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Abstract 

Objective  To identify the risk factors of bacterial blood stream infection (BSI) and construct a nomogram to predict 
the occurrence of bacterial BSI.

Methods  Blood stream infection is characterized by a systemic infection patient with positive blood culture 
and has one or more clinical symptoms, such as fever (body temperature > 38 °C) or hypothermia (body tempera-
ture < 36 °C), chills, hypotension, oliguria, or high lactic acid levels. The study dataset was randomly divided into a 70% 
training set and a 30% validation set. Univariate logistic analysis, least absolute shrinkage and selection operator 
(LASSO) regression analysis, and random forest algorithms were utilized to identify the potential risk factors for BSI. 
Independent risk factors identified by multivariate logistic analysis were used to construct a nomogram. The discrimi-
native ability, calibrating ability, and clinical practicality of the nomogram were evaluated using the receiver operating 
characteristic curve, calibration curve, and decision curve analysis.

Results  A total of 195 bacterial BSI patients were enrolled. gender, Acute Physiology and Chronic Health Evaluation-
II (APACHEII) score, nCD64 index, erythrocyte sedimentation rate (ESR), procalcitonin (PCT), C-reactive protein (CRP), 
Interleukin-6 (IL-6), lymphocyte count, T-cell count, B-cell count, NK-cell count, Interleukin-8 (IL-8), Interleukin-10 
(IL-10) and Interleukin-17A(IL-17A) were independent risk factors for BSI. The nomogram model exhibited excellent 
discrimination with an area under the curve (AUC) of 0.836 (95% CI 0.653–0.874) in the training set and 0.871 (95% 
CI 0.793–0.861) in the validation set. The calibration curve indicated satisfactory calibration ability of the predictive 
model. Decision curve analysis revealed that the nomogram model had good clinical utility in predicting bacterial BSI.

Conclusion  Overall, this study successfully identified five risk factors for BSI patients and developed a nomogram, 
offering individualized diagnosis and risk assessment to predict bacterial BSI in infected patients.
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Introduction
Blood stream infection is one of the most serious sys-
temic infections and a leading cause of mortality 
worldwide [1], with studies indicating that BSI-related 
mortality rates can be as high as 35.9% within 30 to 90 
days post-infection [2], and the mortality rate reaches 
50% in Candida BSIs [3]. Delay of appropriate antibiotic 
therapy in the setting of septic shock may result in a 7.6% 
increase in hourly mortality [4]. Therefore, early and 
accurate diagnosis of BSI would be essential to improve 
clinical outcomes in BSI.
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Blood culture remains the"gold standard"for the diag-
nosis of BSI, allowing the identification of a wide range 
of pathogens in the blood [5]. However, even if a clini-
cal diagnosis of BSI is considered due to the symptoms, 
there are many reasons that affect the diagnostic effi-
ciency. Firstly, time-consuming blood culture requires 
at least 24–48 h to isolate and identify the bacteria in 
positive samples. Secondly, low pathogen loads and slow 
growth of pathogens make it difficult to incubate and 
subsequently identify [6]. Thirdly, contamination and 
incubation time of blood culture usually lead to unnec-
essary antimicrobial therapy, prolonged hospitalization 
and increased healthcare costs [7]. Therefore, identifying 
risk factors for BSI would be clinically important. At pre-
sent, biomarkers used to diagnose BSI are mainly blood 
routine test (BRE), PCT, and CRP. There are variabilities 
among different studies that explored the risk factors of 
BSI [8, 9]. This study aims to identify the potential risk 
factors of BSI and construct a nomogram that can be 
used to personalize clinical decision-making and improve 
patient care of BSI.

Nomogram is a simple picture tool for predicting clini-
cal outcomes. Through a literature search, we found that 
few studies have developed nomograms predicting the 
risk of developing BSI in hospitalized patients. In this 
study, we collected relatively comprehensive detailed 
indicators of demographic, immune inflammation and 
other associations, aiming to investigate the important 
predictors associated with BSI. In addition, we developed 
a nomogram to predict the risk of BSI. Finally, we have 
conducted internal validation of the predictive model, the 
prediction performance of the model was satisfactory. 
Such predictive models can help clinicians make correct 
clinical decisions at earlier time points, thereby avoiding 
delayed diagnosis and treatment of infection.

Study population
We enrolled a total of 204 patients with positive conven-
tional microbiologic cultures admitted at The First Affili-
ated Hospital of Nanchang University, China, between 
April 2023 and September 2023. The blood stream infec-
tion group refers to blood bacterial infected individuals 
who have been cultured positive for peripheral blood 
samples collected twice or multiple times from different 
parts of the body, and the focal infection group showed 
negative blood culture but positive bacterial culture in 
other specimens. The exclusion criteria included (1) 
malignant disease; (2) autoimmune system diseases; (3) 
long-term immunosuppressive treatment; (4)patients 
intake antibacterial agent; (5) incomplete clinical data; 
(6) unknown final diagnosis. The patients peripheral 
blood samples were drawn for the laboratory test on 
the first day of diagnosis to be BSI. In the meantime, we 

recorded the demographic and clinical information, and 
the physiological indicators (body temperature, heart 
rate, breathing rate, APACHE-II score) and routine labo-
ratory results were collected from the electronic medical 
records. All the participants provided signed informed 
consent before participating in the study. According to 
the diagnostic criteria, a total of 9 patients were excluded 
for above reasons. The final 195 enrolled patients were 
randomly divided into a training set (70%, n = 136) and a 
validation set (30%, n = 59); the distribution of patients is 
presented in the study flowchart (Fig. 1).

Data collection
The data were obtained from the medical records of our 
Lab center. Clinical symptoms, demographic characteris-
tics, comorbidities, and laboratory data of patients were 
collected at the time of admission. Clinical symptoms 
include fever, abdominal pain, difficulty urinating, skin 
breakage, cough, jaundice, headache. Demographic char-
acteristics include age, sex, APACHEII score. Comorbidi-
ties include acute coronary syndrome, diabetes mellitus, 
chronic obstructive pulmonary disease and chronic kid-
ney disease. Laboratory data included nCD64 index, ESR, 
CRP, PCT, Treg cells (%), CD8 + CD28 + T (%), lympho-
cyte count and lymphocyte subtype percent and various 
cytokines.

Statistical analysis
In this study, all missing data were filled by multiple inter-
polation methods using the ‘mice’ package in R software, 
which is a well-established method for dealing with miss-
ing values. Laboratory parameters had < 11% missing-
ness, while clinical variables showed < 5% missing data. 
Continuous variables that follow a normal distribution 
were represented as mean ± standard deviation and com-
pared using the t-test. Continuous variables that do not 
follow a normal distribution were represented as median 
(interquartile range) and compared using the Mann–
Whitney U test. Categorical variables were presented 
as frequencies and percentages (%) and compared using 
the Chi-square test. The study dataset was randomly 
divided into a training set for developing the nomogram 
model and a validation set for validating it. The table for 
patient characteristics was generated by ‘CBCgrps’ pack-
age. Univariate logistic analysis, least absolute shrink-
age and selection operator (LASSO) regression analysis 
were employed to determine the potential risk factors 
in the training set. For univariate logistic analysis, vari-
ables with p < 0.05 were regarded as potential biomark-
ers. LASSO regression analysis was chosen for its ability 
to penalize the variables to reduce the risk of overfitting. 
For LASSO regression, the optimal tuning parameter λ 
with tenfold cross-validation was 0.078, following the one 
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standard error of the minimum criteria. At this λ optimal 
value (absolute value of coefficients > 0.001), the 6 vari-
ables were identified as potential biomarkers. The vari-
ables obtained by the above 2 methods were included and 
the backward stepwise regression was used in multivari-
ate logistic analysis to determine the final model. Vari-
ance inflation factor (VIF) ≤ 5 signified the absence of 
collinearity between the final model variables. Based on 
the independent variables, the nomogram for predicting 
BSI was developed by the regplot package in R software. 
The discriminative ability of the nomogram was evalu-
ated using the receiver operating characteristic (ROC) 
curve in both the training and validation sets. Moreover, 
decision curve analysis (DCA) was applied to assess the 
clinical practicality of the nomogram. All statistical anal-
yses were performed using R software (version 4.3.1). p < 
0.05 was considered statistically significant.

Results
Patient characteristics
In total, 195 patients with bacterial infections were 
recruited from The First Affiliated Hospital of Nanchang 
University in our study (Fig. 1). The cohort was divided 
into two groups of focal infections and blood stream 

infection, and separately divided into a training set and 
a validation set. The results of statistical analysis between 
the training and validation sets are presented in Table 1.

Compared with the validation set, patients in the train-
ing set had a higher IL-12p70 (p < 0.05). The characteris-
tics of blood stream infection group and focal infection 
group in the training set were compared in Table 2.

Patients with blood stream infection exhibited higher 
inflammation indicators levels include CRP, nCD64 
index, ESR, PCT, CRP, IL-6, IFN-γ,IL-8, IL-10 and 
IL-17 A. Additionally, they had lower levels of lympho-
cyte count, T-cell count, B-cell count and NK-cell count 
compared to those with focal infections (p < 0.05). Fur-
thermore, a significant difference was observed in the 
indicators reflecting severity of illness between the 2 
groups (p < 0.05).

Screening for potential risk factors
Univariate logistic regression analysis showed that gen-
der, APACHE II score, nCD64 index, ESR, PCT, CRP, 
IL-6, lymphocyte count, T-cell count, B-cell count, NK-
cell count, IL-8, IL-10 and IL-17 A were the potential 
risk factors of blood stream infection (Table 3).

Fig. 1  Flowchart of patient selection
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For LASSO regression, the following predictors were 
identified as risk factors for refractory peritonitis: gen-
der, IL-4, PCT, APACHEII score, nCD64 index and 
IL-17 A (Fig. 2).

Potential biomarkers obtained by the above meth-
ods were included in multivariate logistic regression 
analysis and backward stepwise regression was applied 
to identify the most reliable predictors. The results 
showed that gender, APACHE II score, nCD64 index, 
IL-6 and IL-4 were significant independent risk factors 
for blood stream infection (Table 4).

Nomogram establishment
The prediction model was established based on the train-
ing set. Apply the predictors obtained from multiple 
logistic regression analysis to construct a nomogram, and 
scores were assigned to the selected variables based on 
their regression coefficients (Fig. 3).

The cutoff value was 0.451, with a sensitivity of 0.653, 
and specificity of 0.874 based on the Youden index.

Discrimination and calibration
ROC curve was plotted to examine the discriminative 
ability of the nomogram (Fig. 4).

The AUC values of the nomogram for predict-
ing blood stream infection were 0.836 (95% CI 

Table 1  Characteristics of the training and validation sets

P-values, comparison between the training and validation sets. Bold font means p < 0.05

Variables Training set Validation set t/Z/χ2 P

Group Focal infection 87(64.0%) 29(49.2%) 3.749 0.053

Blood stream infection 49(36.0%) 30(50.8%)

Gender M 88(64.7%) 40(67.8%) 0.174 0.676

F 48(35.3%) 19(32.2%)

Age 59.76 ± 16.22 56.03 ± 16.09 1.479 0.141

APACHEII 12.00(7.00,18.00) 14.00(7.00,20.00) − 1.163 0.245

nCD64 index 1.30(0.59,3.62) 2.12(0.74,5.95) − 1.619 0.106

ESR(mm/h) 23.00(10.00,44.00) 19.00(5.00,43.00) − 0.984 0.325

Treg cells(%) 7.49(5.01,9.02) 7.74(5.68,9.51) − 1.392 0.164

CD28 + CD8 + T(%) 12.41(7.90,13.58) 12.41(10.40,15.50) − 1.240 0.215

PCT(ng/ml) 0.74(0.10,3.83) 1.08(0.20,6.36) − 1.044 0.296

CRP(mg/dl) 85.67(19.50,133.53) 56.21(12.52,200.00) − 0.475 0.635

IL-6(pg/ml) 39.05(11.65,135.40) 34.70(7.20,131.70) − 1.198 0.231

Lymphocyte count 837.50(441.00,1269.50) 910.00(532.00,1324.00) − 0.697 0.486

T-cell count 502.00(230.50,797.75) 513.00(288.00,811.00) − 0.416 0.678

T-cells (%) 60.61 ± 15.14 60.32 ± 15.40 0.123 0.903

B-cell count 111.50(51.25,187.75) 119.00(55.00,200.00) − 0.525 0.600

B-cells (%) 13.85(8.87,19.78) 13.95(7.40,20.05) − 0.421 0.674

NK-cell count 99.00(45.25,195.75) 91.00(54.00,204.00) − 0.291 0.771

NK-cells (%) 13.26(7.96,20.42) 11.25(7.38,19.47) − 0.604 0.546

CD4 + T-cells/CD8 + T-cells 1.51(0.91,2.14) 1.59(0.88,2.50) − 0.460 0.646

IFN-γ(pg/ml) 2.65(1.35,4.30) 2.07(1.17,4.20) − 1.138 0.255

IL-1β(pg/ml) 2.66(2.01,5.61) 2.77(1.48,4.98) − 0.791 0.429

IL-2(pg/ml) 1.58(0.70,2.56) 1.09(0.44,2.20) − 1.951 0.051

IL-4(pg/ml) 2.23(1.34,3.39) 2.16(1.16,2.88) − 0.667 0.505

IL-5(pg/ml) 0.96(0.42,1.84) 1.19(0.43,1.96) − 0.584 0.559

IL-8(pg/ml) 131.69(48.14,386.44) 153.47(61.04,394.00) − 0.633 0.527

IL-10(pg/ml) 10.36(4.39,33.73) 8.10(3.87,30.36) − 0.914 0.361

IL-12p70(pg/ml) 0.86(0.63,1.31) 0.71(0.49,1.13) − 2.056 0.040
IL-17 A(pg/ml) 1.05(0.80,1.55) 1.04(0.64,1.52) − 0.464 0.643

TNF-α(pg/ml) 2.11(1.27,3.87) 2.04(0.98,3.79) − 0.811 0.418

IFN-α(pg/ml) 1.10(0.43,1.59) 1.14(0.54,1.53) − 0.296 0.767
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0.716—0.847) in the training set and 0.871 (95% CI 
0.627—0.855) in the validation set, indicating its excel-
lent ability to discriminate patients with blood stream 
infection. The calibration curves for the nomogram 
were plotted and consistent between the observation 
and prediction (Fig.  5), indicating that the predictive 
model has a good calibration capability.

Clinical practicality
To evaluate the clinical practicality of the nomogram, 
the decision curves were plotted in both the training 
and validation sets (Fig.  6). The results showed that 
the nomogram model exhibits good clinical practical-
ity in predicting blood stream infection.

Discussion
Blood stream infection is the general term for sepsis and 
bacteremia, there is a close association with other infec-
tions such as pneumonia and urinary tract infections. The 
increase in antimicrobial resistance (AMR) and its direct 
link to sepsis have made blood stream infection a major 
concern in the public health field [10]. The time-consum-
ing blood culture impelled the development of many test-
ing strategies to reduce hours, including direct detection 
from blood samples by PCR and metagenomic sequenc-
ing of cell-free DNA in plasma [12]. In addition, emerg-
ing testing technologies have become prevalent in recent 
years, and methods such as proteomics, gene expression 
analysis, and gene expression profiling have begun to 
be used in the diagnosis of infectious diseases [11–13]. 

Table 2  Characteristics of BSI and focal infection patients in the training set

P-values, comparison between the BSI and focal infection patients. Bold font means p < 0.05

Variables Group Focal infection Blood stream infection t/Z/χ2 P

Gender M 50(57.5%) 38(77.6%) 5.534 0.019
F 37(42.5%) 11(22.4%)

Age 60.79 ± 15.48 57.94 ± 17.47 0.985 0.326

APACHEII Score 9.00(5.00,16.00) 16.00(12.00,19.00) − 4.098 0.000
nCD64 index 0.98(0.49,2.00) 2.57(1.26,7.03) − 5.131 0.000
ESR(mm/h) 21.00(8.00,43.00) 34.00(20.00,54.00) − 2.508 0.012
Treg cells(%) 7.31(4.87,8.55) 7.49(5.34,9.22) − 0.646 0.518

CD8 + CD28 + T(%) 12.47(8.70,12.47) 12.41(6.55,14.75) − 0.548 0.583

PCT(ng/ml) 0.41(0.10,1.21) 3.10(0.58,12.96) − 4.921 0.000
CRP(mg/dl) 61.27(14.87,122.16) 119.37(57.44,171.32) − 3.074 0.002
IL-6(pg/ml) 27.80(6.70,70.00) 94.90(29.95,1205.00) − 4.033 0.000
Lymphocyte count 975.00(594.00,1442.00) 540.00(285.50,1054.50) − 3.867 0.000
T-cell count 594.00(281.00,910.00) 318.00(182.50,627.50) − 3.164 0.002
T-cells (%) 59.29 ± 15.32 62.94 ± 14.69 − 1.353 0.178

B-cell count 130.00(73.00,221.00) 88.00(23.00,163.50) − 3.051 0.002
B-cells (%) 14.81(8.90,19.10) 13.53(8.46,25.24) − 0.125 0.901

NK-cell count 123.00(67.00,224.00) 58.00(32.00,124.50) − 3.869 0.000
NK-cells (%) 15.00(8.69,20.97) 12.64(6.60,17.97) − 1.308 0.191

CD4 + T-cells/CD8 + T-cells 1.64(0.90,2.16) 1.41(0.91,2.02) − 0.820 0.412

IFN-γ(pg/ml) 2.16(1.17,3.81) 3.72(1.86,5.94) − 2.448 0.014
IL-1β(pg/ml) 2.51(1.89,4.00) 3.48(2.23,8.70) − 1.795 0.073

IL-2(pg/ml) 1.57(0.67,2.35) 1.59(0.95,3.22) − 1.279 0.201

IL-4(pg/ml) 2.16(1.27,3.02) 2.36(1.60,3.95) − 1.507 0.132

IL-5(pg/ml) 0.96(0.47,1.75) 0.94(0.27,1.95) − 0.014 0.989

IL-8(pg/ml) 97.81(43.11,257.00) 207.67(93.64,806.09) − 3.252 0.001
IL-10(pg/ml) 7.04(4.04,18.23) 27.65(8.48,202.50) − 4.719 0.000
IL-12p70(pg/ml) 0.85(0.62,1.22) 0.91(0.65,1.64) − 1.301 0.193

IL-17 A(pg/ml) 0.95(0.70,1.31) 1.37(0.88,1.91) − 3.343 0.001
TNF-α(pg/ml) 1.95(1.10,3.67) 2.83(1.43,4.98) − 1.732 0.083

IFN-α(pg/ml) 1.00(0.39,1.59) 1.24(0.47,1.70) − 1.227 0.220
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Table 3  Univariate logistic regression analysis for blood stream infection patients

Bold font means p < 0.05

Variables B S.E Wald P OR 95% C.I.OR

Lower limit Upper limit

Gender −0.939 0.405 5.363 0.021 0.391 0.177 0.866

Age −0.011 0.011 0.971 0.324 0.989 0.968 1.011

APACHEII Score 0.090 0.027 11.521 0.001 1.095 1.039 1.153

nCD64 index 0.337 0.081 17.287 0.000 1.401 1.195 1.642

ESR(mm/h) 0.015 0.007 5.097 0.024 1.015 1.002 1.029

Treg cells(%) 0.028 0.055 0.252 0.615 1.028 0.923 1.145

CD8 + CD28 + T(%) 0.000 0.024 0.000 0.987 1.000 0.954 1.048

PCT(ng/ml) 0.095 0.033 8.298 0.004 1.099 1.031 1.172

CRP(mg/dl) 0.008 0.003 8.216 0.004 1.008 1.003 1.013

IL-6(pg/ml) 0.001 0.000 8.657 0.003 1.001 1.000 1.001

Lymphocyte count −0.001 0.000 11.351 0.001 0.999 0.998 0.999

T-cell count −0.002 0.001 8.677 0.003 0.998 0.997 0.999

T-cells(%) 0.017 0.012 1.809 0.179 1.017 0.992 1.041

B-cell count −0.004 0.002 4.030 0.045 0.996 0.993 1.000

B-cells(%) 0.011 0.019 0.328 0.567 1.011 0.974 1.049

NK-cell count −0.004 0.002 5.880 0.015 0.996 0.993 0.999

NK-cells(%) −0.017 0.018 0.905 0.341 0.983 0.950 1.018

CD4 + T/CD8 + T −0.018 0.144 0.016 0.898 0.982 0.741 1.301

IFN-γ(pg/ml) −0.003 0.028 0.014 0.905 0.997 0.943 1.053

IL-1β(pg/ml) 0.008 0.019 0.170 0.680 1.008 0.971 1.046

IL-2(pg/ml) 0.218 0.119 3.385 0.066 1.244 0.986 1.569

IL-4(pg/ml) 0.194 0.115 2.860 0.091 1.214 0.970 1.521

IL-5(pg/ml) −0.029 0.067 0.187 0.665 0.971 0.851 1.108

IL-8(pg/ml) 0.001 0.000 4.892 0.027 1.001 1.000 1.001

IL-10(pg/ml) 0.005 0.002 9.297 0.002 1.005 1.002 1.008

IL-12p70(pg/ml) 0.351 0.191 3.364 0.067 1.420 0.976 2.066

IL-17 A(pg/ml) 0.879 0.265 10.997 0.001 2.410 1.433 4.052

TNF-α(pg/ml) 0.006 0.021 0.086 0.769 1.006 0.965 1.049

IFN-α(pg/ml) 0.021 0.073 0.085 0.770 1.021 0.886 1.178

Fig. 2  LASSO regression analysis for BSI. Selection of tuning parameter (λ) using tenfold cross-validation (A) and LASSO coefficient profiles 
of variables (B)
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Table 4  Multivariate logistic regression analysis of BSI in the training set

Bold font means p < 0.05

Variables B S.E Wald P OR 95% C.I.OR

Lower limit Upper limit

Gender − 1.144 0.518 4.876 0.027 0.319 0.115 0.879

APACHEII Score 0.086 0.031 7.515 0.006 1.090 1.025 1.159

nCD64 index 0.322 0.090 12.904 0.000 1.380 1.158 1.645

IL-6(pg/ml) 0.001 0.000 5.064 0.024 1.001 1.000 1.001

IL-4(pg/ml) 0.330 0.167 3.903 0.048 1.391 1.003 1.931

Fig. 3  Nomogram for predicting BSI. *means p < 0.05; **means p < 0.01; ***means p < 0.001

Fig. 4  The ROC curves of nomogram for predicting BSI in the training set (A) and validation set (B)
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Unfortunately, these detection methods have some draw-
backs such as high-cost and long transit time, therefore 
restricting its clinical application. There are some predic-
tive inflammatory markers like PCT and CRP that are 
convenient for continuous monitoring. However, high 
false-positive and false-negative rates hinder the accu-
racy of detection. Thus, it is necessary to establish a new 
type of forecasting tool.

In the present study, a nomogram for predicting bac-
terial BSI among infected patients was built. The predic-
tive model was primarily based on clinically common 
variables, including APACHEII, nCD64 index, gender, 
age, ESR, various lymphocyte counts and cytokines. The 
nomogram contains 5 variables, including IL-4, IL-6, 
nCD64 index and APACHEII score of patients. The 
nomogram has been internally validated and shows good 
discrimination and clinical utility, yet no external valida-
tion was performed due to geographic, ethnic, and drug 
differences.

The activation of inflammatory mediators (e.g., IL-6, 
PCT, CRP, nCD64 index) is mainly due to the involve-
ment of the innate immune response. When necrotic 
tissue and microbes are present, they release detrimen-
tal substances into the body. These substances include 
damage-associated molecular patterns (DAMPs) and 
pathogen-associated molecular patterns (PAMPs) [14] 
The release of these detrimental substances activates pat-
tern recognition receptors (PRRs) expressed in innate 
immune cells, such as toll-like receptors (TLRs) [15]. The 
activation of these receptors further stimulates rapid pro-
liferation of innate immune cells like macrophages, den-
dritic cells, and neutrophils, accompanied by the release 
of numerous cytokines, such as IL-1β, IL-2, IL-6, TNF-α, 
IL-10, PCT, CRP and nCD64 index[16]. Previous stud-
ies have shown that they have a large number of clinical 
applications in the diagnosis of BSI.

Neutrophil CD64 expression is regulated in a graded 
fashion that seemingly parallels the degree of inflam-
matory response to the significant clinical process of 

Fig. 5  The calibration curves of nomogram for predicting BSI in the training set (A) and validation set (B)

Fig. 6  The decision curves of nomogram for predicting BSI in the training set (A) and validation set (B)



Page 9 of 11Jiang et al. European Journal of Medical Research          (2025) 30:404 	

infection or tissue injury. Previous studies of CD64 
usually focused on its use in sepsis and indicated that 
CD64 index was highly correlated with the presence 
of infection [17]. A systematic review of eight studies 
comprising 1986 patients by Wang et  al. regarding the 
diagnostic value of the nCD64 index in adult patients 
infection found that the pooled sensitivity and specificity 
were 76% (95%CI: 73–78%) and 85% (95%CI: 82–87%), 
respectively, it showed that measuring nCD64 expression 
values is beneficial for early diagnosis of sepsis in criti-
cally ill patients [18]. Similarly, the results of our study 
showed that CD64 infection index in the blood stream 
infection group was higher compared with the focal 
infection group and was a risk factor for BSI.

IL-6 and IL-4 play key roles in inflammatory responses 
and immune regulation, which may influence the occur-
rence of BSI. As we know, IL-6 acts on vascular endothe-
lial cells and plays an important role in pathogenesis 
under pathological conditions, leading to pathological 
damage and contributing to disease onset and progres-
sion [19]. IL-4 is a Th2 cytokine that plays a major role in 
anti-inflammatory responses and immune regulation and 
may affect the host’s ability to clear infection [20]. How-
ever, previous studies have shown that excessive levels 
of IL-4 and IL-6 trigger an overactive immune response, 
leading to inflammation damage and multi-organ dys-
function [21, 22]. Accordingly, our study suggests that 
IL-4 and IL-6 are risk factors for BSI. Moreover, immu-
nocyte including lymphocyte count, T-cell count, B-cell 
count, NK-cell count were decreased in focal infection 
group, there were not fully consistent results in previous 
studies and it may need to be verified by expanding the 
sample size.

Many reports indicated that APACHE II score was an 
independent risk factor for death in patients with bac-
terial BSI[23, 24]. However, the accuracy of the score 
system and utility in clinical practice may be limited 
because of its complexity. Our research observed that the 
APACHE II score was higher in the BSI group compared 
with the focal infection group and serve as risk factors in 
patients with BSI; it might be because of the severe symp-
toms and worse clinical outcomes in blood stream infec-
tion group.

Interestingly, gender also showed significant differ-
ences in BSI group and male patients are more prevalent. 
This may be related to the differences of the composition 
ratio in BSI individuals and immunity in different sexes. 
It was reported that 80% of patients with CRE infection 
were males, and male was an independent risk factor for 
CRE infection in a tertiary teaching hospital of China 
[25], which was validated in our conclusion. In addition, 
there were reports indicating that male patients were 
more likely to receive invasive treatments, such as deep 

venipuncture, mechanical ventilation, and dialysis in the 
ICU [26]; these treatments and operations may increase 
the risk of BSI. In our multivariate analysis, gender 
remained statistically significant (p = 0.027) even after 
adjusting for illness severity (APACHE II score), age and 
other laboratory variables included in the model. Emerg-
ing evidence suggested sex-based differences in immune 
response patterns. We acknowledge that our study was 
not powered to fully explore sex-specific pathophysiol-
ogy, and residual confounding by unmeasured factors 
is possible, the relationship may be more complex than 
our model could capture, potentially involving interac-
tions between sex hormones. Larger sample sizes may be 
needed to explore the gender-specific mechanisms in BSI 
apart from the known differences in immune response 
involved.

IL-4, IL-6, nCD64 index, measurements can usually 
be performed by routine venous blood sampling, rapid 
measurements, and accurate laboratory results. Accord-
ing to the nomogram, clinicians could collect the indica-
tors required and calculate the final score corresponding 
to the risk of infection in patients with BSI. The nomo-
gram is applied as follows: (I) the clinician measured 
IL-4, IL-6, nCD64 index and at the patient admission and 
recorded both gender and APACHEII levels; (ii) the total 
score was calculated by summing the points determined 
on the"Point"scale for each predictor variable. Compari-
son of the"total score"scale and the"Risk"scale yields the 
risk level of individual BSI; (iii) if the probability is higher 
than 0.331, patients will be classified as"high risk of BSI 
infection"with further tests including invasive and/or 
expensive tests to determine the presence of BSI. Other-
wise, they could continue on their usual treatment and 
follow-up observation.

Limitations of the study
Firstly, as a retrospective study, we obtained a limited 
number of case observations from the single center, 
it may lead to a selection bias. Secondly, we could not 
strengthen the external validation of the model owing 
to lack of the corresponding data set, it needs to be 
refined in subsequent work. Thirdly, the calibration 
curve suggests good agreement between observed and 
predicted probabilities, but there is no assessment of 
overfitting, given the current cohort’s sample size limi-
tations (n = 195), bootstrapping validation might intro-
duce substantial sampling errors. For future work, we 
plan to:1. supplement with bootstrapping validation 
(1,000 replicates) in an expanded cohort (target n = 
500); 2. validate the model’s generalizability using an 
appropriate external validation cohort when available. 
Furthermore, we did not include antibiotic use as a fac-
tor in the analysis due to the complexity of antibiotic 
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treatment information; the enrolled patients were not 
treated with antibiotics prior to the test. Finally, our 
study focused on a single cutoff value optimized for 
balanced accuracy, and did not comprehensively evalu-
ate alternative thresholds tailored to different clinical 
priorities (e.g., maximizing sensitivity vs. specificity). 
This trade-off analysis should be addressed in future 
validation studies. Further prospective studies are 
needed to verify the accuracy of our nomogram before 
widespread clinical application.

Conclusion
We successfully developed and validated a nomogram 
based on the LASSO regression and the logistic analy-
sis to predict the occurrence of BSI. We aim to control 
risk factors, conduct timely targeted active surveillance 
and identify early BSI patients based on the nomogram 
score, hence guide further treatment and prognosis of 
BSI.
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