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Abstract
We present empirical insights into modeling touch input perfor-
mance, in terms of time and offset to targets, using Gaussian models
and a cross-validation framework based on prediction coverage and
bias of z-scores with log-likelihood analysis. Our results, from data
collected from seven participants with upper-body motor impair-
ments, indicate an optimum window of 8 to 24 touch observations
before models plateau in performance. We interpret our findings
through the lens of ability-based design, and propose a four-step
procedure—observe, model, revise, and share—for implementing
touch targets adaptive to users’ motor abilities. The procedure is
lightweight, requiring only basic numerical computations of touch
time and offset measurements available on all platforms, making it
readily deployable across a variety of touchscreen devices.
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1 Introduction
Touch is a fundamental input modality for modern devices, yet it
assumes specific motor abilities and dexterity in the fingers, wrists,
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and arms, not always feasible. For people with upper-body motor
impairments, touch input performance varies according to their
specific abilities [6], the interaction session [17], and the characteris-
tics of touch targets [10]. Consequently, researchers have proposed
dedicated techniques to improve touch input accuracy [18] and to
make interfaces adaptable to users’ specific abilities [8]. Despite ex-
tensive modeling of touch input for the general population [1,2,12]
including the use of deep learning approaches [4,15], few results
exist for users with motor impairments, even for basic touch input
models. Fundamental questions, such as how many touch observa-
tions are required to reliably build Gaussian models [1,17], remain
largely unaddressed for users with motor impairments.

In this context, we contribute empirical results evaluating Gauss-
ian models of touch time and offset from the target center using a
cross-validation framework of prediction coverage and bias of z-
scores with log-likelihood analysis. Specifically, we ask how many
user-specific data points are required for robust touch input mod-
eling?, and report findings from seven participants with various
upper-body motor abilities. We position our contribution within
the ability-based design paradigm [23], which emphasizes interface
adaptations by modeling user abilities [19].

2 Related Work
A large body of research exists on touch input modeling for the
general user population. For example, Henze et al. [11] reported,
from a large dataset of 100+ million touches, a systematic skew
in touch input and proposed a compensation function to correct
it. Holz and Baudisch [12] revealed systematic errors in capacitive
touchscreen input caused by an incomplete understanding of how
users acquire targets; by using visual features at the top of the
fingers, they reduced error offsets from 4.0mm to 1.6mm. Compu-
tational models have also been developed. For example, Vatavu et
al. [21] derived Gaussian models of touch duration and offset to
discriminate between children’s and adults’ touches; Bi and Zhai [2]
applied the Dual Gaussian Distribution Model and the Bayesian
Touch Criterion [1] to predict touch success rates; and, more re-
cently, Chu et al. [4] developed TouchType-GAN, a deep learning
architecture that generates realistic touch typing from text input.

By contrast, modeling touch input for users with motor impair-
ments has received less attention. Examples include Guerreiro et
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Table 1: User-specific results of touch input performance (means, 95% CIs, and standard deviations). Note: Cell background
gradients correspond to the magnitude of mean touch time and offset values to visually highlight inter-participant variability.

Id Condition WHODAS† Time (ms) Offset (mm)
mean 95% CI SD mean 95% CI SD

P1 Spinal cord injury C4-C5 52.1 58.0 [49.7−66.4] 29.3 3.4 [2.9−3.9] 1.7
P2 Spinal cord injury T7 41.7 97.0 [84.2−109.8] 44.9 3.2 [2.8−3.5] 1.3
P3 Traumatic brain injury 45.8 247.7 [197.6−297.8] 176.3 10.5 [6.0−15.0] 16.0
P4 Spinal cord injury T3-T4 23.0 93.2 [86.1−100.4] 25.1 3.0 [2.6−3.5] 1.6
P5 Spina bifida 39.6 51.5 [43.0−59.9] 29.7 2.8 [2.3−3.3] 1.7
P6 Spinal cord injury C4-C5 68.7 1563.3 [1328.0−1798.7] 828.2 8.8 [4.0−13.6] 16.9
P7 Multiple sclerosis 39.6 92.2 [83.4−100.9] 30.7 2.5 [2.1−2.9] 1.4

†Calculated by administering the 12-item version of WHODAS 2.0 [25], an instrument developed by the World Health Organization that produces standardized
disability profiles with scores between 0 and 100 (larger values indicate more advanced disability). According to normative data reports [1], individuals
scoring between 20 and 100 at the WHODAS 2.0 questionnaire are in the top 10% of the population distribution likely to have clinically significant disabilities.
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Figure 1: User-specific results of touch input performance (means, 95% CIs, and standard deviations). Note: Cell background
gradients correspond to the magnitude of mean touch time and offset values to visually highlight inter-participant variability.

al. [10], who recommended a 12mm diameter for circular targets,
later extended to 18mm in Findlater et al. [6] to reduce error rates to
7%; Montague et al. [17] derived Gaussian models for touch features
(location, duration, movement, and offset), achieving 95.1% accu-
racy in session-specific recognizers; and Mott and Wobbrock’s [18]
Cluster Touch technique collects touch examples from individual
users to apply corrective offsets to their touch points, with 15% in-
crease in accuracy. While these studies have improved touch input
accessibility, they do not explore user-specific modeling in depth, a
critical aspect for understanding individual performance; in fact,
Findlater et al. [7], in their analysis of a large dataset of mouse and
touchscreen interactions from 700+ participants, cautioned against
making assumptions about individuals’ input performance based
on age or self-reported motor impairments alone.

3 Experiment
To support our modeling evaluations of touch input for users with
motor impairments, we conducted a data collection experiment.

3.1 Participants
We recruited seven participants with motor impairments (five male
and two female), aged 45 to 64 years (M=52.4, SD=7.2) using conve-
nience sampling. Participants’ WHODAS 2.0 scores1 ranged from
23.0 to 68.7 (M=44.4, SD=13.9); see Figure 1 for demographics and
a summary of their touch input performance in terms of time and
offset measures. All participants were regular smartphone users.

3.2 Apparatus
We developed a custom Android mobile application integrating
gamification elements, as in prior work [11,17,24], to support par-
ticipant engagement. The task required touching a target displayed
at random locations on the screen. The target size was fixed at
15mm, based on recommendations from [6,10]. The application

1World Health Organization Disability Assessment Schedule, version 2.0 [25].

was installed on each participant’s smartphone, which had com-
parable screen resolutions (1080×2220 to 1080×2400) and dpi (393
to 425). For each participant, we collected touch points in 𝑁=50
trials after a familiarization stage that involved playing the game
with five practice trials. We computed Time, in milliseconds, as the
interval between the first finger-down and last finger-up events,
and Offset, in millimeters according to each smartphone’s dpi, as
the Euclidean distance between the touch point at finger lift-off and
the target center. These measures were selected for their simplicity
and ease of collection across all platforms.

3.3 Modeling and Statistical Analysis
By following prior work [1,17,21] that implemented various Gauss-
ian model parametrizations of touch input, we adopted a simple
statistical formalism to model users based on their actual touch
input performance

{(𝑥𝑖, 𝑗 ) | 𝑖=1. . .𝑀, 𝑗=1. . .𝑁
}
, where 𝑥𝑖, 𝑗 denotes

the 𝑗-th observation of the 𝑖-th measure, assuming a Gaussian
generative model parameterized by a sample mean 𝑚𝑖 and stan-
dard deviation 𝑠𝑖 computed from 𝑁 observations. While this as-
sumption may not perfectly capture all aspects of user touch input
behavior, it represents a pragmatic starting point for our scope.
User-specific models are built by randomly sampling 𝑁 obser-
vations from each user’s data and estimating𝑚𝑖=(1/𝑁 )∑𝑁

𝑗=1 𝑥𝑖, 𝑗

and 𝑠𝑖=

(
(1/𝑁 − 1)∑𝑁

𝑗=1 (𝑥𝑖, 𝑗 −𝑚𝑖 )2
)1/2

, where 𝑁−1 implements
Bessel’s correction for an unbiased estimator of the population
variance [22]. To evaluate predictive performance, we draw an ad-
ditional held-out observation 𝑥∗ from the same user and assess
its consistency with the model. Because the model parameters are
estimated from finite data, the predictive distribution of 𝑥∗ is given
by 𝑥∗ ∼ N (

𝑚𝑖 , 𝑠
2
𝑖 (1 + 1/𝑁 )) , where the factor 1+1/𝑁 accounts for

uncertainty in the estimated mean [9]. This procedure is repeated
𝑅=1000 times using independent random resampling,2 resulting in

2For notational simplicity, we write𝑚𝑖 and 𝑠𝑖 instead of𝑚 (𝑟 )
𝑖

and 𝑠 (𝑟 )
𝑖

, noting that a
new model is computed at each repetition 𝑟=1. . .𝑅.
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a distribution of predictive statistics, which enables us to evaluate
model efficacy using three orthogonal statistical checks:

(1) Predictive coverage evaluates whether the predictive vari-
ance is correctly calibrated with respect to the model’s nom-
inal 95% coverage. For each repetition 𝑥∗, we compute a
predictive 𝑧-score as 𝑧 =

𝑥∗−𝑚𝑖

𝑠𝑖 (1+1/𝑁 )1/2 . Under the model as-
sumptions, 𝑧 follows a Student 𝑡 distribution with 𝑁−1 de-
grees of freedom, which converges to a Gaussian distribution
N(𝑚𝑖 , 𝑠

2
𝑖 ) for large 𝑁 . Coverage is computed as the propor-

tion of repetitions satisfying |𝑧 | ≤ 𝑡0.975, 𝑁−1, where we use
the 97.5th percentile of the 𝑡 distribution (1.96 for the Gauss-
ian distribution for large 𝑁 ). To assess whether the observed
coverage differs from the nominal 95%, we perform a bi-
nomial test with success probability 0.95, and report the
corresponding 95% confidence interval and 𝑝-value.

(2) Predictive bias evaluates whether the model’s predictions
are correctly centered. For each measure, we compute the
mean predictive 𝑧-score, 𝑧=(1/𝑅)∑𝑅

𝑟=1 𝑧𝑟 , and test the null
hypothesis 𝐻0: 𝐸 [𝑧]=0 using one-sample 𝑡-tests.

(3) Predictive log-likelihood evaluates predictive accuracy. For
each held-out observation 𝑥∗, we compute its log-probability
under the corresponding predictive distribution and sum-
marize model performance using the average predictive log-
likelihood ℓ=(1/𝑅)∑𝑅

𝑟=1 logN (
𝑥∗ | 𝑚𝑖 , 𝑠

2
𝑖 (1+1/𝑁 )) . Across

different conditions for 𝑁 (see next), we analyze how ℓ im-
proves as the number of observations increases.

These predictive checks assess complementary aspects of model
generalization to unseen observations represented by user touch
input characteristics. To compare model performance under dif-
ferent training conditions, we vary the number of observations in
a geometric progression (powers of two) with additional interme-
diate values, 𝑁 ∈ {2, 4, 8, 16, 24, 32, 48}, resulting in seven distinct
experimental conditions for the model’s training set size.

4 Results
We first provide an overview of participants’ touch input perfor-
mance, highlighting inter-participant differences (Figure 1), and
continue with model evaluations. Lastly, we distill these findings
into design implications for adaptive touch targets.

4.1 Inter-Participant Differences in Touch Input
Performance

Our results revealed substantial inter-participant differences in both
Time and Offset. Some participants were fast (e.g., a mean touch
time of 58.0ms for P1), whereas others required more time (e.g.,
247.7ms for P3, a 4× increase relative to P1) or considerably more
time (1563.3ms for P6, representing a 6.3× increase relative to P3
and 27× relative to P1); see Figure 1. Similarly, some participants
were highly accurate (e.g., mean offset of 2.5mm for P7), whereas
others exhibited larger offsets (10.5mm and 8.8mm for P3 and P6,
respectively, corresponding to 4× and 3.5× lower accuracy). These
results motivate user-specific modeling in line with ability-based
design [23] and, consequently, we present results individually for
each participant (Figures 2 to 4) in the next subsections.

4.2 Performance of Time and Offset Models
Figure 2 shows the predictive 𝑧-score coverage for the Time and
Offset models relative to the expected 95% coverage of a Gaussian
distribution. The minimal training condition (𝑁=2) clearly stands
out as underperforming for the Time models with coverage ranging
from 68.0% (P4) to 86.4% (P3), and an increasing trend in perfor-
mance can be observed for most participants as 𝑁 increases for
both Time and Offset. However, signs of overtraining are also
visible, particularly for Time, where coverage decreases for P1 and
P2 (88.5% and 87.9% at 𝑁=48) and approaches 100% for P5 and P6.

Figure 3 shows predictive 𝑧-score bias relative to the null refer-
ence 𝐸 [𝑧]=0. Excepting the low-data conditions (𝑁=2 and 𝑁=4),
generally exhibiting positive skew and wider confidence intervals
(e.g., 𝑧=1.8 for Time and 𝑧=2.1 for Offset in P3), a stabilizing trend
toward the expected zero can be observed across all participants.

Lastly, Figure 4 shows the log-likelihood values of the models.
We deliberately omitted visual representation of 𝑁=2 and 𝑁=4 as
they extended well beyond the range of the other conditions and
represented the poorest model performance, ranging from −2045.7
to −35.4 for 𝑁=2 and from −62.5 to −4.8 for 𝑁=4 for Time with a
similar pattern observed for Offset. However, model performance
improves substantially from 𝑁=8: with the exception of P3 and P6,
which exhibited the highest variance (Figure 1), most participants’
models reach a plateau beginning at 𝑁=8.

5 Design Implications
Our results indicate that effective user-specific modeling is feasible
with just few observations, a simple statistical formalism, and touch
measures easily acquirable on all platforms. Our key finding is the
balanced amount of training data required for feasible modeling:
very limited data (𝑁 ≤ 4) lead to poor coverage and biased pre-
dictions, whereas increasing the amount of data improves model
performance only up to a point, after which it plateaus. Due to
inter-individual differences in touch input, no single threshold may
be optimal for 𝑁 ; however, training data sizes between 𝑁=8 and
𝑁=24 provided the best overall performance in our study in terms
of both coverage (Figure 2) and bias (Figure 3), with 𝑁=8 also mark-
ing the onset of the log-likelihood plateau (Figure 4). Following
ability-based design [23], we propose a four-step procedure for
integrating these findings into adaptive touch targets:

➊ Observe. Start with touch target size recommendations, e.g.,
7−10mm3,4 up to 12−18mm [6,10] and delay adaptive adjust-
ments until a minimal number of user-specific observations
are collected. At least𝑁≥8 data points are required, although
the exact threshold depends on model validation results (see
next steps). Whether to perform an initial calibration or
adapt on the fly is left to the designer’s consideration. In
either case, the designer adopts an accountability stance [23],
changing the interface rather than expecting users to change.

➋ Model. Construct lightweight, user-specific models of touch
duration and offset using a statistical approach that allows
rapid validation of 𝑧-scores prediction coverage and bias.
This follows the ability principle [23], placing the focus on

3https://m2.material.io/design/usability/accessibility.html#layout-and-typography
4https://learn.microsoft.com/en-us/windows/apps/develop/input/guidelines-for-
targeting

https://m2.material.io/design/usability/accessibility.html#layout-and-typography
https://learn.microsoft.com/en-us/windows/apps/develop/input/guidelines-for-targeting
https://learn.microsoft.com/en-us/windows/apps/develop/input/guidelines-for-targeting
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Figure 2: Predictive coverage for Time (top) and Offset (bottom) models (values closer to 95% indicate better performance).
Note how performance (coverage) generally increases for most participants as the number of data points grows from 2 to 48.
Notes: asterisks show statistical significance (𝑝<.05) for deviating from the expected 95% coverage (orange line); error bars show
95% CIs, the dashed line shows the linear regression fit, and the shaded area represents the 95% CI around the fit.

Figure 3: Predictive bias for Time (top) and Offset (bottom) models (values closer to zero indicate better performance). Note
how bias generally decreases for most participants as the number of data points grows from 2 to 48. Notes: asterisks show
statistical significance (𝑝<.05) for deviating from zero (orange line); error bars show 95% CIs (a few, for 𝑁=2, too wide to fit
properly within the plots); the dashed line shows the linear regression fit, and the shaded area the 95% CI around the fit.

users’ actual touch performance in terms of Time andOffset
measurements. For example, menu options can be resized

based on an Offset model, while thresholds for short and
long touches can be personalized based on a Time model.
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Figure 4: Predictive log-likelihood for Time (top) and Offset (bottom) models (higher values indicate better performance).
Note how models performance for most participants typically plateau from 𝑁=8 data points onward. Notes: values for 𝑁=2
and 𝑁=4 were omitted due to extremely low log-likelihoods (very poor models), which did not fit within the plots; the shaded
regions indicate 95% CIs around the mean log-likelihoods (in most cases, too small to be visually noticeable).

Our formalism (Subsection 3.3) uses default touch measures,
requires few training compared to ML/DL models [3,4], does
not rely on external libraries, and can be readily implemented
on any platform, including custom prototypes with mini-
mal software support—aligning with the availability princi-
ple [23], which encourages the use of affordable and widely
available software and hardware resources.

➌ Revise. Update models using sliding windows of recent
observations and monitor model performance for possible
plateaus or degradation. This follows the performance prin-
ciple [23], where the system monitors user performance
to provide the best possible match with their abilities. Per
our findings, windows of 𝑁=8 to 𝑁=24 touch observations
ensure good accuracy and avoid overfitting. For example,
menu button sizes can be adjusted gradually: early in use,
only subtle adjustments are applied, with larger changes
once prediction confidence stabilizes over continuous inter-
action. In line with in-the-wild observations [17], revising
accommodates those situations where an individual’s touch
input abilities are significantly different between sessions.

➍ Share. Enable cross-application sharing of learned touch
models on the user’s device to reduce redundant data col-
lection and modeling. This approach further emphasizes the
ability and availability principles [23], enabling knowledge
about a user’s touch input behavior to be reused across ap-
plications for efficient, consistent personalization.

6 Conclusion, Limitations, and Future Work
We reported empirical results on the training size requirements for
building user-specific models of touch input in individuals with
motor impairments. Our findings pointed to a window of 8 to 24
observations as generally sufficient when using a straightforward
statistical formalism of Gaussianmodeling involving touch duration
and offset measures, which is easy to implement across platforms.
However, caution is warranted regarding the generalizability of
these results because of the small sample size and the assumption
of normal distribution, which may not fully capture the variability
in touch input performance for all users with motor impairments.

To address these limitations and consolidate our findings, future
work should investigate a larger sample, alternative distributional
models, and examine more measures, such as touch variability and
drift [13], which capture touch dynamics rather than its endpoint.
Also, we focused on touch input only, but future evaluations could
also address other modalities, such as stroke gestures [16] or eye
gaze and eyelid-assisted input for mobile devices [5]. More complex
modeling with multivariate Gaussian distributions [20] will account
for how the different touch input measures co-vary. Also, insights
into how practitioners integrate the four-step procedure into their
interfaces or with existing toolkits [14] will be particularly useful.
Advancing these directions will consolidate touch input modeling
for users with motor impairments toward a richer understanding
of ability-aware adaptive interfaces for mobile devices.
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