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Abstract 

Background

Peripherally inserted central venous catheters (PICC) associated bloodstream infec-

tions is a type of central line-associated bloodstream infection (CLABSI), the purpose 

of this scoping review was to analyse and summarize the risk prediction models for 

PICC-CLABSI to provide insights for clinical nursing practice.

Methods

A scoping review was conducted from six bibliographic databases including CNKI, 

Wanfang Database, VIP Chinese Journal Database, PubMed, Embase, and Web of 

Science, from inception to November 5, 2024. Screening was performed and relevant 

data was extracted independently by two researchers, the risk of bias was assessed 

using the Prediction model Risk Of Bias Assessment Tool (PROBAST).

Results

Eight studies met the inclusion criteria, which included two score models, six nomo-

grams, and one ELM model. The included studies exhibited a high risk of bias, mainly 

due to methodological heterogeneity. Four models underwent external validation, two 

were assessed for goodness of fit. The most frequently identified predictors including 

catheter indwelling time, maintenance cycle/frequency, multilumen catheters, PICC 

parenteral nutrition, diabetes, and malignant tumors.

Conclusion

The risk prediction models for PICC-CLABSI demonstrated strong predictive per-

formance. Future research should carefully address all elements of PROBAST 

framework during study design phase. This will facilitate both internal and external 
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validation, as well as differentiation, calibration, and evaluation of clinical practicality. 

The ultimate objective is to develop a PICC-CLABSI risk prediction model that exhib-

its low bias risk, robust predictive performance, and high clinical applicability.

1.  Background

Peripherally inserted central venous catheters (PICC) associated bloodstream 
infections is a type of central line-associated bloodstream infection (CLABSI), onset 
48 hours after the insertion of PICC at least. Studies have shown that the incidence 
rate of PICC-CLABSI ranges from 1.4% to 16.84% [1–4], which significantly affects 
patient treatment and prognosis, leading to prolonged hospitalization, higher read-
mission rates, increased medical costs, and even mortality. The literature reports 
a mortality rate of 10.26% for bloodstream infections related to PICC [5]. Those 
highlight the urgent need for effective strategies to prevent and manage PICC-
CLABSI. Several factors contribute to the occurrence of PICC-related bloodstream 
infections, such as patient characteristics, underlying diseases, treatment methods, 
and catheter-related factors [6,7]. By identifying key risk factors and implementing 
evidence-based interventions, healthcare providers can improve patient outcomes 
and minimize the negative impact on recovery. In China, various departments and 
nursing organizations have publilshed guidelines, such as the “Technical operation 
standards for venous therapy nursing” [8] and the “Expert consensus on the mainte-
nance of clinical venous catheters” [9]. In 2021, National Health Commission of the 
People's Republic of China has issued the annual nursing quality control goal, which 
is aimed at reducing the incidence of intravascular catheter-related bloodstream 
infections (CRBSI) [10]. To address high-risk factors and critical aspects of CLABSI, 
the National Nursing Management Professional Medical Quality Control Center plans 
to launch the “Quality control kit for preventing intravascular catheter-related blood 
flow infections (recommended version)” in 2023 [11]. Which provide standardized pro-
cedures and recommendations for the prevention and management of PICC-CRBSI. 
A risk prediction model is a statistical tool designed to estimate the probability of a 
specific outcome event occurring in a population with defined characteristics. Moons 
et al. outlined a comprehensive framework for developing and evaluating predictive 
models, including model development, internal validation, external validation, model 
updates, and impact studies [12]. Currently, researchers globally have explored the 
construction and efficacy of risk prediction models for PICC-related bloodstream 
infections. However, the quality of these studies varies significantly. This scoping 
review aims to summarize, analyze, and compare relevant research, with the objec-
tive of providing valuable insights that can inform and enhance clinical practice.

2.  Materials and methods

Identification of research question

This scoping review aims to address the following questions: (1) What types of 
predictive models are currently available for predicting the risk of PICC-CRBSI? (2) 
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Which predictive factors are most frequently incorporated into these risk prediction models? (3) What modeling methods 
are currently used for PICC-CRBSI risk prediction, and how effective are they? (4) What are the limitations of existing 
studies on PICC-CRBSI risk prediction models, and what directions do these suggest for future research?

Search strategies and eligibility criteria

A comprehensive literature search was conducted across multiple databases, including the China National Knowl-
edge Infrastructure, Wanfang Database, VIP Chinese Journal Database, PubMed, Embase, and Web of Science. 
The search period covered from the inception of these databases up to November 5, 2024. Both subject headings 
and free-text terms were used in the retrieval process. For example, in PubMed, the search formula for the English 
database was: (vascular access devices [MeSH Terms] OR peripherally inserted central catheter [Title/Abstract] OR 
central venous catheters [MeSH Terms] OR PICC [Title/Abstract] AND (catheter-related infect [Title/Abstract] OR 
CRBSI [Title/Abstract] OR CLABSI* [Title/Abstract] OR bloodstream infect* [Title/Abstract] OR blood poison* [Title/
Abstract])** AND (risk predict [Title/Abstract] OR risk score [Title/Abstract] OR risk assess [Title/Abstract] OR score 
[Title/Abstract] OR prognos* [Title/Abstract] OR nomogram model [Title/Abstract])** [13]. Details of eligibility criteria 
were included in Table 1.

Data extraction

Two researchers (the first and third authors) independently conducted the literature screening according to the predefined 
inclusion and exclusion criteria, and extracted and integrated the relevant data. Any disagreements were resolved by a 
third reviewer (Yanhui Liu). Extracted data included: publication year, country, research design, research type, subject, 
sample size, incidence rate, modeling methods, candidate variables, variable screening methods, model presentation, 
model validation status, missing data, model predictive factors, and predictive performance.

Bias risk and applicability evaluation

Two researchers (the first and third authors) evaluated the quality of the included literature using the Prediction Model 
Risk of Bias Assessment Tool (PROBAST) [14]. The bias risk assessment of predictive models using this tool covers four 
domains: research object, predictive factors, outcomes, and statistical analysis. Additionally, the assessment of adaptabil-
ity focuses on three domains: research object, predictive factors, and outcomes. The risk of bias and concerns regarding 
applicability in each domain were rated as high, low, or unclear.

3.  Results

After an initial search, we retrieved 2,662 articles, including 554 from the China National Knowledge Infrastructure, 688 
from the Wanfang Database, 141 from the VIP Chinese Journal Database, 59 from PubMed, 97 from Embase, and 1123 

Table 1.  Scoping review eligibility criteria.

Inclusion criteria Exclusion criteria

Aged ≥ 18 years Studies including patients with other types of central venous 
catheterization

Received PICC placement Duplicate publication

Study must focus on the development or validation of a risk model for 
PICC-CRBSI

Studiesfocused solely on risk factors without model development

The methods for model construction or validation must be clearly described Literature from which the full text cannot be obtained

The literature must be published in Chinese or English. Conference abstracts and review articles

https://doi.org/10.1371/journal.pone.0333466.t001

https://doi.org/10.1371/journal.pone.0333466.t001
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from the Web of Science. Upon removing duplicates, reviewing titles and abstracts, and assessing the full texts, 8 articles 
were ultimately included (Fig 1).

Characteristics of selected studies

Eight studies [15–21] were included in this study. Among these, one was a multicenter prospective cohort study [15], while 
the remaining seven were retrospective studies [16–21]. Six studies conducted both model development and validation 
[15,17,19–21], one study focused exclusively on model development [16], and another solely on model validation [18]. In 
terms of patient populations, one study specifically involved hospitalized medical adults [15], four were applicable to tumor 
patients [17,19,20,22] and three were targeted to hospitalized adults [16,18,21]. The basic characteristics of the included 
studies are detailed in Table 2.

Assessment of literature bias risk and applicability

The PROBAST evaluation for bias risk, covering four aspects of model development—study population, predictive factors, 
outcomes, and analysis—indicated a higher risk of bias in the predictive factors and analysis sections. This elevated risk 
may be attributed to the selection of statistical methods for predictive factors and the consideration of complex statistical 
issues during model development. The results of the evaluation are summarized in Table 3.

Fig 1.  Flow_diagram.

https://doi.org/10.1371/journal.pone.0333466.g001

https://doi.org/10.1371/journal.pone.0333466.g001
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Construction and validation of the model

Basic information on model construction.  The study population for this model predominantly included elderly 
individuals, cancer patients, and hospitalized patients, with sample sizes ranging from 505 to 23,088. The modeling 
techniques utilized were Cox regression and logistic regression, involving between 5 and 24 candidate variables and 4–8 
predictive factors in the analysis. The model was illustrated using scoring scales and line graphs, with both internal and 
external validations, see Table 4.

Model prediction content.  The results were summarized and categorized. Ultimately, the predictors were classified 
into five categories: general information, catheter-related factors, disease-related factors, treatment factors, and other 
factors. The most frequently observed predictors included catheter retention time, maintenance cycle/frequency, 
multilumen, PICC parenteral nutrition, diabetes, and malignant tumors. The classification of model predictive factors is 
shown in Table 5.

Model validation and performance.  Among the eight models evaluated, four models [15–17,21] underwent internal 
validation, while the other four models were externally validated [18–20,22]. In terms of model performance, two models 

Table 2.  Characteristics of the included studies (n = 8).

Include studies Publication 
year

Country Research design Study type Subject Sample 
size

CLABSI incidence 
rate (%)

Erica et al [15] 2017 America Multi center prospective 
cohort study

Development and 
validation

Hospitalized medical adults 23088 1.10

Tang QY et al [16] 2020 China Retrospective study Development Hospitalized adults 931 6.80

Tao Y et al [17] 2022 China Retrospective study Development and 
validation

Tumor patients 11901 0.39

Hirotaka et al [18] 2023 Japan Retrospective study Validation Hospitalized adults 1459 6.10

Hao QY et al [19] 2023 China Retrospective study Development and 
validation

Lung cancer chemotherapy 
patients

701 10.13

Guo J et al [20] 2024 China Retrospective study Development and 
validation

Elderly patients undergoing 
chemotherapy for acute 
leukemia

568 8.1

Li W et al [21] 2024 China Retrospective study Development and 
validation

Hospitalized adults 505 14.85

Yu QQ et al [22] 2024 China Retrospective study Development and 
validation

Tumor patients 1146 0.28

https://doi.org/10.1371/journal.pone.0333466.t002

Table 3.  Evaluation of bias risk and applicability of included studies.

Include studies Risk of bias Applicability Overall

Research object Predictor Outcome Analysis Research object Predictor Outcome Bias Applicability

Erica et al [15] + + + + + + + + +

Tang QY et al [16] - + + + + + + - +

Tao Y et al [17] - ? + + + + + - +

Hirotaka et al [18] + ? + + + + + - +

Hao QY et al [19] + + + + + + + + +

Guo J et al [20] + - + + + + + - +

Li W et al [21] + ? - - + + + - +

Yu QQ et al [22] - + + - + + + - +

Note: + low risk, ?unclear, -high risk.

https://doi.org/10.1371/journal.pone.0333466.t003

https://doi.org/10.1371/journal.pone.0333466.t002
https://doi.org/10.1371/journal.pone.0333466.t003
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[19,22] employed the Hosmer-Lemeshow goodness-of-fit test, which indicated a good fit with X² = 8.905, P = 0.350 for 
the modeling set, and X² = 8.693, P = 0.365 for the validation set. Six models [15,16,19,22] reported the area under the 
curve (AUC) of the receiver operating characteristic curve, and two models [16,17] calculated the C-index to demonstrate 
their discriminative power. Additionally, five models [16–20] assessed model calibration. Two models [18,20] conducted 
decision curve analysis (DCA), with one noteworthy example by Hirotaka et al. [18] performing external validation on 
the Michigan Peripheral Insertion Center Catheter-Related Blood Flow Infection Rating Model [15] developed in 2017, 
demonstrating DCA’s superiority over the original rating scale. It is important to note that sensitivity and specificity were 
not reported for some models. In summary, the evidence indicates that each model is most reliable when applied to the 
patient group for which it was originally derived and externally validated: the Tang QY nomogram offers the strongest 
discrimination for general medical inpatients, the Hao QY nomogram performs best in lung-cancer patients undergoing 
chemotherapy, the Yu QQ nomogram and the ELM model are suitable for heterogeneous mixed-tumor cohorts, the Guo 

Table 4.  Construction and validation of risk prediction model (n = 8).

Include 
studies

Modeling 
method

Candidate 
variables

Variable 
selection 
method

Model predictive factors Model presentation 
method

Missing 
Data

Erica 
et al [15]

Cox regression 24 Cox 
regression

6:Hematological cancer, CLABSI within 3 months of PICC 
insertion, multilumen PICC, solid cancers with ongoing 
chemotherapy, receipt of total parenteral nutrition through 
the PICC, presence of another central venous catheter 
(CVC) at the time of PICC placement

Michigan PICC-
CLABSI (MPC) score

Multiple 
imputa-
tion

Tang QY 
et al [16]

Logistic 
regression

12 X2test, t 
test, logistic 
regression

8:Diabetes mellitus, malignant tumor, hematopathy, paren-
teral nutrition, double lumen,
additional devices, ICU stay, and the time of indwelling 
catheter

Nomogram ——

Tao Y et al 
[17]

Logistic 
regression

14 Logistic 
regression

4:Dermatitis, catheter-related thrombosis, local infection 
and exudation during PICC retention

Nomogram ——

Hirotaka 
et al [18]

—— —— —— 6:Hematological cancer, CLABSI within 3 months of PICC 
insertion, multilumen PICC, solid cancers with ongoing 
chemotherapy, receipt of total parenteral nutrition through 
the PICC, presence of another central venous catheter 
(CVC) at the time of PICC placement

Michigan PICC-
CLABSI (MPC) score

——

Hao QY 
et al [19]

Logistic 
regression

16 Logistic 
regression

7:Diabetes,
the number of chemotherapy ≥ 5, history of hospitalization 
in intensive care unit, prolonged catheter maintenance 
time, catheter
movement, catheter retention time ≥ 30 d, and the number 
of punctures ≥ 2

Nomogram ——

Guo J et al 
[20]

Logistic 
regression

5 X2 test, 
logistic 
regression

4:Chemotherapy frequency, single catheterization puncture 
frequency, whether
catheterization maintenance frequency was standardized, 
and catheterization retention time

Nomogram ——

Li W et al 
[21]

Logistic 
regression

13 LASSO, 
Logistic 
regression

7:age > 60 years, catheter movement, catheter main-
tenance cycle >7 days, direct insertion, poor immune 
function, complications, body temperature ≥37.2°C before 
PICC placement

Nomogram ——

Yu QQ et al 
[22]

Logistic regres-
sionand extreme 
learning Machine 
(ELM)

17 X2 test, 
logistic 
regression

6:Diabetes history, number of chemotherapy sessions, 
maintenance cycle, maintenance address, white blood cell 
count and albumin

Nomogram, ELM 
prediction model

——

Note: LASSO (the least absolute shrinkage and selection operator regression, LASSO)

https://doi.org/10.1371/journal.pone.0333466.t004

https://doi.org/10.1371/journal.pone.0333466.t004
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J nomogram is calibrated for immunocompromised elderly individuals with acute leukemia, and the large-scale MPC 
score provides a pragmatic baseline across diverse hospital settings. Together, these data underscore that model choice 
should be guided by alignment between derivation cohort and local case-mix, available clinical resources, and the extent 
of external validation in the intended population. Details of model validation and performance are presented in Table 6. 
Forest plot of models were drawed (Fig 2), two studies could not extract complete data, and no forest plot was generated 
[15,18].

4.  Discussions

Characteristics and validation needs of risk prediction models for PICC-CRBSI

Recent years have seen increasing scholarly interest in PICC catheter-related bloodstream infections, leading to a signif-
icant rise in studies aimed at their risk prediction [15–22]. This study systematically reviewed such research, both domes-
tically and internationally, culminating in the inclusion of eight studies comprising six distinct risk prediction models. Only 
one of these was a multicenter prospective cohort study, with the others being retrospective, encompassing sample sizes 
from 505 to 23,088. The methodologies employed included Cox and logistic regression, with the number of candidate 
variables ranging from five to twenty-four, and predictive factors from four to eight. The models were presented using scor-
ing scales and column charts. The AUC for six models ranged between 0.67 and 0.930 [15–17,19–21], while two models 
reported a C-index between 0.825 and 0.929 [16,17], indicating robust predictive performance. Key predictors in these 
models included catheter retention time, maintenance cycle/frequency, multilumen, PICC parenteral nutrition, diabetes, 
and malignancy. Clinically, it is essential to raise awareness and train medical personnel to promptly identify and address 
risk factors for PICC catheter-related bloodstream infections to prevent complications.

In terms of model construction, only one model utilized LASSO regression [21], and there are currently no reports in 
Chinese or English on using machine learning algorithms for developing risk prediction models for PICC catheter-related 

Table 5.  Classification of model predictive factors.

Items Number of models 
included

Items Number of 
models included

General 
Information

Age 1 Disease 
related
factor

Dermatitis 1

Catheter 
related 
factors

Multilumen PICC 3 Infections 1

Attachment 1 Solid cancers with ongoing 
chemotherapy

2

Catheterization retention time 4 Immune function 1

Catheter movement 2 Body temperature before 
PICC placement

1

Exudation 1 Complications 1

Maintenance cycle/frequency 3 Hematological disease 1

Number of punctures 2 Malignant tumor 3

Presence of another central venous catheter 
(CVC) at the time of PICC placement

2 Diabetes 3

White blood cell count 1

Albumin 1

Direct insertion 1 Therapeutic 
factors

Receipt of total parenteral 
nutrition through the PICC

3

CLABSI within 3 months of PICC insertion 2 Chemotherapy frequency 3

Catheter-related thrombosis 1 Other factors ICU hospitalization history 2

Maintenance address 1

https://doi.org/10.1371/journal.pone.0333466.t005

https://doi.org/10.1371/journal.pone.0333466.t005
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blood flow infections. LASSO regression plays a critical role in reducing dimensionality and selecting variables, effec-
tively addressing multicollinearity when numerous influencing factors are involved [23]. Future developments in predictive 
modeling should consider employing LASSO regression and machine learning algorithms for feature selection, thereby 
enhancing predictive accuracy. Notably, 87.50% of the models included in this study were retrospective, highlighting the 
need for more multicenter, large-sample, prospective studies in the future.

Regarding model validation, four models [15–17,21] underwent internal validation, while four models [18–20,22] were 
externally validated. Internal validation is critical to prevent model overfitting, while external validation establishes a basis 

Table 6.  Model validation and performance.

Include studies Validation AUCa/C Indexb Calibration DCA

Erica et al [15] Internal validation 0.67 ~ 0.77a —— ——

Tang QY et al [16] Internal validation 0.930a, 0.929b Calibration curve (with an average absolute error 
of 0.017)

——

Tao Y et al [17] Internal validation 0.825b Calibration curve ——

Hirotaka et al [18] External validation —— The calibration slope is 1.16, P = 0.024, update the 
calibration slope to 1.02, P = 0.051

Superior to 
the original 
MPC score

Hao QY et al [19] External validation Development set: 0.859a

Validation set: 0.876a

Calibration curve: The incidence rate is basi-
cally consistent with the actual incidence rate; 
Hosmer-Lemeshow: Development set X2 = 8.905, 
P = 0.350; Validation set X2 = 8.693, P = 0.365

——

Guo J et al [20] External validation Development set: 0.798a

Validation set: 0.745a

Calibration curve Has good clin-
ical applica-
tion efficacy

Li W et al [21] Internal validation 0.889a —— ——

Yu QQ et al [22] External validation Nomogram:
Development set: 0.860a

Validation set: 0.845a

ELM prediction model (Modeling set):
R2 = 0.823, mean squared error = 0.051

Hosmer-Lemeshow:
Development set X2

=5.201, P = 0.736; Validation set X2 = 6.079, 
P = 0.531

——

https://doi.org/10.1371/journal.pone.0333466.t006

Fig 2.  Forest plot of different model performances. The length of the blue line represents the width of the confidence interval, the red square rep-
resents the area under the curve (AUC) of the model, * corresponds to the development set of the model, and ** represents the validation set.

https://doi.org/10.1371/journal.pone.0333466.g002

https://doi.org/10.1371/journal.pone.0333466.t006
https://doi.org/10.1371/journal.pone.0333466.g002
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for model optimization and broader application. Upon completing model development, it is crucial to conduct both inter-
nal and external validation simultaneously and to perform multiple model comparisons to boost predictive accuracy and 
stability [24,25]. All models underwent discrimination testing, however, only two model [19,22] demonstrated goodness 
of fit. Five models [16–20] evaluated model calibration, and two models [18,20] assessed clinical utility, however, none of 
the studies addressed model sensitivity or specificity. For future construction of a risk prediction model for PICC catheter-
related bloodstream infections, adherence to established clinical prediction model guidelines is recommended [24]. This 
should encompass evaluations of the model’s discrimination, calibration, goodness of fit, and clinical utility, as well as 
including specificity and sensitivity in research findings.

The risk of bias in the PICC-CRBSI risk prediction model is significant and requires further optimization

PROBAST is an invaluable tool for evaluating the risk of bias and the applicability of predictive models [14]. This study’s 
findings reveal that while the included models showed good adaptability, they were associated with a high risk of bias, 
with only two models exhibiting a low risk. Among the eight studies included, only Erica et al. [15] employed a prospective 
approach, retrospective studies are especially prone to bias from existing outcomes, thereby increasing the risk of bias. 
Of the eight studies, only two conducted the Hosmer-Lemeshow goodness-of-fit test [19,22]. Furthermore, in the study by 
Guo J et al. [20], a limited number of five candidate variables and fewer than ten dependent events significantly increased 
the risk of model overfitting [26]. Some researchers increase bias risk by converting continuous variables into categorical 
ones in logistic regression modeling. For instance, Hirotaka et al. [18] used age as a binary variable, while Li W et al [21] 
transformed age, catheter retention time, and catheter insertion precursor temperature into binary variables. Furthermore, 
diagnostic criteria varied, Hao Qiyan et al. [19] adhered to the “Guidelines for the Prevention and Treatment of Endovas-
cular Catheter-related Infections (2007)” [27], whereas Tang QY et al. [16] and Li W et al [21] followed the criteria pub-
lished by the Centers for Disease Control and Prevention in the United States [28]. Additionally, some studies [17,18,21] 
failed to provide detailed data processing descriptions, indicating that comprehensive reporting is necessary during model 
development and validation processes.

Impact of sample-size variability on model reliability and generalizability

Sample-size heterogeneity across the eight included studies influenced both the stability of individual prediction models 
and the precision of their reported performance metrics. Derivation cohorts with limited events-per-predictor parameter 
(EPP < 10)—observed in 6 of the 8 studies—are inherently prone to over-fitting, which can widen confidence intervals 
around discrimination (e.g., AUROC) and calibration statistics and thus raise concerns about internal validity [29]. Con-
versely, the two studies with EPP ≥ 10 benefited from reduced statistical noise and narrower intervals, although sheer 
size alone did not guarantee superior model accuracy. From a translational perspective, generalizability depends less on 
absolute cohort size than on population representativeness and the inclusion of external validation. In this review, studies 
spanning the full sample-size spectrum that incorporated external validation reported consistent performance between 
derivation and validation cohorts, indicating that adequate EPP and rigorous validation can offset potential drawbacks of 
modest cohort sizes. Therefore, while variable sample sizes introduce differential uncertainty, their impact on the collective 
evidence base is attenuated when methodological quality—particularly appropriate parameter-to-event ratios and robust 
external validation—is maintained [30].

5.  Summary

In summary, this scoping review indicates that despite promising predictive performance, current risk prediction mod-
els for PICC-CRBSI suffer from substantial bias. Future research should focus on these priorities: 1) Performing exter-
nal validation and enhancing existing prediction models; 2) Intensifying the investigation of risk factors associated with 
PICC-CRBSIin accordance with the PROBAST criteria, and developing a predictive model that minimizes bias risk while 
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maximizing clinical applicability. The application of LASSO regression and machine learning methods may facilitate the 
integration of additional potential risk factors. It is vital todevelop tailored PICC-CRBSI risk prediction model for specific 
patient populations, such as cancer patients, ICU patients, outpatient chemotherapy patients, and home care patients, to 
improve the model’s specificity. Additionally, both internal and external validations should be conducted, accompanied by 
a comprehensive evaluation of the model’s predictive performance, applicability, stability, and other relevant attributes.

Supporting information

S1 File.  Supplemental tables, figures. 
(DOCX)

S2 File.  Supplemental values used to build graphs. 
(XLSX)

S3 File.  PRISMA_2020_flow_diagram_new_SRs_v2. 
(DOCX)

Author contributions

Conceptualization: Jin Zhou, Yanhui Liu.

Data curation: Shihua He, Yuxuan Peng, Sailin Liu, Haoran Chen, Yanhui Liu.

Formal analysis: Jin Zhou, Yanhui Liu.

Investigation: Langping Cao, Yingxiang Tao, Yanhui Liu.

Methodology: Jin Zhou, Yanhui Liu.

Project administration: Jin Zhou, Yanhui Liu.

Resources: Yingxiang Tao, Haoran Chen, Jin Zhou, Yanhui Liu.

Validation: Yingxiang Tao, Haoran Chen, Jin Zhou, Yanhui Liu.

Writing – original draft: Langping Cao, Yingxiang Tao, Shiqiang Lei, Yanhui Liu.

Writing – review & editing: Langping Cao, Yingxiang Tao, Jin Zhou, Yanhui Liu.

References
	1.	 Haddadin Y, Annamaraju P, Regunath H. Central line–associated blood stream infections. StatPearls. Treasure Island (FL): StatPearls Publishing. 

2024.

	2.	 Chopra V, O’Malley M, Horowitz J, Zhang Q, McLaughlin E, Saint S, et al. Improving peripherally inserted central catheter appropriateness 
and reducing device-related complications: a quasiexperimental study in 52 Michigan hospitals. BMJ Qual Saf. 2022;31(1):23–30. https://doi.
org/10.1136/bmjqs-2021-013015 PMID: 33782091

	3.	 Zhang S, Sun X, Lei Y. The microbiological characteristics and risk factors for PICC-related bloodstream infections in intensive care unit. Sci Rep. 
2017;7(1):15074. https://doi.org/10.1038/s41598-017-10037-2 PMID: 29118410

	4.	 Jiang Y, Zha L, Gu HP, Hu XF, Zhuang Y. Pathogen analysis and predictive model design of catheter-related bloodstream infection in 
patients undergoing PICC catheterization for intravenous therapy. Chinese General Nursing. 2022;20(10):1413–7. https://doi.org/10.12104/j.
issn.1674-4748.2022.10.034

	5.	 Bessis S, Cassir N, Meddeb L, Remacle AB, Soussan J, Vidal V, et al. Early mortality attributable to PICC-lines in 4 public hospitals of Marseille from 
2010 to 2016 (Revised V3). Medicine (Baltimore). 2020;99(1):e18494. https://doi.org/10.1097/MD.0000000000018494 PMID: 31895783

	6.	 Ban T, Fujiwara S-I, Murahashi R, Nakajima H, Ikeda T, Matsuoka S, et al. Risk Factors for Complications Associated with Peripherally Inserted 
Central Catheters During Induction Chemotherapy for Acute Myeloid Leukemia. Intern Med. 2022;61(7):989–95. https://doi.org/10.2169/internalmed-
icine.8184-21 PMID: 34511570

	7.	 Hu Y, Ling Y, Ye Y, Zhang L, Xia X, Jiang Q, et al. Analysis of risk factors of PICC-related bloodstream infection in newborns: implications for nursing 
care. Eur J Med Res. 2021;26(1):80. https://doi.org/10.1186/s40001-021-00546-2 PMID: 34301331

http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0333466.s001
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0333466.s002
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0333466.s003
https://doi.org/10.1136/bmjqs-2021-013015
https://doi.org/10.1136/bmjqs-2021-013015
http://www.ncbi.nlm.nih.gov/pubmed/33782091
https://doi.org/10.1038/s41598-017-10037-2
http://www.ncbi.nlm.nih.gov/pubmed/29118410
https://doi.org/10.12104/j.issn.1674-4748.2022.10.034
https://doi.org/10.12104/j.issn.1674-4748.2022.10.034
https://doi.org/10.1097/MD.0000000000018494
http://www.ncbi.nlm.nih.gov/pubmed/31895783
https://doi.org/10.2169/internalmedicine.8184-21
https://doi.org/10.2169/internalmedicine.8184-21
http://www.ncbi.nlm.nih.gov/pubmed/34511570
https://doi.org/10.1186/s40001-021-00546-2
http://www.ncbi.nlm.nih.gov/pubmed/34301331


PLOS One | https://doi.org/10.1371/journal.pone.0333466  October 6, 2025 11 / 11

	 8.	 National Health Commission of the People's Republic of China. Standards of practice for intravenous therapy nursing [S/OL]. http://www.nhc.gov.
cn/wjw/pjl/201412/806fe9a7171e4cf584c0d40ed093dfa7.shtml  Accessed 2014 December 12.

	 9.	 Intravenous Therapy Committee of Chinese Nursing Association. Expert consensus on venous catheter maintenance. Chinese J Nursing. 
2019;54(9):1334–42. https://doi.org/10.3761/j.issn.0254-1769.2019.09.011

	10.	 National Health Commission of the People's Republic of China. General Office of the National Health Commission. Notice on Issuing the 2021 
National Medical Quality and Safety Improvement Targets [EB/OL]. http://www.nhc.gov.cn/yzygj/s7657/202102/8c53313663284a7ba14664850953
8ee2.shtm. 2021. Accessed 2021 September 2.

	11.	 National Nursing Management Professional Medical Quality Control Center. Goal oriented nursing process quality control toolkit. Beijing: Science 
and Technology Literature Press. 2023.

	12.	 Moons KGM, Kengne AP, Woodward M, Royston P, Vergouwe Y, Altman DG, et al. Risk prediction models: I. Development, internal validation, and 
assessing the incremental value of a new (bio)marker. Heart. 2012;98(9):683–90. https://doi.org/10.1136/heartjnl-2011-301246 PMID: 22397945

	13.	 Zhao SY, Shen B, Xin WW, Gao YQ. Risk prediction models for central venous catheter-related bloodstream infections: A systematic review. Chi-
nese Nursing Management. 2024;24(08):1239–45. https://doi.org/10.3969/j.issn.1672-1756.2024.08.022

	14.	 Chen XP, Zhang Y, Zhuang YY, Zhang ZH. PROBAST: A tool for assessing bias risk in the study of diagnostic or prognostic multifactorial prediction 
models. Chinese J Evidence-Based Medicine. 2020;20(6):737–44. https://doi.org/10.7507/1672-2531.201910087

	15.	 Herc E, Patel P, Washer LL, Conlon A, Flanders SA, Chopra V. A model to predict central-line-associated bloodstream infection among patients 
with peripherally inserted central catheters: the MPC score. Infect Control Hosp Epidemiol. 2017;38(10):1155–66. https://doi.org/10.1017/
ice.2017.167 PMID: 28807074

	16.	 Tang QY, Xin B. Establishment and validation of nomogram model for prediction of peripherally inserted central venous catheter-related blood-
stream infection risk. China Medical Herald. 2020;17(36):45–8.

	17.	 Tao Y, Mao JY, Xue M, Wang LY, Jiang GS, Liu YW. Construction of a prediction model for catheter-related bloodstream infection during PICC 
retention in cancer patients. Chinese Nursing Management. 2022;22(11):1718–21. https://doi.org/10.3969/j.issn.1672-1756.2022.11.023

	18.	 Sakai H, Iwata M, Terasawa T. External validation of the Michigan PICC catheter-associated bloodstream infections score (MPC score) for 
predicting the risk of peripherally inserted central catheter-associated bloodstream infections: A single-center study in Japan. Infect Control Hosp 
Epidemiol. 2023;44(3):480–3. https://doi.org/10.1017/ice.2021.497 PMID: 34924068

	19.	 Hao QY, Wang W. Influencing factors of catheter-related bloodstream infection in patients with lung cancer undergoing chemotherapy and 
construction of nomogram model for predicting its risk. Pract J Cardiac Cereb Pneum Vasc Dis. 2023;31(9):64–9. https://doi.org/10.12114/j.
issn.1008-5971.2023.00.174

	20.	 Guo J, Cao WJ, Zhang SP, Liu N, Ding YH. Construction and validation of a risk prediction model for PICC related bloodstream infections in elderly 
acute leukemia patients during chemotherapy. Chin J Mod Nurs. 2024;30(11):1489–96. https://doi.org/10.3760/cma.j.cn115682-20230824-00678

	21.	 Li W, Cao J, Du Y-L, Wen Y, Luo W-X, Liu X-Y. Risk factors and prediction model construction for peripherally inserted central catheter-related 
infections. Heliyon. 2024;10(8):e29158. https://doi.org/10.1016/j.heliyon.2024.e29158 PMID: 38644876

	22.	 Yu QQ, Zhao SQ, Zhao LT, Yu YM. Prediction of the risk to PICC associated bloodstream infection in cancer patients: a comparative study of two 
prediction models. Modern Clinical Nursing. 2024;23(9):10–6. https://doi.org/10.3969/j.issn.1671-8283.2024.09.002

	23.	 Ma SB, Liu AN, Liu Z, Liu KY, Sheng J, Wang QN. Influencing factors of social isolation in disabled older adults based on LASSO regression. J 
Nursing Sci. 2024;39(20):11–5. https://doi.org/10.3870/j.issn.1001-4152.2024.20.011

	24.	 Efthimiou O, Seo M, Chalkou K, Debray T, Egger M, Salanti G. Developing clinical prediction models: a step-by-step guide. BMJ. 
2024;386:e078276. https://doi.org/10.1136/bmj-2023-078276 PMID: 39227063

	25.	 Liang W, Liang H, Ou L, Chen B, Chen A, Li C, et al. Development and Validation of a Clinical Risk Score to Predict the Occurrence of Critical 
Illness in Hospitalized Patients With COVID-19. JAMA Intern Med. 2020;180(8):1081–9. https://doi.org/10.1001/jamainternmed.2020.2033 PMID: 
32396163

	26.	 Vittinghoff E, McCulloch CE. Relaxing the rule of ten events per variable in logistic and Cox regression. Am J Epidemiol. 2007;165(6):710–8. 
https://doi.org/10.1093/aje/kwk052 PMID: 17182981

	27.	 Intensive Care Medicine Branch of the Chinese Medical Association. Guidelines for prevention and treatment of intravascular catheter associated 
infections. Chinese Journal of Emergency Medicine. 2008;47(6):597–605.

	28.	 O’Grady NP, Alexander M, Burns LA, Dellinger EP, Garland J, Heard SO, et al. Guidelines for the prevention of intravascular catheter-related infec-
tions. Clin Infect Dis. 2011;52(9):e162-93. https://doi.org/10.1093/cid/cir257 PMID: 21460264

	29.	 Peduzzi P, Concato J, Kemper E, Holford TR, Feinstein AR. A simulation study of the number of events per variable in logistic regression analysis. 
J Clin Epidemiol. 1996;49(12):1373–9. https://doi.org/10.1016/s0895-4356(96)00236-3 PMID: 8970487

	30.	 Riley RD, Ensor J, Snell KIE, Harrell FE Jr, Martin GP, Reitsma JB, et al. Calculating the sample size required for developing a clinical prediction 
model. BMJ. 2020;368:m441. https://doi.org/10.1136/bmj.m441 PMID: 32188600

http://www.nhc.gov.cn/wjw/pjl/201412/806fe9a7171e4cf584c0d40ed093dfa7.shtml
http://www.nhc.gov.cn/wjw/pjl/201412/806fe9a7171e4cf584c0d40ed093dfa7.shtml
https://doi.org/10.3761/j.issn.0254-1769.2019.09.011
http://www.nhc.gov.cn/yzygj/s7657/202102/8c53313663284a7ba146648509538ee2.shtm
http://www.nhc.gov.cn/yzygj/s7657/202102/8c53313663284a7ba146648509538ee2.shtm
https://doi.org/10.1136/heartjnl-2011-301246
http://www.ncbi.nlm.nih.gov/pubmed/22397945
https://doi.org/10.3969/j.issn.1672-1756.2024.08.022
https://doi.org/10.7507/1672-2531.201910087
https://doi.org/10.1017/ice.2017.167
https://doi.org/10.1017/ice.2017.167
http://www.ncbi.nlm.nih.gov/pubmed/28807074
https://doi.org/10.3969/j.issn.1672-1756.2022.11.023
https://doi.org/10.1017/ice.2021.497
http://www.ncbi.nlm.nih.gov/pubmed/34924068
https://doi.org/10.12114/j.issn.1008-5971.2023.00.174
https://doi.org/10.12114/j.issn.1008-5971.2023.00.174
https://doi.org/10.3760/cma.j.cn115682-20230824-00678
https://doi.org/10.1016/j.heliyon.2024.e29158
http://www.ncbi.nlm.nih.gov/pubmed/38644876
https://doi.org/10.3969/j.issn.1671-8283.2024.09.002
https://doi.org/10.3870/j.issn.1001-4152.2024.20.011
https://doi.org/10.1136/bmj-2023-078276
http://www.ncbi.nlm.nih.gov/pubmed/39227063
https://doi.org/10.1001/jamainternmed.2020.2033
http://www.ncbi.nlm.nih.gov/pubmed/32396163
https://doi.org/10.1093/aje/kwk052
http://www.ncbi.nlm.nih.gov/pubmed/17182981
https://doi.org/10.1093/cid/cir257
http://www.ncbi.nlm.nih.gov/pubmed/21460264
https://doi.org/10.1016/s0895-4356(96)00236-3
http://www.ncbi.nlm.nih.gov/pubmed/8970487
https://doi.org/10.1136/bmj.m441
http://www.ncbi.nlm.nih.gov/pubmed/32188600

