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Abstract 

Artificial Intelligence (AI) explainability plays a crucial role 
in fostering robust Human-AI Interaction (HAI). However, 
circular reasoning compromises decision robustness due to 
limitations in existing AI explainability methods. To address 
this challenge, we propose leveraging human cognition to 
enhance explainability, aligning with analysis goals without 
relying on potentially biased labels. By developing text 
highlighting driven by human gaze patterns, our research 
demonstrates that human gaze-based text highlighting sig-
nificantly reduces decision time for proficient readers, with-
out significantly affecting accuracy or bias. This study con-
cludes by emphasizing the value of human cognition-based 
explainability in advancing explainable AI (XAI) and HAI. 

Introduction  

AI explainability is vital for effective human-AI interaction, 

alongside achieving high performance (London, 2019). 

Biased data used to train AI models can lead to biased pre-

dictions, making explainability crucial for enabling human 

decision makers to rectify unfair reasoning and bolster con-

fidence in their decisions (Arrieta et al., 2020). Recent re-

search has highlighted situations where prioritizing ex-

plainable models with lower accuracy is warranted over 

black-box models with higher accuracy (Lee & Cha, 2023). 

However, current AI explainability face inherent limita-

tions, leading to a circular reasoning challenge. While de-

signed to empower human decision makers in rectifying AI 

bias stemming from biased training data, these methods are 

themselves based on such biased data, potentially resulting 

in biased highlighting. This biased form of explainability, 

with highlighted texts capturing human attention and po-

tentially overshadowing non-highlighted cues, can lead 
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humans to make decisions mirroring the inherent bias in 

the AI's decision-making process (Ponce and Mayer, 2014). 

This study underscores the critical need for AI explainabil-

ity that can fulfill analytical purposes without solely rely-

ing on potentially biased labels. To address this, the study 

aims to determine whether human cognition can serve as 

an indicator for explainability through field experiment. 

Literature Review 

The Paradox of AI Explainability 

Explainability plays a crucial role in enabling AI to effec-

tively support HAI (Lee and Cha, 2023). While AI was 

traditionally valued for its performance, recent studies have 

emphasized that high performance does not inherently 

guarantee that an AI's decision can be attributed to HAI 

(London, 2019). Consider a non-explainable AI recruit-

ment system that assigns a high score to a white male ap-

plicant. In such cases, it becomes challenging to discern 

whether the elevated score solely reflects the applicant's 

competence or if their race or gender influenced the out-

come. Therefore, human decision-makers can confidently 

rely on AI decisions to foster robust HAI only when metic-

ulously crafted explainability mechanisms ensure fairness, 

accountability, and transparency in the AI's decision-

making process (Arrieta et al., 2020; Shin et al., 2020). 

However, existing AI explainability face a structural para-

dox in their efforts to enhance the robustness of HAI. Er-

rors can arise when humans base their final decisions on AI 

explainability (Wang et al., 2019). Feature importance 

track features considered crucial for predicting the as-

signed label, but these tracked features can become unreli-

able if the label itself is biased (Kusner et al., 2017). The 

pursuit of explainability to prevent biased decisions relies 

on labels that may themselves carry bias. 
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E-Z Reader Model 

When individuals view visual content, their eye move-

ments follow distinct patterns characterized by saccades 

and fixations (Henderson, 2003). Saccades are rapid, short 

eye movements used to search for important features, 

while fixations involve brief periods of stationary eyes to 

extract information from these features (Reichle et al., 

2003). Scholars assume that individuals repeat saccades 

and fixations when perceiving visual information: search-

ing for important parts through saccades, extracting infor-

mation during fixations, and then performing another sac-

cade to locate important parts (Pannasch et al., 2008). 

Recent efforts have integrated of human cognition into 

explainability, offering several advantages that highlight its 

potential significance. This approach can enhance the per-

formance of AI explanations (Karim et al., 2022; Yang et 

al., 2023). Combining the unique attributes of human and 

AI decisions can offer additional functions (Bertrand et al., 

2022). Human cognition-based explainability is considered 

more plausible compared to traditional AI explainability 

(Yang et al., 2021; Liu et al., 2023). 

Despite these benefits, the attempts to integrate human 

cognition and explainability are limited due to the concerns 

related to fairness and plausibility, especially when com-

pared to research scenarios where AI models are designed 

to make subjective decisions (Meske, 2022). Nevertheless, 

it becomes increasingly imperative to address the challenge 

of AI explainability, which is particularly pertinent in cases 

involving subjective decision-making. 

Method and Analysis Results 

To construct a text highlighting model based on human 

gaze, 167 South Korean students participated in a reading 

task involving short documents. They responded to 10 

quizzes to ascertain if a given proposition was addressed in 

the document. SeeSo, Visual Camp's eye tracking technol-

ogy, was utilized to track the participants' gaze and record 

the sequential x and y coordinates of their gaze, along with 

the duration of fixations in milliseconds. 

Based on the eye tracking, a model was developed to iden-

tify important text passages deserving of highlighting. This 

model incorporated hyperparameters such as window size 

(the number of adjacent words to the fixation), threshold 

(the number of passages eligible for highlighting), and time 

limit (the maximum duration considered). 

After optimization, 60 Korean college students were as-

signed to read six documents. For each document, partici-

pants had to respond to a set of 10 true/false quizzes. They 

were randomly divided into control group and treatment 

group. Initially, both groups read three documents without 

any highlighting. Then, the former was instructed to read 

three additional non-highlighted documents, and the latter 

was directed to read the same documents, but with the op-

timized model applied. 

Difference-in-differences (DID) analysis was performed to 

assess the effect of human gaze-based text highlighting on 

decision speed, accuracy, and bias. Decision speed was 

determined by the time taken by participants to solve the 

quizzes, decision accuracy was measured by their scores, 

and decision bias was assessed by their average Krippen-

dorff’s alpha (KA). The hypothesis would be supported if 

the DID coefficient for decision speed is significantly neg-

ative, and if decision accuracy and bias show significant 

positive results. Table 1 presents the analysis results. 

 
Measurement X1 X2 X3 X4 coef t 

Decision 

Speed 

255.53 245.62 228.45 201.21 -17.33*** 3.40 

Decision 

Accuracy 

21.65 23.03 21.35 22.13 -0.61 1.22 

KA 0.503 0.575 0.562 0.628 -0.006 - 

Table 1. The Results of the DID Analysis 

Conclusion 

Human gaze-based text highlighting is anticipated to im-

prove decision speed by aligning with human information 

processing patterns. However, it is important to address 

certain limitations by integrating the human cognition-

based approach with existing AI explainability methodolo-

gies within the specific context. By combining the 

strengths of both approaches, a more reliable AI explaina-

bility can be established, promoting effective collaboration 

between humans and AI systems in decision-making. 

Explainability plays a crucial role in facilitating this inter-

action, especially in subjective decision-making scenarios 

(Lee and Cha, 2023). However, XAIs often rely on labels, 

and if these labels are unreliable, the trustworthiness of the 

XAI may be compromised (Ribeiro et al., 2016). Conse-

quently, reliance on an unreliable XAI system can lead to 

biased decisions (Ponce and Mayer, 2014). Moreover, 

when biased HAI occurs, biases can be perpetuated and 

even amplified during the decision-making process, un-

dermining the integrity of subjective decisions (Ahsen et 

al., 2019). Human cognition-based explainability offers a 

potential solution to break free from this circular reasoning 

dilemma by eliminating the dependence on unreliable la-

bels in XAI. By aligning with human cognition, explaina-

bility can enhance the compatibility and effectiveness of 

HAI. 
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