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Abstract
[Purpose/Significance] From a trust perspective, comparing users’ perceptions
of data intelligence and expert knowledge helps to understand the current
trust status and differences in these two typical decision information sources,
thereby providing recommendations for the deepened application of data intel-
ligence and the effective integration of data intelligence and expert knowledge.
[Method/Process] Based on the classic two-dimensional division of trust, namely
cognitive trust and affective trust, a measurement scale containing two pairs of
four latent variables was designed. Using the questionnaire survey method, 342
valid samples were obtained, and descriptive statistics and paired-sample t-test
methods were employed for data analysis. [Results/Conclusion] The study found
that users’ cognitive trust in data intelligence is significantly higher than that in
expert knowledge, while their affective trust in data intelligence is significantly
lower than that in expert knowledge.
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Abstract:
[Purpose/Significance] Comparing users’ perceptions of data intelligence and ex-
pert knowledge from the perspective of trust helps to understand users’ current
trust status and differences regarding these two typical decision-making informa-
tion sources, thereby providing recommendations for the deepened application
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of data intelligence and the effective integration of data intelligence with expert
knowledge. [Method/Process] Based on the classic two-dimensional classifica-
tion of trust—cognitive trust and emotional trust—a measurement scale was
designed including two pairs and four latent variables. Using a questionnaire
survey method, 342 valid samples were collected, and descriptive statistics and
paired sample t-tests were employed for data analysis. [Result/Conclusion] The
study found that users’ cognitive trust in data intelligence is significantly higher
than in expert knowledge, while their emotional trust in data intelligence is sig-
nificantly lower than in expert knowledge.
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cognitive trust; emotional trust
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Big data, deep learning, and high-performance computing are propelling society
into the era of data intelligence. In 2015, China implemented its national big
data strategy aimed at developing and applying big data. In 2016, the AI robot
AlphaGo, based on deep learning, defeated the world champion in Go, marking
a milestone event where data intelligence began to rival human wisdom. In 2019,
the National Science Library of the Chinese Academy of Sciences launched the
English journal Data Intelligence to promote research and practice in the field.
The implementation of national strategies such as “Intelligence+” and “New
Infrastructure” provides new opportunities for the development of data intelli-
gence. Data intelligence refers to the extraction of knowledge and manifestation
of intelligence directly from big data through AI algorithms, with the ultimate
goal of serving decision-making by improving decision quality, efficiency, and
stability. It represents an important emerging source of decision-making in-
formation. However, despite industry and academic attention, concerns about
security issues and risks associated with AI applications persist, hindering the
deepened application of data intelligence. Expert knowledge, defined as the
experience and skills summarized by domain experts through long-term profes-
sional learning and practice for judging events or phenomena within their field,
has long served as an important traditional source of decision-making informa-
tion. Nevertheless, due to the scarcity of expert resources, emerging crises of
expert trust, and the increasingly personalized trends in human decision-making
activities, the application of expert knowledge faces severe challenges.

Data empowerment of industries and sectors represents a social development
trend. Scholars have deeply contemplated the possibilities of data intelligence
applications across various domains and empirically investigated professionals’
perceptions and attitudes toward its application, seeking pathways for deepened
application. Both data intelligence and expert knowledge are decision-oriented
and exist in a competitive relationship, yet their deep integration is considered
the optimal solution and future direction for handling complex decision-making
problems. To promote their integrated development, a new round of “human-
machine” intelligence competition has begun. Various comparative studies and
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human-machine competitions have thoroughly examined the relative strengths
and weaknesses of AI systems empowered by data versus human experts in
predicting, recognizing, judging, or detecting objects, events, or phenomena.
However, existing research has largely neglected ordinary users’ perceptions
and attitudes toward data intelligence, while comparative studies of data in-
telligence and expert knowledge have focused primarily on performance differ-
ences in decision-making applications, largely overlooking users’ perceptual dif-
ferences, particularly regarding trust.

2 Literature Review
2.1 Data Intelligence and Expert Knowledge

2.1.1 Data Intelligence: Application Trends and Challenges Defini-
tions of data intelligence present multiple perspectives. From a technical view-
point, industry representatives such as Baidu define data intelligence as the
fusion of big data and AI technologies to mine and analyze massive datasets,
discover valuable information and knowledge embedded in data, endow data
with intelligence, and build models to seek solutions to existing problems, en-
abling predictions about objects, events, or phenomena. From a management
perspective, scholars view data intelligence as predictive analytics technologies—
including big data mining, machine learning, and deep learning—that extract
valuable, actionable information or knowledge from multi-source heterogeneous
big data inside and outside real-world application scenarios to enhance man-
agement and decision-making levels for complex practical activities. From
a knowledge discovery perspective, scholars consider data intelligence as the
manifestation of intelligence through algorithms that directly parse knowledge
from structured and unstructured big data, with the ultimate goal of discov-
ering new knowledge. The application purpose of data intelligence is to serve
decision-making, including improving decision quality, efficiency, and stability,
and replacing repetitive decisions. Regardless of perspective, data intelligence
ultimately presents as information and knowledge that assists decision-making
subjects, representing an AI-generated emerging decision-making information
source. The core paradigm of data intelligence generation is “data + AI algo-
rithms + computing power + scenarios,” where data serves as raw material,
algorithms provide computational thinking, computing power offers operational
support, and scenarios provide demand traction. Naturally, the realization of
data intelligence also relies on rules of expert knowledge in determining reliable
information sources, selecting appropriate AI algorithms, allocating sufficient
computing capacity, and identifying suitable application scenarios.

With the normalization of large-scale data and continuous improvement in com-
puting power, research on data intelligence applications has attracted significant
academic attention. Literature reviews reveal that data intelligence application
research targets not only critical domains such as infectious disease monitoring
and early warning, disease diagnosis, and stock market trend prediction, but also
general domains like nutritional dietary decision-making, tourism product eval-
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uation, and exploratory conversation identification in MOOC forums. Once im-
plemented, these applications serve not only professional decision-makers such as
government leaders, doctors, and enterprise managers, but also non-professional
decision-makers like random users, consumers, teachers, and students. It is fore-
seeable that future data intelligence applications will expand to more domains
and broader populations, becoming a new option for human decision-making
activities.

Industry and academia recognize the application prospects of data intelligence.
However, the 2020 Artificial Intelligence Development Report White Paper re-
leased by New H3C Group shows that people are generally concerned about
security issues in the popularization of AI applications, including risks of user
privacy leakage, platform and model leakage, authenticity of AI system input
data, and security of AI infrastructure and architecture processes. Empirical
studies also reveal pessimistic attitudes toward data intelligence applications.
T. Q. Sun and R. Medaglia found that government decision-makers and hospital
managers/doctors generally believe that the public’s limited understanding of
AI may lead to a lack of trust in data intelligence-based decisions. A. M. Cox et
al. found that library thought leaders believe university libraries may face nu-
merous challenges in applying data intelligence, including ethical issues in data
collection, data quality and security issues, and decision comprehensibility prob-
lems. M. Wiesenberg and R. Tench found that communication professionals in
Central and Eastern Europe believe using social robots to mine social media
data for identifying opinion leaders poses significant ethical challenges, with
only 11.5% of organizations currently using or planning to use social robots.
These findings indicate that since data intelligence is not yet widely applied,
existing empirical studies are based only on respondents’ intuitions rather than
actual usage experiences. Moreover, most studies focus on professionals as sur-
vey subjects, largely neglecting ordinary users. The deepened application of
data intelligence requires broad participation from ordinary users, making it
necessary to understand their perceptions and attitudes.

2.1.2 Expert Knowledge and Application Challenges In academic dis-
course, experts typically refer to domain experts who have mastered knowledge
in a particular field, possess unique insights, and have specialized knowledge,
experience, and skills in practical activities within that field. Expert knowledge
is the knowledge of domain experts—experience and skills summarized through
long-term professional learning and practice for judging events or phenomena
within their domain. Expert knowledge is generally considered highly credi-
ble and authoritative and has long served as an important traditional decision-
making information source widely involved in human decision-making activities.
Common decision-making methods such as the Delphi method, brainstorming,
and expert meetings primarily rely on expert knowledge. Expert systems that
simulate human expert decision-making processes using expert knowledge and
experience revitalized frustrated AI in the 1980s and continue to be used today.
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However, several challenges make expert knowledge increasingly difficult to ap-
ply in decision-making. First, expert resources are scarce, making it difficult for
decision-making subjects to identify, select, and evaluate domain experts. Sec-
ond, the expert trust crisis has become fully apparent. The China Residents’
Social Trust Survey Report released by the Social Survey Center of Shanghai
Jiao Tong University shows that nearly half of respondents do not trust expert
opinions. Third, with rapid social development, new things, phenomena, and
problems continue to emerge, making it difficult to meet users’ increasingly di-
versified, personalized, and complex decision-making needs by relying solely on
expert knowledge.

2.2 Comparative Research on Data Intelligence and Expert Knowl-
edge

Since the birth of AI in the 1950s, comparisons between AI and human intel-
ligence have erupted periodically, but all ended with AI cooling down due to
limitations in computing power and trainable data volume. Since 2012, high-
performance computing and large-scale data have become normalized, and the
deep learning revolution has swept the AI field. AI systems empowered by data
can achieve more human-like cognitive capabilities, propelling the arrival of the
data intelligence era. Comparisons between AI and human intelligence have
once again become social hotspots, with comparison objects shifting from ordi-
nary people to experts. Numerous studies have focused on the relative advan-
tages and disadvantages of data intelligence and expert knowledge in decision-
making activities.

S. Biswal et al. used a deep learning model to mine and analyze sleep EEG data,
reproducing diagnoses of sleep staging, sleep apnea, and limb movement, and
found diagnostic accuracy comparable to human experts. A. Singh et al. used
convolutional neural networks to build a computer vision algorithm for auto-
matic hand hygiene detection, finding 96.8% consistency with human auditors’
observations. S. S. Chaturvedi et al. built a skin cancer diagnosis system based
on deep convolutional neural networks and found its diagnostic accuracy supe-
rior to dermatology experts. These comparative studies focus on performance
differences between data intelligence and expert knowledge in decision-making
applications, confirming that the former’s performance has reached or even ex-
ceeded the latter’s. However, they largely neglect users’ perceptual differences
between the two, particularly regarding trust—the most basic and important
perception. For a long time, people’s identification with knowledge has de-
pended on trust rather than truth. Comparing users’ perceptual differences
from the trust perspective helps reveal the positions of both in users’ minds and
provides references for their future deployment.

2.3 Trust in User-Information Source Interaction

Trust is an important factor in social relationships. In recent years, scholars
have extensively examined the role of trust in user interactions with various
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information sources. Wang Xiaoning and Liu Lili found that the more farmers
trust precision information service providers, the more willing they are to use
precision information services. C. G. Huo et al. found that users’ trust in health
knowledge publishers on social media significantly influences their health knowl-
edge adoption behavior. M. Asraf et al. found that if consumers continuously
trust online product recommendation information, they will continue using it for
purchase decisions. Sun Yuwei et al. believe that researchers’ trust in scientific
data is a key factor affecting their data reuse behavior. Fang Aihua et al. found
that users’ trust in virtual community knowledge products significantly influ-
ences their knowledge payment willingness. These findings show that the more
users trust information providers or content from specific sources, the more in-
clined they are to adopt and use the information and make behavioral changes
accordingly.

In this study, data intelligence and expert knowledge are decision-making in-
formation sources generated by AI and experts, respectively. Using data in-
telligence or expert knowledge for decision-making requires users to bear risks
such as privacy leakage, knowledge failure, or unsatisfactory decisions. Users
inevitably have positive expectations for AI or experts and the decision-making
information they generate—this expectation is trust. Based on existing liter-
ature, it is reasonable to argue that the more users trust data intelligence or
expert knowledge, the more willing they are to apply both for decision-making.
D. J. McAllister divided trust into two dimensions: cognitive trust and emo-
tional trust. Cognitive trust originates from the trustor’s cognitive judgment
of the trustee’s key characteristics such as competence and reliability, relying
more on empirical evidence. Emotional trust stems from emotional connections
between trustor and trustee, such as emotional attachment and bonding, rely-
ing on subjective perception and judgment. Based on this classic dimensional
division, scholars have extensively examined the role of cognitive and emotional
trust in user-information source interactions. Dong Ying et al. studied users’
willingness to respond to social network product recommendations, finding that
both cognitive and emotional trust in contacts significantly and positively influ-
ence response willingness. H. M. Fan and R. Lederman studied online health
community users’ information adoption behavior, finding that if users develop
cognitive and emotional trust in information contributors, they are more in-
clined to accept the contributors’ advice. K. C. Chang et al. studied consumer
purchase behavior in social media contexts, finding that both cognitive and
emotional trust in social media effectively predict purchase intention. These
findings demonstrate that cognitive and emotional trust are equally important
in user-information source interactions.

In this study, users’ trust in data intelligence or expert knowledge also includes
cognitive and emotional trust. The former is based on users’ cognitive judg-
ments about the usefulness, credibility, reliability, and ability to meet their
needs of both sources. The latter is based on users’ experiential feelings, sense
of security, pleasure, and satisfaction when applying both sources. It is rea-
sonable to argue that only when users achieve undifferentiated trust in data
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intelligence and expert knowledge in both cognitive and emotional dimensions
can they possibly integrate both for decision-making. Existing research mostly
focuses on the role of cognitive and emotional trust in single information source
contexts, with few studies comparing users’ trust perceptions of two distinct
yet competitive information sources based on these two dimensions. This study
compares and reveals users’ trust perceptions and differences regarding data
intelligence and expert knowledge from the perspectives of cognitive and emo-
tional trust, providing direction for the deepened application of the former and
effective integration of both.

3 Research Methods
3.1 Questionnaire Design

Using data intelligence for decision-making essentially means using AI big data
mining and analysis results for decision-making. To improve questionnaire com-
prehensibility, “AI data mining results” was used to refer to “data intelligence.”
This study designed four latent variables: cognitive trust in AI data mining
results (CTDM), emotional trust in AI data mining results (ETDM), cognitive
trust in expert knowledge (CTEK), and emotional trust in expert knowledge
(ETEK). All latent variables referenced mature scales and were appropriately
adapted to the research context. Specifically, the cognitive and emotional trust
scales were designed based on the work of D. J. McAllister and H. M. Fan and
R. Lederman. After completing the initial questionnaire draft, a small-scale
pre-test was conducted. Based on pre-test results, language expressions were
adjusted to enhance comprehensibility. A 7-point Likert scale (1 = “strongly
disagree,” 4 = “uncertain,” 7 = “strongly agree”) was used for measurement.

3.2 Data Collection

University students were selected as the survey population due to their strong
cognitive abilities and sensitivity to cutting-edge fields, enabling them to accu-
rately grasp the research context. Additionally, university-educated students
are more likely to become actual users of data intelligence in the future, making
them more likely to resonate with this study. Data intelligence applications in
disease diagnosis started early and have gained certain social recognition. As
early as 2017, AI imaging robots competed on CCTV’s “Super Brain” program
with experienced radiologists, becoming familiar to audiences. The question-
naire incorporated the disease diagnosis context, providing application examples
of AI data mining results and expert knowledge: (1) With support from deep
learning algorithms and high-performance computing, AI imaging robots mine
and analyze medical imaging data such as MRI, CT, and ultrasound images to
provide disease diagnosis results; (2) Specialists observe and analyze MRI, CT,
and ultrasound images based on clinical experience to provide disease diagnosis
results. Respondents were asked to answer based on similar experiences; those
without direct experience answered based on subjective perception.
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An online questionnaire was created using Wenjuanxing and distributed through
WeChat groups, Moments, QQ groups, and online forums, inviting university
students to participate. The questionnaire collection lasted approximately two
weeks, yielding 513 responses. Invalid questionnaires with completion times un-
der 60 seconds or consistent answers across all questions were removed, resulting
in 342 valid samples. Sample characteristics are shown in Table 1 .

4 Data Analysis and Results
Data analysis addressed three questions: Q1: What are the precise data distri-
butions of cognitive and emotional trust for data intelligence and expert knowl-
edge? Q2: Which source do users have higher cognitive trust in and which
do they have higher emotional trust in? Q3: What are the exact differences
in users’ cognitive and emotional trust between data intelligence and expert
knowledge?

4.1 Measurement Model Testing

Before data analysis, the reliability and validity of the measurement model were
assessed, including evaluations of reliability, content validity, convergent validity,
and discriminant validity. All latent variables referenced mature scales and were
appropriately adjusted based on the pre-test, ensuring the scales were clear and
explicit—thus possessing content validity.

Table 2 shows the measurement model’s Cronbach’s alpha, composite reliability
(CR), and average variance extracted (AVE). As shown in Table 2, all latent
variables’ Cronbach’s alpha and CR values exceed the minimum threshold of 0.7,
indicating good reliability. All latent variables’ AVE values exceed the minimum
threshold of 0.5, indicating convergent validity. To test discriminant validity, the
square roots of latent variables’ AVE values were compared with inter-variable
correlation coefficients. Table 3 shows that all latent variables’ AVE square
roots (italicized diagonal values) exceed their correlation coefficients with other
variables, indicating discriminant validity.

Given the measurement model’s reliability and validity, the data can be used
for further analysis. Specifically, the discriminant validity demonstrates that
the four latent variables are independent, making meaningful the comparison of
users’ cognitive and emotional trust differences between data intelligence and
expert knowledge. Meanwhile, the model’s reliability and convergent validity
enable structural-level data analysis.

4.2 Comparison of Users’ Cognitive Trust in Data Intelligence and
Expert Knowledge

Users’ cognitive trust in data intelligence or expert knowledge indicates they per-
ceive high application value and reliability that can meet their decision-making
needs. For variable CTDM, respondents rated the following items: (1) AI data
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mining can provide me with scientific decision-making solutions; (2) AI data
mining results are trustworthy; (3) AI data mining results are very reliable;
(4) AI data mining results can meet my needs. A 7-point Likert scale measured
these items. For the 342 samples, the number of respondents selecting each point
(1-7) was calculated for each item. Since the latent variables demonstrated re-
liability and convergent validity, the total number of selections for each point
across the four items was calculated as the subtotal for CTDM at each score
level. CTDM’s total number of scores was 1,368 (342 × 4).

For variable CTEK, respondents rated the same items. The same counting
method calculated CTEK’s subtotals at each score level. Figure 1 [Figure 1: see
original paper] shows the comparison of users’ cognitive trust in data intelligence
and expert knowledge.

Figure 1 reveals that 75.51% (1,033/1,368) of respondents have cognitive trust
in data intelligence, while 67.18% (919/1,368) have cognitive trust in expert
knowledge. Meanwhile, 4.53% (62/1,368) lack cognitive trust in data intelli-
gence, and 8.33% (114/1,368) lack cognitive trust in expert knowledge. For
CTDM and CTEK, the proportions selecting the neutral point (4) were 19.96%
(273/1,368) and 24.49% (335/1,368), respectively, indicating neutral attitudes
toward data intelligence and expert knowledge regarding cognitive trust.

4.3 Comparison of Users’ Emotional Trust in Data Intelligence and
Expert Knowledge

Users’ emotional trust in data intelligence or expert knowledge indicates they
feel positively about using them and have relatively close emotional connections.
For variable ETDM, respondents rated: (1) I feel good about AI data mining
results; (2) I feel at ease using AI data mining results for decision-making; (3)
I feel satisfied using AI data mining results for decision-making; (4) My mood
improves when obtaining AI data mining results. The same method was used
to analyze ETDM and ETEK’s data structures. Figure 2 [Figure 2: see original
paper] shows the emotional trust comparison.

Figure 2 shows that 67.4% (922/1,368) of respondents have emotional trust in
data intelligence, while 76.24% (1,043/1,368) have emotional trust in expert
knowledge. Meanwhile, 18.57% (254/1,368) lack emotional trust in data intel-
ligence, and only 4.61% (63/1,368) lack emotional trust in expert knowledge.
For ETDM and ETEK, neutral selection proportions were 14.04% (192/1,368)
and 19.15% (262/1,368), respectively.

4.4 Paired Sample t-test

Figures 1 and 2 show precise data distributions for cognitive and emotional trust,
answering Q1. They also indicate differences in users’ cognitive and emotional
trust between data intelligence and expert knowledge. To accurately demon-
strate these differences and answer Q2 and Q3, paired sample t-tests compared
sample means.
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Table 4 results show significant differences in both cognitive and emotional trust.
Specifically, mean cognitive trust in data intelligence and expert knowledge were
5.129 and 4.906, respectively, with a mean difference of 0.223 (p < 0.001), indi-
cating significantly higher cognitive trust in data intelligence. Mean emotional
trust in data intelligence and expert knowledge were 4.731 and 5.179, respec-
tively, with a mean difference of -0.448 (p < 0.001), indicating significantly
lower emotional trust in data intelligence.

5 Discussion
Data intelligence and expert knowledge are two important yet competitive
decision-making information sources with distinct characteristics that are be-
ginning to influence people’s information-seeking behavior for decision-making.
Data intelligence originates from AI systems’ mining and analysis of objective
data, presenting rational results, while expert knowledge stems from experts’
long-term observation and reflection on domain matters, presenting results with
emotional coloring. Understanding their current positions in users’ minds is
worth exploring. This study compares users’ cognitive and emotional trust in
data intelligence and expert knowledge. Figures 1 and 2 present precise data
distributions, supplemented by paired sample t-tests in Table 4. This research
offers theoretical and practical implications but also has limitations.

5.1 Theoretical Implications

Rapidly evolving information technology and complex, changing information en-
vironments increase uncertainty in human information activities, making trust
a key factor in human-technology and human-environment interactions. Many
scholars have examined trust issues regarding specific information sources from
cognitive and emotional trust dimensions, focusing mostly on how these trusts
form, what factors influence them, and how they affect user attitudes, inten-
tions, and behaviors. Few studies have compared users’ trust perceptions of
different information sources based on these two dimensions. This study pro-
vides a new perspective for trust theory application by comparing users’ cog-
nitive and emotional trust in data intelligence and expert knowledge. While
expert knowledge has long provided important decision-making references and
remains indispensable despite some skepticism, data intelligence is an emerg-
ing source whose application value has gained preliminary recognition but still
requires practical testing in more decision-making activities. The confronta-
tion, collision, complementarity, and integration of data intelligence and expert
knowledge will be important future research areas. This study reveals that users
currently have significantly higher cognitive trust but lower emotional trust in
data intelligence compared to expert knowledge, providing new directions for
future research, such as exploring how to improve emotional trust in data in-
telligence and cognitive trust in expert knowledge, and systematically revealing
both sources’ positions from more perspectives.
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5.2 Practical Implications

Under the development trend of intelligence-driven intelligence analysis and
smart intelligence services, expert knowledge will inevitably be replaced by
data intelligence in some domains. However, Table 1 shows that 78.07% of
respondents prefer to trust the integration of AI data mining results and expert
knowledge, indicating users currently prefer integrated application for decision-
making. Therefore, promoting deepened data intelligence application and its
effective integration with expert knowledge is an important practical issue.

Figure 2 shows more users have emotional trust in expert knowledge than in
data intelligence. Table 4 confirms that emotional trust in data intelligence
is significantly lower than in expert knowledge, with ETDM having the low-
est mean (4.731) and ETEK the highest (5.179). This suggests users have less
emotional connection with data intelligence, possibly because most people still
understand it from a technical perspective—as a product of complex, cold tech-
nologies like big data and AI—lacking affinity for the technology and thus emo-
tional connection to its products. In contrast, people have more comprehensive
cognition of experts and have established stable relationships over time, mak-
ing emotional acceptance of expert knowledge easier. Research confirms that
emotional reactions influence user information behavior even more than cog-
nitive reactions. Therefore, enhancing users’ emotional connection with data
intelligence facilitates its deepened application. Emotional connections most
commonly and easily occur between people, based on mutual understanding,
maintained contact, and genuine care. Recommendations include: (1) further
advancing the anthropomorphic presentation of data intelligence, such as em-
bedding AI systems in humanoid robots that mimic human language and body
movements; (2) appropriately endowing AI systems with emotional capabilities
while continuously improving their professional competence, such as using com-
puter vision to recognize users’ real-time emotions for contextualized services;
(3) strengthening user education to help them systematically understand data
intelligence generation and mechanisms; and (4) developing more data intelli-
gence products that participate in daily human life, enabling users to actively
establish stable connections with AI systems, improving development targeting
and personalization, and making users feel genuinely cared for and exclusive.

Figure 1 shows more users have cognitive trust in data intelligence than expert
knowledge. Table 4 confirms significantly higher cognitive trust in data intelli-
gence, reflecting the expert trust crisis. This may result from: (1) uneven expert
quality and the social consensus that some experts are incompetent or influenced
by social relationships and personal emotions, leading to subjective deviations;
and (2) the established paradigm of discovering knowledge from big data, whose
value is recognized. Achieving undifferentiated trust is the foundation for effec-
tive integration—data intelligence needs enhanced emotional trust, while expert
knowledge needs enhanced cognitive trust. Recommendations for improving cog-
nitive trust in expert knowledge include: (1) optimizing expert identification,
selection, and evaluation mechanisms to accurately identify “true” experts and
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timely eliminate “unqualified” ones; (2) establishing norms and guidelines to
standardize and direct expert knowledge generation and application, ensuring
content and service quality; and (3) experts themselves should transform their
mindset, enhance service awareness, systematically understand users’ personal-
ized needs, and meet them targeted.

5.3 Limitations and Future Directions

This study has limitations: (1) It treats data intelligence and expert knowledge
as two typical decision-making information sources, comparing users’ trust per-
ceptions overall without limiting application or knowledge domains, potentially
reducing result specificity. Future research could examine perceptual differences
in specific domains. (2) Data intelligence application is still in its early stages
with limited user experience. This study used questionnaires requiring experi-
enced users to answer based on experience and inexperienced users on subjective
perception, potentially reducing accuracy and systematicity. Future research
could target users with real data intelligence experience and employ multiple
methods. (3) This study used university students, who generally have higher
acceptance of new things, potentially limiting generalizability. Future research
could expand the population for more accurate, generalizable conclusions.
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Abstract: [Purpose/significance] Comparing users’ perceptions of data intelli-
gence and expert knowledge from the perspective of trust helps to understand
users’ current trust status and differences regarding these two typical decision-
making information sources, and then provides suggestions for the deepened
application of data intelligence and the effective integration of data intelligence
and expert knowledge. [Method/process] Based on the classic two-dimensional
classification of trust, namely cognitive trust and emotional trust, a measure-
ment scale including two pairs and four potential variables was designed. A
questionnaire survey was used to obtain 342 valid samples, and descriptive
statistics and paired sample t-test methods were used for data analysis. [Re-
sult/conclusion] The study found that users’ cognitive trust in data intelligence
is significantly higher than that in expert knowledge, while users’ emotional
trust in data intelligence is significantly lower than that in expert knowledge.

Keywords: big data; artificial intelligence; data intelligence; expert knowledge;
cognitive trust; emotional trust
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