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ABSTRACT 

Objectives 
Blood cultures (BCs) are commonly ordered in emergency departments (EDs), 
while a minority yields a relevant pathogen. Diagnostic stewardship is needed to 
safely reduce unnecessary BCs. We aimed to develop and validate a bacteremia 
prediction model for ED patients, with specific focus on the benefit of incorporating 
procalcitonin. 

Methods 
We included adult patients with suspected bacteremia from a Dutch ED for a 
one-year period. We defined 23 candidate predictors for a “full model”, of which 
nine were used for an automatable "basic model”. Variations of both models with 
C-reactive protein and procalcitonin were constructed using LASSO regression, with 
bootstrapping for internal validation. External validation was done in an independent 
cohort of patients with confirmed infection from 71 Spanish EDs. We assessed 
discriminative performance using the C-statistic and calibration with calibration 
curves. Clinical usefulness was evaluated by sensitivity, specificity, saved BCs, and 
Net Benefit. 

Results 
Among 2111 patients in the derivation cohort (mean age 63 years, 46% male), 273 
(13%) had bacteremia, versus 896 (20%) in the external cohort (n = 4436). Adding 
procalcitonin substantially improved performance for all models. The basic model 
with procalcitonin showed most promise, with a C-statistic of 0.87 (0.86–0.88) upon 
external validation. At a 5% risk threshold, it showed a sensitivity of 99% and could 
have saved 29% of BCs while only missing 10 out of 896 (1.1%) bacteremia patients. 

Conclusions 
Procalcitonin-based bacteremia prediction models can safely reduce unnecessary 
BCs at the ED. Further validation is needed across a broader range of healthcare 
settings. 
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INTRODUCTION 

Prompt identification of bacteremia in patients with suspected infection is crucial 
due to potential high morbidity and mortality without timely treatment.1 Currently, 
there is no satisfying rapid test to diagnose bacteremia in the emergency department 
(ED). According to sepsis guidelines, the standard is to obtain two sets of blood 
cultures (BCs).2 Unfortunately, culture results are only available after 24–48 h. In the 
meantime, physicians often decide on the start of empirical antibiotics. The yield of 
ED BCs is disappointing, only 4–11% identify true pathogens, while 0.2–3% actually 
impact treatment decisions.3–12 Moreover, 2–8% of BCs are contaminated by skin 
flora, potentially resulting in longer hospital stay, increased costs and unnecessary 
exposure to antibiotics.3–8 Procalcitonin is a biomarker that has been suggested to be 
useful to identify patients at low risk of bacteremia, with sensitivity for bacteremia 
ranging from 76–99% depending on the cut-off level.13–16 Furthermore, clinical 
decision rules such as the Shapiro score have a sensitivity over 90%. 17–21 It has 
been suggested that combining the Shapiro score with PCT could save 20% of BCs 
while identifying all bacteremia cases.15 However, biomarkers and decision rules 
have not found their way into routine clinical practice. We hypothesize that this 
is because simple models lack performance, while extensive decision rules might 
be too labor-intensive for busy EDs.22 Recently, multiple studies have developed 
promising automatable models that could be implemented in electronic health 
records (EHRs).23–26 Performance of such models might be improved by including 
PCT.

We aimed to develop an easy-to-use, automatable bacteremia prediction model to 
safely improve blood culture efficiency, preventing possible negative effects of false-
positive BCs, while evaluating the value of incorporating procalcitonin. Moreover, 
we validated the potential clinical usefulness of such a model in an unselected and 
heterogeneous group of patients presenting with suspected infection at the ED. 

MATERIALS AND METHODS 

Study design and setting 
We included consecutive patients aged 18 years and older with a BC taken between 
April 2019 and May 2020 during their ED visit at the Haga Teaching Hospital (a 
large hospital in The Hague, the Netherlands, with ± 60.000 ED visits annually). 
In the Dutch healthcare system, patients visit the ED if referred by their general 
practitioner or ambulance service. An automated PCT ordering procedure was 
installed for this prospective study. The decision to obtain a BC was left to the 
attending physician. PCT was measured using leftover blood, drawn for routine 
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chemistry concurrently with the BC. PCT was measured with an automated rapid 
sensitive assay (Elecsys Brahsm PCT on Roche Cobas E601, Basel, Switzerland; 
measuring range: 0.02–100 ng/mL). The PCT result was unavailable for the attending 
physician. We only included the first visit in case of multiple ED visits during the 
study period. The TRIPOD guideline was followed for reporting on the development 
and validation of multivariable prediction models.27

Data collection 
Patient records were reviewed by one of five GCP-certified investigators. 
We collected data on socio-demographics, comorbidities as defined by the Charlson 
Comorbidity Index (CCI), medication use, and the first vital signs at the ED.28 All 
numerical values were checked for impossible values. Additionally, we collected 
details on laboratory and microbiological results, and the clinical diagnosis in the ED.

Outcomes 
The primary outcome was bacteremia. Patients were considered to have bacteremia 
if at least one BC obtained within 48 h of ED presentation yielded a pathogen that 
was not deemed a contaminant. For most cultures, this was assessed by the clinical 
microbiologist. In case of doubt, this was done by the hospital antibiotic stewardship 
team. Coagulase-negative staphylococci (CNS), Bacillus spp., Corynebacterium spp., 
Propionibacterium spp., Viridans group streptococci, and Lactobacillus spp. were 
considered contaminants unless associated with an intravascular catheter or device, 
suspected endocarditis, or multiple positive blood cultures with the same bacterium 
in a patient with a non-vascular prosthetic device (e.g. prosthetic joint). BCs were 
incubated using the BacTEC/ Alert automated BC system. Determination was done 
with gram stain and the Bruker Maldi-tof-MS Biotyper. Contaminated BCs were 
considered negative. Secondary outcomes were hospital admission, ICU-admission, 
length of hospitalization and 30-day mortality (see Supplement). 

Definitions 
Altered mental status was defined as a Glasgow coma scale < 15 or a note of 
confusion or changed behavior. Recent use of antibiotics was defined as use in the 
previous seven days. Diagnoses were divided into different suspected infection sites: 
Respiratory, Urogenital, Skin and soft tissue, Central nervous system, Abdominal, 
Intravascular, Bone and joint, Infection of unknown origin and No or other infection.29 
Two investigators (AK, ED) independently categorized the patients and in case of 
disagreement, an infectious disease specialist was consulted (CvN). Cohen’s kappa 
was 0.87, indicating excellent agreement between assessors.



3

51

Developing bacteremia prediction models 

Ethics 
This study was approved by the Medical Ethics Committee and the Institutional 
Scientific Review Board (protocol T18–040). The need for informed consent 
was waived given the observational nature without impact upon patient’s 
management. This study was registered at the National Trial Register: https://
onderzoekmetmensen.nl/nl/trial/23345. 

Validation dataset 
External validation was performed in an independent Spanish dataset from the 
INFURG-SEMES study group, including patients with suspected infection and 
BC testing from 71 EDs.21 The inclusion criteria and collection of variables were 
comparable to the Dutch cohort, apart from slightly different definitions in use of 
immunosuppressants, use of antibiotics, altered mental status and site of infection. 
This validation set differed from the development as ultimately, only patients 
with confirmed infection were included. See the original article for an extensive 
description of the methodology used in the Spanish dataset.21 As breathing 
frequency was dichotomized in the Spanish dataset, we used multiple imputation 
of the continuous breathing frequency with an indicator variable for missingness.

Statistical analysis 
Continuous variables are presented as mean and standard deviation (SD) or median 
and interquartile range (IQR). Categorical data are summarized as counts and 
percentages. Comparisons were done using χ2 and Mann-Whitney-U tests, as 
appropriate. We predefined 23 candidate predictors based on previous literature 
and expert knowledge (Table 2). We balanced the number of candidate predictors 
to the number of bacteremia cases aiming for a minimum of 10 events per predictor 
to prevent over-fitting, including all patients for a one-year period to cover all 
seasons.30 All candidate predictors were used for a ‘full’ model, whereas only 
readily automatable predictors were used in a ‘basic’ model. Prediction models were 
fitted without biomarkers, with either CRP or PCT alone, and with both combined. 
All numerical predictors were used as a continuous variable. We considered linear, 
logistic or spline transformations of candidate predictors as indicated upon visual 
inspection. Variables with extreme values were winsorized towards the 1st and 
99th percentile.30 There was a maximum of 9% missing data per candidate predictor, 
which were multiple imputed using chained equations.31 Results were compared 
to those from complete case analysis (eTable 5). We created a stacked dataset 
of 10 imputed datasets, with weights of 1/10 per patient. Regression analysis 
with the Least Absolute Shrinkage and Selection Operator (LASSO) was used to 
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define the models. Odds ratios and intercepts are given without 95% confidence 
(CI) interval since penalization with LASSO leads to biased estimates that are 
optimal for prediction (eTable 6, eTable 7). Predictive performance was assessed by 
discrimination and calibration. Discriminative ability was assessed by the C-statistic, 
which is the area under the ROC curve. Calibration was evaluated by the calibration 
intercept, slope and graphically by plotting observed outcomes versus predicted 
risk. Internal validation was conducted with a 200 bootstrap resampling procedure, 
where the LASSO procedure was repeated in each bootstrap sample to estimate 
the optimism-corrected C-statistic.30 Predictions were calculated using the predict 
function from the R package ‘stats’. Final models were constructed in the combined 
development and validation dataset without predictors with coefficients close to 
zero. For these models, we repeated development and internal validation using 
a weighted LASSO regression with dataset (Spanish vs Dutch) as an additional 
predictor and using equal weighting for each dataset. As a safety assessment, we 
performed a subgroup analysis for immunocompromised patients. P-values of < 0.05 
were considered statistically significant. Analyses were performed using RStudio 
version 2023.03.0.

Potential clinical usefulness 
We calculated sensitivity, specificity, positive predictive value, negative predictive 
value, and the corresponding saved BCs and missed positive BCs. We report 
outcomes at a risk threshold of 5% for comparability to previous literature and for 
thresholds from 1% to 10% (eTable 3).26 For PCT, we considered preset cut-offs of 
< 0.05 ng/ mL, < 0.10 ng/mL, < 0.25 ng/mL and < 0.50 ng/mL. Clinical usefulness 
was summarized as Net Benefit (NB), expressed as net interventions avoided per 
100 patients, also known as NBOpt-out.32–34 NB quantifies the potential impact 
on patient outcomes by decision-making based on a prediction model compared 
to reference strategies of testing all or none of the patients (see Supplement). 
We constructed decision curves to show NB between 1% and 25% thresholds. 
We consider risk thresholds of 1% to 10% most clinically relevant, and above 25% 
clinically implausible since any clinician would order a BC if the risk of bacteremia 
would be over 25%.

RESULTS 

Of 2550 ED visits in the Dutch cohort, 218 were excluded because PCT was not 
correctly measured and 221 were patients with multiple ED visits (eFig. 1). Of 2111 
unique patients, 273 were diagnosed with bacteremia (13%) and 80 patients had 
contaminated BCs (3.8%). A total of 2980 BCs were taken from these 2111 patients 
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of which 404 yielded a true pathogen (14%) and 84 (2.8%) were contaminated. 
For detailed culture results, see eTable 1. 

The mean age in the Dutch dataset was 63 years and 54% (1147/2111) was male 
(Table 1). Bacteremia patients had more cardiovascular disease (146/273, 54% 
versus 668/1838, 36%), more diabetes mellitus (78/273, 29% versus 388/1838, 
21%) and more often a history of malignancy (78/ 273, 29% versus 394/1838, 
21%) (eTable 2). They suffered from more comorbidities (median CCI 4 versus 
3). Furthermore, vital parameters reflected more severe disease for those with 
bacteremia (e.g. lower blood pressure, higher temperature, heart rate and breathing 
frequency). 

Median PCT in bacteremia patients was 1.3 (IQR [0.43–9.3]) versus 0.18 (IQR 
[0.08–0.60]) for those without bacteremia (p < 0.001). Clinical outcomes were 
worse for bacteremia patients compared to those without bacteremia (See 
Supplement). The 4436 Spanish patients had similar demographics (mean age 67 
years; 2646/4436, 60% male) and less comorbidity (CCI median of 2 [1–4], Table 
1). Mean systolic blood pressure was lower and inflammatory markers were higher. 
Bacteremia was more frequent (896/4436, 20%), and more BCs were contaminated 
(227/4436, 5.1%). 
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Table 2: Bacteremia prediction models with odds ratios per predictor 

Candidate 
predictors

Basic 
without 
biomarkers

Basic 
with 
CRP

Basic 
with 
PCT

Basic 
with 
CRP 
and 
PCT

Full 
without 
biomarkers

Full 
with 
CRP

Full 
with 
PCT

Full 
with 
CRP 
and 
PCT

Only 
PCT 

Age 1.4 1.4 1.3 1.3 1.4 1.4 1.3 1.3

Gender

SBP 1.9 1.9 1.3 1.2 1.9 1.8 1.3 1.2

BFR 0.998 0.95 0.95 1.2 1.2 1.1 1.1

HFR 1.2 1.2 1.2 1.2 1.4 1.4 1.3 1.3

Temperature 2.2 2.2 2.1 2.1 1.9 2.0 2.0 2.0

GCS 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1

CRP 1.1 0.95 1.1 0.97

PCT 1.4 1.4 1.4 1.4 1.4

Antibiotics 0.4 0.4 0.4 0.4

Immuno 1.03 1.01 1.01

AMS 0.9 0.9

Catheter 3.5 3.5 4.4 4.4

Chills 1.6 1.6 1.4 1.4

Site of 
infectiona

0.9-19 0.7-14 0.7-17 0.7-19

Table 2. Overview of all models derived from Dutch derivation dataset with corresponding odds ratio per 
predictor. Predictors in red were not selected for the final model in the LASSO procedure. Grey variables 
were not considered. CRP = C-reactive protein, PCT = procalcitonin, SBP = systolic blood pressure, BFR = 
breathing frequency, HFR = heart frequency, GCS = glasgow coma scale, Antibiotics = Use of antibiotics 
in previous 7 days, Immuno = use of immunosuppressants, AMS = altered mental status, Catheter = 
indwelling vascular catheter, Chills = reported chills during ED visit. Possible infection sites were: No 
infection/non-bacterial infection, respiratory, skin and soft tissue, unknown, abdominal, urogenital, central 
nervous system, bone and joint, intravascular. The odds ratios reflect the following change in values: Age 
= per 10 years increase, SBP = per 20 mmHg decrease, BFR = increase of breathing frequency of 5/min, 
HFR = per increase in heartrate of 30 beats/min, GCS for each point decrease, CRP and PCT = for a doubled 
value. a For odds ratios per infection site see Supplemental material.
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Prediction models, performance and clinical usefulness 
Various prediction models were constructed (Table 2). Upon development, the 
basic models including PCT showed the highest discriminative performance with 
C-statistics of 0.81 (0.78–0.84) (Table 3). Adding clinical information increased 
the C-statistic beyond those of all basic models. Again, including PCT in the full 
models led to a substantial increase in C-statistic. Upon external validation, the 
effect of adding PCT to the basic models led to even higher C-statistics of 0.87 
(0.86–0.88). In contrast with the Dutch dataset, adding clinical variables did not 
show additional benefit over PCT. Upon external validation, the basic model with 
PCT saved BCs in 29% (1266/4366) of patients while only missing 10 out of 896 
(1.1%) bacteremia patients. Adding CRP would have missed one more bacteremia 
while saving another 1.3% of BCs. A model with procalcitonin only had a C-statistic 
of 0.79 (0.76–0.82) at internal validation and 0.90 (0.89–0.91) at external validation. 
This model saved 15% (643/4436) of BCs and missed 3 out of 896 bacteremia 
patients. Prediction models had limited impact on BC ordering if a risk threshold of 
1% was applied, and more impact for a 10% threshold (eTable 3). Overall, calibration 
showed systemic under-estimation of risk in the Spanish cohort, with intercepts 
of all models significantly different from 0 (Fig. 1). The calibration plots of models 
including procalcitonin showed a S-shape with overestimation of risks in the lower 
risk ranges and underestimation in the higher risk ranges, reflected in slopes 
significantly different from 1 (Fig. 1). A set of final updated models can be found in 
eTable 7. Finally, both the original and updated models that included PCT provided 
a net reduction of BCs across the vast majority of risk thresholds, specifically in the 
relevant range of thresholds between 1% and 10%. (Fig. 2). 

Missed bacteremia 
Applying a 5% risk threshold in the basic with PCT model in the Dutch data would 
have withheld BCs in 733/2111 (35%) of patients. This reduction would imply 
missing 12 bacteremia patients. A chart review suggested a probable negative impact 
for 2 out of 12 patients and one case with possible negative impact. For the other 9 
patients, no negative impact was expected (eTable 8). 

Subgroup analysis 
Among 331 immunocompromised Spanish patients, 75 (23%) had bacteremia. 
Using the basic model + PCT at the 5% risk threshold, none of those would have 
been missed while avoiding 27% (89/331) of BCs. The C-statistic was 0.90 (0.86–
0.93), and the underestimation of risk was similar to the full validation set (calibration 
intercept 0.71, 0.42–1.00). 
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Figure 1: Calibration plots of all models applied in the Spanish dataset 
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Figure 1. Calibration plots of all models applied in the Spanish dataset. X-axis represents predicted 
risks, Y-axis is the observed risks in the Spanish dataset. CRP = C-reactive protein, PCT = procal-
citonin.
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Figure 2: Net reduction of blood cultures 

Figure 2. Decision curve analysis showing the expected net reduction of blood cultures per pa-
tient for models in the Spanish cohort (A) and in the combined cohorts (B). The net reduction of 
blood cultures relative to testing everyone (“Test all”) is shown. The x-axis displays the possible risk 
thresholds for bacteremia on which to decide to withhold blood cultures. For instance: one physician 
might accept a maximum bacteremia risk of 5%, taking cultures in most patients. The net reduction 
of blood cultures, or Net BenefitOpt-out, can be calculated by TNRR*(1-p)-p*(1-R/R)*FNRR, in 
which TNR is the true negative rate, R is the risk threshold, p is the disease prevalence and FNR 
is the false negative rate. At a 5% threshold, the net benefit of the basic model with PCT is 0.24, 
calculated as ((1256/3540)*0.798)-((10/896)*0.202*(0.95/0.05)). See the supplemental material 
for more information about Net Benefit.
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DISCUSSION 

We found a substantial incremental value of PCT in multiple bacteremia prediction 
models, enabling a safe reduction in BC ordering. Five of our nine bacteremia 
prediction models were designed to be fully automatable, allowing for easy validation 
and implementation in EHRs. Considering both predictive performance and 
applicability, the basic model with PCT seems most promising. It could potentially 
save 29% of BCs, while only missing 1% of bacteremia patients. 

While we investigated multiple models, we focused on the basic with PCT model 
since including PCT led to substantially improved predictive performance. This is 
in line with previous research which showed an increase in the C-statistic of the 
Shapiro score from 0.73 to 0.80 by adding PCT.15 In contrast, Lien et al. showed 
no added benefit of PCT to a machine learning model based on a complete blood 
count.35 The added benefit of detailed clinical information was limited in both 
cohorts, while the manual data-entry required for such information would be a 
barrier for implementation at the ED. Although the basic model with both PCT and 
CRP as biomarkers was able to save slightly more BCs, the incremental value might 
be considered too limited to justify testing CRP for all patients. PCT had substantial 
value on its own already, particularly in the Spanish data set.

Interpretation 
A previously developed machine learning model demonstrated a C-statistic of 0.81 
(0.78–0.83) in a test cohort and, in a prospective validation, saved 30% of BCs 
while missing 6.6% of bacteremia patients at a 5% risk threshold.26 This reflects a 
sensitivity of 93%, while our basic with PCT model had a sensitivity of 99%, which 
is what clinicians appreciate for a bacteremia prediction model.22 Our models have 
the advantage of being transparent with respect to the predictors and their weights, 
unlike machine learning models in which variables are unavailable to the clinician, a 
‘black-box’. Second, choosing candidate predictors based on known physiological 
processes is expected to lead to more robust models with validity in different 
settings.36 Finally, being able to provide the regression equation also enables more 
straightforward validation and implementation in new settings.37

The discriminative performance of our models was higher in the Spanish cohort 
than at model development, but calibration showed systematic underestimation. 
This might relate to the different patient selection process for the Spanish dataset, 
as only patients with confirmed infection were included. Our models were unable 
to fully capture this difference in average bacteremia risk. Furthermore, the 
predictive value of PCT was very strong in the Spanish dataset, which explains 
the improved performance for all models containing PCT upon external validation. 



3

63

Developing bacteremia prediction models 

We do not have a clear explanation for this difference in diagnostic strength of 
PCT. The miscalibration motivated updating of the prediction models based on 
both datasets (eTable 6). These updated models require further external validation 
before considering clinical implementation. By following an iterative process of 
model updating and validation, we aim to create a broadly applicable bacteremia 
prediction model.38,39

In times where diagnostic stewardship becomes increasingly important, a bacteremia 
prediction model like ours meets a pressing need. However, no model will be 
perfect, and the use of such a model will inevitably miss some bacteremia patients. 
Although clinicians are hesitant to miss bacteremia, there is extensive literature 
on the lack of treatment consequences in the majority of positive BCs.3,9,10 Indeed, 
upon clinical review, missing bacteremia in patients with a predicted low risk was 
generally deemed clinically irrelevant, except in those with suspected endocarditis 
(eTable 8). We therefore do not recommend using our models in patients with a 
clear indication for BCs, such as suspected endocarditis or central-line associated 
bacteremia. Notably, the model performed well in the Spanish immunocompromised 
patients, missing none of 75 bacteremia cases at a threshold of 5%.

Societal value 
Apart from the clinical usefulness of our models, they also have potential societal 
value through cost reduction. Applying the basic with PCT model in the Spanish 
dataset would save 571 negative BCs per 1000 patients, assuming two BCs per 
patient. Additionally, it would prevent 18 false positive BCs per 1000 patients. 
Assuming 96 to 128 USD per negative BC, this would potentially save k$55 to 
k$73 per 1000 patients.7 At estimated costs of $2923 to $5812, avoiding the false 
positive BCs would save an additional $53.000 to $105.000, leading to a total 
saving of $108.000 and $178.000 per 1000 patients. Testing PCT for 1000 patients 
is estimated to cost $51.000 to $96.000.40,41 This would result in a potential net 
cost-saving of $12.000 to $127.000 per 1000 patients. We recognize that the costs 
of BCs and PCT testing differ across the world, and PCT testing can be costly, which 
will influence the potential cost-saving. Additionally, it is difficult to quantify the 
costs of missing a bacteremia. In the future, a more extensive cost-benefit analysis 
should be performed to quantify societal value.

Implementation 
There are two main things to be considered before implementing these models 
in clinical practice. First, we believe that another validation study of the updated 
models is essential to increase our understanding of the observed geographical 
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differences. Second, an implementation study should evaluate whether the models 
indeed lead to a safe reduction of BCs, while exploring how clinicians use such 
models and what risk of bacteremia they are willing to accept. 

We believe that our model should only be used in patients where the clinician sees 
an indication for BCs. This would prevent using the model in a broader range of 
patients, which could potentially lead to an unwanted increase of BC testing. It is 
important to realize that we only included patients with a clinical indication for 
BCs, and do not know the model performance in patients where the clinician would 
normally not have taken BCs. Finally, it is important to realize that the potential cost-
saving will be different per setting, mainly depending on the costs of BC and PCT 
testing. In places where PCT testing is not already implemented, high costs of PCT 
might be a barrier for implementation. However, we believe that especially at EDs 
already using PCT, the model has the potential to lead to significant cost reduction 
and can prevent patient harm related to false- positive BCs. 

Strengths and limitations 
The main strength of this study is the development and external validation of our 
models in two large international datasets with high-quality data and minimal 
missing values. While some definitions differed slightly between the development 
and validation cohorts, we consider the data a good reflection of clinical practice 
across different geographic locations as clinicians will interpret variables slightly 
different across settings.39 Furthermore, we applied state-of-the-art statistical 
methods to develop robust prediction models. This robustness is underlined by the 
fact that the models performed well even though the validation cohort consisted 
only of confirmed infections, in contrast to suspected infections in the development 
data. A limitation is that we observed some unexplained geographic variation in 
statistical performance (discrimination and calibration) and clinical usefulness 
(Net Benefit). This motivates validating the updated models in other geographical 
settings. Finally, we emphasized clinical interpretability and applicability, which will 
make implementation in clinical practice more feasible.

CONCLUSIONS 

PCT should be considered in any bacteremia prediction model because of 
considerably improved performance beyond clinical information alone. PCT-
based bacteremia prediction models can potentially safely reduce a large number 
of unnecessary BCs at the ED, motivating further validation across a range of 
geographical locations and healthcare settings. 
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