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Abstract: The current research utilized diagnostic classification models (DCMs), an advanced psy-

chometric theory, to evaluate the examination’s quality using psychometric methods for a more 

precise and comprehensive understanding of health professionals’ competence. Data was gathered 

from 16,310 fourth-year Traditional Chinese Medicine undergraduates who completed the Stand-

ardized Competence Test for Traditional Chinese Medicine Undergraduates (SCTTCMU) compris-

ing 300 multiple-choice items. The study examined the fundamental assumptions, model-data fit, 

and cognitive diagnostic theory models’ item and test properties. The generalized deterministic in-

put, noisy, “and” gate model applied in this research demonstrated a strong alignment with the real 

response data, meeting all the necessary assumptions. Cognitive diagnostic analysis indicated that 

all items exhibited satisfactory psychometric characteristics, and the reported scores offered insights 

into candidates’ proficiency in cognitive skills. It is expected that the advent of modern psychomet-

ric technology will contribute to the improvement of refined diagnostic information for health pro-

fessional candidates. Furthermore, this research holds the potential to significantly enhance sustain-

ability in healthcare practices, knowledge, economics, resource use, and community resilience. 

Keywords: traditional Chinese medicine; health professions education; cognitive diagnostic  

analysis; assessment 

 

1. Introduction 

Various professionals in health professions education offer a wide array of health 

services in various se�ings. Formative assessment plays a key role in facilitating learning, 

while summative assessment serves as the definitive evaluation of a candidate’s skills [1]. 

In the realm of health professions education, summative assessments are utilized to gauge 

candidates’ advancement through their courses and/or training programs [2]. Establish-

ing competency and identifying qualifications for advanced training necessitates that 

summative assessment scores accurately forecast candidates’ future performance. 

In the last few decades, classical test theory (CTT), generalizability theory (G-theory), 

and item response theory (IRT) have become the dominant psychometric frameworks 

used in carrying out summative assessments [3,4]. CTT focuses on differentiating between 

the variances of “true score” and “measurement error”. By independently estimating 

these variances, it acknowledges the indirect nature of educational and psychological as-

sessments [5]. G-theory allows for a comprehensive view of measurement error and its 

various elements, allowing researchers to break down measurement error into distinct 

sources [6]. Furthermore, as the foundation of contemporary psychometric methods, IRT 

approaches can offer insights into individual latent traits and item features [7]. Neverthe-

less, while there have been significant developments in psychometric techniques, there 

remains a heated discussion regarding the effectiveness and suitability of these methods 

in health professions education. Particularly, it is argued that the initial purpose and 
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structure of these evaluations do not offer detailed qualitative diagnostic insights, nor do 

they allow for personalized performance adjustments. Consequently, there is a demand 

for precise and top-notch assessment instruments in conclusive evaluations to enable per-

sonalized evaluation. Cognitive diagnostic evaluations have emerged as a promising ap-

proach in this regard. 

Cognitive diagnosis is currently receiving significant interest from researchers and 

practitioners in health professions education, primarily due to its ability to diagnose indi-

vidual traits and offer personalized treatment effectively [8]. Cognitive diagnostic assess-

ments [9] are designed to offer diagnostic insights by providing detailed reports on an 

individual’s traits [10]. A crucial feature of cognitive diagnostic assessments is their inte-

gration of cognitive psychology and cognitive diagnostic models (CDMs) in a unified 

framework, allowing researchers to evaluate both broad diagnostic data and specific cri-

teria-level information about individuals within a specific assessment area [11]. 

This paper aims to use a cognitive diagnostic approach to evaluate the effectiveness 

of the Standardized Competence Test for Traditional Chinese Medicine Undergraduates 

(SCTTCMU) for fourth-year Traditional Chinese Medicine (TCM) students. While the pri-

mary focus is on the technical evaluation of TCM examinations, its implications for refin-

ing TCM practice, preserving cultural knowledge, and integrating sustainable healthcare 

solutions make it an important contribution to the broader discourse on sustainability. For 

detailed information, please refer to the Appendix A. To achieve this goal, the research 

agenda for CDMs includes: (a) conducting cognitive a�ribute modeling and assessing the 

fit of the model with the data, (b) determining calibrated item parameters and evaluating 

the reliability and validity of the national examination, and (c) offering practical recom-

mendations and guidance for maintaining the quality of assessments in health professions 

education. 

2. Materials and Methods 

2.1. Participants 

This study included 16,310 TCM undergraduates residing in 29 randomly chosen cit-

ies or provinces across China, with ages ranging from 17 to 55 years (median = 22.933 

years, SD = 0.973). Participants who met certain exclusion criteria, such as having a total 

score of 0 or missing responses on items, were not included in the analysis. Recruitment 

of respondents commenced in May 2023, resulting in a sample consisting of 10,765 females 

(66.0%) and 5545 males (34.0%). These participants were distributed across the eastern 

(41.3%), central (32.6%), and western (26.1%) regions of China. 

2.2. Measurement Tool 

The SCTTCMU is a collaborative effort between the Certification Center for Chinese 

Medicine Practitioners of the National Administration of Traditional Chinese Medicine 

and the National Administry Commi�ee on Teaching Traditional Chinese Medicine to 

Majors in Higher Education under the Ministry of Education of the People’s Republic of 

China. It aims to evaluate students’ comprehension of basic and clinical medical sciences 

by the end of their fourth year in a five-year TCM undergraduate program. The assess-

ment comprises two components: objective structured clinical examinations (OSCEs) for 

clinical skills evaluation and computerized multiple-choice items to evaluate medical 

knowledge. This paper focuses on the medical knowledge section, which consists of 300 

multi-choice items with dichotomous scoring, each presenting four distractors and one 

correct answer. 

2.3. Overall Workflow 

The psychometric evaluation of SCTTCMU was carried out using a 6-step process 

that encompasses the essential tasks illustrated in Figure 1. Each step builds upon the pre-

vious one, with guidelines for the necessary statistical thresholds provided in the figure. 
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Step 1 involves validating the Q-matrix and a�ribute hierarchy as the foundational anal-

ysis. Step 2 focuses on ensuring unidimensionality to enable the construction of CDT mod-

els. Step 3 requires researchers to assess the model’s suitability, considering quantitative 

measures for model fit evaluation. Following the confirmation of CDT usage, Step 4 in-

volves extracting item parameters and fi�ing information from the model. Steps 5 and 6 

entail conducting test analysis, evaluating reliability and validity, and reporting screening 

scores. Detailed explanations for each step are provided below. 

 

Figure 1. The process of assessing the quality of Traditional Chinese Medicine (TCM) examination 

using psychometric methods. 

2.4. Cognitive Diagnosis Model: G-DINA 

CDMs aim to create solid connections between people’s responses to items and their 

pa�erns or profiles of a�ributes. There are various CDMs available, which are classified 

into two categories: simplified and saturated models, depending on their scope. It is pos-

sible to convert saturated CDMs into simplified ones under specific limitations or assump-

tions. The G-DINA (generalized deterministic input, noisy, “and” gate) [12] model is a 

notable example of a saturated model and is commonly applied in cognitive evaluations. 

The G-DINA model uses a reduced vector ���
∗ = ����, … , ����

∗�
�

 to illustrate the nec-

essary a�ributes for an item, where � = 1,… , 2��
∗

 and 2��
∗

 indicates the unique a�ribute 

pa�ern count. The likelihood that respondents with the reduced a�ribute vector ���
∗  

would answer item j correctly is denoted as ���� = 1|���
∗ �. The G-DINA model is formally 

represented by the following formula: 
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∗ ∏ ���
��
∗

���

��
∗

������
 , (1)

Equation (1) explains how the likelihood of a test taker with the a�ribute mastery 

pa�ern ���
∗  answering an item j correctly is determined. The item intercept, ���, indicates 

the probability of a test taker answering item j correctly even without mastering all the 

a�ributes being measured. ��� signifies the impact of a�ribute k on the probability of an-

swering item j correctly. The term ����� represents the combined effect of a�ributes k and 

�� on item j, while ����…��
∗ indicates the collective interaction of all a�ributes on item j. 

The value of ��� in the Q-matrix is a binary indicator (0 or 1), where ��� = 1 means that 

item j assesses a�ribute k, and ��� = 0 means it does not. In equation (1), ��
∗ = ∑ ���

�
���  

represents the total a�ributes measured by item j. The parameter ��� represents the mas-

tery status of a�ribute k for the lth respondent’s a�ribute mastery pa�ern—a binary vari-

able where ��� = 1 signifies mastery and ��� = 0 signifies a lack of mastery. 

2.5. Statistical Analysis 

A 6-step procedure has been adopted to conduct the psychometric evaluation of the 

SCTTCMU, which includes essential tasks. The analyses were performed using the 

GDINA R package [13] and custom-wri�en code in R [14]. Specific details for each step 

listed are provided below. 

Step 1: Q-matrix and a�ribute hierarchy validation. The Q-matrix [15] is a critical el-

ement as it organizes items based on the cognitive a�ributes needed to solve them [16]. 

Typically, the Q-matrix is developed through input from domain experts, clinical theories, 

or empirical research findings [17]. It is essentially a binary matrix, with entries of 1 indi-

cating that an a�ribute is measured by an item, while 0 denotes otherwise. To confirm the 

suitability of the Q-matrix, this research conducted a regression analysis to assess the like-

lihood of mastering candidate a�ributes using the CDM framework and the total 

SCTTCMU score [18]. 

Leighton and his team introduced the A�ribute Hierarchy Method (AHM) and de-

veloped the A�ribute Hierarchy Structure (AHS) to depict the cognitive model of inter-

connected tasks [19]. To assess the credibility of the a�ribute hierarchy, the Hierarchy 

Consistency Index (HCI) [20,21] was utilized. The HCI ranges from −1 to 1, with values 

closer to 1 indicating a be�er fit and values closer to −1 demonstrating a poorer fit. 

Step 2: Testing the unidimensional assumption. Unidimensionality refers to the con-

cept that a test measures a single primary underlying trait. This implies that responses to 

each question are influenced by only one main latent trait of the individual [7]. Both ex-

ploratory factor analysis (EFA) and confirmatory factor analysis (CFA) were utilized to 

evaluate the assumption of unidimensionality. In EFA, unidimensionality is validated 

when the ratio of the first eigenvalue to the second eigenvalue is 4 or higher [22] and when 

the initial factor explains over 20% of the total variance [23]. A CFA involving a single 

factor was employed to assess unidimensionality. Two key indicators were considered: 

factor loading and root mean square error of approximation (RMSEA), determined using 

the weighted least squares method and variance-adjusted method. Following the guide-

line established by Browne and Cudeck [24], the fit of the model is considered close, fair, 

acceptable, mediocre, or poor if the RMSEA value falls below 0.05, between 0.06 and 0.08, 

between 0.09 and 0.10, or above 0.10, respectively. Items with factor loadings below 0.4 

were omi�ed as such loadings could lead to misinterpretations [25]. 

Step 3: Model-data fit. Choosing the right CDM is an important step in drawing ac-

curate conclusions. Evaluating how well a model fits the data is typically divided into 

absolute and relative fits. In this research, an absolute fit measure called the area under 

the curve (AUC) [26] was employed to assess the model-data fit. An AUC score above 0.5 

suggests that the model’s predictive ability is be�er than random chance, indicating a rea-

sonably good fit for the model. 
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Step 4: Item analysis. Evaluating the psychometric properties is crucial when evalu-

ating the SCTTCMU. The psychometric properties of each item in this study were deter-

mined by item discrimination and item fit based on the CDMs. 

In this study, the G-DINA model was employed for estimating item parameters 

within the Q-matrix framework [12]. Parameter estimation was conducted using the Mar-

ginal Maximum Likelihood Estimation (MMLE) algorithm for estimating the G-DINA 

model parameters, ensuring quicker and unbiased convergence [27]. The analysis of data 

with cognitive diagnostic models involved the use of the ����� index to examine item dis-

crimination. This index is defined as the discrepancy between the probability of a correct 

response ���� = 1|���
∗ = 1�  from examinees who have demonstrated all a�ributes re-

lated to item j and the probability of a correct response ���� = 1|���
∗ = 0� from those who 

have not exhibited any a�ribute associated with item j. Mathematically, this is expressed 

as: 

����� = ���� = 1|���
∗ = 1� − ���� = 1|���

∗ = 0�, (2)

���� = 1|���
∗ = 1� = 1 − ���� = 0|���

∗ = 1� = 1 − ��,  (3)

���� = 1|���
∗ = 0� = ��. (4)

In the equation above, �� represents the likelihood of a test taker with all the neces-

sary qualities providing an incorrect response, while �� indicates the likelihood of a test 

taker without all the necessary qualities providing a correct response. ����� served as a 

holistic indicator of slip and guessing parameters. A higher value of ����� suggested im-

proved item quality and the ability to differentiate between various test takers. 

Additionally, the S-X2 statistic was employed to evaluate item fitness [28] in this re-

search, measuring the differences between observed and anticipated response rates. Items 

that exhibited a p-value of S-X2 below 0.01 were recognized as not fi�ing well and were 

consequently excluded from the item pool. 

Step 5: Reliability and validity analysis. In order to assess the reliability of the 

SCTTCMU, the study utilized Cronbach’s alpha, Gu�man split-half reliability coefficients, 

and McDonald’s omega, all of which were derived from classical test theory (CTT). The 

study also evaluated a�ribute-level classification consistency and accuracy indices [29] as 

well as test-level classification consistency and accuracy indices [30] based on the CDM 

framework for the SCTTCMU. These reliability measures aimed to determine how effec-

tively the CDM categorized candidates into the correct a�ribute profiles. Furthermore, 

criterion-related validity was established by examining the correlation between the likeli-

hood of mastering a�ributes and each candidate’s total score in the SCTTCMU. 

Step 6: Screening score reporting. Through an analysis of the examinees’ cognitive 

a�ributes, we can accurately determine the type of cognitive a�ributes and the current 

knowledge level of the examinees. This information is valuable for teachers to provide 

targeted remedial instruction based on the examinees’ areas of need. By estimating the 

measure pa�ern model of examinees’ cognitive a�ributes, this study identifies the cogni-

tive a�ribute measures for both the overall and typical groups of examinees. Furthermore, 

it presents a spectrum illustrating the measurement pa�ern of the examinees’ cognitive 

a�ributes. 

3. Results 

3.1. Descriptive Analysis 

Figure 2 displays the distribution of total scores obtained by candidates. The total 

scores fell within a range of 3 to 289, with a median score of 193. Around 61.28% of candi-

dates achieved scores surpassing the minimum passing score of 180. 
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Figure 2. Total score distribution. 

3.2. Q-matrix and A�ribute Hierarchy Validation 

Templin and Henson [31] highlighted the significance of the Q-matrix construction 

for ensuring the accuracy of diagnostic outcomes in cognitive diagnostic assessments. In 

this research, the task of defining which a�ribute is needed to respond to each item was 

overseen and coordinated by the Certification Center for Chinese Medicine Practitioners 

of the National Administration of Traditional Chinese Medicine. The Q-matrix of items 

comprises three columns, representing each of the three criteria. As indicated in Table 1, 

the Q-matrix demonstrates that every item evaluates a singular a�ribute criterion, with 

each criterion being gauged by an average of 90 items. 

During the study, regression analysis was conducted, using the likelihood of mastery 

based on candidates’ a�ributes as the independent variable and the total score of the 

SCTTCMU as the dependent variable. The findings from the regression analysis indicated 

that the regression equation was statistically significant (p < 0.05) with a coefficient of de-

termination of 0.76, suggesting the reasonableness of the Q-matrix of the SCTTCMU. Ad-

ditionally, the average HCI value for the SCTTCMU was observed to be 0.76. According 

to Wang and Gierl [32], an average HCI value around 0.70 signifies an unstructured a�rib-

ute hierarchy, implying that the hierarchical relationships of the a�ributes were likely un-

structured. 

Table 1. Some item examples for Q-matrix. 

Item 
Q-Matrix 

Memory (A1) Understanding (A2) Application (A3) 

1 1 0 0 

2 0 1 0 

3 0 1 0 

4 1 0 0 

5 0 1 0 

6 0 1 0 

7 0 1 0 

8 1 0 0 

9 1 0 0 

10 0 1 0 

Note. The value of 1 in row j and column k of the Q-matrix indicates that item j measures a�ribute 

k, while a value of 0 indicates that item j does not measure a�ribute k. 

  



Sustainability 2024, 16, 5400 7 of 12 
 

3.3. Evaluation of Unidimensionality 

In EFA, the ratio between the first eigenvalue and the second eigenvalue was 4.447 

(i.e., greater than 4), and the first factor explained 31.9% of the total variance (i.e., higher 

than 20%). Results of the single-factor CFA indicated that the RMSEA value was 0.08, in-

dicating that the single-factor model was fair or acceptable; all factor loadings were above 

0.4. Therefore, the items of the SCTTCMU were considered unidimensional and suitable 

for the next phase of analysis. 

3.4. Model-Data Fit 

This study utilized the G-DINA model within the CDM framework to conduct a 

model-data fit analysis on the original data from the SCTTCMU. The findings revealed an 

AUC index of 0.97, indicating a strong predictive performance of the G-DINA model com-

pared to random guessing and demonstrating its outstanding classification accuracy. Es-

sentially, the G-DINA model demonstrated a strong alignment with the SCTTCMU da-

taset. 

3.5. Item Analysis 

Figure 3A displays the estimated item discrimination parameters of the G-DINA 

model. The findings indicate that all items have a discrimination parameter greater than 

or equal to 0, suggesting their ability to effectively differentiate between candidates who 

have mastered the cognitive a�ributes being evaluated and those who have not. Moreo-

ver, no item was identified as a poor fit for the G-DINA model, as evidenced by a p-value 

above 0.01 in the S-X2 statistic (refer to Figure 3B). 

A.  

 

B.  

 

Figure 3. Analysis of items on the Standardized Competence Test for Traditional Chinese Medicine 

Undergraduates (SCTTCMU) within the context of CDMs. Note. (A) The distribution of item dis-

crimination. (B) The distribution of p-values for item fit. 

3.6. Reliability and Validity 

The reliability of the SCTTCMU was assessed using both the CTT and CDM frame-

works. In the CTT framework, the SCTTCMU demonstrated a Cronbach’s alpha coeffi-

cient of 0.97, a Gu�man split-half coefficient of 0.94, and a McDonald’s omega coefficient 

of 0.97. The CDM approach offered a different method to evaluate the reliability of the 

three a�ribute criteria. The results from the CDM framework indicated that the classifica-

tion consistency reliability of the a�ributes ranged from 0.97 to 0.99, with an average of 

0.98, while the classification accuracy reliability of the test was 0.95. Moreover, the 

SCTTCMU exhibited strong criterion-related validity, as the mean probability of a�ribute 

mastery based on the DCMs had a significant correlation of 0.87 (p < 0.001) with the total 

SCTTCMU score. These findings collectively suggest that the SCTTCMU demonstrates 
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robust reliability and validity across both the traditional CTT and newer CDM frame-

works. 

3.7. Reporting of Diagnostic Scores 

The data in Table 2 displays the number and percentage of proficiency in each cogni-

tive level a�ribute among all candidates, including those who passed and failed the 

SCTTCMU. The findings reveal that candidates who passed the SCTTCMU demonstrate 

a higher level of mastery in each cognitive level a�ribute compared to those who failed, 

validating the accuracy of the estimated proficiency levels. 

Table 2. Mastery of each a�ribute by different groups of candidates. 

Cognitive 

Level 
All Candidates Passing Group Failed Group 

 0  1  0  1  0  1  

 N % N % N % N % N % N % 

Memory  

(A1) 
7693 47  8617 53  1499 15  8495 85  6194 98  122 2  

Understanding 

(A2) 
7598 47  8712 53  1354 14  8640 86  6244 99  72 1  

Application (A3) 7161 44  9149 56  1313 13  8681 87  5848 93  468 7  

Note. Element 0 signifies that the candidate has not mastered a�ribute k, whereas element 1 denotes 

the candidate’s mastery of a�ribute k. N and % represent the number and percentage of participants, 

respectively. 

Furthermore, Figure 4 displays specific details of the two individuals’ data regarding 

the three a�ribute criteria as evidenced in their score reports, illustrating the distinct in-

sights offered by the CDM. Despite both individuals achieving an equivalent overall score 

(180) in the SCTTCMU, the probability of each of them meeting the a�ribute criteria 

greatly differed due to unique individual characteristics. This showcases how cognitive 

diagnostic analysis can offer more detailed and personalized feedback compared to con-

ventional test results. 

 

Figure 4. Spectrum of a�ribute measures for two candidates scoring the same 180. 

4. Discussion 

The purpose of this research was to assess the feasibility of a nationwide summative 

test (i.e., SCTTCMU) for the first time using DCMs. Specifically, the G-DINA model was 

utilized to examine the effectiveness of the SCTTCMU. The study then calculated the psy-

chometric characteristics of the SCTTCMU and generated a detailed score report for indi-

vidual respondents. The findings of the study revealed that each item of the SCTTCMU 

had a strong ability to discriminate between individuals who had the a�ributes of an item 
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and those who did not. Furthermore, the analysis demonstrated that the SCTTCMU not 

only exhibited strong reliability but also displayed high criterion-related validity. These 

compelling results suggest that the SCTTCMU serves as a high-quality assessment tool in 

the field of health professions education. 

In comparison to previous research on health professions education assessment, this 

study has significant implications. First, it demonstrates how a thorough analysis utilizing 

the CDMs can effectively evaluate the quality of national examinations. This study offers 

detailed guidance for researchers on how to conduct, interpret, and report cognitive diag-

nosis analysis, allowing for potential replication. The CDM not only assesses the psycho-

metric properties of tests and items but also provides diagnostic insights at both the gen-

eral and a�ribute levels. Second, CDMs, as specialized latent class models, have distinct 

characteristics. Unlike unrestricted latent class models, CDMs apply specific constraints 

to score predetermined dichotomous latent variables or a�ributes outlined in the Q-ma-

trix. These constraints define the a�ributes necessary for positive responses to each item, 

thus unveiling individuals’ general response pa�erns. Consequently, we believe that in-

corporating feedback based on cognitive diagnosis modeling in SCTTCMU results can be 

a valuable tool for learners, educators, and other stakeholders in addressing cognitive at-

tribute gaps, surpassing mere remediation of content knowledge deficiencies. 

Therefore, the key findings of this research focus on the evaluation and screening of 

the skills of health professional applicants: (1) The CDM is highlighted as an efficient sta-

tistical method for psychological research in this article, considering the new psychomet-

ric approach being employed. Research into ability profiles could be improved with the 

help of the dichotomous a�ribute nature of the CDM, which enables researchers to be�er 

grasp the specific components of traits. (2) The SCTTCMU serves as an enhanced assess-

ment tool in this study, offering both broad diagnostic data and specific insights into how 

each person aligns with diagnostic criteria. Detailed information at the criteria level can 

help tailor personalized treatments for future health professionals, potentially enhancing 

the efficacy of these interventions. (3) This research establishes a model for forthcoming 

score reporting in national exams, furnishing candidates and healthcare educators with 

pertinent details to enhance their teaching and learning practices. Furthermore, it can 

serve as a valuable reference for other global assessment agencies. 

While the results showed promise, several limitations need to be taken into account 

in future research. Firstly, this study utilized a data-driven Q-matrix calibration proce-

dure. Employing an exploratory Q-matrix calibration method in the future could enhance 

the accuracy of calibration. Secondly, the analysis in this study relied on a single model. 

To improve the analysis of test data, future studies could explore using a mixed-model 

approach, where different cognitive diagnostic models are selected for each item. Thirdly, 

it is important to acknowledge that both the baseline observation data and the Q-matrix 

used in the SCTTCMU were dichotomous. However, for researchers wanting to investi-

gate interval scale variables with CDMs, there are various approaches available. These 

include converting Likert-type scale items into dichotomous format, as suggested by Tem-

plin and Henson [31], or converting scores above 0 to 1 while retaining a score of 0 [33]. 

Additionally, the seq-GDINA model [34] offers a direct method for handling Likert scale 

data. Fourth, the SCTTCMU’s 300 items could potentially be burdensome for participants. 

Future studies could explore implementing computerized adaptive tests to conduct more 

efficient assessments with fewer items. Finally, recent advancements in cognitive diagnos-

tic modeling such as facet and hierarchical rater models could incorporate rater effects, 

which might be beneficial for practical assessment tools like OSCEs and other assessments 

[35]. 

5. Conclusions 

The article presented how the SCTTCMU assessment was adapted within the CDM 

framework, and the results demonstrated that the SCTTCMU is an enhanced TCM assess-

ment. This tool has the potential to offer extensive diagnostic information, allowing 
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researchers to evaluate each person’s symptom profile. This detailed diagnostic data may 

enhance the efficiency of teaching and learning processes. 
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Appendix A 

Linkages between Research Contributions and Sustainability 

1. Promoting Sustainable Healthcare Practices: By employing cognitive diagnostic 

approaches to evaluate the national Traditional Chinese Medicine (TCM) examination, the 

study enhances the accuracy in assessing practitioners' competence. This ensures a higher 

standard of TCM practice, which often involves natural therapies and preventive 

measures. Integrating effective TCM into healthcare systems can reduce reliance on re-

source-intensive Western medicine, contributing to a more environmentally sustainable 

model of healthcare delivery. 

2. Fostering Knowledge Sustainability: TCM embodies centuries-old wisdom and 

practices. Validating examinations using advanced methodologies sustains and propa-

gates this knowledge, preserving cultural heritage and promoting a diverse global medi-

cal knowledge base. This knowledge sustainability is crucial for maintaining traditional 

practices that can complement modern medicine, offering alternatives with potentially 

fewer ecological footprints. 

3. Supporting Economic Sustainability in Healthcare: A reliable evaluation system 

for TCM professionals can stimulate the growth of the TCM industry, creating jobs and 

economic opportunities aligned with green and sustainable practices. As TCM gains 

wider acceptance, it can contribute to local and regional economies, fostering sustainable 

economic development through the provision of health services and natural product mar-

kets. 

4. Encouraging Sustainable Resource Use: Ensuring TCM practitioners are thor-

oughly evaluated and competent encourages responsible sourcing and cultivation of me-

dicinal plants and herbs. This approach supports sustainable agriculture and forestry 

practices, protecting ecosystems and biodiversity—fundamental components of environ-

mental sustainability. 

5. Enhancing Community Health and Resilience: TCM often focuses on holistic 

health and preventive care, which can enhance population health and resilience. Healthier 

communities are more capable of adapting to social and environmental changes, a key 

aspect of sustainability. By validating TCM examinations, the study indirectly contributes 
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to building more resilient societies that can be�er face challenges like pandemics and en-

vironmental crises. 
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