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Do We Learn From Each Other: Understanding

the Human-AI Co-learning Process Embedded in

Human-AI Collaboration

Abstract

Beyond collaborating in the AI-supported decision-making setting to achieve
complementary performance, human and AI should learn from each other and
internalize knowledge from their collaboration. This can enhance their individ-
ual performance when working independently after their collaboration. However,
this expected dual-pathway co-learning process, including both “human learns
from AI” and “AI learns from human”, does not occur spontaneously. Human-
AI collaboration designs could have inconsistent and intertwined influences on
the co-learning process. Based on the learning cycle theory, this study conducted
three online, two-stage, and between-subject behavioral experiments to reveal
how human and AI learn from each other. By developing a context where human
and AI have comparable and moderate performance on emotion classification
tasks, our study provides the first empirical evidence of an effective human-AI
co-learning process within human-AI collaboration. However, the AI feedback
and collaborative workflow design can lead to unequal and potentially negative
impacts on both pathways of the co-learning process in groups with varying levels
of cognitive reflection capability. These findings highlight three design principles
to facilitate the co-learning process embedded in human-AI collaboration rather
than naively deploying a complex AI system.

1 Introduction

Recent studies have investigated how human and AI collaborate together to achieve
complementary performance that exceeds human or AI alone [1–4]. However, the result
is mixed at best [3, 5], motivating many studies to investigate factors that can affect
the effectiveness of the human-AI collaboration, such as communication method [6],
task delegation [7], decision-making processes [4] and the AI’s identity [6, 8, 9]. It has
become a consensus that to achieve complementary performance between human and
AI, AI should be regarded as a partner [10] rather than merely a support tool. It is
essential to harness and leverage the complementary knowledge of both human and
AI partners [2–4, 11]. In other words, human and AI should be able to learn from each
other through their collaboration, making it particularly important to explore such a
human-AI co-learning process.
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However, while emphasized in human-human collective intelligent studies [12, 13],
our understanding of this co-learning process embedded in the human-AI collabo-
ration is very limited [14, 15]. As shown in Figure 1, the co-learning process is a
dual-pathway that both human and AI adapt to each other and learn through their
collaborative experience [14]. It includes human digesting the results from AI for
learning — “human learns from AI”, and AI being trained based on human’s inputs
— “AI learns from human”1. Ideally, human-AI collaboration can complement each
other through this co-learning process, leading to a closer mental model and achiev-
ing not only complementary performance when collaborating together but also better
performance when working alone after their collaboration [15–17] (a.k.a, the training
phase and testing phase elaborated as the left and right part of Figure 1 separately).
However, most existing studies have focused on the human-AI collaboration in an AI-
supported decision-making setting, aiming at achieving complementary performance
when working together [10, 18]. It is essential to further explore how such a human-AI
collaboration experience affects their individual performance after their collaboration
to guide designs that can enhance their co-learning effectiveness [19, 20].

Fig. 1: The dual-pathway human-AI co-learning process within their collaboration.

Importantly, the Kolb’s learning cycle theory [14, 15, 20–23], have served as the
foundation for understanding the learning process and assessing how distinct learning
processes influence the acquisition of various types of knowledge. It highlights a learn-
ing process involving multiple stages including concrete experience (being involved in

1Notably, rather than taking an active learning paradigm which makes two pathways of the co-learning
process intertwined, we adopt a training-testing two-stage design that we use the generated annotations
from the training phase to finetune the AI to represent the AI learning from human process.
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a new experience), reflective observation (reflecting on the observation from the expe-
rience), abstract conceptualization (creating theories from the observation) and active
experimentation (using theories to solve new problems) [21]. Learners go through this
process to create and internalize knowledge from their experience and then apply
what they learn in real situations [20]. Notably, the transformation from one stage to
another is not naturally occurring but can be influenced by many factors [14, 21, 22].
Hence, in the human-AI collaboration context, the co-learning process, including both
pathways, also follow such a process that the learning may not happen spontaneously
[17]. Although few recent studies on human-AI collaboration have started to notice
this aspect [17, 24–27], reporting some scattered observations, there is still a lack of
theoretical frameworks and clear empirical evidences to unfold this co-learning process.

Therefore, the goal of this study is to investigate the human-AI co-learning pro-
cess embedded in human-AI collaboration based on the Kolb’s learning cycle theory.
In particular, as suggested by the Kolb’s learning cycle theory [21, 23], concrete expe-
rience is the central and necessary part of the learning process, which triggers the
learning cycle. Moreover, learners’ collaboration is essential for success of this process
[28]. Given that the human-AI collaboration creates a collaborative learning experience
for both human and AI, the first question this study explores is:

• RQ1: Can the human-AI collaboration experience trigger the dual-pathway co-
learning process that improves their individual performance when working alone after
the collaboration?

Additionally, the reflective observation stage, whereby the learner reflects on the
observations, acting as a mediator of meaning making, is imperative in the learning
process [21, 23]. Facilitating this stage to cognitively engage learners into deeper think-
ing, a.k.a “learning by thinking”, will benefit in acquiring knowledge and improve the
learning outcome [22]. In the human-AI collaboration context, AI feedback designs [29]
and collaborative workflow configurations [11, 17, 30] have been proposed to enhance
human’s cognitive engagement with AI to promote their collaboration. In particular,
AI feedback designs provide richness of information provision, especially the rationale
behind AI’s decision. The collaborative workflow configurations enhance the extent of
human cognitive participation through double and slow thinking. They offer different
mechanisms for enhancing cognitive engagement between human and AI. Hence, this
study aims to investigate how these two different cognitive engagement mechanisms
affect the co-learning process:

• RQ2: How can different AI feedback designs in human-AI collaboration influence
the dual-pathway co-learning process?

• RQ3: How can different collaborative workflow designs in human-AI collaboration
influence the dual-pathway co-learning process?

Finally, in the abstract conceptualization stage, learners can create concepts that
integrate their observations into logically sound theories, which transforms what they
observed into knowledge [20, 21]. Existing studies following the dual process theory
highlight that cognitive reflection capability, the way people engage with provided
information when making decisions [31, 32], is a critical internal factor for learning.

3
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People with a higher cognitive reflection capability will achieve better learning per-
formance when abstracting concepts from their experience, suggesting the importance
of adaptive learning [33, 34]. Particularly, existing studies investigating AI feedback
and collaborative workflow designs demonstrate that people with different cognitive
reflection capabilities can engage with the AI-generated information differently, indi-
cating the intervention-generated inequality effect [17, 35, 36]. For example, people
with a high cognitive reflection capability can engage deeper and benefit more from
the correct and well-designed AI explanations [17]. Hence, when designing human-
AI collaboration, it should account for the human’s cognitive reflection capabilities
[4, 32, 37]. This motivates us to further explore:

• RQ4: How does the cognitive reflection capability in human-AI collaboration affect
the dual-pathway co-learning process?

To answer these questions, we conduct three online, two-stage, and between-subject
behavioral experiments. More specifically, to answer RQ1, in Study 1, participants
were asked to complete 32 multi-category emotional annotation tasks2 with or with-
out AI recommendations in the training phase. In the testing phase, participants will
complete another 32 tasks without AI support while the annotations from the training
phase are used to fine-tune the AI models, and the fine-tuned AIs are used to predict
the tasks. We further propose measures including the human accuracy and confidence,
AI accuracy and confidence as well as their alignment and (in)correct alignment in
the testing phase (as summarized in the right part of Figure 1) to evaluate both path-
ways of the co-learning process. This enables us to quantitatively investigate whether
the human-AI collaboration experience in the training phase triggers an effective co-
learning process to improve their performance when working alone in the testing phase.
After confirming the existence of the human-AI co-learning process from Study 1, fol-
lowing the previous studies (i.e. [17, 38, 39]), we answer RQ2 by conducting Study
2 to investigate how different feedback designs can impact this process. In particular,
we consider three feedback conditions, including providing AI recommendation only,
providing AI explanation only, or providing AI recommendation and explanation simul-
taneously, which provides more AI feedback rationales sequentially to engage human
during the training phase. This will allow us to understand how providing additional
AI feedback affects the co-learning process. To answer RQ3, in Study 3, we further
design a two-step collaborative workflow for human-AI interaction, where participants
can update their annotations after viewing the AI recommendation [11, 17], to under-
stand how the collaborative workflow configuration impact the co-learning process.
Finally, we conduct an internal audit to split our data by human cognitive reflection
capability. This aims to investigate the potential intervention-generated inequality

2Emotional annotation of posts is a human instinct that requires no specific training to get started.
It is also a nontrivial task that human cannot judge straightforwardly, allowing us to build a learning
environment where human and AI have both imperfect but complementary knowledge of the given tasks.
Existing studies showcasing complementary performance in human-AI collaboration emphasize making the
complementary region between human and AI’s knowledge space larger to achieve optimal outcome [4, 11].
Hence, in this study, we design a context where human and AI have moderate and comparable (both around
50% accuracy) performance so that neither human nor AI exhibit a significant advantage or disadvantage,
leaving room for them to learn from each other if the co-learning process can happen.

4
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effect in the human-AI co-learning process due to the cognitive reflection capability
difference, which answers RQ4.

To the best of our knowledge, this is the first study to provide clear empirical
evidence of the dual-pathway human-AI co-learning process embedded in human-AI
collaboration and how the human-AI collaboration designs impact this co-learning
process. In our study, where human and AI have comparable and moderate accuracy,
we find that the human-AI collaboration experience can trigger both pathways of the
co-learning process, confirming the existence of human-AI co-learning [17, 24–27] and
highlights the importance of collaborative experience for learning [21, 23]. However, AI
feedback fails to consistently enhance both pathways, indicating an inequality effect
between the two learning processes. Similarly, the two-step collaborative workflow
design fails to stimulate better co-learning performance for both participants. Rather,
it can result in some negative and unequal impacts on both pathways. These impacts
also vary based on human cognitive reflection capabilities. Therefore, naively deploying
a complex AI system without optimizing the design of AI feedback and collaborative
workflow could not only fail to enhance their collaboration [4, 31, 40–43], but also
negatively affect the co-learning process. Moreover, going beyond existing studies [17,
35, 36], our study shows that the intervention-generated inequality effect exists in
both groups with different human cognitive reflection capabilities and within the two
co-learning pathways. Hence, when designing to facilitate both pathways in the human-
AI co-learning process, the top priority is to create a collaborative team between
AI and human, emphasizing that “something is better than nothing”. However, the
design should balance the generated information and the collaboration workflow, which
may harm the co-learning outcome. In other words, “more can be less”. Moreover,
participants with different cognitive reflection capabilities will impact both pathways
in the co-learning process unequally, underscoring the importance of adaptive learning
oriented design, a.k.a, “one size can not fit all”. Overall, by extending existing studies
to investigate the co-learning process, we provide valuable guidance to promote human-
AI learning, especially as AI is increasingly considered a self-learning, proactive, and
intelligent subject [31, 44, 45].

In the following, we first review related work and then propose our hypothesis.
After detailing our three studies, including the experimental design, participant demo-
graphic, and observations from the behavioral experiments, we conduct the internal
audit to uncover the intervention-generated inequality phenomenons. Finally, we sum-
marize our findings and discuss the limitations and future directions, followed by a
final remark to conclude this study.

2 Related Work

2.1 The Co-Learning Process within Human-AI Collaboration

A growing body of research has sought to design effective human-AI collaboration that
human and AI systems can compensate for each other to achieve complementary per-
formance [2–4, 6, 8, 46]. Typically, AIs are considered as a decision-support tool [3, 10],
wherein it collaborates with human to accomplish specific tasks. However, although
some studies demonstrate a complementary performance [2, 3, 47], many studies also
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report a failure to improve the collaborative performance [30]. For the human-AI col-
laboration which outperforms people working alone [4, 30], the improvement can be
due to the setting that AI’s accuracy is significantly higher than human initially [4, 48]
as the collaborative outcome rarely outperforms AI alone [5]. Hence, exploring the
collaborative mechanisms within human-AI collaboration is still an open but critical
research area [49].

Importantly, inspired by human-human collective intelligence studies [12, 13], some
recent studies view human and AI as equal entities, considering AI as a partner within
a human-AI team [6, 8, 18, 50] rather than mere a tool. Illustrative examples of
such teamwork can be found in various domains, such as healthcare applications [51],
recidivism risk assessment [52], computer games [53], and educational settings [54]. In
particular, when conceptualized as a teammate, AI takes on team-level responsibilities
and executes decisions as a team member to contribute to shared team goals [53].
AI is considered as a self-learning, proactive, and intelligent subject [44, 45]. In other
words, AI is a partner rather than just a support tool, so building shared mental model
[10] between human and AI becomes critical for their effective collaboration. Hence,
the co-learning process [15, 55, 56], a process where partners adapt to and learn from
each other to establish the shared mental models on the task, themselves and their
partners, plays an increasingly crucial role. For example, Zagalsky et al. [57] proposed
a human-machine learning (HML) framework with reciprocal learning feedback to
enable “learning-by-doing” where domain experts and AIs learn simultaneously and
incrementally to reach a shared conceptualization.

Notably, the co-learning process for human-AI collaboration is a dual-pathway
learning process, which involves “human learns from AI” by digesting the results of AI
and “AI learns from human” through training based on human’s input [15]. Ideally, it
will form a collaborative learning environment that improves both participants’ per-
formance, resulting in better collaborative performance and performance improvement
for both human and AI when working alone after their collaboration. Unfortunately,
such a process does not occur spontaneously [17, 58]. For example, Schoonderwoerd
et al. [58] use the restricted-perception Wizard-of-Oz (WOz) approach to simulate a
human-AI collaboration for an urban search and rescue mission. However, no learn-
ing effects on collaborative fluency or performance were found. Similarly, using a
nutritional knowledge quiz task, Gajos and Mamykina [17] show that providing AI
recommendations and explanations can not achieve learning benefits as it does not
involve human in the cognitive processing of AI-generated information.

As suggested by the learning cycle theory [20–23], learning is a dynamic knowledge
internalization process that involves multiple steps, including observation, compre-
hension, application, and the accumulation of experience [20]. Learning is a cyclical
process wherein individuals continuously reflect on and reapply knowledge through
practical activities [20, 23]. This cycle not only aids individuals in understanding new
information but also enables them to internalize this information into personal tacit
knowledge and apply it in new situations [20, 23]. However, this transformation will
not happen spontaneously but is affected by many factors, like collaborative expe-
rience, communication mechanism and critical reflection [14, 21, 22]. Hence, in the
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context of human-AI co-learning, it is important to consider not only the tasks com-
pleted jointly but also the performance of tasks completed independently by human
and AI to evaluate the effectiveness of their collaboration, which is often overlooked.

Overall, while existing studies recognized the essentials to enable the learning pro-
cess to achieve complementary performance, the two learning pathways do not happen
spontaneously and they are not effectively distinguished. Given the lack of empirical
evidence, this study aims to investigate how human-AI collaboration will impact the
co-learning process.

2.2 The Intertwined Factors Affecting Human-AI
Collaboration

As discussed above, many recent studies [4, 10, 18, 32] have reported that many
factors can influence human-AI collaboration. Among these factors, the human-AI
collaboration designs in AI feedback and collaborative workflow have been considered
critical, as they provide different mechanisms to engage human in their collaborations.

First, the AI feedback design focuses on providing explanations regarding AI’s
choice to support human’s decision during the human-AI collaboration process. It
aims to help users understand how AI systems work [38, 59] to improve user’s trust
and satisfaction [38], and encourage the use of AI systems [26]. Many studies have
confirmed the effectiveness of explanations for AI decisions to support human-AI
collaboration, including professional scenarios like healthcare [51]. However, the com-
plexity of explanation [60], user expectations [37, 61], faithfulness [41] can make the
explanation much less effective and sometimes can even result in adverse outcomes
due to overreliance effect, anchor bias, etc. [3, 4]. For example, Lim and Dey [61] found
that extensive explanations increase the perceived accuracy of high-precision systems
but decrease the perceived accuracy of low-precision systems. Papenmeier et al. [42]
demonstrated that providing faithful or random explanations in high-precision sys-
tems reduces users’ self-reported trust. Smith-Renner et al. [43] showed that adding
explanations to low-precision models decreased users’ acceptance and confidence in
the model and increased frustration.

Second, designing the collaborative workflow between human and AI, which pro-
vide cognitive forcing strategies such as double-thinking or slow decision making,
is proposed to reduce the overreliance and improve the human-AI collaboration
[17, 30, 48]. For example, the two-step workflow design that requires users to decide
before seeing the AI’s suggestion [48] allows users to choose whether and when to
see the AI’s suggestion, providing a double thinking strategy to engage human par-
ticipants during the collaboration. However, these cognitive forcing strategies at the
cost of the extra time [31] can increase the mental effort required for decision-making,
which can cause unintended consequences [62].

Moreover, both designs aim at enhancing the cognitive engagement with human
during the human-AI collaboration. When humans engage in extended thinking and
learning processes, they often tend to think and learn analytically, which is a manifes-
tation of cognitive reflection capability [63]. In particular, the dual process theory in
psychology suggests that biases in human decision making may be explained by the
type of cognitive processes that people engage in when making decisions—“System 1”
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processing is executed quickly without reflection, while “System 2” requires conscious
thought and effort [31]. An individual tending to engage with conscious process-
ing (“System 2”) more often, indicated as a high cognitive reflection capability [31],
naturally exhibits a more analytical disposition to digest the provided information.
Hence, when designing the human-AI collaboration mechanisms, this could result in
intervention-generated inequalities [17, 32, 37]. For example, Gilpin et al. [37] suggest
accounting for the limited human attention span and cognitive reflection capabilities
when designing explanations, e.g., by showing what brought about a single decision
rather than explaining the machine learning model as a whole. Duan et al. [32] demon-
strate that people’s high cognitive reflection capability could mediate the influence of
task designs on recidivism risk judgments. Gajos et al. [17] highlight the AI explanation
benefits people with high cognitive reflection capability more.

In summary, existing studies have extensively investigated designs such as AI feed-
back and collaborative workflow to cognitively engage human to improve human-AI
collaboration, as well as the intervention inequality arising from variations in cognitive
reflection capability. However, the inconsistent observations call for more empiri-
cal evidences regarding their performance to support human-AI collaboration. More
importantly, these factors provide different mechanisms to engage humans with differ-
ent cognitive capabilities in their collaboration, which could affect the learning process
as suggested by the learning cycle theory [14, 21, 22]. Hence, going beyond existing
studies that focus on the AI-supported decision making setting, we investigate how
these designs intertwined together to affect the co-learning process.

3 Hypothesis Development

As shown in Figure 2, to investigate the human-AI co-learning process, the first goal
is to verify whether the co-learning process occurs within the human-AI collaboration
to answer RQ1. In particular, as suggested by the learning cycle theory [14, 20–22],
bringing a community together plays a key role in an effective learning experience
because learning is a social and collaborative process [64]. The learner’s communica-
tion is essential for the success of the process [28] because they can learn with and
from each other [65]. Existing studies have demonstrated that involving AI to form a
collaborative team could achieve a better performance compared with human alone,
indicating an effective collaboration experience during the training phase [1–4, 48].
Hence, we could expect that involving AI to form a collaborative team with human
should be able to trigger a learning process, which improves human performance when
working alone in the testing phase.

Additionally, in the human-AI collaboration context, the learning process is a dual-
pathway learning process, which involves human learning from AI by digesting the AI’
feedback and AI learning from human through training using their collaborative out-
comes [15, 57]. If an effective co-learning process occurs, the human-AI collaboration
would foster effective communication between human and AI, enabling the human to
understand and apply the AI’s suggestion to generate valuable collaborative outcomes
that the AI can learn from [15]. Hence, after fine-tuning using this outcome, AI could
also perform better when working alone in the testing phase.

8
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Fig. 2: Research questions based on learning cycle theory.

Moreover, as both human and AI learn from each other through the training phase,
human can understand and apply the analyses of the AI and AI can adapt from human
cognition, thereby achieving a more aligned mental model [15]. Hence, given the same
tasks in the testing phase, they should perform more similarly even when working
alone. Therefore, we can propose the following hypotheses:

• H1a: Human can learn from the human-AI collaboration experience, leading to an
improvement in the individual performance when operating independently after the
collaboration.

• H1b: AI can learn from the human-AI collaboration experience, leading to an
improvement in the individual performance when operating independently after the
collaboration.

• H1c: After experiencing the human-AI collaboration, human and AI become more
aligned with each other, achieving a closer mental model.

Critical reflection is imperative in the learning process [23]. When people are
cognitively engaged with instructional processes and materials, they are more likely
to benefit from instruction and are more likely to acquire new skills and knowl-
edge. In particular, compared with learners simply observing the provided materials
(a.k.a, know-what), understanding the cause-effect relationships behind those materi-
als (a.k.a, know-why) can encourage more critical reflection to heighten the learning
effectiveness [20, 22]. Hence, in the context of human-AI collaboration, through pro-
viding AI’s recommendations accompanying explanations, human could get an insight
into how AI arrived at its recommendations, therefore achieving a better learning out-
come [17]. Additionally, the explanations were supposed to help human identify the

9
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situations in which AI’s reasoning was incorrect, resulting in more correct collaborative
output, especially in complex situations where annotators lack contextual information
or complete domain knowledge [66]. This can then be used to fine-tune AI to correct
its model to improve its performance, as well as become more aligned with the human
mental model in the testing phase. Therefore, we can propose the following hypotheses
to answer Q2.

• H2a: Providing additional explainable information through AI feedback designs can
enhance the human learning process, leading to an improvement in the individual
performance when operating independently after the collaboration.

• H2b: Providing additional explainable information through AI feedback designs
can enhance the AI’s learning process, leading to an improvement in individual
performance when operating independently after the collaboration.

• H2c: Providing additional explainable information through AI feedback designs can
further lead to closer human-AI mental models.

Existing studies demonstrated that people might over-rely on the AI-generated
recommendations [4] as they did not really engage with the explanations but simply
proceeded with the action. Simply presenting a person with a decision suggestion
and an explanation would provide an immediate benefit (i.e., help the person make
a better decision) but may not lead to learning [17]. Recent work demonstrated that
certain kinds of in-the-moment interventions—such as forcing people to wait before
submitting a decision, having people state their initial decision before seeing the AI
recommendation, or having the AI recommendation provided only on demand—can
reduce (but not eliminate) this overreliance and enhance the cognitive engagement [48].
Specially, a two-step collaborative workflow, which allows participants to update their
initial decisions after being presented with the AI recommendation [48], can improve
human-AI collaboration. One reason that these interventions are effective is that they
provide a double-thinking stage to encourage people to engage more deeply with the
AI-provided information, representing an effective reflection and analysis, which is the
critical stage for the learning process [67, 68]. Additionally, such a deeper cognitive
engagement, where they critically examine these recommendations and compare them
with their own knowledge and judgment, would enable learners to reject information
that is inconsistent with individuals’ own knowledge and beliefs and to adjust their own
knowledge to incorporate new information. Therefore, we can propose the following
hypotheses to answer Q3:

• H3a: Providing double thinking strategy through collaborative workflow designs
can enhance the human learning process, leading to an improvement in individual
performance when operating independently after the collaboration.

• H3b: Providing double thinking strategy through collaborative workflow designs
can enhance the AI’s learning process, leading to an improvement in the individual
performance when operating independently after the collaboration.

• H3c: Providing double thinking strategy through collaborative workflow can further
lead to closer human-AI mental models.

10
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Notably, the learning process is a cognitively engaging process. Existing research
indicates that “learning by thinking” benefits in acquiring knowledge and improves
learning outcomes [22]. Therefore, the cognitive reflection capability of human is
particularly important. Individuals with higher cognitive reflection capabilities, who
predominantly employ “System 2” in their cognitive processes [31, 69], are better
able to pause and think when faced with problems requiring the overcoming of intu-
itive incorrect answers, thus performing better on tasks involving critical thinking and
reflection [31]. Consequently, in the context of human-AI collaboration, humans with
higher cognitive reflection capabilities tend to critically evaluate AI feedback [70],
leading to higher performance and less prone to misinformation. These high-quality
answers serve as human input to correct the AI model and improve its performance.
Hence, similarly, this could result in more aligned mental models between human and
AI. Therefore, we can propose the following hypotheses to answer Q4:

• H4a: Human with higher cognitive reflection capability in collaboration team can
enhance the human’s learning process, leading to better individual performance for
human when operating independently after the collaboration.

• H4b: Human with higher cognitive reflection capability in collaboration team can
enhance the AI’s learning process, leading to better individual performance for AI
when operating independently after the collaboration.

• H4c: Human with higher cognitive reflection capability in collaboration team could
lead to a closer human-AI mental models.

To verify these hypotheses, in the following sections, we detail our three online
behavioral experiments and then report our internal audit regarding the potential
intervention-generated inequality because of differences in human cognitive reflection
capabilities.

4 Study 1: The existence of co-learning process

The first study aimed to explore whether the co-learning process occurs within the
human-AI collaboration to answer RQ1. According to above proposed hypothesis,
if an effective co-learning process happens, the human-AI collaboration experience
during the training phase should improve human and AI performance when they work
alone in the testing phase.

4.1 Task Selection

In this study, we choose the multi-category emotional annotation task, where partic-
ipants classified a given social media post into one of seven emotional types: anger,
disgust, fear, happiness, like, sadness, and surprise. We use the dataset from the
NLPCC 2014: Emotion Analysis in Chinese Weibo Texts, which is provided by Sina
Weibo in 2014. We choose this task because (1) the multi-category emotional annota-
tion task is generally regarded as a natural language understanding task that humans
can accomplish without specific training or domain knowledge, and advanced AI mod-
els have been developed to simulate human capabilities. Therefore, both human and
AI can have the ability and confidence to undertake it. Additionally, (2) the task
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requires classifying each post into one of seven emotion types. Hence, it is non-trivial
for humans to judge straightforwardly but engage necessary cognitive efforts.

4.2 AI Model and Sample Selection

We choose the ChineseMacBert model [71], a well-known pre-trained deep learning
model for Chinese natural language processing (NLP), which has achieved state-of-
the-art performances on many Chinese NLP tasks. Then, we use the 6149 samples
with emotion labels from the training dataset to fine-tune a ChineseMacBert model.
For the convenience of expression, in this study, we named this model Initial AI.

Additionally, to select samples for our experiment, we invited 30 undergraduate and
master students to participate in our pilot test. One thousand test samples provided
by the dataset are randomly divided into ten batches, and each batch is then randomly
assigned to three students. These students were asked to label the main emotion type
for each Weibo post and provide their confidence using a scale of 1 to 5. For the
convenience of expression, we name these participants as Pilot Human in this study.

To improve the human-AI knowledge complementary to trigger the co-learning
process, we only consider samples in which Pilot Humans have low confidence3 but
Initial AI have high confidence, or vice versa. Then for each participant, we will
randomly select 32 tasks for the training phase, where both the initial AI and pilot
humans have a 50% accuracy on the chosen samples4. We also follow the same strategy
to select another 32 tasks for the testing phase. As we will report later, participants
without AI support have a 51.2% average accuracy, which is not significantly different
from that of the initial AI. This satisfies our goal of making the performance of AI
and human comparable and moderate.

4.3 Condition Design

As our first study aims at identifying the human-AI co-learning process, we adopt a
between-subject design and consider the below two conditions whereby their interface
designs are reported in Figure 3.

• Human Only. In this condition, during the training phase, participants see
Weibo posts, make judgments, and label their confidence without AI assistance or
correctness feedback. Hence, no human-AI collaboration experience is involved.

• AI Recommendation. In this condition, during the training phase, the AI rec-
ommendation, accompanied by its confidence in the given recommendation, was
provided when the participant was presented with the Weibo post.

4.4 Experiment Process Design

As shown in Figure 4, we mainly use a training-testing two-stage process design beyond
the introduction and post-survey phases. In particular, upon arrival, participants first
enter the task introduction interface, including brief information on the background.

3We chose the median of the confidence level as the cut-off point between high and low confidence levels
for both Pilot Humans and Initial AI.

4Please refer to the support material Section A2 to check the sampling strategy.

12

13            



Acc
ep

te
d 

m
an

us
cr

ip
t

                                          ACCEPTED MANUSCRIPT                                      

(a) Human Only (b) AI Recommendation

Fig. 3: Experiment interface of the Study1.

Then, they were randomly assigned to one of the two conditions designed above and
informed that they were about to enter an experiment, including the training, testing,
and post-survey phases. For the participants who were assigned to the AI Recommen-
dation condition, we also told them that during the training phase, they would be
supported by an AI that outperformed the average human [72], but during the test-
ing phase they had to complete the tasks without AI support. To motivate them to
make accurate annotations carefully, they were also told that they should learn from
the training phase, and beyond receiving a basic compensation, they will receive a
substantial bonus according to their performance in the testing phase.

Fig. 4: Experiment Process Design. Please note that we have labeled the experimental
interfaces in the figures corresponding to the training phase and testing phase. Specif-
ically, the interface without AI recommendation is labeled as 1○, which corresponds
to Figure 3a, and the interface with AI recommendation is labeled as 2○, which cor-
responds to Figure 3b.
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After reviewing the task information, participants will enter the training phase to
label the 32 Weibo posts selected from our sample pools using the sampling strategy
described above. Note that the order of these samples was randomized to avoid the
order effect. Afterward, participants will be taken to a page with prompts to enter the
testing phase to complete another 32 tasks without AI support. They will further be
asked to complete a post-survey that includes their demographic information, such as
age, gender, and education.

In particular, we asked participants to take Frederick’s cognitive reflection test
(CRT) [31, 32, 73] so that we can identify the cognitive processes that an individual
tends to engage with. As we used the three-questions version, the CRT score for each
participant would be on a scale of 0 to 3. Additionally, for conditions involving AI,
condition AI recommendation in study 1, we follow previous study [8, 10, 57, 74] to
include three survey items to collect individuals’ trust in AI, the perceived burden
during task completion, and the level of engagement within the task using a scale of
1 to 5.

Finally, participants get bonuses based on their performance in the testing phase
after finishing the post-survey. We also included attention-checking questions at each
experiment phase so that we could filter out those inattentive participants. Only those
who pass all three attention checks embedded in the training, testing, and post-survey
phases will be considered valid.

4.5 Recruitment and Participant Demographics

We published our announcement on the WeChat Moments and a behavioral exper-
iment recruitment Wechat group from the university to recruit participants for our
study from October 12 to October 18, 20225. All participants can only participate once.
One hundred and eighty-two participants completed our first experiment. Twenty-four
participants who did not pass our attention checks were excluded, leaving us with
158 participants6. The Mann-Whitney U-test reveals no significant difference for age,
education, and CRT score, and a marginal difference (p < 0.1) for gender between
these two conditions7, suggesting participants were successfully randomly allocated to
different experimental conditions.

4.6 Measures

To evaluate the co-learning process within the human-AI collaboration, we consider
the following measures. First, for each participant, we collect their performances in
the testing phase when they work alone without AI support and calculate:

• Human Accuracy : the average accuracy scaling from 0 to 1 and a higher accuracy
indicates a better performance.

5Our study was reviewed and exempted by our Institutional Review Board (IRB). Despite this, we still
followed the same ethics and privacy requirements that an IRB would typically enforce. We acknowledge
that this recruitment strategy may bring sample bias. However, it provides us with a special cultural and
demographic context. We will discuss this limitation later.

6The detailed participant demographics for all three experiments are provided in the support material.
7To verify the significant difference between two samples, we use a Student t-test or Mann-Whitney

U-test depending on whether the data follows the normal distribution.
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• Human Confidence : the average confidence scaling from 0 to 5 on the 32 testing
tasks. Note that existing studies in human-AI collaboration highlight the necessity
of people’s overconfidence calibration [32, 72]. Given the improvement in human
accuracy, the confidence reduction could reveal a confidence calibrating process that
effectively reduces people’s overconfidence in their own annotations [72]. In other
words, a reduction in human confidence indicates a better learning outcome.

Furthermore, we use each participant’s annotations in the training phase to fine-
tune the initial AI, resulting in a Finetuned AI. Then we use the Finetuned AI to
predict the labeling for the 32 tasks in the testing phase. Hence, we can calculate
the performance, including AI Accuracy, AI Confidence for each finetuned AI in the
testing phase. Note that as the finetuned AI is trained using participants’ input, each
participant will get a personalized finetuned AI. For each finetuned AI, we calculate

• AI Accuracy : the average accuracy scaling from 0 to 1 and a higher accuracy
indicates a better performance.

• AI Confidence : the average confidence scaling from 0 to 5 on the 32 testing tasks.
Unlike humans, a higher confidence for AI indicates a better performance in reaching
model convergence.

Additionally, if the co-learning process occurs, human and AI are anticipated to
exhibit greater similarity after their collaboration. Hence, we computed the alignment
between human and AI annotations in the testing phase. And the correct alignment
captures the beneficial aspects of their similarity and incorrect alignment captures
the opposite side. For the Human Only condition, we assessed the alignment between
human and the Initial AI, while for the AI Recommendation condition, we compared
it with the Finetune AI.

• Alignment : the percentage of tasks where participants and AI label the same and
a higher alignment indicates a closer human-AI mental model.

• Correct/Incorrect Alignment : the percentage of tasks where participants and
AI both have correct or incorrect labeling. A higher value for correct alignment indi-
cates a positive alignment for human-AI model, whereas a higher value of incorrect
alignment indicates a negative alignment.

4.7 Results

For easy reading, we highlight the results into “Findings” and then report the empirical
observations, including the p-value (p) and its effect size (r) if the result is significant.

Finding 1.1: Human can learn from the human-AI collaboration demon-
strated as their accuracy improvement and confidence reduction when they work
alone without AI support. As shown in Figure 5a and Figure 5b, participants who
experienced AI recommendation during the training phase has a significantly higher
(p < 0.05, r = 0.141) human accuracy than those in the Human only condition,
indicating that participants benefit from the human-AI collaboration and improve
their accuracy when working alone after their collaboration. Additionally, withdraw-
ing AI support in the testing phase makes participants significantly less confident
(p < 0.05, r = 0.167) in their annotations. Note that the confidence reduction in our

15

16            



Acc
ep

te
d 

m
an

us
cr

ip
t

                                          ACCEPTED MANUSCRIPT                                      

(a) Human Accuracy (b) Human Confidence (c) AI Accuracy

(d) AI Confidence (e) Alignment (f) Correct Alignment

Fig. 5: The co-learning effect for the human-AI collaboration. ∗ : p < 0.1, ∗∗ : p <
0.05, ∗ ∗ ∗ : p < 0.01.

study context indicates an effective confidence calibrating process [72]. Hence, H1a is
supported.

Finding 1.2: AIs benefit from annotations generated through the human-
AI collaboration, demonstrated as the significantly higher accuracy and confidence
improvement after the fine-tuning process. For each participant in both conditions, we
use his/her annotations from the training phase to train the initial AI into the fine-
tuned AI, representing AI’s learning from human. Note that each participant generates
different annotations in the training phase so that the fine-tuned AI will be different
for each participant. As shown in Figure 5c and Figure 5d, the AIs fine-tuned by the
annotations generated from AI Recommendation condition demonstrate a significantly
higher accuracy (p < 0.05, r = 0.134) and confidence (p < 0.01, r = 1.069) in the
testing phase. This means that the human-AI collaboration helps participants generate
better inputs to teach AIs to achieve better performance. Hence, H1b is supported.

Finding 1.3: The human-AI collaboration makes human and AI more
aligned with each other, especially with more consistently correct annota-
tions, even after their collaboration is no longer available. If the human-AI
co-learning process occurs, we would expect their mental models to become closer and
they should become more aligned. As shown in Figure 5e and Figure 5f, the human-
AI collaboration enables participants (in the AI recommendation condition) and AIs
(fine-tuned by the annotations generated from the AI recommendation condition) to
achieve a significant higher alignment (p < 0.01, r = 0.898). Additionally, the human-
AI collaboration led human and AI towards a significantly higher proportion of correct
alignment (p < 0.01, r = 0.744). This implies that the human-AI co-learning process
enables both human and AI to learn from each other through collaborations, and their
mental models become closer in a positive way8. Hence, H1c is supported.

8We did not observe a significant incorrect alignment difference.
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In summary, our study demonstrates that in our study context, the human-AI col-
laboration experience indeed triggers an effective co-learning process in both pathways
that human can learn from the collaboration experience, AI can learn from the human’s
annotation, and they become more aligned with each other in a positive direction.

5 Study 2: The Vary Impacts of AI Feedback Designs

Given the demonstrated effective human-AI co-learning process in the first study, we
design the second study to investigate whether providing more AI feedback during the
human-AI collaboration can enhance the co-learning process to answer RQ2.

5.1 Conditions and Participants

The AI feedback design, mainly focusing on providing AI recommendation or expla-
nation, can affect the human-AI collaboration (i.e., [38, 59]). Hence, using the same
task design as above, we consider the following three conditions whereby the interface
designs are reported in Figure 6:

• AI Recommendation : Just like the AI recommendation condition in Study 1.
• AI Explanation : Participants only received explanations generated based on
LIME (Local Interpretable Model Agnostic Explanation) without AI recommenda-
tion [75].

• AI Recommendation and Explanation : The AI recommendation is accompa-
nied by its confidence and the LIME-generated explanation simultaneously.

(a) AI Explanation (b) AI Recommendation and Explanation

Fig. 6: Experiment interface of the AI feedback. Note that the AI feedback within
the dashed box varies under different conditions. Under the AI Recommendation and
Explanation condition, the dashed box in Figure 3b displays the content shown in
Figure 6b, while under the AI Explanation condition, it appears as in Figure 6a.
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(a) Human Accuracy (b) Human Confidence (c) AI Accuracy

(d) AI Confidence (e) Alignment (f) Correct Alignment

Fig. 7: The AI feedback designs’ impact on the co-learning effect. ∗ : p < 0.1, ∗∗ : p <
0.05, ∗ ∗ ∗ : p < 0.01. The red dot line is the average value of the given measure in the
Human Only condition from Study 1, representing the case where AIs and humans
did not experience human-AI collaboration in the training phase.

We use the same protocol to recruit participants for these two additional
conditions9. We have 211 participants in total for this Study. Additionally, the Kruskal-
Wallis test shows no significant difference existing in CRT score among the three
conditions above.

5.2 Results

To determine whether there are significant differences in the co-learning performance
across the three AI feedback conditions, similar to previous studies [17, 32], we con-
ducted a Kruskal-Wallis test. Then we would conduct pairwise comparisons using
Dunn’s tests with Benjamini-Hochberg adjustment if detecting a significant difference.

Finding 2.1: While different AI feedback designs have no significant
differences in enhancing the co-learning performance regarding human
accuracy, providing AI explanation makes participants more confident
when they work alone in the testing phase. According to Figure 7a, human
accuracy is not significantly different among the three conditions. However, under AI
Explanation condition (Figure 7b), participants exhibited significantly higher confi-
dence (p < 0.01) than the other two conditions. In other words, participants who only
receive the AI explanation during the collaboration may exhibit greater confidence
in their annotations when they work independently afterward, but their performance
sees no significant improvement. One reason in play could be that when only an AI
explanation is provided, participants will digest the explanation and confirm their own
judgment, resulting in more overconfidence in the testing phase. Hence, H2a is only
partially supported but contrary to our hypothesis.

9Note that we did not repeat condition AI Recommendation in Study 2 but reuse the data from Study
1. Participants’ demographics are summarized in support material
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Finding 2.2: Additional explanations during human-AI collaboration fail
to trigger more AI learning or make their mental models closer. Figure 7c
to 7f show no significant difference in both AI performance and human-AI consistency
for AI fine-tuned by annotations from different AI feedback conditions. This suggests
that providing more feedback during the human-AI collaboration does not contribute
to AI learning or a more consistent mental model for human and AI. Hence, H2b
nor H2c is not supported.

In summary, our study demonstrates that in our study context, where human
and AI have an initial comparable and moderate performance, the AI feedback with
explanations fails to trigger positive, if not negative, human-AI co-learning except by
making humans more confident on their own.

6 Study 3: The Impact of Collaborative Workflow
Designs

The third experiment aimed to answer RQ3 by exploring whether different collabora-
tive workflows in human-AI collaboration would enhance human-AI co-learning process
when human and AI both have a moderate and comparable performance.

6.1 Conditions and Participants

Prior studies [17, 30, 48] provide mixed evidence on how a two-step collaborative work-
flow, which allows participants to update their initial decisions after being presented
with the AI recommendation, can affect the human-AI collaboration. To investigate
how such a workflow design could affect the human-AI co-learning process, using the
same task design as before, we consider the following conditions:

• One-step AI Recommendation. Just like the AI Recommendation condition in
Study 1.

• Two-step AI Recommendation. In this condition, participants will read a post,
make a judgment, and then receive both the AI’s prediction and confidence level. At
this point, they will make another judgment on the same post. They could change
their answer but did not have to. This allows participants to double-think their
previous annotation and update it, if they want to, during the training phase.

We use the same protocol to recruit participants to join the additional condition10.
133 participants are involved in this study. Additionally, there also exist no significant
differences in CRT score between these two conditions.

6.2 Results

We compared participants’ learning performance between one-step and two-step work-
flow conditions during the testing phase to investigate the impact of the collaborative
workflow on the human-AI co-learning process.

10Again, we did not repeat condition One-step AI Recommendation but reuse the data from Study 1.
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(a) Human Accuracy (b) Human Confidence (c) AI Accuracy

(d) AI Confidence (e) Alignment (f) Incorrect Alignment

Fig. 8: The collaborative workflow design’s effect on the human-AI co-learning. ∗ :
p < 0.1, ∗∗ : p < 0.05, ∗ ∗ ∗ : p < 0.01. Note that the red dot line is the average value
of the given measure in the Human Only condition from Study 1, representing the
case where no human-AI collaboration is involved in the training phase. Additionally,
instead of reporting the insignificant correct alignment change, we focus on the results
of incorrect alignment in this study.

Finding 3.1: The two-step workflow providing double thinking fails
to yield stronger learning effects for human accuracy but further sig-
nificantly reduces human confidence when they work alone afterward.
The accuracy under different workflow configurations did not exhibit significant dis-
crepancies (Figure 8a). However, when withdrawing the AI support in the testing
phase, participants in the two-step workflow exhibit significantly lower confidence
(p < 0.01, r = 0.160) (Figure 8b). Hence, the two-step collaborative workflow causes
more significant reductions in human confidence when AI support is no longer avail-
able, indicating a stronger overconfidence calibration effect. Hence, H3a is partially
supported.

Finding 3.2: For AIs, the two-step workflow design reduces the valuable
information provided by human-AI collaboration. As shown in Figure 8c, the
two-step workflow condition shows a significantly lower accuracy (p < 0.05, r = 0.309)
for the fine-tuned AI than the one-step workflow condition. Additionally, according
to Figure 8d, the AI’s confidence also decreases, although not significantly. Hence, the
double thinking provided by the two-step workflow configuration actually causes a
negative impact on the “AI learning from human” process. Hence, H3b is partially
supported but in an opposite direction.

Finding 3.3: Double-thinking provided by the two-step workflow design
does not make human and AI more positively aligned with each other,
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demonstrated as an insignificant change in correct alignment but a sig-
nificant increase in incorrect alignment. When investigating the human-AI
alignment in the testing phase, we observe an improvement in the alignment, although
not significant according to Figure 8e. However, as shown in Figure 8f, when we further
dive into the incorrect alignment, where human and AI have the same but incorrect
annotation in the testing phase, we found a significant increase for the two-step work-
flow design (p < 0.05, r = 0.285). This indicates that the double-thinking provided by
the two-step workflow design actually results in negative, rather than positive, con-
sistency in annotations. Hence, H3c is partially supported but in an opposite
direction.

In summary, the two-step collaborative workflow during the human-AI collabora-
tion fails to yield stronger co-learning effectively and equally. It can more effectively
calibrate human overconfidence for “human learning from AI”, but make AI worse
through the “AI learning from human” process. Moreover, although it slightly increases
the human-AI mental model consistency, such an improvement in alignment is
due to the significant incorrect alignment. Overall, these observations indicate an
intervention-generated inequality effect of our collaborative workflow designs on the
human-AI co-learning process.

7 Internal Audit: The Intervention-Generated
Inequalities within Human-AI Co-Learning
Process

As emphasized by existing studies [17, 35, 36], a design intervention, which refers
to the AI feedback and collaborative workflow design in our study, may result in
intervention-generated inequalities. An internal audit to disaggregate the observations
is necessary. Hence, using the data collected from Study 2 and Study 3, we further
take an internal audit to investigate how human cognitive reflection capability may
result in an unequal learning process for the human-AI collaboration to answer RQ4.

7.1 Variables

Straightforwardly, we employed human accuracy (HumanAcc), human confidence
(HumanConf), AI accuracy (AIAcc), AI confidence (AIConf), alignment (Align), cor-
rect alignment (CorrAlign) and incorrect alignment (InCorrAlign) during the testing
phase as dependent variables, as they measure the co-learning outcome triggered by
the human-AI collaboration. Additionally, as we aim to investigate the impact of AI
feedback and workflow design, we consider them as independent variables and convert
them into categorical variables. In particular,

• FEEDBACK : we code the different AI feedback designs based on the information
provided where only provided AI Recommendation is coded as 1, only provide AI
Explanation is coded as 2 and provide both AI Recommendation and Explanation is
coded as 3.
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• WORKFLOW : we label the different collaborative workflow designs according to
whether the double-thinking mechanism is provided where using one-step workflow
is coded as 1 and using two-step workflow is coded as 2.

Moreover, the learning outcomes in the testing phase are closely related to their
performance during the training phase, as the outcome from training phase can reveal
the effectiveness of the collaborative experience between human and AI. Hence, for
each participant from Study 2 and Study 3 who experienced the human-AI collabo-
ration, we evaluate the collaborative experience using their collaborative performance
and alignment during the training phase:

• ColAcc: the average accuracy from human-AI collaboration scaling from 0 to 1 in
the training phase.

• ColAlign : the percentage of tasks where participants and AI label the same in the
training phase through the human-AI collaboration.

To control factors that might influence the co-learning outcome, we consider fol-
lowing self-reported metrics including individuals’ trust in AI [10, 57], the perceived
burden during the experiment [8, 57], and the level of engagement within the task
using the average of three survey items we collected from the post-survey [74].

• Trust : The average score from three post-survey questions assessing trust in AI,
scaled from 1 to 5.

• Burden : The average score from three post-survey questions assessing task burden,
scaled from 1 to 5.

• Engagement : The average score from three post-survey questions assessing task
engagement, scaled from 1 to 5.

We also incorporated the average time taken to complete each annotation during
the testing phase as a control variable.

• PageTime : the average time spent on each page during the testing phase.

Finally, with the goal of uncovering potential intervention-generated inequalities
arising from human cognitive reflection capabilities within the human-AI co-learning
process and beyond considering all the participants from Study 2 and Study 3 as a
whole11, following the previous studies (i.e. [17, 35]), we divided our participants into
two groups, where the High CRT group has a CRT score of 3 and the Low CRT
group has a CRT score lower than 312.

7.2 Method

The descriptive statistics and correlations for all variables are reported in the support
materials13. We calculated variation inflation factors (VIFs), and each was well below

11We report the result when considering all participants in Support materials and the results confirm our
observations from Study 2 and Study 5, suggesting the robustness of our conclusion.

12We use this strategy as 57.08% of our participants have a CRT score of 3 and such a strategy can avoid
the potential sample imbalance impact.

13The data utilized in regression model were subjected to Z-score normalization to eliminate the influence
of dimensional discrepancies, with the exception of FEEDBACK and WORKFLOW.
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the threshold of 10, with an average of 1.18 [76]. The condition number on the speci-
fication was 11.05, which is well below the threshold of 15 [77]. Hence, our results are
not biased by multicollinearity.

7.3 Results

Table 1: Regression Results for Participants with High CRT Score

HumanAcc HumanConf AIAcc AIConf Align CorrAlign IncorrAlign

FEEDBACK 0.079 0.199* -0.199* -0.160* -0.174 -0.143 -0.109
(0.109) (0.109) (0.109) (0.082) (0.108) (0.107) (0.111)

WORKFLOW 0.024 -0.459** -0.344 -0.522*** -0.294 -0.347 -0.068
(0.222) (0.222) (0.222) (0.166) (0.22) (0.218) (0.225)

ColAcc 0.033 0.012 0.055 0.056 0.180** 0.163* 0.073
(0.088) (0.088) (0.088) (0.066) (0.088) (0.087) (0.089)

ColAlign 0.187* -0.227** -0.137 0.620*** 0.234** 0.135 0.222**
(0.11) (0.11) (0.11) (0.082) (0.109) (0.108) (0.111)

Pagetime -0.098 0.028 -0.147* -0.018 -0.164** -0.169** -0.067
(0.079) (0.079) (0.079) (0.059) (0.078) (0.078) (0.08)

Trust 0.007 0.223** -0.032 0.049 0.066 0.027 0.061
(0.09) (0.09) (0.09) (0.068) (0.089) (0.089) (0.091)

Burden -0.024 -0.021 0.081 0.043 -0.057 -0.018 -0.067
(0.08) (0.08) (0.08) (0.06) (0.079) (0.078) (0.081)

Engagement 0.017 0.262*** -0.063 -0.041 0.05 0.019 0.047
(0.078) (0.079) (0.078) (0.059) (0.078) (0.077) (0.079)

cons -0.006 -0.091 0.429*** 0.266** 0.282** 0.325** 0.068
(0.138) (0.138) (0.138) (0.103) (0.137) (0.136) (0.14)

N 157 157 157 157 157 157 157
r2 0.043 0.200 0.070 0.372 0.127 0.086 0.067

Table 2: Regression Results for Participants with Low CRT Score

HumanAcc HumanConf AIAcc AIConf Align CorrAlign IncorrAlign

FEEDBACK 0.064 -0.089 0.149 -0.007 0.142 0.192 0.004
(0.116) (0.119) (0.125) (0.086) (0.127) (0.125) (0.138)

WORKFLOW -0.108 -0.495* -0.201 -0.078 0.481* 0.162 0.528*
(0.253) (0.26) (0.273) (0.188) (0.276) (0.272) (0.3)

ColAcc 0.151* -0.01 0.081 0.06 0.055 0.129 -0.062
(0.087) (0.09) (0.094) (0.065) (0.095) (0.094) (0.104)

ColAlign 0.105 -0.031 -0.125 0.695*** 0.259** 0.174* 0.196*
(0.094) (0.096) (0.101) (0.07) (0.102) (0.101) (0.111)

Pagetime -0.147* -0.228** 0.026 0.002 0.01 -0.091 0.124
(0.089) (0.091) (0.096) (0.066) (0.097) (0.095) (0.105)

Trust 0.094 0.106 0.057 0.122* -0.041 0.043 -0.101
(0.095) (0.098) (0.103) (0.071) (0.104) (0.103) (0.113)

Burden -0.217** -0.028 0.035 -0.057 -0.109 -0.154 0.01
(0.089) (0.092) (0.097) (0.066) (0.098) (0.096) (0.106)

Engagement 0.071 0.089 0.136 -0.187*** 0.002 0.07 -0.078
(0.092) (0.095) (0.099) (0.068) (0.1) (0.099) (0.109)

cons -0.048 0.079 -0.085 0.001 -0.246 -0.245 -0.094
(0.154) (0.159) (0.166) (0.114) (0.168) (0.166) (0.183)

N 111 111 111 111 111 111 111
r2 0.119 0.113 0.076 0.588 0.118 0.096 0.097

As reported in Table 1 and Table 2, by dividing our participants based on their
CRT score, we can observe that:

For the human learns from AI subprocess, the AI feedback designs demonstrate a
significant positive relation with human confidence for participants with a high CRT
score. However, this effect is not significant for participants with a low CRT score.
In fact, we observe a negative although not significant coefficient, which is markedly
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different from participants with a high CRT scores (p = 0.05). Moreover, the work-
flow design demonstrates a significant negative relation on human confidence for both
groups, while the coefficient for those with a low cognitive capability is larger than for
those with a high cognitive capability. This means that the overconfidence calibration
effect for participants with high reflection capability is weaker for participants with
low reflection capability. Hence, H4a is partially supported but in an opposite
direction.

For the AI learns from human subprocess, we observe a more significant nega-
tive impact from AI feedback and collaborative workflow for participants with a high
CRT score, especially a significant negative impact in AI accuracy. Hence, the double-
thinking mechanism provided through a two-step workflow design can be harmful to
AI learning, especially for those with a high CRT score. Hence, H4b is partially
supported but in an opposite direction.

For the human-AI alignment, we observe an significant opposite influence when
compared the regression coefficients of FEEDBACK and WORKFLOW between
groups with different cognitive reflection capabilities. Moreover, for participants with
low CRT capability, the workflow design is significantly positive to the alignment,
especially to the incorrect alignment. This means that compared with participants
with high CRT score, double-thinking provided by the workflow design make those
with low CRT score more overreliance to the AI’s response. Hence, H4c is partially
supported but in an opposite direction.

Overall, the internal audit analysis confirms an intervention-generated inequality
effect within the co-learning process for participants with different cognitive reflection
capability. More over, the negative effect is more significant for participants with high
cognitive reflection capability, while the feedback and workflow design can result into
a more significant overreliance effect for participants with low cognitive reflection
capability.

8 Discussions, Implementations and Limitations

8.1 Answering Questions: The Human-AI Co-Learning Process

Can human-AI collaboration trigger an effective co-learning process?
Clearly, the human-AI collaboration experience during the training phase triggers an
effective human-AI co-learning process, resulting in performance improvement when
they work alone in the testing phase: humans have an accuracy improvement, and
their overconfidence is calibrated when working alone. AIs fine-tuned by the annota-
tions generated through human-AI collaboration have higher accuracy and confidence.
Humans and AIs experiencing the human-AI collaboration also have a closer mental
model demonstrated as both a higher alignment and correct alignment. Beyond some
previous studies (i.e. [17, 24–27]) reporting no or limited learning phenomenon, our
study demonstrates the effective learning process and confirms the importance of col-
laborative experience for both pathways of the human-AI co-learning process, which
is consistent with the learning cycle theory.

How can different AI feedback designs influence the co-learning process?
Generally speaking, there exist no significant differences in co-learning among the
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three AI feedback designs, except that providing only AI explanation worsens human
overconfidence, which is contrary to the expectation. One reason for these observa-
tions is that unlike existing study [17], which provides the ground truth as the AI
recommendation and provides the prepared explanation, in our experiments, human
and AI have comparable and moderate accuracy. The additional explanation, while
demonstrating the AI’s confidence and reasoning, also emphasizes its uncertainty and
the potential inconsistencies with human decision logic. Notably, given the lack of a
ground truth, meaning users were unaware of whether their or the AI’s answers were
correct, the immediate benefits of the AI’s explanation were unclear but imposing
additional cognitive burdens. This duality may negatively impact users’ perceptions
of the AI, ultimately diminishing their acceptance and trust in AI’s recommendation
[78]. This led humans to entirely ignore the explanations and enhanced their overcon-
fidence [43, 60]. In other words, learning from the AI feedback makes humans distrust
AI and disrupts the co-learning process. Hence, similar to existing discussions on
explanations’ potential negative toward human-AI collaboration [3, 4, 37, 41, 43, 60],
the AI feedback based on explanations need to be carefully designed, considering its
complexity, user’s expectation and faithfulness, to enhance the learning process.

How can different collaborative workflow designs influence the co-
learning process? We can see that the two-step collaborative workflow design in
human-AI collaboration demonstrates an overconfidence calibration effect for human,
which is consistent with existing studies focusing on the decision-support setting
[17, 30, 48]. However, it results in negative effects on AI’s learning performance from
the AI learning from human process. Additionally, while we observe a slightly increase
alignment, such an improvement is due to the increase in incorrect alignment, sug-
gesting an overreliance effect, which is contrary to the expectation of introducing such
a cognitive forcing strategy [17, 30, 32]. One reason for this phenomenon is that in
our study, where humans and AIs both have a moderate performance with an accu-
racy rate of approximately 50%, the collaborative workflow design further reduces
participants’ confidence in their own annotations. This is because the double-thinking
mechanism necessitates a re-evaluation of analyses that have already been completed,
imposing additional cognitive costs [79] and enlarging their self-doubt on their answer
in the first round. Consequently, this extra cognitive burden diminishes participants’
ability to identify the AI’s wrong answer. Rather, they intend to follow AI’s recom-
mendation, which leads to the increasing overreliance. When AI is further finetuned
with these outputs with wrong data, its accuracy and confidence become worse.

How does the cognitive reflection capability in human-AI collaboration
affect the dual-pathway co-learning process? We confirm that cognitive reflec-
tion capability (CRT) disproportionately affects human and AI’s learning process
within the same collaborative configuration. This is consistent with existing studies
investigating the intervention-generated inequalities effect in decision support setting
[17, 32, 37]. More importantly, by distinguishing the two pathways of the human-AI
co-learning process, we found that the AI’s learning process being more significantly
impacted. Moreover, humans with high CRT exhibit characteristics of overconfidence,
while those with low CRT tend to overly reliant on their AI partners. The design of
AI feedback and collaborative workflow further amplifies these differences. In other
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words, contrary to existing studies arguing that the intervention designs, which is the
AI feedback and collaborative workflow design in this study, can benefit people with
high cognitive reflection capability more [17, 32, 37], they can also lead to more neg-
ative impact. One reason of these observations can be that participants with high
cognitive reflection capabilities, who more frequently engage with conscious process-
ing (“System 2”), may exhibit a more analytical disposition towards digesting the
provided information [31]. Consequently, they are better equipped to comprehend
and interpret AI feedback, meaning they will engage more consciously with AI dur-
ing collaboration. Digesting the inconsistent AI feedback, especially the explanations,
leads them to rely less on AI [80] and more on their own superior analytical skills
to complete tasks independently, thereby building up overconfidence. Conversely, the
double-thinking mechanisms, which can balance intuition (“System 1”) and analytical
(“System 2”) thinking, help calibrate this overconfidence [17, 48]. Hence, the gener-
ated annotations from their collaboration will be too inconsistent with AI’s previous
mental model so that finetuning with these data would then reduce AI’s performance.
However, for participants with low cognitive reflection capability, they intends to fol-
low AI’s recommendation, especially when providing the double-thinking mechanisms.
Hence, the generated annotations from the collaboration fail to provide more valuable
information to improve AI’s performance, except improving their alignment.

8.2 Theoretical Contribution

Our research primarily contributes to two domains: human-AI collaboration and
learning cycle theory.

Firstly, while most existing studies have concentrated on human-AI collaboration
within an AI-supported decision-making context [10, 18], this study considers AI as a
partner [6, 8, 18, 50] rather than merely a tool [3, 10], and extends the scope of research
into the co-earning mechanism. Similar to existing studies that have reported promis-
ing effects of human-AI collaboration designs on improving collaborative outcomes,
this study demonstrates that such experiences in human-AI collaboration can improve
individual post-collaboration performance, suggesting an effective co-learning process
and validating the efficacy of this design. However, while many existing studies reveal
the effectiveness of AI feedback [29] and collaborative workflow [11, 17, 30, 48, 81]
design to enhance human’s cognitive engagement with AI information to promote
human-AI collaboration, we further substantiate that the co-learning process does
not occur spontaneously [17, 58] and show that these designs can also harm the co-
learning process, resulting into human’s self-overconfidence, overreliance to AI and
AI’s performance reduction, which is consistent with recent studies re-evaluating the
AI feedback and collaborative workflow designs’ effectiveness on human-AI collabora-
tions [3, 4, 17, 30, 43, 48]. Additionally, similar to existing studies (i.e., [4, 32, 37]),
our study also confirms the intervention-generated inequality due to the difference
in cognitive reflection capability. However, contrary to our expectation, participants
with high cognitive reflection capability performed worse in the co-learning process,
and this intervention-generated inequality is also unequal for the two pathways in the
co-learning process. In other words, the benefits of human-AI collaboration designs
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for people with high reflection capability can also be harmful. This indicates a poten-
tial mediation effect between the high reflection capability and the benefit from the
human-AI collaboration designs, which is worth further exploring.

Secondly, for learning cycle theory, while existing research has primarily explored
the team learning dynamics [82, 83] and interaction within human teams [21, 84], we
incorporate AI as a partner to explore the factors that affect their learning process
within such a hybrid human-AI collaboration context, enriching the limited under-
standing of the factors that stimulate and influence the learning process [22]. While
existing research has established that this learning cycle does not occur spontaneously
but is influenced by numerous factors [14, 21, 22], we have further explored how designs
of human-AI collaboration and cognitive reflection capabilities impact the learning
cycle. Specifically, we distinguish two pathways and find that the human-AI collabora-
tion designs’ impact on the learning outcome varies within the two pathways while the
participants’ cognitive reflection capability further amplifies this difference. Moreover,
our study also finds that the human-AI collaboration designs aiming at improving the
learning process can turn out to be negative for the learning outcome. Hence, paying
attention to the potential negative impacts and mitigating them when designing the
learning environment with AI is necessary, which aligns with existing design principles
[17, 32, 37].

8.3 Design Implication

This empirical evidence highlights the design principles that we could follow to
facilitate the co-learning process embedded in human-AI collaboration.

“Something is better than nothing.” While existing studies have reported
mixed observations on whether human-AI collaboration can achieve complementary
performance, resulting in a lack of unified design principles [2, 3, 30, 47], this study
focuses on situations where human and AI performance are comparable, affirming
the necessity of human-AI collaboration. Our study provides strong evidence that
in the context where human and AI have comparable and moderate performance
(around 50% accuracy), human and AI can learn from their collaboration and gain
better performance when they work alone. Hence, beyond the potential complemen-
tary performance in an AI-assisted human decision-making setting, the human-AI
collaboration, even if they both only have moderate performance, can trigger the co-
learning process and improve each other. In other words, whenever applicable, setting
up human-AI collaboration could be beneficial for both parties. For example, intro-
ducing an AI partner in educational or skill training settings to create a collaborative
learning experience [21, 23, 28], even when both human and AI only have a moderate
performance, can still trigger a co-learning process to improve both human and AI.

“More can be less.” Existing literature acknowledges the critical nature of AI
feedback and collaborative workflow designs for human-AI collaboration [4, 10, 18, 32].
While it suggests that increased feedback or deeper thinking can be beneficial, our
findings indicate that mindless accumulation of designs may result in negative effects.
The insignificant differences from additional AI feedback in Study 2 and the two-
step collaborative workflow in Study 3 suggest that making the interaction between
human and AI more complex is not helpful. Rather, the significantly negative effects
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we observe suggest that naively deploying a complex AI system without optimizing
for their collaboration could lead to negative impacts on co-learning. Given existing
research demonstrating that people are more likely to trust AI when AI exhibits high
performance [10, 85], it is suggested that different settings of co-learning should adopt
various configurations of collaboration rather than assuming that more complexity
is better. When both human and AI performance are moderate, a simple collabora-
tive configuration should initially be deployed to trigger the co-learning process. Once
both parties have significantly improved through co-learning, explanations or collab-
orative workflows can subsequently be incorporated to ensure that AI advice receives
due consideration in the decision-making process. For instance, in scenarios involv-
ing human-AI collaboration within cybersecurity operations, it may be beneficial to
provide humans with the judgments and explanations only when the AI model has
high confidence. Conversely, for judgments where AI’s confidence is low, only the AI’s
judgment might be presented to avoid unnecessary cognitive burden and potential
misleading.

“One size can not fit all.” Existing research highlights that differing cognitive
capabilities can lead to intervention-generated inequalities when designing human-AI
collaboration mechanisms [17, 32, 37], our study takes a step further to highlight the
intervention inequality, including both AI feedback and collaborative workflow designs,
on the two pathways of human-AI co-learning for participants with different cogni-
tive capabilities. This suggests that considering the participants’ cognitive reflection
capability [4, 32, 37], to construct an adaptive learning environment [33, 34], could be
helpful when deploying an AI system. Taking AI-assisted clinic training as an example,
we can provide high CRT users with more detailed explanations and double-thinking
mechanisms to challenge their potential overconfidence tendencies. For low CRT users,
given their intention to follow AI’s recommendation, we can design a guided decision-
making process to encourage them to conduct independent analysis while considering
AI recommendations, especially when AI’s recommendation is correct. Through such
an adaptive learning design, we can better balance the needs of users with different
cognitive reflection capabilities, thereby optimizing the effectiveness of the human-AI
co-learning process.

8.4 Limitations and Further Work

Our current study has several limitations, which open venues for future studies. First,
we focus on a scenario where human and AI have comparable and medium accuracy
to enlarge their knowledge of complementary regions. However, it is valuable to assess
scenarios with different accuracy levels.

Secondly, we opted for the emotion annotation task as our single-task scenario. It
is worth considering tasks in more consequential and objective scenarios, like medicare
training or cybersecurity operations.

Another important limitation is participant recruitment. We recruited participants
from WeChat Moments and a behavioral experiment recruitment group, rather than
the traditional crowdsourcing platform like MTurk, LabintheWild, or Prolific [17],
which could be explored in future studies under different socioeconomic contexts.
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Furthermore, our study is an online experiment using ChineseMacBert, a pre-
trained natural language model. This can provide inspiration for investigating the
human-AI collaboration with the rising large language models (LLMs) like ChatGPT,
GPT-4, etc. Moreover, we randomly selected 32 samples in the “training phase” and
“testing phase”, which already took an average of 22.17 minutes for participants to fin-
ish the experiment. We acknowledge that it may take more than thirty-two samples to
make their mental models converge. Therefore, further research using more advanced
models and improving the sample selection strategy could be a promising direction
to explore, and incorporating more features of reinforcement learning in interactive
learning scenarios should also be considered.

Finally, we take a two-step, between-subject design for this study. However, we did
not investigate the long-term aspect, such as the iteration of the co-learning process
following an active-learning paradigm, which is worth further exploration. While we
successfully unfold the influences from AI feedback, collaborative workflow, and human
cognitive capability on the co-learning process, exploring the intrinsic mechanisms of
how these designs intertwine with each other to impact the co-learning outcome is still
in its early stage. This could be highly valuable for further in-depth studies.

9 Conclusion

This study investigates the human-AI co-learning process within their collaboration,
by distinguishing the dual-pathway learning process, which includes both human and
AI learn from each other. By conducting three online, two-stage, between-subject
behavioral experiments, we provide empirical evidence for the effective co-learning
process in human-AI collaboration, leading to improved performance during the subse-
quent independent work in the testing phase. However, we found that the AI feedback
design, the collaborative workflow, and human cognitive capability can intertwine with
each other, demonstrating the unequal and even negative impacts on the two path-
ways. These observations suggest the necessary but non-trivial of effective human-AI
collaboration designs to trigger both pathways in the co-learning process to achieve
complementary performance.

Hence, we anticipate further research to explore mechanisms that result in unequal
effects in the two learning pathways, which will allow for a more refined optimization
of AI deployment to strengthen human-AI collaboration and mitigate its potential
negative effects.
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