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Abstract

Objective　This study explored the job choice preferences of Center for Disease Prevention and Control
(CDC) workers to provide CDC management information and recommendations for optimizing employee
retention and motivation policies.

Methods　 A  discrete  choice  experiment  was  conducted  in  nine  provinces  across  China.  Seven  key
attributes  were  identified  to  analyze  the  job  preferences  of  CDC  workers.  Mixed  logit  models,  latent
class models, and policy simulation tools were used.

Results　A  valid  sample  of  5,944  cases  was  included  in  the  analysis.  All  seven  attributes  significantly
influenced the job choices of CDC workers. Heterogeneity analyses identified two main groups based on
different levels of preference for attribute utility. Income-prioritizers were concerned with income and
opportunities  for  career  development,  whereas bianzhi-prioritizers were  concerned  with bianzhi and
welfare benefits. The policy simulation analysis revealed that income-prioritizers had a relatively higher
sensitivity to multiple job preference incentives.

Conclusion　Income and bianzhi were the two key attributes influencing the job choices and retention
preferences  of  CDC  workers.  Heterogeneity  in  job  preferences  was  also  identified.  Based  on  the
preference characteristics of different subgroups, policy content should be skewed to differentiate the
importance of incentives.
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INTRODUCTION

O rganized  into  a  four-level  national-
provincial-municipal-county  system,  the
Centers  for  Disease  Control  and

Prevention  (CDC)  is  a  key  player  in  China’s  public
health  disease  prevention  and  health  promotion[1].
Questions  regarding  the  quantity  and  quality  of  the
CDC  workforce  have  raised  concerns  regarding  the
efficiency  and  effectiveness  of  China’s  disease
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prevention and control[2]. Reformed in 2021, China’s
National  Disease  Control  and  Prevention
Administration established a series of regulations on
the  CDC’s  functional  organization  and  staffing,  with
human resource management as a critical element in
the  CDC’s  redevelopment[2].  In  2023,  the
government  issued  further  guidance[3] to  improve
the quality and level of the CDC workforce, promote
workforce motivation, and stimulate higher levels of
work  performance  as  strategic  priorities  in  the  CDC
workforce building[4].

Previous studies on the CDC workforce indicated
that  the  total  number  of  CDC  staff  was  insufficient,
failing  to  meet  the  relevant  staffing  standards[5,6].  A
high  rate  of  labor  turnover,  particularly  in  terms  of
professional  and  technical  staff,  was  identified  as  a
major  challenge  in  achieving  CDC  staffing  quantity
and  quality  standards[7].  According  to the  China
Health  Statistics  Yearbook,  the  CDC  staff  fell  by
9.16% from  2005  to  2019  before  increasing  by
11.72% in  2021.  Based  on  China’s  CDC  staffing
standards  of  1.75  CDC  staff  per  10,000  people,  the
total  number  of  CDC staff  in  2021  met  only  85.72%
of  the  standard.  Faced  with  a  brain  drain  crisis,  the
CDC must stabilize its existing workforce and attract
more  workers.  Some  studies  have  also  recognized
income,  location,  and bianzhi (China’s
institutionalized  lifelong  employment  system  within
the  public  sector,  which  is  characterized  by  state-
guaranteed  permanence  and  comprehensive  state-
funded  welfare  provisions,  including  healthcare,
pensions,  and  housing  subsidies[7,8])  as  the  main
considerations  influencing  the  employment  choices
of  public  health  doctors[7].  A  2013  Shandong
Province study analyzing the job preferences of  157
county-level CDC workers identified basic benefits as
the  key  attribute  in  retaining  and  attracting  staff[9].
Another study on 455 Shandong Province municipal-
level  CDC  workers  identified bianzhi,  followed  by
income,  as  a  key  factor  in  workforce  planning[3].
Other studies demonstrated that CDC staff turnover
was  related  to  declining  income,  high  job  risk,
mismatched  workload  and  salary,  and  poor
promotion paths[10-12].

During  the  reform of  China’s  disease  prevention
and control  cause in  recent  years,  there has  been a
lack  of  large-sample  studies  with  broad  national
representation  to  guide  the  CDC’s  human  resource
management  policies.  However,  there  is  an  urgent
need  to  adjust  and  optimize  the  current  CDC
workforce  management  system,  establish  a  high-
quality  CDC  workforce,  retain  staff,  and  promote
innovation  to  develop  China’s  disease  prevention

and  control  systems[3].  Uniquely,  this  study
conducted  a  representative  national  sample  survey
to address  three key questions:  What job attributes
and  levels  do  CDC  staff  value?  What  is  the
magnitude  of  the  effect  of  different  levels  of  job
attributes on job preferences? Is there heterogeneity
in job choice preferences? By answering these three
key  questions,  we  assessed  job  preferences  under
different  policy  conditions,  revealed  the  differences
in  preferences  among  different  populations,  and
provided a reference for CDC’s retention policies and
recruitment strategies. 

METHODS
 

Setting and Sampling

A  combination  of  systematic  and  convenience
sampling  was  used  to  study bianzhi and  general
contract  staff  at  the  CDC.  To  ensure  a  nationally
representative  sample,  we  based  the  sampling
principles  on  the  level  of  economic  development
(per  capita  Gross  Domestic  Product  and  per  capita
health expenditure of each province) and geographic
location  characteristics  (China’s  three-tiered
topographic  division  into  eastern,  central,  and
western  regions)  across  nine  provinces:  three  high
economic level  eastern region provinces (Shandong,
Jiangsu, and Zhejiang); three medium economic level
central region provinces (Henan, Hubei, and Jiangxi);
and  three  low  economic  level  western  region
provinces  (Sichuan,  Yunnan,  and  Guizhou).  Within
each  province,  three  cities  and  counties  were
sampled.  To  account  for  varying  staff  numbers
across  different  administrative  levels  of  the  CDC,  at
least 80 cases (per province), 50 cases (per city), and
30  cases  (per  county)  were  randomly  selected,
yielding  117  CDCs,  comprising  9  at  the  provincial
level, 27 at the city level, and 81 at the county level.
Employees  who  were  on  leave  during  the  survey
period or unwilling to participate were excluded. 

Discrete Choice Experiment (DCE)

To  measure  preferences  for  different
interventions, programs, and policies, we conducted
a DCE[13-15], which is an effective and reliable method
used  in  the  health  field[16,17].  Specifically,  our  DCE
assessed the job preferences of CDC staff by forming
simulation scenarios  with  differential  utility  through
different  cross-combinations  of  attributes[7,18].  The
minimum DCE sample size (N) was determined using
the formula N > 500c/(t×a)[19],  where c refers to the
maximum number of levels for all attributes, t refers
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to  the  number  of  DCE  option  tasks  in  the
questionnaire,  and  a  refers  to  the  number  of
options.  Based  on  this  rule,  the  minimum  sample
size  was  calculated  to  be  125,  and  our  sample  size
met this requirement. 

Attributes and Levels

Attributes  and  levels  are  essential  elements
constituting  a  DCE  choice  scenario.  Based  on  a
literature  review,  we  first  compiled  a  list  of  15
attributes  related  to  the  CDC’s  job  scenarios:
income,  welfare  benefits,  work  resources,
interpersonal  relationships, bianzhi,  workload,
acceptance  and  respect  from  the  public,
opportunities  for  career  development,  institutional
reform  direction,  organizational  positioning,  job
category,  work  stress,  living  facilities,  management
systems,  and  job  skill  training.  Subsequently,  we
consulted  health  workforce  research  experts,  CDC
administrators,  and  CDC  staff  and  then  combined
literature  review  attributes,  expert  consultation
forms,  and  seminars  to  identify  the  seven  highest-
ranked attributes: income, welfare benefits, bianzhi,
workload,  public  acceptance  and  respect,
opportunities  for  career  development,  and  job  skill
training.  The  conceptual  definitions  and  attribute
levels are listed in Supplementary Table S1. 

Survey Tools

When a full factorial DCE design is used[17,20], the
inclusion  of  all  attributes  and  their  levels  will
generate  1,458  (=  36 ×  2)  hypothetical  scenarios,
which  are  cross-combined  to  give  1,062,153  [=
(1,458 ×  1,457)  /  2]  groups.  To  reduce the  difficulty
of  the  questionnaire  and  the  burden  on  the
respondents, we implemented a D-efficient design[13]

using  SAS  software  version  9.2  to  minimize
inefficient  overlaps  between  attribute  levels[3,20].
Finally,  18  choice  sets  were  generated  and  divided
into three versions, each of which included six choice
sets  and  two  simulated  work  scenarios.
Supplementary  Table  S2  presents  an  example  of  a
choice set. The questionnaire collected self-reported
data  on  the  respondents’ age,  sex,  education,  job
title,  marital  status,  years  of  employment,  monthly
income,  region,  and  location.  To  strengthen  the
quality  of  the  questionnaire,  we  added  one
consistency  test  question  to  each  version,  and
samples  that  failed  to  answer  this  question  were
excluded.  Before  finalizing  the  final  version  of  the
questionnaire,  we conducted a  pilot  study to  adjust
its  wording  and  layout.  We  released  an  electronic
questionnaire to the sampled organizations through

an  online  questionnaire  application  platform
(wjx.com).  Each  version  included  an  informed
consent  form  and  instructions  for  completion.
During  the  investigation  period,  weekly
communication  and  feedback  on  the  quality  of
recycling  and  other  major  issues  were  conducted
with  the  investigation  coordinators  from  each
province.  Trained  researchers  followed  the
anonymous  collection  of  questionnaires  throughout
the  process  and  provided  online  and  telephone
advice  to  address  respondents’ questions  or
concerns.  The  questionnaire  survey  was  conducted
from July to August 2022 and March to April 2024. 

Statistical Analyses

The theoretical basis for DCE is the random utility
theory,  in  which  respondents,  when  faced  with  a
choice  of  options,  make  decisions  according  to  the
principle  of  utility  maximization[21,22].  Selecting  the
appropriate  number  of  classes  is  a  critical  step  in
model construction. Information criteria such as the
Akaike  information  criterion  (AIC)  and  Bayesian
information  criterion  (BIC)  are  commonly  used
statistical  tools  for  balancing  model  goodness  of  fit
and  complexity,  thereby  identifying  the  optimal
number  of  classes.  Under  the  premise  of  model
fitting, the category number with the smallest AIC or
BIC  value  was  prioritized.  Additionally,  because  the
BIC imposes a stronger penalty on model complexity
than  the  AIC  (particularly  with  larger  sample  sizes),
greater emphasis should be placed on BIC. Based on
the  BIC  and  AIC,  a  mixed  logit  model  and  a  latent
class  model  were  used  to  estimate  the  job
preferences  of  CDC  workers.  Individual  utility  was
estimated using a mixed logit model, as follows:

Uijt =βϣnIncomenjt + βϤnWelfarenjt + βϥnBianzhinjt+

βϦnWorkloadnjt + βϧnRespectnjt+

βϨnOpportunitienjt + βϩnTrainingnjt + εnjt

(1)

where U is the utility (U) that participant i derives for
scenario j in the choice set s and ɛ is the participant-
specific random error. Latent class analysis (LCA) was
conducted  to  explore  the  preference  heterogeneity
among  individuals  classified  into  mutually  exclusive
groups[20,23]:

Unjt = β
’
qXnjt + εnjt (2)

where βq is a class-specific parameter vector and the
other  variables  have  the  same  meaning  as  in
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RI = βt max/Σm
ϣ βm max

Equation 1.  In  addition,  demographic  characteristics
were  compared  for  differences  between  categories
using  the  chi-square  and  Mann-Whitney  tests.  We
also  calculated  the  relative  importance
( )  of  each  attribute.  The  RI
evaluates  the  significance  of  a  specific  attribute
compared  to  all  other  attributes  included  in  the
study, where the RI score for attribute t is defined as
the  ratio  of  the  maximum  regression  coefficient  for
attribute t to  the  sum  of  the  maximum  regression
coefficients across all attributes. Specifically, a higher
proportion  of  an  attribute  indicates  that  the
respondents  place  greater  importance  on  it  when
making job choices. Finally, the uptake rate—a post-
assessment  tool  for  predictive  analyses  of  how  the
probability  of  uptake  varies  with  attributes—was
measured using a policy simulation. The criterion for
statistical  significance  was  a P-value  of  <  0.05.  The
survey data were cleaned and coded using Microsoft
Excel  version  2016.  Statistical  analyses  were
performed  using  Stata  MP  version  17.0  with  the
mixlogit and lclogit2 programs[16]. 

RESULTS

We investigated 7,071 responses from 117 CDCs
in  nine  provinces  and  achieved  a  response  rate  of
100%.  After  consistency  testing  and  data  cleaning,
5,944 valid  responses were included in  the analysis,
with  an  effective  response  rate  of  84.06%.  The
median  age  of  the  respondents  was  38  years,  and
the  median  length  of  service  was  14  years.  Of  the
respondents,  63% were  female,  52.27% had
intermediate  and  higher  titles,  15.48% held
administrative positions, 57.67% had undergraduate
degrees, and 61.29% had experience in public health
education.  The  median  monthly  income  was  RMB
6,000, with 23.22% of respondents having a monthly
income of RMB 8,000 or higher. 

Mixed Logit Model

The  results  of  the  mixed-logit  model  are
presented in Table 1.  All  attributes had a significant
effect  on  the  respondents’ job  choice  preferences;
however,  there  were  slight  differences  in
distribution  at  different  levels.  Respondents  favor
jobs  with  higher  income  (β:  0.094,  odds  ratio  [OR]:
1.098);  and  had  a  higher  preference  for  jobs  with
higher  levels  of  benefits  (β:  1.201, OR:  3.324)  and
average  levels  of  benefits  (β:  0.555, OR:  1.742).  In
Table  1,  respondents  preferred bianzhi jobs  (β:
2.700, OR:  14.881);  jobs  with  lighter  workloads  (β:
0.763, OR:  2.144)  over jobs with heavier  workloads;

and  jobs  with  higher  public  respect  (β:  0.475, OR:
1.608)  and  jobs  with  average  public  respect  (β:
0.199, OR:  1.220) over jobs with low public  respect.
Respondents  preferred  jobs  with  abundant
development opportunities (β: 0.929, OR: 2.533) and
some  development  opportunities  (β:  0.160, OR:
1.173)  over  jobs  with  inadequate  development
opportunities,  and  jobs  with  abundant  training
opportunities  (β:  0.361, OR:  1.434)  and  some
training opportunities (β: 0.668, OR: 1.950) over jobs
with inadequate training.

The  SDs  of  the  coefficients  showed  significant
heterogeneity  in  terms  of  income,  benefits  (high),
establishment,  workload  (heavy),  respect  (high,
average),  opportunities  (abundant),  and  training
(some). 

Latent Class Logit Model

Table  2 presents  the  outcomes  for  the  Class  1
and Class 2 LCA models based on the AIC and BIC of
each  model.  Class  1  respondents  had  statistically
significant  job  choice  preferences  for  each  of  the
seven  levels  included  in  the  study.  Class  2
respondents  had statistically  insignificant  job  choice
preferences  at  the  general  welfare  level  (ref:  low)
and  rich  opportunities  for  advancement  (ref:
insufficient).  Class  2  respondents  (β: –0.125, OR:
0.806)  had  the  opposite  job  preference  to  Class  1
respondents  (β:  0.495, OR:  1.641),  in  which  the
workload  was  at  the  medium  (ref:  heavy)  level.
Conditional  on  development  opportunities  being
some level, Class 1 respondents (β: 0.208, OR: 1.231)
showed  positive  preferences,  whereas  Class  2
respondents  (β:  0.317, OR:  0.728)  exhibited  the
opposite.  The  different  preferences  of  the  two
groups  suggest  the  need  to  consider  differentiation
policies when developing work incentive systems. 

Characteristics of Each Class

Supplementary  Table  S3  summarizes  the  basic
characteristics  of  the  two  groups  based  on  the  LCA
model.  Class  1  had  more  respondents  (n1 =  3,417,
57.49%)  than  Class  2  (n2 =  2,527,  42.51%).  The
demographic  characteristics  of  the  two  groups
significantly differed with respect to bianzhi,  marital
status,  job  title,  educational  qualifications,
experience  in  public  health  education,  length  of
service,  monthly  income,  and  location  of  the
organization.  Class  1  had  a  higher  percentage  of
respondents  with  master’s  degrees  or  above
(24.29%)  than  Class  2  (20.85%).  Furthermore,  the
percentage of respondents with experience in public
health education was higher in Class 1 (63.94%) than
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in  Class  2  (57.70%).  In  terms  of  the  distribution
proportion  of  working-age  groups,  Class  1
respondents  had  a  shorter  working  age,  and  the
proportion  of  subgroups  with  a  working  age ≤ 5
years  was higher  in  Class  1  (25.46%) than in  Class  2
(21.13%).  Regarding  the  inter-group  distribution  of
monthly  income,  the  proportion  of  respondents  in
the sub-group with ≤ RMB 5,000 was higher in Class
1 (42.61%) than in Class 2 (35.06%). In terms of unit-
level  distribution,  the  proportion  of  respondents
working  in  county-level  units  was  higher  in  Class  1
(39.01%) than in Class 2 (35.89%). 

RI

The RI respondents placed on different attributes
showed  that  income  (29.29%)  and bianzhi (28.18%)
were  the  two  most  highly  valued,  followed  by
welfare  (12.54%)  (Figure  1).  After  analyzing  the
latent class, respondents in the two classes exhibited

different  preference  characteristics,  and  both  had
preference  characteristics  that  differed  from  those
of  the  total  sample.  Class  1  respondents  (income-
prioritizers) valued the attribute of income (34.51%),
followed  by  three  attributes  of  similar
importance—namely,  opportunities  for  personal
development  (15.19%),  benefits  (14.29%),  and
workload  (13.59%),  with  training  being  the  least
valued  attribute  (4.80%).  Class  2  respondents
(bianzhi-prioritizers)  placed extra importance on the
attributes  of bianzhi (43.40%),  followed  by  benefits
(14.06%)  and  income  (12.02%),  with  opportunities
for  personal  development  being  the  least  valued
attribute (4.86%). 

Policy Simulation

Based  on  the  LCA  model,  possible  changes  in
respondents’ job  choices  under  different  policy
scenarios  were  projected  (Figure  2).  For  the “yes”

 

Table 1. Estimation results of mixed logit model

Attribute levels β OR SE 95% CI SD

Income (by 1%) 0.094*** 1.098 0.004 1.090–1.106 0.067***

Welfare (ref: low)

High 1.201*** 3.324 0.057 2.972–3.718 0.900***

General 0.555*** 1.742 0.040 1.612–1.883 0.019

Bianzhi (ref: no)

Yes 2.700*** 14.881 0.104 12.137–18.246 2.140***

Workload (ref: heavy)

Light 0.763*** 2.144 0.057 1.918–2.396 1.402***

Medium −0.040 0.961 0.040 0.888–1.040 0.035

Respect (ref: low)

High 0.475*** 1.608 0.049 1.460–1.771 0.540**

General 0.199*** 1.220 0.039 1.130–1.317 0.574***

Opportunity (ref: insufficient)

Sufficient 0.929*** 2.533 0.052 2.288–2.804 1.205***

Some 0.160*** 1.173 0.037 1.092–1.261 0.306

Training (ref: insufficient)

Sufficient 0.361*** 1.434 0.037 1.334–1.542 0.206

Some 0.668*** 1.950 0.049 1.771–2.148 0.884***

Log-likelihood −16,961.131

AIC 33,970.26

BIC 34,190.46

　　Note. ***P <  0.001 **P <  0.01 *P <  0.05. OR,  odds  ratio;  SE,  standard  error; CI, confidence  interval;  SD,
standard  deviation;  RI, relative  importance;  AIC,  akaike  information  criterion;  BIC, bayesian  information
criterion.
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Table 2. Estimation results of the LCA model

Attribute levels
Class 1 (n1 = 3,417, 57.49%) Class 2 (n2 = 2,527, 42.51%)

β OR 95% CI β OR 95% CI

Income (by 1%) 0.065*** 1.067 0.062 to 0.067 0.026*** 1.026 0.020 to 0.032

Welfare (ref: low)

High 0.803*** 2.232 0.745 to 0.861 0.917*** 2.502 0.776 to 1.058

General 0.497*** 1.643 0.433 to 0.561 0.136 1.145 −0.016 to 0.287

Bianzhi (ref: no)

Yes 0.566*** 1.762 0.513 to 0.619 2.832*** 16.985 2.674 to 2.991

Workload (ref: heavy)

Light 0.548*** 1.731 0.482 to 0.615 0.533*** 1.704 0.357 to 0.708

Medium −0.215*** 0.806 −0.280 to −0.150 0.495*** 1.641 0.324 to 0.667

Respect (ref: low)

High 0.424*** 1.528 0.356 to 0.493 0.329*** 1.389 0.218 to 0.44

General 0.098** 1.103 0.041 to 0.155 0.547*** 1.728 0.371 to 0.724

Opportunity (ref: insufficient)

Sufficient 0.853*** 2.348 0.787 to 0.920 −0.075 0.927 −0.222 to 0.072

Some 0.208*** 1.231 0.145 to 0.270 −0.317*** 0.728 −0.451 to −0.184

Training (ref: insufficient)

Sufficient 0.269*** 1.309 0.212 to 0.327 0.146* 1.157 0.028 to 0.263

Some 0.093** 1.097 0.024 to 0.162 0.594*** 1.812 0.448 to 0.741

Log-likelihood −16,864.36

AIC 33,778.74

BIC 33,945.99

　　Note. ***P <  0.001 **P <  0.01 *P <  0.05. OR,  odds  ratio;  CI,  confidence  interval;  AIC,  akaike  information
criterion; BIC, bayesian information criterion.
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Figure 1. RI by class.
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bianzhi level,  we  performed  simulations  for  the
remaining  six  job  management  attributes.  When
staff  income  increased  by  30%,  Category  1
respondents  exhibited  a  75% higher  probability  of
choosing a CDC job. The change in the probability of
choosing  a  job  among  Class  1  respondents  was
similar  under  two  scenarios:  a  15% increase  in
income (45%), increasing the benefits to a high level,
and  increasing  development  opportunities  to  an
abundance (44%). Class 2 respondents did not show
a  similar  preference;  this  overall  positive  job
scenario was consistent with the uptake impact that
a  30% improvement  in  income  or  a  high  level  of
benefits  would  have  on  Class  2  respondents  (both
37%).  When  only  training  opportunities  were
changed  to  the  enrichment  level,  Class  2
respondents were 22% less likely to choose that job.
In  the  simulated  scenario,  when  both  attributes
were improved (i.e., an improvement in benefits to a
high  level  and  an  increase  in  development
opportunities  to  an  enriched  level),  the  highest
positive  impact  on  the  probability  of  Class  2
respondents choosing a job was 47%. 

DISCUSSION

While  there  have  been  many  studies  on  the  job
choice preferences of healthcare workers, especially
doctors  and nurses[24-27],  and limited studies  on CDC
workers[3],  we  provide  a  nationally  representative

DCE  assessment  of  the  job  choice  preferences  and
internal  heterogeneity  of  CDC  workers.  All  seven
attributes–income,  welfare  benefits, bianzhi,
workload,  acceptance  and  respect  from  the  public,
opportunities  for  career development,  and job skills
training–significantly  influenced  the  job  choices  of
CDC  workers.  For  the  full  sample,  income,  and
bianzhi were  the  top  two  job  preference  attributes
and  had  similar  importance,  confirming  the  limited
number of regional studies. Our key finding was that
there  were  significant  differences  in  the  extent  to
which different  attributes  affected choice outcomes
for different classes of CDC workers.

Despite  the  different  labor  market  contexts,
income is  an important  attribute in  doctors,  nurses,
and health workers’ job choice preference studies in
the  USA[28],  Peru[29],  and  China[30],  but  not  in
Norway[31].  Our  positive  income  effect  is  amplified
when income is below a “reasonable range”, such as
significantly below the industry sector average or out
of  balance  with  the  work  effort.  For  the  CDC
workers,  income did  not  match  their  workload,  and
their  average  income  was  relatively  low[3,10,11].  The
problem  started  in  2017  when  the  Chinese
government  reduced  the  public’s  financial  burden
for disease prevention by canceling the CDC’s social
income  from  medical  examinations,  health
inspections,  and  epidemic  prevention  services  but
failed to increase the CDC’s financial support to fully
compensate  for  the  reduced  social  income[4].  As  a
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Figure 2. Incremental  uptake rate under different policy simulation scenarios by class.  Baseline:  income
(current unchanged), welfare (general), bianzhi (yes), workload (medium), respect (general), opportunity
(some), and training (some).
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result,  the  income  level  of  CDC  employees
decreased.  This  finding  corroborates  and  explains
the  positive  utility  of  the  income  attributes  in  the
estimates.  We  recommend  establishing  a
performance incentive policy to prioritize the income
levels of CDC workers. The results of the mixed logit
model  also  indicated  that bianzhi was  the  second-
most important attribute, which is consistent with a
CDC municipal-level study in Shandong Province[3]. In
China,  having  a bianzhi means  enjoying  higher-
quality  job  security,  as  well  as  gaining  more  social
recognition and public respect[8]. Second, bianzhi are
common  prerequisites  for  job  title  evaluations  and
promotions in government organizations[7,32]. Finally,
the  acquisition  of bianzhi is  subject  to  certain
technical  requirements,  comprehensive
assessments,  and  educational  thresholds  with  the
number  of bianzhi relatively  fixed.  We  recommend
that  the  number  of bianzhi increase  to  retain  and
attract more healthcare workers.

Our study revealed internal heterogeneity in CDC
workers’ job  choice  preferences,  with  significant
differences  between income-prioritizers (57.49%)
and bianzhi-prioritizers (42.51%).  The  results  of  the
RI  and  policy  simulations  showed  that  for income-
prioritizers,  an  increase  in  income  can  lead  to  a
greater  probability  of  job  selection.  Second,  this
group  also  cared  about  working  conditions  with
more  opportunities  for  development,  higher
benefits,  and  less  workload.  In  terms  of  socio-
demographic  characteristics, income-prioritizers had
a  higher  percentage  of  people  who  were  highly
educated,  did  not  have  a  job  title,  had  a  lower
income, were unmarried, and had a shorter length of
service.  The  current  CDC  compensation  system
closely  relates  income  growth  and  benefit  levels  to
job  title  and  length  of  service  but  not  to  education
level.  These workers were more educated,  younger,
and  more  forward-looking  toward  career
development  and  title  advancement  but  faced
pressures  related  to  marriage  and  housing
exacerbated by  their  low income.  This  explains  why
previous  research  found  that  highly  educated  CDC
workers  have  lower  salaries[3,33,34].  Similarly,  poor
salaries  and  promotion  channels  explain  the  brain
drain  of  highly  educated  CDC  workers[11].  Housing
prices in China affect the choice of epidemiology and
biostatistics PhDs for CDC jobs, and the provision of
housing  benefits,  as  well  as  the  increased
diversification  of  benefits,  may  retain  highly
educated talent[7].  We recommend that  CDC human
resource  management  models  match  highly
educated  staff  to  appropriate  salary  levels,  more

comprehensive  benefit  packages,  and  unimpeded
personal  development  paths.  For  regional  CDCs
facing financial constraints, we recommend ensuring
sufficient opportunities for personal development as
incentives for highly educated staff.

The  RI  results  suggested  that,  compared  to  the
job  preference  of income-prioritizers, bianzhi-
prioritizers also  cared  more  about  the bianzhi
attribute  than  the  welfare  attribute,  with  the  RI  of
bianzhi reaching 43.40%; however, the development
opportunity  attribute  fell  to  the  bottom  of  the
preference  list.  Considering  CDC’s  financial  and
management  constraints[5],  we  recommend  that
bianzhi be  leveraged  to  promote  higher-level  talent
recruitment.  At  the  same  time,  the  results  of  the
policy  simulations  show  that  the bianzhi-prioritizers
response  to  changes  in  various  policy  scenarios  is
much  lower  than  that  of income-prioritizers.  With
bianzhi a  type  of  job ‘iron  rice  bowl’ effect[8],  the
bianzhi attribute  has  both  advantages  and
disadvantages.  The bianzhi attribute  itself  carries  a
host  of  benefits,  such  as  health  insurance  and  a
pension for life[8].  When satisfied with the favorable
conditions  attached  to bianzhi,  the  sensitivity  of
bianzhi-prioritizers to  changes  in  various  policy
scenarios  diminished.  When  all  attributes  are
improved  simultaneously,  the  incentive  utility  of
bianzhi-prioritizers does  not  change  to  the  same
magnitude  of income-prioritizers.  For bianzhi-
prioritizers,  the  incentive  utility  of  a  combined
improvement  in  the  seven  attributes  is  consistent
with  a  single-attribute  improvement  such  as  a  30
percent  increase  in  income  or  a  high  level  of
benefits.  Consequently,  when  attempting  to  attract
CDC  talent,  the  establishment  can  be  regarded  as
the  primary  attraction  strategy.  Nevertheless,  the
implementation  of  additional  incentive  strategies
and  control  measures  is  imperative  to  mitigate  the
adverse  reactions  of bianzhi-prioritizers to  other
working  conditions,  with  the  aim  of  ensuring  the
maintenance  of  the  workforce’s  vitality  and
innovation over time.

It  is  also  worth  highlighting  that  the  policy
simulation  provided  some  possible  predictions  for
future  reforms  of  incentives  for  CDC  jobs,  visually
presenting  the  differential  utility  of  different
incentives and their  combinations in the face of  the
income-prioritizers and bianzhi-prioritizers.  In  the
two  scenarios,  the  two  classes  exhibited  opposite
simulation  selection  effects.  The  first  scenario
involved  two  single-policy  simulations  with  high
acceptance  and  respect  from  the  public  as  well  as
sufficient job skills training. The second scenario was
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a  combination  of  policy  simulations  in  which  both
job  skill  training  and  opportunities  for  career
development were sufficient. The motivational utility
of  The  combined  improvement  of  the  seven
attributes  promoted  the  highest  probability  of
retention  of income-prioritizers (92%).  By  contrast,
the  highest  probability  of  selection  for bianzhi-
prioritizers (47%)  was  found  in  the  combined
scenario  of  high  welfare  benefits  and  sufficient
opportunities  for  career  development.  The  single
simulation  scenario  in  which  job  skill  training
sufficiently  included  both  the  lowest  values  for
income-prioritizers (9%)  and bianzhi-prioritizers
(-22%).  These findings provide two primary insights.
First,  it  suggests  that  a  package  incentive  system
with  simultaneous  increases  in  all  entitlements  is
inappropriate  for  the  entire  population.  Therefore,
the optimization and adjustment of CDC’s employee
management  system  should  not  mechanically
pursue across-the-board improvements in all aspects
of  job  benefits.  We  suggest  distinguishing  the
diversified  needs  of  different  groups  of  people,
considering  the  cross-influence  of  various
conditional  attributes,  and  prioritizing  the
improvement  of  the  most  popular  attributes  to
achieve  a  higher  incentive  effect  with  less
investment. Second, the training attribute of bianzhi-
prioritizers appears in the middle of the scale but has
a  negative  impact  when  there  is  too  much  training.
We  suggest  that  when  the  number  and  duration  of
training  sessions  become  mandatory  assessment
requirements,  training  becomes  another  form  of
workload,  triggering  boredom  and
dissatisfaction[35–36]. We argue that blindly increasing
the  number  of  training  opportunities  for  CDC
workers  is  undesirable  and  recommend  that  CDC
management  carefully  calibrate  training
opportunities as an incentive mechanism.

Some  studies  have  suggested  that  a
comprehensive  package  of  incentives  is  effective  in
promoting  primary  care  workers’ job  choice
preferences[29−30,37].  We  found  that  management
should  provide  different  work  incentive  strategies
according  to  the  preference  characteristics  of
different  subgroups  of  the  CDC  worker  population.
Given  the  differences  in  financial  support  and
practical conditions in different CDC regions, current
working conditions should be tailored at the regional
and local levels. The combined utility of a composite
measure and its economics should be considered for
the combined application of various aspects or types
of  incentives.  Finally,  although  we  explored  the
career  choice  preferences  of  the  CDC  staff  in  our

study  population,  the  findings  have  implications  for
population  preference  studies  in  other  fields,
suggesting  the  need  for  heterogeneity  analyses
when  conducting  preference  studies  with  large
sample sizes. 

Limitations

Our  study  had  several  limitations.  First,  while
seven  key  attributes  were  included  after  rigorous
documentation  and  expert  consultation,  future
studies should consider commuting distance, family-
related  factors,  employment  location,  and  the
working  environment  as  job  preference  attributes.
Second,  several  variables  were  self-reported;  future
studies  should  consider  collecting  alternative  types
of  personal  data.  Third,  DEC  behavior  differs  from
actual  behavior.  Future  studies  should  measure  the
impact  of  work  incentives  on  actual  work  behavior.
Fourth,  the  cross-combination  of  various  policy
conditions generates a large number of hypothetical
scenarios, with additional scenarios to be considered
in  future  research.  Fifth,  our  study  is  oriented
towards  providing  a  reference  for  integrated
management  and  applies  to  general  policy  support.
Factors such as the economic level, geodemographic
characteristics,  and  cultural  habits  of  each  region
were not included in the analysis. 

CONCLUSION

Our  job  choice  preferences  of  Chinese  CDC
workers  provide  new  insights  into  the  optimization
of  CDC  personnel  management  and  retention
policies.  Income  and bianzhi were  the  most
important  factors  influencing  the  job  choices  of  the
CDC workers. Preference heterogeneity revealed the
existence  of  two  main  job  preference  groups:
income-prioritizers and bianzhi-prioritizers,  with
varying degrees of preference for other attributes, as
well  as  sensitivity  to  simulated  policy  scenarios.
When optimizing the CDC’s talent management and
training  system,  it  is  recommended  to  consider  the
preferences  and  characteristics  of  the  two-class
population  and  focus  on  the  reasonableness  of
setting the two attributes of income and bianzhi.  At
the  same  time,  the  utility  of  different  incentives
should  be  differentiated  by  combining  realistic
factors  and  subgroup  preferences  to  formulate
appropriate  incentive  policies  for  building  high-
quality  talent  for  disease  prevention  and  control
systems.
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