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KONG Weiliang, YU Xiaoli, HAN Shuyun, DENG Minjie

Peer assessment is an important learning strategy to cultivate learners high-order thinking and
improve learning performance. However, in practice, peer evaluation has a serious problem of low trust, that is,
learners question or ignore peer evaluation and the overall acceptance is not high. Cognitive differences among
learners are the key contributing factor to this problem: objectively, cognitive differences among learners lead to
inconsistent peer evaluations; subjectively, learners may experience confirmation bias when faced with inconsistent
evaluations. The trusted peer evaluation model empowered by artificial intelligence uses a credibility coefficient to
indicate the effectiveness of the evaluation to guide learners to establish correct identification and trust, which can
reduce learners confirmation bias. The intelligent implementation of this model can be divided into four stages: the
representation of evaluation and credibility coefficient, the construction of weighted graph of scoring relationship,
the mining of peer cognitive level relationship based on weighted random walk algorithm, the calculation of
credibility coefficient and evaluation feedback. The teaching practice based on this model shows results as follows.
First, the model can calculate a reasonable credibility coefficient for evaluation based on the relative cognitive level
of the evaluator and the respondent. Second, learners acceptance of peer evaluation has improved, especially in
terms of perceived usefulness and behavioral willingness, which are significantly better than traditional peer
evaluation models. Third, it has a significant positive impact on the cultivation of learners critical thinking
tendency, of which the four sub dimensions including analysis, systematicness, curiosity and openness have been
greatly improved.

Artificial Intelligence; Peer Assessment; Cognitive Differences; Low Trust; Credibility Coefficient

systems. An analysis of the current state of research on intelligent technology-enabled feedback in terms of
objectives, mechanisms of action, and system architecture has revealed that intelligent technology-based feedback
aims to bring positive effects on learners cognition, emotions and attitudes, and metacognition in order to motivate
learners to improve their current states and learning outcomes. At the level of feedback mechanism, an automatic
feedback based on correct and incorrect responses usually adopts a rule-based matching model to trigger feedback
by comparing correct and incorrect answers; the key to personalized feedback is to build a learner model to adapt
feedback to different students characteristics and to realize personalized feedback by combining ontology or using
multiple rounds of human-computer dialogue; a human-computer collaborative feedback can be achieved by
realizing interaction and complementarity between teachers, students and computers. At the system architecture
level, the feedback system consists of three layers: input layer, analysis layer and inference generation layer,
generating feedback decisions through a series of algorithmic models and feedback mechanisms, whose interactions
with learner models, expert models and domain models determine the degree of accuracy and adaptability of
teaching feedback.

Intelligent Technology; Instructional Feedback; Feedback Goals; Feedback Mechanism;
Human-Computer Collaboration
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