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Objective: To identify determinants influencing dietary behaviors of healthcare
providers, demonstrate the association patterns between factors, and provide
scientific reference for this group to achieve and maintain healthier dietary
behaviors.

Methods: From July to August 2025, we conducted a cross-sectional survey
targeting healthcare providers in a tertiary hospital. Univariate and multivariate
analyzes were performed to identify associated factors. Subsequent association
rule mining was employed to detect significant factor interaction patterns.
Results: We analyzed the dietary behaviors of 1,135 healthcare providers; 81.6%
were female and 61.9% were nurses. Nine influencing factors were identified,
including age, educational level, and primary dining method. A total of 73 strong
association rules were identified, from which experts selected 10 based on clini-
cal knowledge and experience.

Conclusion: Healthcare providers' dietary behaviors are influenced by multi-level
factors. To facilitate the adoption of healthy eating behaviors, targeted health
promotion programs should be developed to address these influencing factors.

KEYWORDS
association rule mining, eating behavior, health promotion, healthcare providers,
influencing factors

1 Introduction

Healthcare Providers (HCPs), including physicians, nurses, dietitians, and pharmacists,
serve as frontline personnel in health promotion and disease prevention. Their dietary behav-
iors play a crucial role in maintaining personal health, demonstrating professional competence,
and establishing credibility (1). Despite their comprehensive knowledge of healthy diets, sub-
optimal eating habits are frequently caused by occupational or behavioral constraints. For
instance, approximately 65% of nurses in the US report poor dietary quality. In the UK, up to
three-quarters of nurses consume fewer than the recommended five portions of fruits and
vegetables (2). A similar situation is equally prominent in Asian countries. A survey of Chinese
doctors showed that unhealthy eating habits are prevalent and account for a high proportion
in this group. The proportion of eating out is increasing, with 23.0% choosing restaurants and
takeout, the frequency of eating at home is decreasing, and 30.5% of doctors have irregular
eating patterns (3). In South Korea, 77% of nurses have irregular eating habits, and more than
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half of them frequently consume fried foods, high-fat foods, and high-
carbohydrate snacks (4). In Japan, the dietary structure of nurses is
dominated by convenient and highly processed foods (5). In light of
these findings, public health institutions and policymakers should pay
attention to healthcare providers’ dietary behaviors and conditions by
designing targeted strategies to improve overall health status, thereby
improving their capacity to deliver quality patient care (6).

2 Background

With increasing research on the relationship between lifestyle and
disease, maintaining healthy lifestyles has been demonstrated as the most
economical approach to non-communicable disease prevention (7).
Among these aspects, diet constitutes a significant part of ones lifestyle
(8). Nevertheless, healthcare workers in hospital settings frequently dem-
onstrate suboptimal dietary patterns, inadequate physical activity, and
elevated stress levels (9). This phenomenon stems firstly from their adop-
tion of health-promoting behaviors frequently taking lower priority than
patient care delivery (10); Secondly, this population works in shift sched-
ules, particularly night shifts, which can cause circadian rhythm disrup-
tion affecting their sleep hygiene and resulting in poor dietary habits
(11), exerting detrimental effects on health (3, 12). These occupationally-
induced health issues require active attention from multiple sectors.

Association Rule Mining (ARM) is a process that reveals the inter-
dependence and correlation between different factors. As an impor-
tant technique in data mining, it serves as a crucial technology in data
mining. It enables the extraction of valuable related data items from
massive datasets and reflects the extent of their association (13). It has
achieved remarkable results in clinical medicine, pharmacy and other
fields (14).

Although research on healthcare providers’ occupational health is
increasing, comprehensive studies examining determinants of their
eating patterns are still scarce and dispersed. Current research primar-
ily concentrates on individual occupational categories, including
nurses and physicians (3, 15), or investigates determinants, including
but not limited to stress, anxiety, and health literacy (16, 17). And
primarily relying on traditional statistical methods, demonstrating
advantages in verifying causal relationships and quantifying associa-
tion strength, yet exhibit limited capacity in capturing co-occurrence
patterns among variables in high-dimensional data, whereas associa-
tion rules can bridge the limitations of causal analysis. Consequently,
the study aims to explore the relevant factors affecting the dietary
behaviors of this group from multiple dimensions, including work-
place environmental characteristics, stress, individual lifestyle, and
social environmental factors. Additionally, an association rule mining
will be conducted to supplement the results and excavate the com-
bined effects among multiple variables.

3 Materials and methods
3.1 Design
The study is a cross-sectional survey designed to examine the

dietary behavior status of healthcare providers and analyze relevant
influencing factors.
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3.2 Setting and sample

This study employed convenience sampling from July to August
2025 to distribute questionnaires to healthcare workers at a tertiary
hospital in Guangzhou to obtain relevant research data.

According to the requirement for variable-influence studies, the
sample size should be at least 10-20 times the number of variables
(18). The study involved 26 variables in total (See all the independent
variables in Table 1), accounting for 20% invalid samples. The planned
sample size ranged from 325 to 650 cases, and 1,135 subjects ulti-
mately enrolled. To further verify the adequacy of the sample size, this
study calculates the statistical power using G*Power 3.1 software (19).
The effect size was set to 0.3 (20), a is set to 0.05, and the results show
that the statistical power of this study is > 80%.

3.3 Inclusion and exclusion criteria

Inclusion criteria: (1) Age >20 years; (2) Medical professionals,
including but not limited to doctors, nurses, and pharmacists; (3)
Existing employees; (4) Provided informed consent voluntarily.
Exclusion criteria: active or uncontrolled severe organic diseases,
including but not limited to severe cardiovascular and cerebrovascular
diseases, liver and kidney diseases, and malignant tumors.

3.4 Data collection and quality control

The data collection instrument was a self-designed questionnaire
tailored for this investigation, refined through literature synthesis and
expert consultation. We conducted a systematic search in some data-
bases to identify variables potentially influencing dietary behavior,
and incorporated work-related factors that reflect the distinctive char-
acteristics of healthcare providers. After the initial draft of the ques-
tionnaire was developed, it was refined under the guidance of two
domain experts. It comprises seven primary sections: basic informa-
tion, work-related characteristics, lifestyle, psychological cognition,
social environmental factors, diet-related factors, and dietary behavior
survey. Detailed variable descriptions for each section are provided in
the following text. The complete English version of the questionnaire
is available as Supplementary File 1.

Data collection was conducted through the institutional
“Xiaodong Health” digital platform. As a nationally recognized
e-mental health service provider in China, with current implementa-
tion across more than 1,000 healthcare institutions in China, which
has obtained the third-level certification of Information System
Security Protection, ensuring data security and confidentiality for this
study. The study questionnaires were programmed by engineers to
generate QR codes automatically, allowing participants to scan and
complete the survey with all records securely stored in the system
platform.

The questionnaire included standardized instructions, and all
items were mandatory. The system was programmed to permit a single
response per registered user. Questionnaires were completed follow-
ing documented informed consent procedures. The completion of the
questionnaires was guided by several nursing postgraduates who had
received unified training. For any questionable parts, explanations
were provided based on actual circumstances. After the questionnaires
were completed, researchers checked them one by one. Once the ques-
tionnaires were collected, engineers assisted in exporting the data, and
two nursing postgraduates independently inspected the invalid
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TABLE 1 Variable assignment and coding.
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Type Variable Coding scheme
Independent Sex 1 = male; 2 = female
variable Age 1=22-26;2=27-31;3 = 32-36; 4 = 237

Educational level

1 = Associate degree or below; 2 = Bachelor’s degree; 3 = Master’s degree or above

Occupation 1 = Physician; 2 = Nurse; 3 = Pharmacist; 4 = Technician

Department 1 = Internal Medicine; 2 = Surgery; 3 = Medical Technology/Outpatient Department;
4 = other

Marriage 1 = unmarried; 2 = married; 3 = other

Place of usual residence

1 = south; 2 = north

Living situation

1 = Live alone; 2 = Live with others; 3 = Live with family; 4 = Live with spouse

Years of work experience

1=0-52=6-10;3=11-154=>16

Number of chronic diseases

1=0;,2=1;3=2>2

Take medicine 0=no; 1 =yes
Night shifts per month 1=0;2=<53=5-94=>9
Night shift pattern 1 = No night shifts; 2 = On-call duty; 3 = Rotating shifts; 4 = Permanent night shift

work-related meal delays/skipping

1 = Occasionally; 2 = Sometimes; 3 = Often

Smoking 0=no; 1 =yes
Drink alcohol 0=no; 1 =yes
Exercise 0=no; 1 =yes
Sleep quality 1 = Poor; 2 = Moderate; 3 = Good

Perceived stress

1 = No; 2 = Mild; 3 = Moderate; 4 = Severe

Self-rated health

1 = Poor; 2 = Moderate; 3 = Good

Family-monitored diet

1 = Occasionally; 2 = Sometimes; 3 = Often

Satisfaction with community/workplace dining

facilities

1 = Dissatisfied; 2 = Neutral; 3 = Satisfied

Promotion of healthy eating in communities or

workplaces

1 = Occasionally; 2 = Sometimes; 3 = Often

Primary dining method

1 = Home-cooked; 2 = Takeaway; 3 = cafeteria; 4 = Other

Proactively consult dietary information

0=no; 1 =vyes

Frequency of dining out

1 = Occasionally; 2 = Sometimes; 3 = Often

Dependent variable

Healthy eating behavior

0=no; 1 =yes

questionnaires, excluding those with regular response patterns or
incomplete filling.

3.5 Variables and measurement

The independent variables in this study encompass multiple
dimensions. Demographic characteristics include gender, age, educa-
tion level, occupation, etc., totaling 11 variables. Work environment
features include night shifts per month, night shift patterns, and work-
related meal delays/skipping (measured by asking “Do you delay or
skip meals due to work reasons?”) (21). Lifestyle factors include smok-
ing, drinking alcohol, exercise, and sleep quality, totaling 4 variables.
Smoking was defined as consuming >1 per day for at least 1 year (22),
exercise was defined as no intentional physical exercise in the past year
(23), and drinking alcohol was defined as drinking at least once per
month (24). Sleep quality was measured with reference to the item
“How is your sleep quality?” (25). Psychological factors include per-
ceived stress and self-rated health status, two variables. Stress is
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measured by “How have you been feeling stressed in the past month?”
(26), and self-rated health is measured by “How would you rate your
overall health during the past year?” (25). Social environment factors
include family-monitored diet, etc., three variables; dietary-related
factors include primary dining methods, etc., three variables. The
question settings for these two dimensions are based on clinical expe-
rience and expert opinions. Variable coding and assignment are pre-
sented in Table 1.

The dependent variable was healthy dietary behavior, using the
revised Healthy Eating Behavior Evaluation Scale(EBES) for Adults
developed by Wei et al. (27), assessing dietary behaviors over the past
3 months. The scale comprises eight dimensions: food choice, food
preparation, snacking, social/environmental influence, healthy eating
awareness, dietary preference, and special diet, with a total of 38
items.t uses a 5-point Likert scale for scoring, where 1 to 5 points
represent “very inconsistent,” “inconsistent,”
and “very consistent” respectively. The total score ranges from 38 to
190 points, and higher scores indicate more optimal dietary behaviors.

» « .

uncertain,” “consistent,’

frontiersin.org


https://doi.org/10.3389/fpubh.2026.1726882
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Shuetal.

This study established >75% of the total score as the cutoff for healthy
eating behaviors (28). Specifically, scores >128 points indicated
healthy eating behaviors, while scores <128 points suggested
unhealthy eating behaviors. Measurement indicated, the scale’s
Cronbach’s a coefficient was 0.846 in this study.

3.6 Ethical consideration

Before study commencement, all participants were informed of
the research purpose, procedures, potential risks and benefits, and
verbal informed consent was obtained. Participants were informed
they could unconditionally withdraw at any time. For confidentiality
preservation, all personally identifiable information was removed
during data collection, and each participant was assigned a code. This
study was performed in accordance with the Declaration of Helsinki
and has been reviewed and approved by the Ethics Committee of the
General Hospital of the Southern Theatre Command of the People’s
Liberation Army of China, with the ethical approval number
NZLLKZ2025056, the approval date of July 17, 2025.

3.7 Data analysis
3.7.1 Univariate and multivariate analysis

Dataset management and cleaning were conducted in Microsoft
Excel 2019. Participants with incomplete records were systematically
removed. All statistical procedures were executed using IBM SPSS
Statistics 27.0. Descriptive data were presented as relative numbers.
Univariate analysis employed chi-square tests. Significant variables
from univariate analysis were included in multivariate analysis, and
multivariate analysis was performed using binary logistic regression.
Before incorporating variables into the regression model, the Variance
Inflation Factor (VIF) test is used to assess whether there is a problem
of multicollinearity among variables. If the VIF value is greater than
10, the variable is excluded. All tests were two-sided with a signifi-
cance level set at a = 0.05.

3.7.2 Association rule mining (ARM)

Using the arules package in R (Version 4.5.0), the Apriori algo-
rithm was applied for association rule mining. The association rule
mining process comprised three steps: First, identifying frequent
itemsets in the dataset where itemset occurrence frequency satisfied
the established minimum support criterion. Second, generating asso-
ciation rules from frequent itemsets. Finally, evaluating and filtering
the rules based on clinical relevance and threshold values to select
qualified strong association rules (13, 14).

An association rule comprises an antecedent {X} and consequent
{Y}, formally denoted as X — Y. The Apriori algorithm assesses rule
strength using three key metrics: support, confidence, and lift. Support
refers to the probability of X and Y co-occurring, indicating rule prev-
alence. Confidence represents the probability of Y given X, measuring
rule reliability. Lift refers to the deviation of the support parameter
from what would be expected if X and Y were independent. When lift
> 1, it indicates a positive correlation between X and Y. Higher lift
values signify stronger associations between X and Y (13, 14).

In this study, dietary behavior was set as the consequent, while
variables showing statistical significance in logistic regression were
assigned as antecedents. Based on sample size considerations and
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literature review, the following thresholds were established for rule
mining (13, 14): support >8.0% and confidence > 60.0%, lift > 1.2. The
minimum number of antecedents was set to two. If a rule meets all the
above criteria, it is classified as a strong association rule. Finally, three
clinical nursing experts further screened the rules based on their
expertise and clinical practice.

4 Result

A total of 1,183 questionnaires were collected, 10 were excluded due
to missing data and 43 for patterned responses. The final analytic sample
comprised 1,135 valid responses, achieving a 95.94% valid response rate.

4.1 Characteristics of dietary behavior
scores among healthcare providers

The total dietary behavior score of healthcare providers was
117.21 + 14.03 points with an average item score of 3.08 + 0.37 points,
indicating moderate overall levels. The food preparation dimension
scored highest in the scale, healthy eating awareness was at moderate
levels, while snacking and special diet dimensions scored lower.
Complete data are presented in Table 2.

4.2 Participant characteristics and univariate
analysis

The study enrolled 1,135 healthcare providers, including 209 males
(18.4%) and 926 females (81.6%). There were 199 physicians
(17.5%),703 nurses (61.9%) and 145 technicians (12.8%). The majority
were aged 27-31 years (n = 398, 35.1%). Most of them held bachelor’s
degrees (n = 843, 74.3%). A minority resided long-term in northern
regions (n = 64, 5.6%). The majority reported <5 monthly night shifts
(n =517, 45.6%), and the main shift pattern was day-night rotation
(n =569, 50.1%). Those without chronic diseases account for the
majority (n = 947, 83.4%). There are 845 people with unhealthy eating

TABLE 2 Dietary behavior scores of healthcare providers.

Dimension Item Total score Mean
count (¥ +5) item

score
(x+5s)

Total dietary 38 117.21 + 14.03 3.08 £0.37

behavior score

Food choice 3 9.05+ 1.84 3.02+0.61

Food preparation 5 17.33 £2.76 3.47 £0.56

Snacking 9 26.39 + 5.49 2.93+0.61

Social/ 5 15.66 + 2.60 3.13+£0.52

environmental

influence

Healthy eating 7 21.00 + 3.44 3.00 £0.49

awareness

Dietary preference 3 9.89 +£2.25 3.30+0.75

Special diet 6 17.89 £3.26 2.98 £0.54
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behaviors (74.40%), and 290 people with healthy eating behaviors  situation and years of work experience. In the work environment, night
(25.6%). Univariate analysis revealed factors with statistical signifi-  shifts per month, night shift pattern and work-related meal delays/skip-
cance (see Table 3). In terms of demographics, these factors included ~ ping were all significant. In the lifestyle and psychological domains,
age, educational level, occupation, department, marriage, living  drink alcohol, exercise, sleep quality, perceived stress, and self-rated

TABLE 3 Results of participant characteristic and univariate analysis.

Variables Dietary behavior

Unhealthy Health
(n = 845,74.40%) (n = 290,25.6%)

Basic information
Sex 3.463 0.063
Male 209(18.4%) 145(69.4%) 64(30.6%)
Female 926(81.6%) 700(75.6%) 226(24.4%)
Age 58.404 <0.001
22-26 193(17.0%) 165(85.5%) 28(14.5%)
27-31 398(35.1%) 328(82.4%) 70(17.6%)
32-36 235(20.7%) 164(69.8%) 71(30.2%)
>37 309(27.2%) 188(60.8%) 121(39.2%)
Educational level 11.215 0.004
Associate degree or
below 142(12.5%) 118(83.1%) 24(16.9%)
Bachelor’s degree 843(74.3%) 628(74.5%) 215(25.5%)
Master’s degree or
sbove 150(13.2%) 99(66.0%) 51(34.0%)
Occupation 44.916 <0.001
Physician 199(17.5%) 141(70.9%) 58(29.1%)
Nurse 703(61.9%) 564(80.2%) 139(19.8%)
Pharmacist 88(7.8%) 45(51.1%) 43(48.9%)
Technician 145(12.8%) 95(65.5%) 50(34.5%)
Department 33.795 <0.001
Internal medicine 244(21.5%) 197(80.7%) 47(19.3%)
Surgery 338(29.8%) 272(80.5%) 66(19.5%)
Medical technology/
243(21.4%) 149(61.3%) 94(38.7%)
outpatient department
Other 310(27.3%) 227(73.2%) 83(26.8%)
Marriage 37.112 <0.001
Unmarried 534(47.0%) 438(82.0%) 96(18.0%)
Married 589(51.9%) 395(67.1%) 194(32.9%)
Other 12(1.1%) 12(100.0%) 0(0.0%)
Place of usual residence 1.649 0.199
South 1,071(94.4%) 793(74.0%) 278(26.0%)
North 64(5.6%) 52(81.3%) 12(18.8%)
Living situation 40.724 <0.001
Live alone 284(25.0%) 234(82.4%) 50(17.6%)
Live with others 217(19.1%) 185(85.3%) 32(14.7%)
Live with family 441(38.9%) 293(66.4%) 148(33.6%)
Live with spouse 193(17.0%) 133(68.9%) 60(31.1%)
Years of work experience 46.672 <0.001

(Continued)
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TABLE 3 (Continued)

Variables Dietary behavior
Unhealthy Health
(n = 845,74.40%) (n = 290,25.6%)
0-5 387(34.1%) 317(81.9%) 70(18.1%)
6-10 313(27.6%) 244(78.0%) 69(22.0%)
11-15 222(19.6%) 162(73.0%) 60(27.0%)
>16 213(18.8%) 122(57.3%) 91(42.7%)
Number of chronic
diseases 1.143 0.565
0 947(83.4%) 710(75.0%) 237(25.0%)
1 140(12.3%) 102(72.9%) 38(27.1%)
>2 48(4.2%) 33(68.8%) 15(31.3%)
Take medicine 0.065 0.799
No 1,068(94.1%) 796(74.5%) 272(25.5%)
Yes 67(5.9%) 49(73.1%) 18(26.9%)
Work-related features
Night shifts per month 21.805 <0.001
0 209(18.4%) 138(66.0%) 71(34.0%)
<5 517(45.6%) 372(72.0%) 145(28.0%)
5-9 311(27.4%) 257(82.6%) 54(17.4%)
>9 98(8.6%) 78(79.6%) 20(20.4%)
Night shift pattern 20.064 <0.001
No night shifts 225(19.8%) 143(63.6%) 82(36.4%)
On-call duty 332(29.3%) 246(74.1%) 86(25.9%)
Rotating shifts 569(50.1%) 449(78.9%) 120(21.1%)
Permanent night shift 9(0.8%) 7(77.8%) 2(22.2%)
Work-related meal delays/ 61.164 <0.001
skipping
Occasionally 355(31.3%) 219(61.7%) 136(38.3%)
Sometimes 452(39.8%) 338(74.8%) 114(25.2%)
Often 328(28.9%) 288(87.8%) 40(12.2%)
Lifestyles factors
Smoking 0.991 0.319
No 1,084(95.5%) 804(74.2%) 280(25.8%)
Yes 51(4.5%) 41(80.4%) 10(19.6%)
Drink alcohol 5.134 0.023
No 1,045(92.1%) 769(73.6%) 276(26.4%)
Yes 90(7.9%) 76(84.4%) 14(15.6%)
Exercise 34.838 <0.001
No 668(58.9%) 540(80.8%) 128(19.2%)
Yes 467(41.1%) 305(65.3%) 162(34.7%)
Sleep quality 36.209 <0.001
Poor 66(5.8%) 62(93.9%) 4(6.1%)
Moderate 639(56.3%) 501(78.4%) 138(21.6%)
Good 430(37.9%) 282(65.6%) 148(34.4%)
(Continued)
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TABLE 3 (Continued)

Variables Dietary behavior

Unhealthy Health
(n = 845,74.40%) (n = 290,25.6%)

Psychological factors

Perceived stress 42.005 <0.001
No 124(10.9%) 69(55.6%) 55(44.4%)
Mild 639(56.3%) 465(72.8%) 174(27.2%)
Moderate 342(30.1%) 283(82.7%) 59(17.3%)
Severe 30(2.6%) 28(93.3%) 2(6.7%)
Self-rated health 35.858 <0.001
Poor 68(6.0%) 58(85.3%) 10(14.7%)
Moderate 479(42.2%) 393(82.0%) 86(18.0%)
Good 588(51.8%) 394(67.0%) 194(33.0%)

Social factors

Family-monitored diet 39.555 <0.001
Occasionally 204(18.0%) 170(83.3%) 34(16.7%)
Sometimes 391(34.4%) 319(81.6%) 72(18.4%)
Often 540(47.6%) 356(65.9%) 184(34.1%)
Satisfaction with 31.014 <0.001
community/workplace
dining facilities
Dissatisfied 191(16.8%) 156(81.7%) 35(18.3%)
Neutral 697(61.4%) 538(77.2%) 159(22.8%)
Satisfied 247(21.8%) 151(61.1%) 96(38.9%)
Promotion of healthy 7.756 0.021
eating in communities or
workplaces
Occasionally 775(68.3%) 596(76.9%) 179(23.1%)
Sometimes 310(27.3%) 214(69.0%) 96(31.0%)
Often 50(4.4%) 35(74.4%) 15(25.6%)

Dietary-related factors

Primary dining method 66.051 <0.001
Home-cooked 409(36.0%) 260(63.6%) 149(36.4%)
Takeaway 347(30.6%) 307(88.5%) 40(11.5%)
Cafeteria 282(24.8%) 199(70.6%) 83(29.4%)
Other 97(8.5%) 79(81.4%) 18(18.6%)
Proactively consult 15.738 <0.001

dietary information

No 982(86.5%) 751(76.5%) 231(23.5%)
Yes 153(13.5%) 94(61.4%) 59(38.6%)
Frequency of dining out 4.836 0.089
Occasionally 487(42.9%) 357(73.3%) 130(26.7%)
Sometimes 536(47.2%) 395(73.7%) 141(26.3%)
Often 112(9.9%) 93(83.0%) 19(17.0%)

Frontiers in Public Health 07 frontiersin.org


https://doi.org/10.3389/fpubh.2026.1726882
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Shuetal.

TABLE 4 Binary logistic regression analysis of the influence of various factors on dietary behavior.

10.3389/fpubh.2026.1726882

Variables Reference group /i 3 Wald y 2 P Odds ratio (95%Cl)
Age 22-26
27-31 0.208 0.326 0.408 0.523 1.232(0.650 ~ 2.335)
32-36 1.090 0.434 6.296 0.012 2.975(1.269 ~ 6.971)
>37 0.991 0.530 3.490 0.062 2.693(0.952 ~ 7.616)
Educational level Associate degree or
below
Bachelor’s degree 0.177 0.287 0.379 0.538 1.193(0.680 ~ 2.094)
Master’s degree or 1.006 0.428 5.516 0.019 2.735(1.181 ~ 6.333)
above
Drink alcohol No
Yes —0.783 0.351 4.978 0.026 0.457(0.230 ~ 0.909)
Exercise No
Yes 0.565 0.163 11.936 <0.001 1.759(1.277 ~ 2.424)
Sleep quality Poor
Moderate 1.020 0.566 3.251 0.071 2.774(0.915 ~ 8.410)
Good 1.360 0.575 5.598 0.018 3.896(1.263 ~ 12.021)
Family-monitored diet Occasionally
Sometimes 0.077 0.264 0.085 0.771 1.080(0.644 ~ 1.812)
Often 0.755 0.247 9.313 0.002 2.128(1.310 ~ 3.455)
Work-related meal Occasionally
delays/skipping
Sometimes —0.457 0.184 6.200 0.013 0.633(0.442 ~ 0.907)
Often —0.793 0.241 10.852 <0.001 0.452(0.282 ~ 0.725)
Primary dining method Home-cooked
Takeaway —0.852 0.235 13.133 <0.001 0.426(0.269 ~ 0.676)
Cafeteria —0.087 0.203 0.186 0.666 0.916(0.616 ~ 1.363)
Other —0.503 0.324 2.410 0.121 0.605(0.320 ~ 1.141)
Proactively consult No
dietary information
Yes 0.445 0.222 4.015 0.045 1.560(1.010 ~ 2.412)

Omnibus test p < 0.01, Hosmer-Lemeshow test p = 0.211.

health status showed differences among groups. Social-related factors
included family-monitored diet, satisfaction with community/work-
place dining facilities, promotion of healthy eating in communities or
workplaces. Among diet-related factors, primary dining method, pro-
actively consult dietary information demonstrated significant inter-
group differences.

4.3 Binary logistic regression

The results with statistical significance in the univariate analysis
were taken as independent variables, with healthy dietary behavior as
the dependent variable, and all variables had a VIF < 5, with the highest
VIF value being 4.631, indicating no significant multicollinearity.
Binary logistic regression analysis was performed. With the initial cat-
egory of all variables designated as the reference group. Complete vari-
able-specific outcomes are presented in Table 4. The regression analysis
revealed that age, Educational level, drinking alcohol, Sleep quality,
Exercise, Family-monitored diet, work-related meal delays/skipping,

Frontiers in Public Health

Primary dining method, and proactively consulting dietary information
serve as independent determinants of healthy eating behaviors.

4.4 Association rule mining
4.4.1 Frequent itemsets

Itemsets with occurrence frequency >8% were defined as frequent
itemsets. After analysing all data, 1,355 frequent itemsets were gener-
ated. The top 20 itemsets ranked by support are listed in Table 5.

4.4.2 Rules mining

Based on the results in Table 5, the Apriori algorithm was used to
mine association rules among the data, yielding 467 relevant rules. The
rules had a maximum antecedent count of 7, achieving peak values of
0.677 support, 0.956 confidence, and 1.28 lift. Filtered according to
strong rule criteria, a total of 73 strong rules were obtained. Finally, 10

frontiersin.org


https://doi.org/10.3389/fpubh.2026.1726882
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Shuetal.

TABLE 5 Top 20 frequent itemsets (sorted by support).

Items Support Count
DA =NO 0.921 1,045
PCDI = No 0.865 982
{DA = NO, PCDI = No} 0.795 902
{EB = Unhealthy} 0.744 845
{EL = Bachelor} 0.743 843
{EL = Bachelor, DA = NO} 0.699 793
{DA = NO, EB = Unhealthy} 0.678 769
{PCDI = No, 0.662 751
EB = Unhealthy}

{EL = Bachelor, PCDI = No} 0.638 724
{DA =NO, PCDI = No, 0.603 684
EB = Unhealthy}

{EL = Bachelor, DA = NO, 0.597 678
PCDI = No}

{Exercise = No} 0.589 668
{SQ = Moderate} 0.563 639
{EL = Bachelor, 0.553 628
EB = Unhealthy}

{DA = NO, Exercise = No} 0.551 625
{Exercise = No, PCDI = No} 0.536 608
{DA =NO, SQ = Moderate} 0.517 587
{EL = Bachelor, DA = NO, 0.517 587
EB = Unhealthy}

{DA = NO, Exercise = No, 0.500 568
PCDI = No}

{SQ = Moderate, 0.488 554
PCDI = No}

DA, Drink alcohol; PCDI, Proactively consult dietary information; EB, Eating behavior; EL,
Educational level; SQ, Sleep quality.

rules were selected by combining work experience and knowledge, all
with confidence >90% and support > 1.23, indicating strong predictive
power of these combinations and significantly stronger positive X — Y
correlations than random expectation (details in Table 6).

5 Discussion

This study aims to identify relevant factors influencing the dietary
behaviors of healthcare providers, and to recognize combined patterns
among these factors through association rule mining, demonstrating
the combined effects of various factors on dietary behaviors.

The results showed that age, education level, drinking alcohol, exer-
cise, sleep quality, family-monitored diet, work-related meal delays or
skips, primary dining method, and proactively consulting dietary infor-
mation were associated with healthy eating behaviors. However, depart-
ment, occupation, position, number and patterns of night shifts,
perceived stress, and self-rated health status showed no association with
healthy eating behaviors. Furthermore, given the predominant propor-
tion of participants with unhealthy dietary patterns (n = 845, 74.40%)
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and the more concentrated clustering of factors associated with
unhealthy eating, the corresponding itemsets demonstrated elevated sup-
port and confidence levels, consequently yielding a greater number of
association rules about unhealthy dietary behaviors in the final analysis.

5.1 Healthcare providers’ dietary behaviors
were at moderate levels showing a
cognition-practice gap

The findings indicated that healthcare providers’ overall dietary
practice scores averaged 117.21 + 14.03, at a moderate level that still
requires improvement. The average item score was 3.08 £ 0.37, con-
sistent with the findings of Wang et al. (28) in their study of young and
middle-aged populations. Among all dimension scores, food prepara-
tion had the highest average score, followed by dietary preferences,
while healthy eating awareness scored moderately. The lowest scores
were observed in special diet and snack dimensions, indicating that
healthcare providers possess good cooking skills, nutritional knowl-
edge and healthy eating awareness, but there is a discrepancy between
their health cognition and practice, with occupational characteristics
significantly impacting their dietary behaviors. Several reasons may
explain these findings: Primarily, healthcare professionals receive
foundational nutrition education during their training, equipping
them with sound dietary awareness and essential nutritional knowl-
edge. Moreover, a considerable proportion are aged >37 years, an age
group that balances work and family care (29) and tends to pay more
attention to the practice of healthy eating. Secondly, our investigation
was conducted in Guangdong Province, where the local diet is char-
acterized by low salt, low oil and mild spices (30), resulting in higher
scores in the overall dietary preference dimension, reflecting the
potential positive influence of regional dietary characteristics on
health behaviors. Finally, since shift workers constituted the majority
in this study, their high-intensity work led to strong dependence on
snacks (31), accounting for the poor performance in snacking behav-
ior management. Additionally, insufficient rest time during clinical
work reduced the possibility of regular meals and deprived opportuni-
ties to practice healthy eating behaviors such as chewing slowly (2).
Based on the above, the core contradiction of unhealthy eating behav-
iors among healthcare providers lies in the disconnection between
cognition and practice under occupational environmental constraints.
To address this, multi-level interventions are needed, including opti-
mising healthy food provision, dietary behavior training in work set-
tings, and supportive system design.

5.2 Healthcare providers' dietary behaviors
are shaped by multi-level determinants

5.2.1 Demographic characteristics

Older individuals showed higher compliance rates with healthy
diets, consistent with trends found in studies by Hu (32) and Krieger et
al. (33). Participants aged 32-36 were 2.975 times more likely to adopt
healthy eating behaviors compared to the 22-26 age group (p = 0.012,
OR = 2.975). With increasing age, occupational stability and economic
capacity improve; in addition, the increase in future health plans (34),
and the decline in metabolic levels (35), collectively promote the adop-
tion of healthier dietary practices. Higher education levels were associ-
ated with a greater likelihood of following healthy eating behaviors,
consistent with findings from Hu (32), Zhang et al. (36). Practitioners
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TABLE 6 Results of a Apriori algorithm of eating behavior.

10.3389/fpubh.2026.1726882

Number LHS RHS Support Confidence Lift Count

1 {Age = 22-26, PDM = Takeaway} {EB=Unhealthy} 0.086 0.951 1.278 98

2 {SQ = Moderate, Exercise = No, PCDI=No, {EB=Unbhealthy} 0.103 0.951 1.278 117
WRMDS = Often}

3 {PDM = Takeaway, WRMDS = Often} {EB=Unbhealthy} 0.120 0.944 1.269 136

4 {DA = NO, SQ = Moderate, Exercise = No, {EB=Unhealthy} 0.100 0.942 1.265 114
WRMDS = Often}

5 {EL = Bachelor, PDM = Takeaway, PCDI=No, {EB=Unbhealthy} 0.080 0.938 1.260 91
WRMDS = Often}

6 {PDM = Takeaway, PCDI=No, {EB=Unhealthy} 0.095 0.931 1.251 108
FMD = Sometimes}

7 {Exercise = No, PDM = Takeaway;, {EB=Unbhealthy} 0.081 0.929 1.248 92
WRMDS = Often}

8 {PDM = Takeaway, FMD = Sometimes} {EB=Unbhealthy} 0.107 0.924 1.241 122

9 {SQ = Moderate, PDM = Takeaway} {EB=Unbhealthy} 0.169 0.923 1.240 192

10 {Exercise = No, WRMDS = Often} {EB=Unbhealthy} 0.175 0.917 1.232 199

LHS, left hand side; RHS, right hand side; EB, Eating behavior; PDM, Primary dining method; WRMDS, work-related meal delays/skipping; DA, Drink alcohol; PCDI, proactively consult

dietary information; EL, Educational level; SQ, Sleep quality; FMD, family-monitored diet.

with master’s degrees or above were 2.735 times more likely to adopt a
healthy diet compared to those with associate degrees or below
(p=0.019, OR = 2.735). This disparity may stem from higher-educated
individuals’ superior health literacy and greater access to health
resources. In light of these findings, a targeted intervention strategy
should be implemented. Focusing dietary education on younger popula-
tions while enhancing the senior staff’s role as healthy eating exemplars.
For interventions targeting groups with low educational levels, it is neces-
sary to simplify the forms and content of health information transmis-
sion and focus on diversifying the forms of dietary education, such as
holding nutrition knowledge lectures and carrying out healthy diet work-
shops (37), to help them better understand and achieve healthy eating.

5.2.2 Workplace characteristics

Work-related meal delays or skipping were negatively correlated
with healthy eating behaviors, with decreasing occurrence probability
at higher frequencies (OR = 0.633 and 0.452, P < 0.05), which is con-
sistent with the trend observed by McCurley et al. (38). Owing to
demanding workloads, medical providers frequently encounter
delayed meal times, potentially resulting in shifted caloric intake and
diminished nutritional quality, thereby contributing to glucose intol-
erance, dyslipidemia, and sleep disturbances (39). Consequently,
multi-level intervention strategies should be developed based on the
occupational characteristics of this population. Primarily, meal acces-
sibility for medical staff must be prioritised through initiatives like
unit-based meal distribution systems. Subsequently, dual approaches
are recommended: optimising work schedules and shift arrangements,
and creating a supportive, healthy eating environment—such as
implementing nutrient labelling in hospital cafeterias and reducing
the supply of high-sugar and high-salt foods (37).

5.2.3 Individual lifestyle factors
Drinking alcohol showed a negative correlation with healthy

dietary behaviors (f = —0.783, p = 0.026), being 0.457 times that of
non-drinkers (OR = 0.457), which is consistent with the findings of
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Mei et al. (40). The underlying mechanism involves alcohol-induced
enhancement of high-calorie food preference and promotion of
caloric consumption (41). Furthermore, alcohol-associated eating
patterns are socially contextualized, which may lead to irrational
eating behaviors (42). Individuals who exercise were 1.759 times
more likely to choose healthy dietary behaviors than non-exercisers
(OR =1.759), consistent with the study by Fernandes et al. (43).
Exercise and dietary behaviors interact through shared neurocogni-
tive mechanisms, and multiple studies indicate that individuals with
higher physical activity levels tend to have healthier diets, consuming
more fiber, less fat, and closer to dietary advice (44). Sleep quality
was positively correlated with healthy eating behaviors (f = 1.360),
which is consistent with the conclusion drawn by Kim et al. (45). The
possible mechanism is that sleep deprivation or poor sleep quality
may lead to changes in appetite-related hormones, thereby increas-
ing appetite, especially for high-calorie and high-sugar foods; poor
sleep quality can affect the function of the prefrontal cortex, reducing
self-control and leading to increased selection of unhealthy foods
(46). Therefore, given the intrinsic connections between various life-
style factors, improving overall lifestyle is more meaningful than
modifying a single lifestyle factor (47), to develop integrated lifestyle
modification strategies specifically designed for the healthcare
providers.

5.2.4 Dietary-related factors

The primary eating method was negatively correlated with
healthy eating behaviors (f = —0.852, p < 0.001). The incidence rate
of healthy eating behaviors among those mainly consuming take-
away food was 0.426 times that of those cooking at home
(OR = 0.426). Takeaway food often has insufficient content of veg-
etables and high-fiber grains, while containing excessive salt, sugar,
and saturated fat. Moreover, consuming takeaway food reduces
interaction and dietary planning during family meals (48), leading
to progressive deterioration in overall dietary quality. Therefore, it
is necessary to carry out targeted nutrition and health education for
healthcare providers, with the primary goal of training meal
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preparation and storage methods suitable for shift workers, the sec-
ondary goal of improving the ability to make healthy choices in
takeaway scenarios, and attention should also be paid to the con-
struction of catering facilities in work units.

Active consultation of dietary information was positively cor-
related with healthy behaviors (f = 0.445, 0.045), and the odds
were 1.56 times that of those who did not consult actively
(OR = 1.56). Active consultation of dietary information can help
individuals regain a sense of control over their own health, meet
their psychological need for autonomous decision-making (49),
and individuals who obtain dietary guidance through professional
channels are more likely to change their dietary behaviors (50).
Therefore, attention should be paid to cultivating individuals’
ability to seek health information, reducing the threshold for con-
sultation through diversified consultation channels, enhancing the
accessibility and visibility of healthy diet consultation services,
and focusing on ensuring the professionalism and reliability of
healthy diet information.

5.2.5 Social environmental factors

The analysis revealed significantly higher odds of healthy eating
patterns among participants with regular family dietary monitoring
compared to occasional monitoring (OR = 2.218) (2). Possible reasons
include that family monitoring can influence individual food choices
through reminders, encouragement, or joint participation. Regular
attention may create a positive supervision mechanism that reinforces
healthy eating behaviors. The results suggest that dietary interventions
should emphasize the potential role of family members by enhancing
family health awareness, improving home food environments, and
strengthening positive interactions to establish a family ecosystem
supporting healthy eating.

5.3 Results of association rules have
expanded new perspectives for guiding
healthcare providers in a healthy diet

Results from association rule mining have revealed combinations
of factors strongly associated with unhealthy dietary behaviors,
expanding new perspectives for understanding factors related to
dietary behaviors. The results indicate that work-related, social envi-
ronmental, and diet-related factors interact and correlate with each
other, collectively influencing unhealthy dietary behaviors.

First, takeaway is a core factor promoting unhealthy diets, appearing
in all high-confidence rules (Confidence >0.9). This aligns with previous
studies on nutritional imbalance in takeout food (51). Its co-occurrence
with work-related meal or skipping is frequent and strongly predicts
unhealthy eating (Rule 3: Support = 12%, Confidence = 0.944), consis-
tent with Oostenbach et al. (52). Consequently, singular approaches like
takeout restriction may have limited effects, requiring comprehensive
interventions tailored to healthcare providers’ occupational characteris-
tics. Additionally, young populations typically exhibit frequent takeaway
consumption (Rule 1), consistent with Hu et al. (53), suggesting inter-
ventions should primarily target eating patterns for this demographic.
Fatigue caused by poor sleep quality exacerbates reliance on takeaway
food, and this is a common phenomenon among healthcare providers
(with a confidence of 16.9% in Rule 9), suggesting that individuals with
such characteristics are key targets for intervention. For the phenome-
non of unhealthy diets caused by takeaway food, it is necessary not only
to guide individuals to establish autonomous and self-disciplined healthy
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eating behaviors but also to rely on institutional nudges at the policy
level—such as promoting the “traffic light” labeling system for takeaway
food, which intuitively marks the content levels of sodium, sugar, and
unhealthy fats in meals through green, yellow, and red labels (54).

Secondly, frequent work-related meal delays or skipping is another
common factor that aligns with the occupational characteristics of
healthcare workers, further supporting the results of multivariate analy-
sis, and is often accompanied by lack of exercise and poor sleep quality
(Rules 2, 4, 10). This phenomenon supports the “time poverty theory;,’
which prompts individuals to choose unhealthy lifestyles, such as
increasing the possibility of unhealthy diets, causing sleep quality prob-
lems, and restricting exercise participation (55, 56). Attention should
be paid to populations with concurrent related traits, as they have a high
likelihood of developing unhealthy diets (confidence = 95.1 and 94.2%).

Thirdly, it is noteworthy that groups with occasional family
dietary monitoring have higher risks of unhealthy eating, contrasting
with the finding that consistent family monitoring improves healthy
eating probability (OR = 2.128 as mentioned previously), suggesting
family interventions should emphasize frequency and methods. When
family monitoring is fragmented, it neither provides stable emotional
support nor effectively supervises takeout substitution behaviors,
often accompanying takeout dependence (Rule 8 Support = 0.107).
Strengthening guidance and interventions on healthy family lifestyles
has been incorporated into national health strategies (57). Healthy diet
education should be conducted on a family basis, actively creating
healthier home food environments, and enhancing the continuity of
family attention to promote healthy eating (58).

Fourthly, Rule 5 reveals the critical role of active information
acquisition. Even among individuals with higher education
(EL = Bachelor), without professional nutritional counselling, the
probability of unhealthy eating habits is significantly high
(Confidence = 93.8%) due to frequent work-related stress and reliance
on takeout food. Therefore, implementing effective dietary counselling
interventions for this population is crucial, and integrating such ser-
vices into workplace settings should be considered.

6 Conclusion

This study explored the related factors of dietary behaviors among
healthcare providers, including physicians, nurses, technicians, and
pharmacists. The results showed that alcohol consumption, exercise,
sleep quality, family-monitored diet, work-related meal delays/skip-
ping, primary dining method, and proactively consulting dietary infor-
mation were associated with healthy dietary behaviors. In addition,
association rule mining was used to further reveal the occurrence
probability of unhealthy dietary behaviors under different combina-
tions of factors. The combination of these two methods provides multi-
dimensional evidence support for an in-depth understanding of the
influencing mechanisms of dietary behaviors. Therefore, future health
intervention initiatives should prioritise the following key dimensions:
Primary interventions should target individual dietary behaviors as the
entry point, prioritising sleep-deprived individuals and younger popu-
lations through strategies that enhance self-regulation of health behav-
iors. Secondary measures require institutional support systems tailored
to healthcare providers’ work patterns, implementing integrated inter-
ventions encompassing nutritional adequacy, exercise promotion,
sleep hygiene, and alcohol moderation. Tertiary strategies should acti-
vate family support networks and optimise the accessibility and clinical
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utility of evidence-based nutrition counselling services. This multi-
level, integrated approach demonstrates strong potential for sustain-
ably improving dietary practices in medical service populations.

7 Limitation

The study had some limitations. First, as a cross-sectional study, this
research is inherently limited to identifying potential associations rather
than establishing causal relationships. Furthermore, while association
rule mining reveals co-occurrence patterns among variables, it does not
provide evidence for causal inference. Future research should conduct
longitudinal studies to clarify causal relationships between variables.
Second, the current analysis failed to account for confounding factors
such as economic income and health literacy. In addition, this study did
not include specific shift work factors (such as shift frequency and shift
duration) in the analysis, which is a limitation in fully understanding the
dietary behaviors of healthcare service providers. Future studies could
conduct in-depth exploration by refining the measurement indicators of
shift variables and conduct more comprehensive investigations targeting
specific populations or regions. Third, when investigating dietary-related
factors, the past 3 months were used as the reference period. The advan-
tage of this time is that it can capture relatively stable behavioral patterns
of individuals, but it may not reflect shorter-term changes. Future studies
could consider using tools with different time scales to more comprehen-
sively understand dietary habit dynamics. Fourth, the single-institution
sampling frame limits population representativeness relative to multi-
center studies, requiring caution when generalising the conclusions.
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