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Abstract—Peer assessment is widely used in higher education,
yet the cognitive demands placed on student assessors, par-
ticularly under conditions of overload and repetition, remain
poorly understood. We examine how two cognitive factors,
information overload and what we term assessment fatigue,
influence evaluation behavior and user experience. Assessment
fatigue is defined as cognitive strain resulting from repeated
evaluative tasks. The study draws on data from a university-
level deployment of a structured peer evaluation system. We
applied Structural Equation Modeling (SEM) to analyze how
behavioral data and self-reported perceptions of overload and
fatigue relate to overall system satisfaction. Results reveal a
significant indirect pathway from information overload to system
satisfaction, mediated by fatigue. Based on these findings, we pro-
pose design recommendations for cognitively-aware assessment
systems that adapt to students’ cognitive constraints, contributing
to the development of AI-supported educational tools that are
more robust and human-centered.

I. INTRODUCTION

P
EER ASSESSMENT is widely used in higher education

to enhance learning and promote critical thinking [14, 19].

As educational platforms increasingly integrate automated or

semi-automated assessment tools, peer evaluation systems are

becoming candidates for AI-supported enhancement [7, 8].

While the design of aggregation methods and elicitation

strategies has recently received some attention [18, 21], the

cognitive experience of the assessors—specifically the effects

of overload and fatigue—has been largely overlooked. The

cognitive demands placed on student assessors when reviewing

multiple peer projects—remain poorly understood. As students

progress through a sequence of evaluations, they may expe-

rience information overload and fatigue, which can affect the

consistency of their ratings and their overall satisfaction with

the process. This paper addresses that gap by focusing on

two cognitive factors that may degrade the quality of peer

evaluations over time: information overload (IOL) and what

we term assessment fatigue. There is no single definition of

information overload (see e.g., the survey paper by Bawden

and Robinson [2]). A commonly accepted definition is that

information overload occurs when a user has insufficient

cognitive capacity to handle the presented information. IOL
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has been linked to decreased decision quality and increased in-

consistency [9, 11]. These cognitive factors do not only impact

the user experience—they may also compromise the accuracy

of peer evaluations. Under high cognitive load, students may

fail to distinguish between projects, default to repeated ratings,

or reduce the depth of evaluative effort, potentially affecting

the fairness and validity of assessment outcomes.

We introduce the term assessment fatigue to describe cogni-

tive depletion stemming from repeated evaluative tasks within

peer review sessions. While information overload is well es-

tablished in cognitive psychology and organizational behavior,

its role in peer assessment systems remains underexplored.

The concept of fatigue in this context has received even less

scholarly attention.

We study these phenomena using data collected from the

R2R peer assessment platform [8], deployed in a university

course on data analysis. In this setting, students assessed peer

projects using a structured interface that combined Likert-scale

ratings with pairwise comparison queries. Figure 1 illustrates

the R2R system flow. Specifically, we ask: (1) What is the

impact of information overload on peer assessment? (2) What

is the impact of assessment fatigue on peer assessment? (3)

How satisfied are users with the R2R peer assessment system?

Our goal is to model the relationships between these cognitive

factors and evaluation patterns, and to consider how future

systems might be designed to account for such effects.

In addition to collecting behavioral data such as score

patterns and tie frequency, we administered a post-assessment

questionnaire that measured perceived information overload

(IOL), assessment fatigue, and satisfaction with the system. To

model the relationships among these subjective constructs and

evaluation behavior, we applied Structural Equation Modeling

(SEM), treating each construct as a latent variable.

We use the results of our behavioral analysis to motivate

several design recommendations for improving peer assess-

ment systems. These include incorporating fatigue-sensitive

prompts and weighting inputs based on behavioral reliability.

The goal is to help future systems better support assessors

under cognitive strain and improve the overall consistency

and fairness of evaluations. By combining behavioral mod-

eling with system-level implications, this work contributes to

the development of human-centered, AI-supported educational
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technologies that account for the cognitive limitations of

student evaluators. Specifically, our contributions are three-

fold:

• We define and estimate assessment fatigue as a latent

variable using behavioral and self-report data.

• We apply Structural Equation Modeling (SEM) to analyze

the relationships between information overload, assess-

ment fatigue, and peer evaluation behavior.

• We propose design recommendations for peer assessment

systems that address cognitive strain during evaluation.

II. RELATED WORK

Peer assessment has been widely used in educational set-

tings to support evaluation and feedback among students.

Many systems have been developed to structure this pro-

cess, aiming to improve reliability, fairness, and ease of

use [19, 20, 14]. However, persistent challenges include strate-

gic grading [18], inconsistency among assessors [21], and

score inflation [15]. Rating-based systems are vulnerable to

calibration issues and leniency bias [8], while systems that

rely only on rankings can impose high cognitive demands on

students [16].

The R2R platform addresses some of these limitations by

combining Likert-scale ratings with pairwise comparisons,

triggered only when students assign the same score to multiple

projects [8]. This approach collects informative input while

keeping the evaluation task manageable. The present study

builds on this framework to examine how assessors’ cognitive

states—specifically overload and fatigue—affect their rating

behavior and system satisfaction.

Information overload has been studied in decision-making,

education, and organizational behavior [1, 6, 9], but its rel-

evance to peer assessment remains underexplored. We also

introduce the concept of assessment fatigue, defined as cog-

nitive strain from repeated evaluation tasks. Although well-

studied in cognitive psychology, fatigue has not been explicitly

modeled in the peer assessment context. This study examines

both constructs and their relationship to behavioral patterns

and subjective user experience.

Previous studies in large-scale peer review, such as in

MOOCs, have documented variability in rater performance

over time [13, 17]. However, such work typically treats incon-

sistency as noise, rather than exploring its cognitive origins. In

contrast, our study models cognitive factors as latent constructs

and uses Structural Equation Modeling (SEM) to analyze their

connection to evaluation behavior.

Recent work in educational AI explores how systems

can adapt to learners’ cognitive and emotional states [7],

including adaptive pacing [22], feedback support [5], and

scaffolding [10]. However, most peer assessment platforms

still treat all students as equally capable reviewers. We argue

that behavioral indicators of cognitive strain—such as reduced

variability, scoring decay, or rushed evaluations—can inform

the design of more responsive peer assessment systems.

III. METHODOLOGY

The study was conducted in an undergraduate data analysis

course at Ariel University. Students participated in a structured

peer assessment exercise using the R2R platform [8]. Each

student viewed and evaluated 9–12 peer presentations. Eval-

uations began with assigning 1–5 Likert-scale scores to each

project based on predefined rubrics. When multiple projects

received the same score, the system triggered pairwise com-

parison queries to elicit ordinal preferences among them. This

hybrid approach—combining cardinal ratings with selective

ordinal input—yields a partially ordered set of preferences per

student.

Once all data were collected, the system aggregated the

individual inputs into a full ranking over all projects. For each

median score level, it computed an internal ranking among

the tied projects using either Borda or Copeland voting rules.

The final output was a global project ranking that preserved

both score-based judgments and fine-grained pairwise distinc-

tions [8].

To capture students’ evaluation behavior over time, we

computed a set of behavioral indicators derived from their

interactions with the R2R system. These included the mean

score each student assigned across all evaluated projects,

as well as a decay coefficient—defined as the difference

between the mean of the first third and the last third of

scores in the session—to estimate whether students’ ratings

declined over time. We also recorded the proportion of ties

(i.e., repeated scores across projects). Another variable tested

is response latency—measured as the average time between

rating actions—was also extracted as a behavioral indicator.

However, it did not show a significant association with any of

the cognitive variables (overload, engagement, or satisfaction),

and was therefore excluded from the final model.

Upon completing their peer assessments, students filled

out a questionnaire including validated items on information

overload, perceived fatigue, and system usability. Responses

were measured using a five-point Likert scale and aggregated

into three latent constructs: Information Overload, Assessment

Fatigue, and Satisfaction. The full questionnaire can be found

in the Appendix VI.

A total of 231 students participated in the study. Some did

not rate all projects in their session, or failed to complete the

questionnaire. We were thus left with a total of 194 students.

We employed Structural Equation Modeling (SEM). The

model was pre-specified based on the theoretical assump-

tions on the relationships between cognitive factors (fatigue

and overload), behavioral patterns, and subjective experience

(satisfaction with the system). The SEM was implemented

in R using the lavaan package, with maximum likelihood

estimation. Model fit was assessed using standard indices: CFI,

RMSEA, and SRMR. The latent variables were modeled as

predictors of observed behavioral features to understand how

cognitive strain manifests in evaluation patterns.
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Fig. 1. R2R system flow. Students view project presentations and then rate the projects. If a student assigns the same rating to two or more projects, a series
of pairwise comparison queries is executed.

Fig. 2. Structural model results. Information overload predicts both assess-
ment fatigue and usage patterns. Fatigue in turn predicts system satisfaction.
A significant indirect effect from overload to satisfaction is mediated through
fatigue.

IV. RESULTS

The SEM demonstrated an acceptable to good fit with the

data. The scaled chi-square test was marginally significant,

χ2(112) = 139.24, p = .041. Additional fit indices supported

the model: CFI = 0.934, TLI = 0.921, RMSEA = 0.035, and

SRMR = 0.063.

Figure 2 presents a simplified diagram of the structural

paths estimated in the model. The most robust finding was a

positive and significant path from the latent fatigue construct to

system satisfaction (β = 0.302, p = .005). Although labeled

as fatigue, the items comprising this factor reflect cognitive

engagement (e.g., active reflection and effort). Thus, higher

scores indicate lower fatigue or greater evaluative involvement.

Interpreted accordingly, the result suggests that students who

were more cognitively engaged during the peer assessment

process reported higher satisfaction with the system—a pattern

consistent with prior findings on self-regulated learning and

intrinsic motivation.

Information overload significantly predicted assessment fa-

tigue (β = −0.227, p = .007), indicating that students who

reported higher overload tended to also report greater fatigue.

However, the direct path from information overload to system

satisfaction was not statistically significant (β = 0.012, p =
.912), suggesting that the relationship between overload and

satisfaction operates indirectly, through its effect on fatigue.

The significance of the indirect path from information over-

load to satisfaction through fatigue (ab3 = −0.048, p = .019)

supports a partial mediation model. Fatigue acts as a conduit

through which perceived overload affects downstream user

experience. This finding aligns with cognitive theories that

emphasize the cumulative toll of high information load and

the importance of affective and physical strain in shaping task

satisfaction [9, 1].

In the context of peer assessment, these mechanisms may

help explain how students’ evaluative consistency and system

satisfaction decline as cognitive demands accumulate over the

course of repeated assessment tasks.

In addition to the latent variables, the model incorporated

behavioral measures. Information overload significantly pre-

dicted the mean rubric usage pattern (ab3 = 0.496, p = .036),

indicating that cognitive strain manifests not only in subjective

reports but also in measurable changes in evaluation behavior.

Students experiencing higher overload engaged differently

with the interface, suggesting that behavior traces may offer

real-time or asynchronous indicators of cognitive state.

Several additional paths were included in the model for

completeness but were not statistically significant. These in-

cluded the direct path from information overload to satisfaction
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(ab3 = 0.012, p = .912), as well as paths from behavioral

pattern indicators to satisfaction (ab3 = −0.053, p = .548)

and fatigue (ab3 = −0.070, p = .315).

In summary, the model confirms that perceived information

overload predicts fatigue, and that fatigue, in turn, positively

predicts system satisfaction. The direct path from overload

to satisfaction was not significant, indicating that fatigue

mediates this relationship. These findings answer our core re-

search questions and highlight the value of modeling cognitive

constructs such as overload and fatigue as latent variables.

The use of SEM allowed us to capture latent constructs that

are not directly observable, such as perceived fatigue and

overload, and to examine their relationships with both self-

reported satisfaction and system-logged behavioral patterns.

This modeling approach made it possible to detect indirect

effects and account for measurement error, offering a more

accurate view of how cognitive states shape peer assessment

experience.

V. DESIGN RECOMMENDATIONS

Assessment fatigue, i.e., cognitive fatigue during peer as-

sessment, can be addressed through real-time detection mech-

anisms that rely on unobtrusive behavioral signals. Because

the assessment environment already logs granular student

actions—such as response times, ratings, and tie-breaking de-

cisions—it is feasible to infer signs of strain or disengagement

as students work through their evaluation tasks. Specifically,

indicators such as repeated use of a single score (e.g., consis-

tently assigning the highest rating), low variance across rubric

dimensions, skipping optional comment fields, or evidence of

scoring decay over time may suggest cognitive overload or

reduced attentional engagement. The latter can be quantified

using a decay coefficient, defined as the difference in mean

scores between the first and last segments of a student’s

evaluation sequence. A consistent downward trend in scores,

relative to how other assessors rated the same projects, may

reflect increasing fatigue or diminished evaluative attention as

the session progresses.

When such patterns are detected in real time, the system can

scaffold the rating process to reduce cognitive load. Instead of

allowing students to proceed with rapid, unreflective scoring,

the interface can present brief prompts encouraging deeper

engagement. For example, when repeated use of the same

score is detected, the system might ask: “Consider pacing your

next few ratings more slowly to ensure accuracy” or “Before

submitting, consider whether this score reflects the project’s

clarity, originality, and completeness.” Other prompts might

invite rubric-based reflection, such as: “Did this project meet

expectations for structure, argumentation, or use of data?”.

These light-weight nudges are designed to trigger evalua-

tive reappraisal without interrupting workflow. Drawing on

principles of adaptive scaffolding and self-regulated learning,

such prompts can help students maintain attentional focus and

calibrate their ratings more accurately, even under conditions

of assessment fatigue.

In addition to in-the-moment interventions, cognitive strain

can be addressed retrospectively through post-hoc adjustments

to aggregation. After the evaluation session concludes, the

system can compute a reliability score for each assessor

based on fatigue-related behavioral signals. This score, scaled

between 0.1 and 1.0, reflects the inferred trustworthiness of

the student’s inputs. These weights can then be used to adjust

both rating-based and ranking-based aggregation methods. In

the case of ratings, a student who assigns the same score to

all projects or shows minimal rubric variance may have their

evaluations down-weighted in the final average. For ranking-

based aggregation, methods such as Borda or Copeland can

be adapted to incorporate these weights directly. The adjusted

Borda score for a project cj would be computed as:

AdjustedBorda(cj) =
n∑

i=1

wi · BordaRanki(cj)

where wi is the reliability weight for student i, and

BordaRanki(cj) is the rank assigned by that student to project

cj . This post-hoc adjustment strategy requires no change to

the frontend interface or assessment process.

VI. DISCUSSION

Real-time scaffolding and reliability-based weighting sup-

port student wellbeing by recognizing and mitigating the

cognitive toll of extended evaluation tasks. These adaptive

mechanisms may also enhance fairness, by reducing the in-

fluence of assessors operating under strain. Thus, integrating

fatigue-sensitive design into peer assessment systems carries

not only cognitive and pedagogical value, but also reflects

human-centered AI principles—namely, respect for cognitive

limits, equitable treatment, and minimal intrusion.

Several directions remain open for extending this work.

One promising avenue is the integration of large language

models (LLMs) to enhance feedback analysis and detect

signs of fatigue or disengagement through natural language

patterns. While the present study focuses on rating behavior

and assessment structure, written feedback can offer a com-

plementary signal of cognitive strain. For example, LLMs can

be used to analyze comment length, sentence count, lexical

richness, or syntactic complexity. Qualitative shifts such as

sentiment flattening (“nice job”) or use of generic, non-specific

phrases (“good project,” “well done”) may indicate reduced

engagement or cognitive effort. Detecting such patterns at

scale could enable a multi-modal fatigue detection pipeline

that combines behavioral and textual indicators.

A second line of future work involves implementing the

design recommendations proposed in this paper within a live

peer assessment platform. This includes integrating fatigue-

sensitive prompts, real-time scaffolding for ratings, and post-

hoc reliability-weighted aggregation. Controlled experiments

can then evaluate the effectiveness of these interventions in

improving evaluation quality and fairness of outcomes.
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APPENDIX: QUESTIONNAIRE

Students completed a questionnaire immediately after fin-

ishing the peer assessment tasks. It included two demographic

questions, six items from a validated satisfaction scale [4], four

items from an information overload scale [3], and five items

on fatigue adapted from Krieglstein et al. [12].

Response Scales:

• 5-point scale: 1 = Strongly Disagree, 2 = Disagree, 3

= Neither Agree nor Disagree, 4 = Agree, 5 = Strongly

Agree

• 7-point scale: 1 = Strongly Disagree, 2 = Disagree, 3 =

Somewhat Disagree, 4 = Neither Agree nor Disagree, 5

= Somewhat Agree, 6 = Agree, 7 = Strongly Agree

General Information

• Age

• Gender

Satisfaction [4] (5-point scale)

• R2R was more efficient for peer and self-evaluation than

paper-and-pencil methods would be.

• The operation of R2R evaluations was easy and conve-

nient.

• I tried to grade my peers appropriately and not to be picky

or hypocritical.

• I worried that my classmates would give me low grades

intentionally.

• I think the instructor’s comments and grading would be

more professional than my classmates’.

• I felt that I received biased low scores from peers.

Information Overload [3] (7-point scale)

• I cannot effectively process all the information I read.

• I am overwhelmed with the information I read.

• I feel anxious that I might have missed an important piece

of information I read.

• I cannot assimilate all the information I read.

Fatigue [12] (7-point scale)

• The learning content was difficult to understand.

• The learning content included much complex informa-

tion.

• I actively reflected upon the learning content.

• I made an effort to understand the learning content.

• I was able to expand my prior knowledge with the

learning content.
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