target to move towards (number/letter).
Making this decision for each trial provides the cognitive load
while the tool tracks movement features via fine-finger movement.
This cognitive load provides the necessary context to interpret
movement features (like speed and time) as behavioral outcomes
of underlying cognitive processes. Prior work has demonstrated
that movement features can be used to infer higher-level cogni-
tive processes–like real-time decision-making, change in mind, and
change in confidence–through continuous input signals such as
cursor or finger trajectories [18, 23]. Our work complements prior
work by providing an easy to access and use tool that focuses on
tracking errors. Unlike prior movement-based tools, Crossroads
currently does not normalize for target size and distance; a Fitts’
law-based approach might benefit Crossroads’ design in the future.

7.1.2 Process-level representation of cognitive performance is useful.
To our knowledge, Crossroads is the first approach in HCI literature
to use an interactive task design that leverages motor primitives to
construct a process-level representation of cognitive performance.
Prior work–like digital versions of the Trail Making Test [20], dig-
ital Whack-a-Mole [48], and Drunk User Interface [34]–provides
summative scores to track cognitive performance. Our results show
that process-level features derived during slips–like slip initiation
time and slip duration–can vary across participants with different
cognitive scores. For example, we observed a significant difference
in initiation time across MoCA groups in older adults: participants
with lower MoCA scores spent more time moving in the incor-
rect direction before correcting. This pattern is a marker of error
processing that summative measures–which only register that an
error occurred–cannot surface. Unlike measures–such as total time
taken or median speed–that are aggregated over the entire task,
process-level representation of cognitive performance–like slip
features–isolates some error dynamics, tracking how participants
detect and recover from incorrect actions in real time. Prior HCI
and experimental psychology work–like Drunk User Interface [34]
and Track it to Crack it [18]–has shown that user input patterns
can enable inference of cognitive states. Similarly, our findings of

slip profiles provide a window into error monitoring processes that
are not observable in traditional assessments.

7.1.3 Reliable and valid features help understand how tasks are exe-
cuted. Some low-level features are both reliable and strongly cor-
related with MoCA scores for older adults. In particular, measures
like median time taken and number of pauses demonstrate high
test–retest reliability and strong negative correlations with MoCA
scores, indicating that participants with lower cognitive scores take
longer and pause more frequently during task execution. These
features provide additional detail into how cognitive performance
impacts how people perform the same task. Prior work shows sim-
ilar results: people with early symptoms of cognitive decline use
pauses as compensatory mechanisms [40]. An increased number of
pauses may reflect several underlying processes, including uncer-
tainty during target selection [31] or intermittent planning [19, 23].
Pauses might also be used to avoid errors by slowing down decision-
making. Our current analysis does not distinguish between these
competing explanations. However, the structure of the task pro-
vides opportunities to potentially disambiguate these interpreta-
tions in future work. For instance, pauses that consistently occur
near decision points (e.g., before transitions between targets) may
reflect deliberation, whereas pauses distributed randomly along
trajectories may indicate motor interruptions, uncertainty, or even
distraction. Combining pause duration with spatial and trajectory-
based features could help separate these possibilities. Participants
vary in how they transition between decisions; future versions of
cognitive assessment tools can offer a more fine-grained view of
such performance.

7.1.4 Views on tracking cognitive performance and self-developed
strategies can inform task design. Crossroads’ acceptability by par-
ticipants points to a broader design direction for self-administered
cognitive assessment tools: useful assessments need not necessar-
ily include long expert-administered sessions. Participants in our
study completed the task in under three minutes without assistance,
suggesting that lightweight, instruction-minimal interactions can
support independent use while lowering access barriers. Partici-
pants’ views on cognitive tracking were varied. Some valued quick
checks with digital assessments to monitor changes over time; oth-
ers were more resistant to frequent tracking unless it provided
actionable insight. For tool designers, the varied response suggests
that acceptability might be tightly coupled to perceived utility: tools
must be fast, easy to use, and frame results in ways that support
longitudinal reflection or intervention (depending on user prefer-
ence), rather than solely reporting results (which might point to
cognitive decline among older adults).

The design of digital assessments needs to account for partici-
pants’ own heuristics to perform the task: users do not passively
follow task instructions and instead actively optimize their behavior.
Strategies such as focusing only on numbers or rhythmically alter-
nating “number–letter” might reduce cognitive load while preserv-
ing task completion. Such adaptations may improve usability for a
participant but they can also potentially mask certain impairments–
an issue that likely extends to traditional assessments as well. Future
tools should either account for different participant strategies or
explicitly design tasks that are robust to such strategies.
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Self-developed strategies also raise a construct validity concern:
if participants adopt compensatory heuristics that reduce cognitive
load without the tool detecting it, measures like slip features or
completion timemay reflect a participant’s strategy alongwith their
underlying cognitive performance, potentially masking impairment
rather than revealing it. The threat is not unique to Crossroads–
traditional cognitive assessments face similar struggles with un-
detected compensatory strategies. In MoCA’s word-recall task, for
instance, participants may silently repeat the list of words to them-
selves throughout the assessment, a strategy that is not tracked
or controlled for despite likely affecting recall accuracy. Similarly,
in TMT, participants may verbalize pairs out loud (e.g., "1, A, 2,
B...") to reduce working-memory demand, a behavior that is not
typically recorded during standard administration. Future work on
Crossroads could explicitly track and control for such strategies, for
example by asking a subset of participants to perform the task with
and without a specified strategy (e.g., verbalizing sequences) to
directly measure its effect on performance and error features. Such
an approach would help disentangle strategy-driven performance
from underlying cognitive processing, and would strengthen the
construct validity of process-level measures like slip profiles.

7.2 Changes to digital tools’ design can improve
their use across different demographics and
longitudinal deployment

Our efforts suggest that digital tools can be designed to meet the
needs and requirements of groups like older adults.

7.2.1 Decline in motor performance can affect the quality of data
collected. Digital assessment tools for older adults need to account
for subtle decline in motor performance that comes with age. Older
adults might have reduced overall task speed due to slower fin-
ger movements. Without accounting for motor decline, cognitive
assessments risk confounding cognitive assessments with motor
performance limitations. Calibration-based approaches that estab-
lish individual baselines before interpreting behavioral signals have
been widely used in mobile computing systems. For example, Spiro-
Call calibrates raw sensor data against ground-truth measurements
to account for user and device variability [25]. Similarly, including
motor-only baseline tasks can isolate motor performance with min-
imal cognitive load. For instance, the swiping task in Crossroads
estimates a user’s maximum movement speed by providing mini-
mal constraints and cognitive load, effectively providing a proxy
for motor-dominant performance. Measurements from such motor-
dominant tasks (such as maximum swiping speed) can be used to
normalize cognitive performance metrics.

We faced one instance where a participant (O13) could not com-
plete the Crossroads task because they kept lifting their fingers off
the screen due to a subtle tremor which was unobservable to the
naked eye. This is an important accessibility gap: Crossroads’ cur-
rent reliance on uninterrupted finger contact means that individuals
with tremor or similar involuntary motor variability–a population
that overlaps substantially with older adults, our target user group–
may be unable to complete the task at all. The current version of
Crossroads shows an error message even when the finger is lifted

briefly, treating every lift as equivalent regardless of its cause. Dur-
ing the interview, the participant also reported that they do not
often use touchscreen devices, suggesting that unfamiliarity with
touchscreens may compound the issue for some older adults. Since
tools like Crossroads build on motor primitives, they might benefit
from a quick on-boarding task to screen for subtle tremors and
assess a user’s general ability to interact with touchscreens, so that
the tool can adapt or flag unreliable data rather than silently failing.
In-task approaches can also help: digital assessments can benefit
from distinguishing between subtle tremors and actual finger lifts
by waiting for a specific duration before showing an error.

7.2.2 Older adults with severe impairments can benefit from simpler
task design. For older adults with severe cognitive impairment, task
complexity becomes a primary barrier to usability. The alternating
structure of the Trail Making Test Part B (1-A-2-B-3-C...), which
requires switching between letters and numbers, can place signifi-
cant demands on executive function and working memory for some
people [1]. As impairment increases, the complexity may lead to
disengagement, frustration, or unusable data. A practical design
adjustment is to shift toward simpler task variants–such as Trail
Making Test Part A–that remove the alternation requirement and
focus on sequential processing (1-2-3-4-5...). The reduced cognitive
load can make the task more accessible while still enabling useful
measurement through features like pauses, errors, and movement
trajectories.

Tasks that are too simple risk suffering from ceiling effects, re-
ducing sensitivity to mild impairment. Such ceiling effects might
itself be a sign of a learning effect–improvements in performance
due to repeated exposure rather than a change in cognition [2]. To
minimize such learning effects, varying the task design within and
between sessions can prevent improvements driven by repetition.
Two strategies include randomizing dot positions across blocks and
introducing multiple incorrect options instead of a single incor-
rect dot. Prior work, such as Hevelius at Home, has successfully
applied Fitts’ law to dynamically adjust target size and distance,
maintaining task difficulty over repeated sessions [37]. Additionally,
learning effects themselves may not be entirely unfavorable when
interpreted appropriately. The ability to learn and adapt to new
tasks reflects important aspects of cognitive functioning and can
serve as a valuable indicator of cognitive performance [21].

7.3 Limitations and future work
Crossroads’ current limitations fall along three dimensions: 1) gen-
erating clinical scores, 2) tracking confounding variables; and 3)
recruiting a representative study population. First, Crossroads pro-
videsmultiple measures that are reliable and correlate with standard
cognitive scores; however, it does not currently estimate standard
cognitive assessment scores from these measures. Prior work in mo-
tor performance assessments–like Hevelius [37]–estimates clinical
scores using measures produced by the tool. The limitation stems
from the scope of our study, which was designed as a feasibility
evaluation focused on assessing reliability and validity of the mea-
sures rather than producing clinical estimates. Estimating clinical
scores from tracked measures–as demonstrated by systems like
Hevelius [37]–requires substantially larger datasets to support ro-
bustmodel training and validation. E.g., Hevelius used data from 138
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participants with motor impairments and over 200,000 normative
participants to account for age-related effects. Our work provides
the building blocks for future research to develop interpretable
regression models that estimate scores for standard cognitive as-
sessments (e.g., MoCA) from touchscreen-based measures.

Second, factors such as time of day, caffeine intake, and quality
of sleep can influence participants’ performance [14, 43, 51]. These
variables were not controlled in our study because our primary
goal was to evaluate the feasibility and reliability of the task under
typical usage conditions. Future longitudinal studies could explicitly
track these contextual factors through self-reports or tracking tools.
Another confounding variable is the finger used to perform the task.
The research team ensured that all participants used the primary
finger of their dominant hand to perform the task.When Crossroads
is used at home, without the presence of an administrator, the tool
needs to automatically prompt the user to use the primary finger of
their dominant hand. Another approach could be to take the help
of a family member/caregiver to visually ensure this expectation is
met.

Third, our study involved a sample of 27 participants (12 older
adults + 15 younger adults). All older adult participants identified
as White. All younger adult participants were from a university and
most older adults (N=11) had a master’s degree or higher. MoCA
scores were not evenly distributed, with six participants scoring
28 out of 30 and none scoring 21 or 23 out of 30. We want to em-
phasize that our sample size and homogeneous demography are a
major limitation to our study. We conducted studies at retirement
centers to reduce travel burden; 1 of 5 centers that we reached out
to granted permission to run the study. Older adults with motor
or vision impairments were excluded given the need for touch-
screen interaction. Future studies will likely benefit from larger
and more varied samples–in age, education levels, and cognitive
scores–through broader deployment or targeted recruitment based
on clinical screening.

8 Conclusion
This paper presents Crossroads, a self-administered, web-based tool
for fine-finger tracking on touchscreen devices designed to assess
cognitive performance in older adults without requiring expert
presence. A feasibility study with 12 older adults spanning a range
of cognitive performance levels evaluated two types of measures de-
rived from finger trajectories: episodic measures focused on errors
and continuous measures computed across the full trajectory. Our
results demonstrate the feasibility of our approach across multiple
dimensions. Slip profiles provide useful process-level insight into
how participants detect and recover from errors. Traditional assess-
ments do not track such information. Multiple continuous measures
show high test-retest reliability, and two measures–median time
taken and number of pauses–strongly correlate with scores on a
standard cognitive assessment. Older adults completed Crossroads
in a median of 2 minutes 19 seconds, and all participants completed
the task without additional assistance. These findings suggest that
touchscreen-based fine-finger tracking is a promising direction for
accessible cognitive performance monitoring: one that reduces re-
liance on clinical infrastructure, lowers the burden of assessment

for older adults, and tracks how people perform. Our long-term ob-
jective is to deploy and refine such tools in longitudinal, real-world
settings, where frequent and self-administered cognitive monitor-
ing can benefit both older adults and the clinicians who support
them.
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