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Abstract
Mobile text entry often involves unnecessary gaze shifts from the
keyboard to the text area to check for errors, which introduces
additional cognitive overhead. This paper summarizes previously
published work investigating the prediction of such attention break-
points to enable better-timed error feedback. Using gaze and touch
data from 30 participants under one-finger and two-thumb typing
conditions, a lightweight model was developed to predict atten-
tion shifts. Results indicate that these breakpoints can be predicted
with promising accuracy, particularly during two-thumb typing,
supporting the design of more efficient text entry systems.

CCS Concepts
• Human-centered computing→ Text input; Touch screens;
Smartphones.
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1 Introduction and Motivation
Text entry is a complex process that can be viewed as consistent of
two parallel, or interleaved sub-tasks: determining and planning the
text to enter, and executing the appropriate motor functions to enter
it [2]. There is, however, a third, less explicitly discussed sub-task in
text entry, which is the need to check the text that has been entered
for correctness. Mobile text entry requires users to frequently shift
their attention between the screen keyboard and the text entry
area to check for errors. While this behaviour supports accuracy,
many of these checks are unnecessary, as users often verify input
even when no errors have occurred. Prior research has shown that
users frequently interrupt typing to verify correctness, even in
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the absence of errors [4, 5]. Gaze-tracking studies indicate that a
substantial portion of user attention, up to 25%, is allocated to the
text entry area during typing [7]. These frequent attention shifts and
task switching between typing and checking introduce cognitive
costs, including interruption overhead and increased mental load
[3], potentially reducing typing efficiency.

While previous approaches have attempted to support error
awareness through continuous feedback, such methods may be
distracting [1, 6]. Delivering feedback at opportune moments is
therefore a more promising approach. This paper summarizes previ-
ously published work presented at MobileHCI’23 [8], investigating
whether it is possible to predict moments when users are likely to
interrupt typing to check their input. It focuses on the effective-
ness of lightweight models and their ability to generalize across
typing conditions, highlighting the potential of simple gaze- and
touch-based features for real-time deployment in mobile text entry
systems.

2 Methodology
The study utilized an existing dataset [4] of gaze and touch data
collected from 30 participants performing transcription tasks un-
der two conditions: one-finger typing and two-thumb typing. The
dataset contained thousands of gaze and touch events and was
preprocessed to remove inconsistent data. Gaze data were divided
into two regions: the keyboard area (lower part of the screen) and
the text entry area (upper part of the screen). A clustering-based
method was used to detect gaze shifts from the keyboard to the text
entry area, as it more accurately reflected user behaviour compared
to a threshold-based approach. To predict attention shifts, gaze
and keystroke data were examined together, to extract features
that might provide information about an imminent gaze shift. The
selected features were: 1) the last typed character, 2) the number
of characters typed since last space event, 3) the number of gaze
events since the last check, 4) the time elapsed since the last gaze
shift, 5) the number of characters typed since the last check. These
features attempt to capture both the likelihood of errors and the
cognitive effort since the previous error check. A Support Vector
Machine (SVM) classifier was used to predict whether the next gaze
event would represent a gaze shift away from the keyboard. SVM
was selected due to its efficiency, suitability for binary classification,
and feasibility for deployment on mobile devices. Two evaluation
strategies were used, a 10-fold cross-validation and a Leave-One-
Person-Out validation, to assess both general performance and
generalization to unseen users.
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3 Results
Using 10-fold cross-validation, the model achieved strong and con-
sistent performance across both typing conditions. For one-finger
typing, the macro F1-score reached a mean of ≈ 0.82, 𝜎 = 0.01,
while for two-thumb typing it improved to ≈ 0.89, 𝜎 = 0.01. Ac-
curacy was high in both cases (≈ 0.97, 𝜎 = 0.001 for one-finger
and ≈ 0.96, 𝜎 = 0.002 for two-thumb typing) and ROC-AUC scores
(≈ 0.83, 𝜎 = 0.07 and ≈ 0.88, 𝜎 = 0.07 respectively) indicate reliable
discrimination between gaze classes. However, recall was lower in
the one-finger condition (≈ 0.75, 𝜎 = 0.01) compared to two-thumb
typing (≈ 0.86, 𝜎 = 0.01), suggesting that predicting upward gaze
shifts (i.e. attention switches to the text area) is more challenging
when users type with a single finger. Overall, performance was
consistently better in the two-thumb condition, likely due to more
stable and predictable typing behaviour.

Themodel maintained good performance in the second approach.
The macro F1-score was ≈ 0.80, 𝜎 = 0.08 for one-finger typing and
≈ 0.88, 𝜎 = 0.06 for two thumb-typing, with accuracy remaining
high (≈ 0.97, 𝜎 = 0.014 and ≈ 0.96, 𝜎 = 0.019 respectively). ROC
curve analysis (Fig. 1) shows that performance is consistently bet-
ter than random across all users, although variability is observed,
particularly in the one-finger condition.

Across both evaluation approaches, the model demonstrated
robust performance, with consistently better results in two-thumb
typing. The findings suggest that attention breakpoints during
mobile text entry can be predicted with good accuracy, even in
scenarios where no prior data from a specific user is available.

4 Conclusion
This paper presented a summary of previously published work on
predicting users’ attention breakpoints during mobile text entry.
The findings demonstrate that it is feasible to predictmomentswhen
users are likely to shift their attention away from the keyboard
using lightweight machine learning models based on gaze and
touch data. The reported results show that such predictions can be
achieved with good accuracy and can generalize reasonably well
across users, highlighting the potential for practical deployment in
mobile text entry systems. By identifying opportune moments for
delivering feedback, these approaches may help reduce unnecessary
interruptions and improve typing efficiency.

However, several limitations exist. The approach relied on gaze
tracking, which may not be widely available in everyday mobile
devices. Moreover, the dataset was relatively small and collected
in controlled laboratory settings. In real-world scenarios, attention
shifts may also be driven by external factors such as environmental
distractions, movement, or multitasking, which are not captured in
the dataset. As a result, the reported performance may not reflect
"in-the-wild" conditions. Future work should therefore investigate
the robustness of such models in ecologically valid settings.

A further practical consideration concerns the computational
cost of real-time feature extraction and inference. While the use of
a lightweight SVM classifier and simple feature set suggests that
inference can be performed efficiently on mobile devices, contin-
uous monitoring of gaze data may significantly increase battery
consumption. Future work should evaluate energy consumption

(a) One-finger typing

(b) Two-thumbs typing

Figure 1: ROC curves for all participants using Leave-One-
Person-Out validation.

in real-world deployments and explore models that rely solely on
features derived from users’ typing behaviour.

Overall, this work illustrates howmodeling user attention during
text entry can inform the design of more adaptive and supportive
interaction techniques. Reconsidering these findings in new con-
texts may further contribute to the development of more efficient
and inclusive mobile interaction experiences.
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