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Introduction
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▌Online responses via PCs and smartphones have become standard today

▌Numerous studies utilize response times (RT)

[Examples]

van der Linden (2007): Models RT parallel to IRT, integrated within a hierarchical framework

Meng et al. (2014): A model where a smaller variance in the expected response probabilities across 

categories leads to a smaller expected RT

Bunji & Okada (2020): A model combining IRT and a diffusion model to handle the joint distribution 

of responses and RT

▌Are there other useful sources of data?

Specifically, I want to utilize data that can be collected automatically without 

additional respondent burden
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Beyond Responses and Response TimesMotivation



▌Response choices and RTs only reflect the final "outcomes"

▌To understand cognitive processes, we need data that capture 

behavior in real time

e.g., EEG (e lectroencephalogra phy ), eye -tracking data

▌Several studies have used eye -tracking data

Chauliac et al. (2020): Investigated eye movement features and response consistency

Man et al. (2022): Extended van der Linden's (2007) hierarchical framework to model 

visual fixation counts

Tu et al. (2026): Used variance of response probability as a parameter for modeling 

visual fixation counts
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Psychology and Paradata  (Freeman, 2018)Introduction

Process data may contain information beyond responses and RTs.



▌ Research on mouse tracking has expanded rapidly in the 21st century

One major driver: the development of specialized mouse -tracking software

▌Hand movements and brain activity are closely linked

➔ C ursor movements may  reflect the microstructure of decision -making

▌However, trajectories has been used primarily in cognitive psychology tasks

[Example] Di Palma et al. (2022) used cursor trajectories to analyze the IAT
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Cursor Trajectories in PsychologyIntroduction



▌Very few studies have applied mouse tracking to rating scales

▌Existing studies have mainly used trajectories for auxiliary purposes

[Examples] 

Mok et al. (2017) used cursor trajectories to detect low -quality workers

Wang et al. (2020) c ollected cursor trajectories and Likert responses as separate 

data for the same task and t reated them as independent to investigate the initial 

decision -making process

Shiina (2019 , in Japanese ) examined  the relationship between RT and cursor 

trajectories  for Likert -scale responses
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Cursor Trajectories and PsychometricsIntroduction

Do mouse trajectories contain information beyond responses and RT?



▌ To examine the utility of using cursor trajectories in addition to response 

choices and RT

Are responses and RT sufficient, or do cursor trajectories contain hidden information 

not captured by them?

▌ Predictive  Task

Predicting response and RT

If cursor trajectories contain relevant information, prediction accuracy should improve

▌Not the focus of this presentation

Building latent trait model to estimate 𝜃 using cursor trajectory data

(Whether incorporating mouse trajectories into 𝜃 estimation models improves validity)
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Purpose of the StudyIntroduction



Methods
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Data were collected via a crowdsourcing platform in Japan (CrowdWorks ).

▌Measure: Japanese HEXACO inventory (Wakabayashi, 2014)

Only 32 items were used (16 items each for Agr and eXt ) to reduce respondent burden

▌Final sample size: 1,418 (out of 2,000 collected)

[Exclusion criteria]

a. Self -reported pointing device other than a mouse (e.g., trackball or trackpad)

b. RT < 1 s or ≥ 30 s on at least one item

c. Incomplete or failed cursor log recording

d. Loss of browser focus during responding

e. Significant cursor deviation from the response area
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DatasetMethods Note: The dataset analyzed here differs from the one 

described in the submitted abstract.
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Experimental InterfaceMethods

How well does the following describe you?

stimulus

Strongly 

Inaccurate

Strongly 

Accurate

options

When the cursor enters and paused on the circle, the item and response options appear on the screen.

(This circle serves as a visual fixation point)



▌Cursor coordinates were normalized within the response area (0 -1)

2026/7/24 IMPS 2026 | Bunji 11

Coordinate NormalizationMethods

Fixed offset

(80px)

(0.5, 0)

(1, 1)

(0, 0)

(0, 1)

response area
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Input Feature Groups (mouse features were based on Kieslich, Henninger, et al., 2019; Pino et al., 2025 )Methods

type name brief description

response response Response to each item (0 -5 Likert scale)

centered response centered response ({0, 5} -> 0; ({1, 4} -> 1; ({2, 3} -> 2)

fscore Factor score from categorical CFA

fscore2 Square  of fscore

RT rt RT on each item

rt_sd Within-respondent SD of RT

mouse MAD Maximum deviation from the straight -line trajectory

AUC Area Under the Curve (AUC) relative to the straight -line trajectory

xpos_flips Directional changes along the x -axis

total_dist Total Euclidean distance traveled

vel_max Maximum velocity

acc_max Maximum acceleration

idle_time Onset time of cursor movement in the y -direction

curvature Ratio of total_dist to the length of the straight -line trajectory

start_angle Initial movement angle

For the features in red,
• both standardized 

(within-person) and 
non -standardized 
versions were used.

• PCA was conducted 
on each version, 
retaining the first 
three principal 
component scores.

Features were grouped into response, RT, and mouse variables and were compared .



▌Cursor coordinates are recorded approximately every 20 –30 ms via 

the JavaScript pointermove event.
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Examples of Mouse -Trajectory Features

MADAUC

idle time: first time when 
y-coordinate exceeds 0.1

xpos_flip = 2

vel_max =

max
𝑥𝑘+1 − 𝑥𝑘

2 + 𝑦𝑘+1 + 𝑦𝑘
2

𝑡𝑘+1 − 𝑡𝑘

start_angle : angle  created  by  1st and  3rd  coordinates



▌ML to predict response behavior on specific items

Targets:  (a) raw response, (b) centered response, (c) response time

Model: XGBoost

Evaluation criterion: RMSE

Hyperparameter Tuning: Bayesian optimization with 5 -fold CV

▌Input features

Features from remaining 15 items (within the same factor)

7 (+1 null) models based on all feature -group combinations 

To evaluate the incremental value of mouse features
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Prediction TaskMethods

response ✓ ✓ ✓ ✓

rt ✓ ✓ ✓ ✓

mouse ✓ ✓ ✓ ✓

(null) (full)

Elastic net, Random forest and SVM were also tried but not reported here.



Results
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Representative mouse features by response categoryResults

Similar pattern was 

observed  with RT

(i.e., inverted -U relationship)

These features may reflect

response "hesitation."

These 

patterns 

may be 

driven by 

geometric 

bias.

(i.e., differing 

positions of 

option 

buttons)

▌Mouse features systematically vary across response categories.
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Model Performance (Target: raw response)Results

response ✓ ✓ ✓ ✓

RT ✓ ✓ ✓ ✓

mouse ✓ ✓ ✓ ✓

• The response -only model 

performed best

• Adding RT or mouse features 

did not improve performance

• When response features are 

not used, mouse features 

outperformed RT features

A similar tendency was 

observed when target is 

centered response.

Most predictive information is already captured by response features.
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Model Performance (Target: RT)Results

response ✓ ✓ ✓ ✓

RT ✓ ✓ ✓ ✓

mouse ✓ ✓ ✓ ✓

• The RT -only model 

performs best

• Mouse features did not 

improve performance in 

this task

• When RT features are not 

used, mouse features 

outperformed response 

features

Most predictive information is already captured by RT features.



▌ The contribution of each feature group depends on the inclusion order

➔ The Shapley value fairly distributes each feature's contribution

▌When predicting response

Response features dominate the contribution (over 93%)

Mouse features contribute more than RT features

▌When predicting RT

While RT features show a strong effect, mouse features also make a moderate 

contribution (~17%)
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Macro -Shapley value (Shapley, 1953)Results

target

feature raw response centered response rt

response 0.3522 (93.33 %) 0.2465 (95.45 %) - 0.0012 ( - 0.27 %)

RT 0.0064 ( 1.71 %) 0.0009 ( 0.34 %) 0.3754 (83.04 %)

mouse 0.0152 ( 4.08 %) 0.0109 ( 4.21 %) 0.0779 (17.23 %)



[Example] mean contribution of mouse -related features
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Definition of macro -Shapley value

0 1st 2nd 3rd Contribution

Null response RT mouse 𝑣 resp − 𝑣(𝜙)

Null response mouse RT 𝑣 resp − 𝑣(𝜙)

Null RT response mouse 𝑣 resp, RT − 𝑣(RT)

Null RT mouse response 𝑣 resp, RT,mouse − 𝑣(RT,mouse)

Null mouse response RT 𝑣 resp,mouse − 𝑣(mouse)

Null mouse RT response 𝑣 resp, RT,mouse − 𝑣(RT,mouse)

↑ Mean of contributions is the macro -Shapley value

𝑆ℎ𝑎𝑝𝑙𝑎𝑦 𝑟𝑒𝑠𝑝 =
1

3
𝑣 resp − 𝑣 𝜙 +

1

3
𝑣 resp, RT,mouse − 𝑣(RT,mouse) 

+
1

6
𝑣 resp,mouse − 𝑣(mouse) +

1

6
𝑣 resp, RT − 𝑣(RT) 



▌Average ranking across 32 target items
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Top -ranked features (based on SHAP, Target: response)Results

response ✓ ✓ ✓ ✓

rt ✓ ✓ ✓ ✓

mouse ✓ ✓ ✓ ✓

1 fscore rt_z_pca1 fscore AUC_sd fscore AUC_sd fscore

2 i4 rt_z_pca2 i4 MAD_sd fs2 MAD_sd i25

3 c_i22 rt_pca2 c_i22 AUC_pca2 c_i22 MAD_pca1 fs2

4 c_i15 rt_pca1 i25 MAD_pca1 i4 AUC_pca2 i4

5 i25 rt_z_pca3 c_i20 AUC_z_pca3 i9 rt_z_pca1 i9

6 i9 rt_sd fs2 start_angle_z_pca1 i25 AUC_z_pca3 c_i22

7 fs2 c_i1 AUC_pca1 c_i20 start_angle_z_pca1 c_i25

8 c_i1 c_i15 MAD_z_pca1 c_i2 rt_z_pca2 c_i20

9 c_i2 i9 AUC_z_pca2 c_i25 AUC_pca1 i1

10 c_i20 i1 AUC_pca3 c_i1 MAD_z_pca1 c_i15

(↑Lundberg and Lee, 2017)



▌Different cursor -movement strategies were observed

2026/7/24 IMPS 2026 | Bunji 22

Exploratory AnalysisResults

Blue: X -velocity ; Red: Y -velocity

The "Fast" group starts 

moving before the response is 

fully decided, then adjusts the 

trajectory.

The "Slow" group starts moving 

the cursor only after the response 

option is decided.

However, RT was longer in the "Fast" group.



▌No Incremental Utility for Response /RT  Prediction

Cursor trajectories provide little additional value for predicting responses or 

response times (noise -prone due to response/RT dominance).

However, they may contain information not fully captured by responses or RTs 

(from macro -Shapley values).

▌Distinct Behavioral Profiles

Early -movement onset (deciding during movement) correlates with longer RTs, 

showing no strong relation to final response categories.

▌Limitations & Future Directions

May be promising for other complex prediction tasks or clinical assessments 

(e.g., detecting psychiatric disorders).
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Summary
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  𝜃


    max ⁡   (         (   x  k + 1 −  x k ) 2 +    (   y  k + 1 +  y k ) 2   t  k + 1 −  t k )


  v  (  resp ) − v ( 𝜙 )


  v  (  resp ) − v ( 𝜙 )


  v  (  resp ,   RT ) − v ( RT )


  v  (  resp ,   RT ,   mouse ) − v ( RT ,   mouse )


  v  (  resp ,   mouse ) − v ( mouse )


  v  (  resp ,   RT ,   mouse ) − v ( RT , mouse )


  S h a p l a y  (  r e s p ) =  1 3  [  v  (  resp ) − v  ( 𝜙 ) ] +  1 3  [  v  (  resp ,   RT ,   mouse ) − v ( RT ,   mouse )   ]


  +  1 6  [  v  (  resp ,   mouse ) − v ( mouse ) ] +  1 6  [  v  (  resp ,   RT ) − v ( RT )   ]

