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Abstract

Background

General practitioners (GPs) often assess patients with acute infections. It is challenging

for GPs to recognize patients needing immediate hospital referral for sepsis while avoid-

ing unnecessary referrals. This study aimed to predict adverse sepsis-related outcomes

from telephone triage information of patients presenting to out-of-hours GP

cooperatives.

Methods

A retrospective cohort study using linked routine care databases from out-of-hours GP

cooperatives, general practices, hospitals and mortality registration. We included adult

patients with complaints possibly related to an acute infection, who were assessed (clinic

consultation or home visit) by a GP from a GP cooperative between 2017–2019. We used

telephone triage information to derive a risk prediction model for sepsis-related adverse

outcome (infection-related ICU admission within seven days or infection-related death

within 30 days) using logistic regression, random forest, and neural network machine

learning techniques. Data from 2017 and 2018 were used for derivation and from 2019 for

validation.
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Results

We included 155,486 patients (median age of 51 years; 59% females) in the analyses. The

strongest predictors for sepsis-related adverse outcome were age, type of contact (home

visit or clinic consultation), patients considered ABCD unstable during triage, and the entry

complaints”general malaise”, “shortness of breath” and “fever”. The multivariable logistic

regression model resulted in a C-statistic of 0.89 (95% CI 0.88–0.90) with good calibration.

Machine learning models performed similarly to the logistic regression model. A “sepsis

alert” based on a predicted probability >1% resulted in a sensitivity of 82% and a positive

predictive value of 4.5%. However, most events occurred in patients receiving home visits,

and model performance was substantially worse in this subgroup (C-statistic 0.70).

Conclusion

Several patient characteristics identified during telephone triage of patients presenting to

out-of-hours GP cooperatives were associated with sepsis-related adverse outcomes. Still,

on a patient level, predictions were not sufficiently accurate for clinical purposes.

Background

There is an increasing awareness of the importance of sepsis worldwide [1], with sepsis being a

leading cause of death globally [2], and survivors often suffering from long-term cognitive and

physical impairments [3]. Early recognition of sepsis is crucial for the prognosis, as early stages

of sepsis-related organ dysfunction are easily reversible with timely and adequate treatment

[4, 5]. Delay of such treatment is associated with increased mortality [6, 7]. However, reducing

mortality and morbidity from sepsis poses a significant challenge for healthcare providers [8].

General practitioners (GPs) are usually the first healthcare providers to assess patients with

(possible) sepsis. Therefore, the decision of the GP whether or not to refer a patient to the hos-

pital is essential for patients’ prognosis. In the Netherlands, GPs act as gatekeepers: they handle

more than 90% of medical problems presented, and a referral is needed for visits to medical

specialists in hospitals. Out-of-hours (OOH) primary care is provided by 51 organisations of

GP cooperatives, each of which has 50 to 250 GPs who provide care to 100,000 to 500,000 citi-

zens. The cooperatives serve 99% of the Dutch population of 17 million and are available daily

from 5 p.m. to 8 a.m. on weekdays and all hours on weekends [9].

Previous research from our project group has shown that about half of the patients admitted

to an Intensive Care Unit (ICU) due to community-acquired sepsis had contacted an OOH

GP cooperative prior to admission [10]. In almost half of these patients, infection was not sus-

pected by GPs who had assessed the patient. Mortality in patients where there was no suspi-

cion of an infection was substantially higher than in patients where the GP did suspect an

infection(42% versus 16%). About one in three patients were not referred to the hospital after

the first contact. This observation indicates that the OOH GP cooperative is a setting where

there is a relatively high-risk for sepsis, and the focus should not only be on patients with obvi-

ous signs of an infection.

In Dutch OOH GP cooperatives, each patient contact is preceded by telephone triage by a

trained triage nurse who is supervised by a GP. The triage nurse uses a computer-aided triage

system to determine the urgency and required follow-up care (S1 Appendix). Follow-up care

can include telephone advice, clinic consultation, home visits or ambulance deployment [9,
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11]. To prevent delay in treatment of patients with sepsis, triage nurses should identify patients

at risk for sepsis and allocate them a high urgency level. Currently, no specific tools are avail-

able for the recognition of possible sepsis during telephonic triage in the primary care setting.

This study aimed to predict sepsis-related mortality and ICU admissions from telephone triage

information of patients presenting to OOH GP cooperatives with possible infections. Subse-

quently, we aimed to assess the possible clinically utility of such predictions.

Methods

Design

This retrospective cohort study used linked routine care databases from out-of-hours (OOH)

GP cooperatives, general practices, hospitals, and mortality registration.

Population and setting

We included contacts from adult patients (�18 years) who had a face-to-face medical assess-

ment by a GP (clinic consultation or home visit) from one of the 28 OOH GP cooperatives in

the Netherlands participating in Nivel Primary Care Database (PCD) between 1 January 2017

and 30 November 2019 (application number NZR-00321.010). The follow-up period was 30

days. The calendar year 2019 was the most recent data available during the conduct of the

study, but the data from December 2019 could not be used as follow-up data was not available

for this month. We did not select earlier years as the amount of data was sufficient using the

selected years, and older data is less representative for the current situation. We included only

adult patients as clinical presentation and predictors of sepsis in children differ substantially

from adults. The Nivel PCD contains pseudonymized data on patient level from electronic

medical records from both OOH GP cooperatives and individual GPs. The total catchment

area of the participating OOH GP cooperatives consists of approximately 10.5 million Dutch

inhabitants. For approximately 10% of these patients, data from contacts with their daytime

general practice are also available in Nivel PCD. Contacts were only included in our study if

there was data from both the OOH GP cooperative and the regular GP. Therefore, the popula-

tion at risk consist of a ~ 1 million inhabitants of the Netherlands, and can be considered a rep-

resentative sample of the country. The following contacts were excluded:

• Patients who contacted the OOH GP cooperative with complaints unlikely associated with

severe infections (such as trauma, eye or ear complaints)

• Terminally ill patients (because acute hospital referral is not indicated to prevent mortality

in these patients)

See S2 Appendix. for criteria for terminal illness and a list of in- and excluded entry

complaints.

Data collection

We used data from OOH GP cooperatives, regular general practices, hospitals and the mortal-

ity registration (see Fig 1). To link the data, patient identification numbers were pseudony-

mized by a Trusted Third Party (ZorgTTP). All data were stored and analyzed in a secure

environment, facilitated by the Central Bureau for Statistics (CBS), to guarantee data safety.

First, we extracted data from contacts with the OOH GP cooperative from Nivel PCD: age,

gender, date and time of contact, contact type (telephone advice, clinic consultation or home

visit), ICPC code (International Classification of Primary Care), antibiotics prescribed during

contact, urgency at triage (six levels, ranging from U0: Resuscitation to U5: Advice), and entry
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complaint at triage. Contacts were labelled as “index contacts” if there was a time interval of at

least seven days between two face-to-face contacts. Only the index contacts were included.

Second, data from the patients’ general practices were retrieved from Nivel PCD. Candidate

predictors were selected based om literature, expert knowledge and data availability: date and

time of contact, ICPC code, antibiotics prescribed, chronic disorders (COPD, DM, heart and

vascular disease, neurological disease, renal impairment, active malignancy), and use of immu-

nosuppressive and benzodiazepine medication. These data were linked to the OOH GP coop-

erative-contacts based on pseudonyms to protect the patients’ privacy. Only general practice

contacts within 72 hours before and after OOH GP cooperative-contact were linked with the

OOH GP cooperative contacts.

Third, data from hospital admissions were extracted from Dutch Hospital Data (DHD):

date of hospital admission, admission department (including ICU), date and time of discharge,

and discharge diagnosis. Only hospital admissions within seven days after the contact with the

OOH GP cooperative were linked with the OOH GP cooperative contacts.

Finally, mortality data were extracted from the Personal Records Database (BRP): date and

cause of death. Only deaths within 30 days after the contact with the OOH GP cooperative

were linked with the OOH GP cooperative contacts.

Outcome measures

Primary outcome. We used “sepsis-related adverse outcome” as our primary outcome,

defined as 1) hospital admission due to infection within seven days, with at least one day at

ICU or 2) death of a patient due to infection within 30 days after index contact with OOH GP

Fig 1. Flowchart of included patients and linkage of data from different sources.

https://doi.org/10.1371/journal.pone.0294557.g001
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cooperative (S3 Appendix). Criteria when to label patients as having an infectious condition as

part of the primary outcome definition are shown in S3 Appendix.

Secondary outcome. The predefined primary outcome of interest only concerns patients

with a very severe disease course. Since many more patients have an indication for immediate

hospital referral to treat serious acute infections, we included “hospital admission due to infec-

tion within 72 hours after contact” as secondary outcome, defined as: i) hospital admission of

patient with infectious condition within 72 hours after index contact with OOH GP coopera-

tive and ii) length of stay of� 4 days.

Predictors

We selected the following variables as candidate predictors for development of the prediction

model: age (years); sex (male/female); time of contact (day/evening/night); entry complaint at

triage; urgency category (U0-U5); type of consultation (clinic consultation/home visit); earlier

contact with own GP < 72 hours (yes/no); earlier antibiotics prescribed by own GP< 72

hours; earlier telephone contact with OOH GP cooperative < 72 hours (yes/no); presence of

comorbidities (COPD, diabetes, heart and vascular disease, neurological disease, kidney dis-

ease, malignancy); number of comorbidities; use of immunosuppressive medication (yes/no).

All variables were selected that may be associated with sepsis based on literature and expert

knowledge. No statistical methods were used for preselection of candidate predictors.

Ethics approval

The use of electronic health records for research purposes is allowed under certain conditions.

When these conditions are fulfilled, neither obtaining informed consent from patients nor for-

mal approval by a medical ethics committee is obligatory for this type of observational studies

containing no directly identifiable data (art. 24 GDPR Implementation Act jo art. 9.2 sub j

GDPR). The Ethical Research Committee of the Radboud University Medical Center Nijme-

gen stated that this study does not fall within the remit of the Dutch Medical Research Involv-

ing Human Subjects Act [Wet Mensgebonden Onderzoek] (file number 2021–7325).

Analyses

Index contacts were the unit of analysis. We used descriptive analyses on population character-

istics, healthcare processes such as urgency and type of consultation, and the primary outcome

measure, sepsis-related adverse outcome. We did not impute missing data, as we observed

almost complete data with only two missing values for sex. These two patients were excluded

from the analyses.

The four entry complaints Airway, Breathing, Circulation and Disability are used for docu-

mentation of (potential) instability of vital functions, and were recoded into one entry com-

plaint “ABCD unstable”. We calculated relative risks (RR) with corresponding 95% confidence

intervals (CI) to examine the relation between all included entry complaints and sepsis-related

adverse outcomes.

For model development, we primarily performed multivariable logistic regression analysis

including all predictors. The complete model was reduced by removing variables based on

Akaike’s information criterion (AIC) change [12]. The final logistic regression model was

established when no more variables could be removed from the model without inducing a sig-

nificant rise in AIC. Besides the logistic regression model, we explored whether machine learn-

ing techniques could lead to an improved prediction model. Therefore, a gradient boosted

random forest model, and a fully connected feed-forward neural network were developed.

Both models were fit by minimizing the cross-entropy (i.e., maximizing likelihood). Tuning of
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important hyperparameters was performed via grid search based on 10-fold cross-validated C-

statistic (performed in the training data). To fit the random forest model, the XGBoost library

was used [13], and the tuned parameters were the maximum tree depth, the percentage of total

predictors sampled for the development of each tree, and gamma. For the neural network

model, the Torch library was used [14], and the tuned parameters were the learning rate, the

dropout regularization rate, the number of hidden layers and batch size. Details about the

hyperparameters used for model development are provided in S4 Appendix.

Logistic and machine learning model performance was assessed in terms of discrimination

and calibration. Discrimination was analyzed using the C-statistic, which equals the area

under the receiver operator characteristic curve. Calibration was assessed by visual inspection

of the calibration plot, as well as calibration in the large calibration slope, Brier score, and O/E

ratio.

For the derivation of all models, we used the data of the first two calendar years (2017 and

2018) as train data. The data of 2019 was used as test data to validate the derived models.

The best performing model was used for developing a sepsis alert, which uses a cut-off for

referral of patients suspected of sepsis. In case of similar performance, the logistic model was

preferred over the machine learning models due to its transparent nature.

Subgroup and sensitivity analyses were performed using the 2019 data. Predictions of the

best performing model were applied in the subgroups of clinical consultations and home visits.

Additionally, the model was assessed for prediction of an alternative composite outcome,

defined as either of the primary outcome, and the secondary outcome (hospital admission due

to infection< 72 hours after contact). Finally, a new model was developed in the subgroup of

patients receiving home visits, to assess if predictions would improve in this subgroup with the

highest prevalence of sepsis.

All analyses were performed with IBM SPSS 22 and R version 4.1.3 Statistical Software.

Results

Patient characteristics

In total, 155,486 index contacts from 114,917 individual patients were included in the analyses

(Fig 1); 120,684 (78%) concerned clinical consultations and 34,802 (22%) home visits.

(Table 1). The median age of the study population was 51 years (IQR 33–71), and 41% were

males. The overall 30-day mortality rate was 1.8% and the 30-day infection-related mortality

rate was 0.7%. The total number of index contacts with sepsis-related adverse outcomes in the

study population was 1,363 (0.9%).

Of the 27 entry complaints selected for inclusion in the study population (S1 Appendix),

“ABCD unstable” showed the highest increase in the risk of a sepsis-related adverse outcome

(RR 7.65 [95% CI 5.67–10.34]), followed by "general malaise" (RR 4.0 [95% CI 3.53–4.53]) and

"shortness of breath” (RR 3.01 [95% CI 2.78–3.26]). The results for all entry complaints are

shown in S1 Table.

Multivariable logistic regression showed for "ABCD unstable" an adjusted odds ratio (OR)

of 2.23 (95% CI 1.49–3.32); for "general malaise" OR 2.82 (95% CI 2.25–3.52) and for "short-

ness of breath” OR 1.81 (95% CI 1.48–2.20). For the entry complaint “fever”, an adjusted OR

of 2.24 (95% CI 1.7–2.94) was found. The multivariable logistic regression showed age (OR per

year 1.03 [95% CI 1.03–1.04], and type of contact (clinic consultation or home visit) (OR 4.38

[95% CI 3.51–5.47]) to be other important predictors of the primary outcome (S2 Table). Simi-

lar to the logistic regression analysis, the type of contact and age were the most important pre-

dictors in the random forest model (S1 Fig).
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Prediction models

The derivation data consisted of 104,552 contacts, with sepsis-related adverse outcomes occur-

ring in 0.82%. The validation data consisted of 50,932 contacts, of which 505 (0.99%) met the

primary outcome. The ROC curves and precision-recall curves of the three derived prediction

models are shown in Figs 2 and 3, respectively.

Table 1. Patient characteristics stratified by sepsis-related adverse outcome (yes vs no), and for the total study population.

Patient characteristic Sepsis-related adverse outcome Total

Yes No N = 155,486

N = 1,363 N = 154,123

Age, median years (IQR) 81 (70–88) 51 (33–70) 51 (33–71)

Sex N (%)

Male 693 (51) 63,290 (41) 63,983 (41)

Female 670 (49) 90,831 (59) 91,501 (59)

Time of contact N (%)

Mo-Fr 8.00–23.59h 353 (26) 44,685 (29) 45,038 (29)

Sat-Sun / holiday 8.00–23.59h 727 (53) 82,524 (54) 83,251 (54)

Night 0.00–7.59h 283 (21) 26,914 (17) 27,197 (17)

Type contact N (%)

Clinic consultation 227 (17) 120,458 (78) 120,684 (78)

Home visit 1,137 (83) 33,665 (22) 34,802 (22)

Urgency category, N (%)

U0-U1 32 (2.3) 1,526 (1.0) 1,556 (1.0)

U2 778 (57) 54,660 (35) 55,438 (36)

U3 527(39) 74,642 (48) 75,169 (48)

U4 23 (1.7) 20,524 (13) 20,547 (13)

U5 4 (0.3) 2771 (1.8) 2775 (1.8)

Comorbidities

COPD 342 (25) 13,081 (8.5) 13,423 (8.6)

Diabetes 423 (31) 21,129 (14) 21,552 (14)

Neurological disease 114 (8.4) 6,005 (3.9) 6,119 (3.9)

Kidney disease 350 (26) 11,490 (7.5) 11,840 (7.6)

Malignancy 137 (10) 6,716 (4.4) 6,853 (4.4)

Cardiovascular 742 (54) 31,000 (20) 31,742 (20)

Number of comorbidities

0 264 (19) 98,543 (64) 98,807 (64)

1 446 (33) 31,626 (21) 32,072 (21)

2 381 (28) 15,888 (10) 16,269 (10)

> 2 263 (19) 7,938 (5.2) 8,201 (5.3)

Immunosuppressive medication use 262 (19) 9,825 (6.4) 10,087 (6.5)

Antibiotics prescribed during contact 277 (20) 27,702 (18) 27,979 (18)

Antibiotics prescribed<72h before contact 144 (13) 4,103 (5.3) 4,217 (5.4)

Hospitalization due to infection <72h after contact 514 (38) 3,107 (2.0) 3,621 (2.3)

Duration of hospitalization, median (IQR) 7.0 (4.0–14.0) 4.0 (2.0–7.0) 4.0 (2.0–7.0)

30-day all-cause mortality 1,028 (75) 1,805 (1.2) 2,833 (1.8)

30-day infection-related mortality 1,028 (75) - 1,028 (0.7)

ICU admission during hospitalization 412 (30) - 412 (0.3)

IQR, interquartile range; ICU, intensive care unit

https://doi.org/10.1371/journal.pone.0294557.t001
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The multivariable logistic regression model resulted in a C-statistic of 0.892 (95% CI 0.880–

0.904). The random forest and neural network models resulted in nearly identical C-statistics

(Table 2). The logistic regression model showed a Brier score of 0.0094, a calibration slope of

0.97 and a calibration intercept of 0.12. Calibration plots of the three different models in the

validation data are presented in S2 Fig. As the predictions of the random forest model and

neural network model were not superior to the logistic regression model, we applied the logis-

tic regression model in further analyses.

To assess the clinical usefulness of a “sepsis alert” during triage, we calculated relevant diag-

nostic accuracy measures at different thresholds of the predicted probability (see Figs 2 and 3).

The optimal cut-off point based on the ROC curve was calculated at a predicted

probability > 0.59%. However, this is below the prevalence of the outcome (0.99% in the vali-

dation data), resulting in a large number of false positive results. Table 3 shows the results of

various different thresholds of the predicted probability. We consider a threshold >1% most

appropriate. With higher cut-off values, the sensitivity decreases below 80%, making it ineffi-

cient during an initial screening tool for sepsis-related adverse outcomes using telephone tri-

age information.

Fig 2. Receiver operating characteristic (ROC) curves of the different models.

https://doi.org/10.1371/journal.pone.0294557.g002
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Analyses of subgroups based on type of contact (clinic consultations versus

home visits)

Most outcomes were observed in patients who were visited at home (3.9% versus 0.2% in clini-

cal consultations), while this subgroup only represented 22% of the total population. We,

therefore, examined the predictive value of a sepsis alert by type of contact. In Table 3, the per-

formance measures at different thresholds of the predicted probabilities of the logistic regres-

sion model are presented for both clinic consultations and home visits. In case a sepsis alert

would be implemented at a threshold of a predicted probability >1%, the sensitivity in patients

receiving a clinic consultation would be 16%. This implies that 84% of the patients with sepsis-

Fig 3. Precision-recall curves of the different models.

https://doi.org/10.1371/journal.pone.0294557.g003

Table 2. Discrimination and calibration of the different models. The C-statistic is presented for both the derivation and validation data. The remaining outcome mea-

sures are reported only for the test data.

Model C-statistic Brier score Slope E/O ratio

Derivation data Validation data (95% CI) Validation data Validation data Validation data

Logistic regression 0.894 0.892 (0.880–0.904) 0.0094 0.97 1.22

Random forest (XGBoost) 0.914 0.894 (0.882–0.905) 0.0094 1.18 1.19

Neural network 0.901 0.887 (0.875–0.899) 0.0095 1.50 1.03

E/O, expected/observed; CI, confidence interval

https://doi.org/10.1371/journal.pone.0294557.t002
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related adverse outcomes in this subgroup would not be identified by the sepsis alert. The sen-

sitivity of the subset of home visits is 95%, but the positive likelihood ratio is 1.24. This implies

the probability that a patient receives a sepsis alert when visited at home is only slightly above

the baseline risk, making this alert highly inefficient. The C-statistic of the logistic regression

model after stratification for the type of contact was 0.84 for the clinic consultations and 0.70

for the home visits. A logistic regression model fitted on only the data from the patients receiv-

ing home visits did not improve predictions in this subgroup, as the C-statistic remained 0.70.

Sensitivity analysis

In sensitivity analysis, predictions for the combined primary and secondary endpoint resulted

in C-statistics of 0.853 for the logistic regression model, 0.849 for the random forest model,

and 0.851 for the neural networks model, respectively. For a sepsis alarm at a threshold of a

predicted probability >1%, we found a sensitivity of 70%, specificity of 84% and PPV of 11%

(see S3 and S4 Tables for futher details).

Discussion

Summary of findings

In this large cohort study using linked routine care databases, we identified patient characteris-

tics associated with sepsis-related adverse outcomes during telephone triage among patients

presenting to OOH GP cooperatives for possible infections. The variables associated with the

highest risk of sepsis-related adverse outcomes were age, type of contact (home visit or clinic

consultation), patients considered ABCD unstable during triage, and the entry complaints,

“general malaise”, “shortness of breath” and “fever”. A multivariable logistic regression model

resulted in a C-statistic of 0.89 for the prediction of sepsis-related adverse outcomes. Predic-

tion models based on machine learning techniques did not lead to an improved model. A sep-

sis alert based on a predicted probability >1% resulted in a sensitivity of 82%, PPV of 4.6%

Table 3. Specificity, positive predictive value (PPV) and negative predictive value (NPV) at different threshold of predicted probability.

Threshold of predicted probability Sensitivity Specificity PPV NPV LR+ LR-

>0.5% 90 76 3.6 99.9 3.7 0.14

>0.59% 89 78 3.8 99.9 4.0 0.15

>1% 82 83 4.5 99.8 4.7 0.22

>2% 68 89 5.7 99.6 6.1 0.36

>3% 56 92 6.7 99.5 7.2 0.48

>4% 43 95 7.3 99.4 7.8 0.60

>5% 33 96 7.9 99.3 8.5 0.70

Clinic consultations

>0.5% 35 93.2 5.4 99.2 5.1 0.70

>1% 16 98.3 2.0 99.8 9.3 0.85

>2% 2 99.8 11 98.9 11.3 0.98

Home visits

>1% 94 25 12 98 1.2 0.24

>3% 65 64 16 95 1.8 0.54

>5% 38 83 19 93 2.2 0.75

PPV, positive predictive value; NPV, negative predictive value; LR+, positive likelihood ratio; LR-, negative likelihood ratio

https://doi.org/10.1371/journal.pone.0294557.t003
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and a positive likelihood ratio of 4.8. However, about 80% of the outcomes were observed

among home visit patients, and in this subgroup, the model showed a C-statistic of 0.70. The

sepsis alert in this subgroup would only result in a slightly increased risk above baseline (posi-

tive likelihood ratio of 1.2), making this alert highly inefficient.

Comparison with previous research

The observation that most patients with adverse sepsis-related outcomes were found in the rel-

atively small group of patients receiving a home visits, was in line with previous research of

our study group. In a retrospective study of patients admitted to the ICU due to sepsis, the

majority of patients (59%) who contacted the GP cooperative were assessed during a home

visit [10]. Patients receiving home visits are at particular risk for sepsis as these patients are not

able to visit the GP cooperative themselves due to illness severity and are mainly frail elderly.

We did not identify any prediction models for sepsis or sepsis-related outcomes during triage

in the primary care setting. All published models are developed in the hospital setting and

include vital signs and sometimes laboratory results which are not available during telephone

triage. A 2020 systematic review identified 130 models published in 24 papers for predicting

sepsis using machine learning [15]. Most models were intended for the ICU setting, but also

models for the diagnosis and prediction of sepsis at emergency department (ED) admission

were published. We also identified several further models for the ED setting published between

2020 and 2022. The reported C-statistics of the models for the ED setting ranged between 0.87

and 0.97 and were found to be superior to the commonly used systemic inflammatory

response syndrome (SIRS) criteria and quick Sequential Organ Failure Assessment (qSOFA)

score. Goh and colleagues published machine learning models to predict sepsis during hospital

admission or time frames varying from 4 to 48 hours afterwards [16] and compared perfor-

mance to physicians’ predictions. The model based on unstructured clinical notes showed to

potentially increase the early detection of sepsis by 32% and reduce false positives by up to

17%.

Strengths and limitations

We were able to compose an extensive database with very few missing data by combining elec-

tronic medical records of GPs, OOH GP cooperatives, hospitals, and mortality registrations.

This is a significant strength, as this provided sufficient power for multivariable analyses of all

relevant variables.

Several limitations should be addressed. First, not all patients requiring hospital treatment

for (impending) sepsis were included in our primary outcome "sepsis-related adverse out-

come". We could not use the outcome “sepsis”, because detailed medical information to deter-

mine the presence of organ dysfunction was not available in the data. Furthermore, in the

Netherlands, the coding of sepsis using the available ICD-10 codes is not accurate. The diagno-

sis of sepsis requires expert knowledge, and coding is sometimes performed by administrative

personnel. Accuracy of coding varies between hospitals, and, in general, diagnosis of sepsis

based on ICD codes is known to be an underrepresentation of the true incidence [17]. More-

over, ICU admission and death resulting from infection are important adverse outcomes for

patients that should be avoided as much as possible. By focusing on these outcomes, patient

characteristics can be identified in patients who benefit the most from immediate hospital

referral.

Based on previous research [18], we estimate the number of patients requiring immediate

hospital treatment to be about 3–5 times greater than the number of sepsis-related adverse out-

comes but do not expect the predictors to differ between both groups. Another limitation is
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that detailed triage information was not available in the data. For example, patients presenting

with the entry complaints "Shortness of breath", "General malaise", or "Strange or suicidal

behavior” are asked during triage whether fever is present. Adding this important information

to the prediction model may substantially improve the predictions. Finally, the performance of

the models might be slightly optimistic due to the fact that some patients had multiple contacts

during the study. Contacts within one week were excluded, but new contacts after that time

period were analyzed as new index contacts. We did not exclude these additional contacts, as

this would lead to an underestimation of the importance of characteristics of patients with

multiple contacts. We do not believe this resulted in relevant bias. Firstly, the vast majority of

patients were included only once in the study, and secondly, a slightly lower predictive perfor-

mance of the model would not have changed the overall conclusion of the study.

Implications for practice and further research

Although the C-statistics of the developed models were promising, we considered predictions

insufficient for implementing a sepsis alert during telephone triage. The numbers of false posi-

tives and false negatives were unacceptably high depending on the predicted probability

threshold. Patients receiving a home visit are about 20 times more likely to meet the endpoint

sepsis-related adverse outcome in our study compared to patients assessed during clinic con-

sultations. Entry complaints not specific for infections such as “General malaise” and “Short-

ness of breath” are common in sepsis. This has two important implications. First, GPs should

be vigilant for possible sepsis during OOH home visits for nonspecific complaints. Secondly,

triage systems should be designed to allocate appropriate urgency levels to patients with high

risk of complications from sepsis in a broad range of entry complaints.

Machine learning algorithms to predict sepsis are increasingly developed in the hospital set-

ting and potentially improve the early detection of sepsis. In our study, the machine learning

models had no added value over the logistic regression model. This finding is observed in

most studies developing clinical prediction models [19]. However, machine learning can

potentially improve predictions when the quantity of data or model development increases,

especially when the data is unstructured [19]. Free text or voice recordings during telephone

triage may be used in the future. These raw data were unavailable in our databases, and are

currently not stored centrally. Adding unstructured data may improve the predictions, making

it potentially feasible to implement a sepsis alert after telephone triage in primary care. Such

sepsis alerts should not directly guide further treatment, but support GPs in their clinical deci-

sion-making process. GPs should carefully assess these patients including the measurement of

the patients’ vital signs and consider the diagnosis sepsis. Recently our study group published a

new sepsis prediction tool for GPs based on age, temperature, blood pressure, heart rate, oxy-

gen saturation and mental status [18]. A sepsis alert during triage may be a valuable reminder

for GPs to use this model during the face-to-face assessment.

In conclusion, sepsis-related adverse outcomes can be predicted based on telephone triage

information of patients presenting to out-of-hours GP cooperativesbut, based on the currently

available data, not sufficiently accurate to be of added value in clinical practice.

Supporting information

S1 Appendix. Urgency and entry complaints.

(DOCX)

S2 Appendix. Criteria for terminal patients.

(DOCX)

PLOS ONE Prediction of sepsis-related outcomes during triage in primary care

PLOS ONE | https://doi.org/10.1371/journal.pone.0294557 December 13, 2023 12 / 14

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0294557.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0294557.s002
https://doi.org/10.1371/journal.pone.0294557


S3 Appendix. Criteria for infectious condition.

(DOCX)

S4 Appendix. Details of machine learning models.

(DOCX)

S1 Fig. Importance matrix of the variables in the random forest (XGBoost) model).

(DOCX)

S2 Fig. Calibration plots of the developed models in the test data.

(DOCX)

S1 Table. Relative risk (RR) of sepsis-related adverse outcomes for the 27 included entry

complaints.

(DOCX)

S2 Table. Crude and adjusted odds ratio (OR) of all variables included in the multivariable

logistic regression model.

(DOCX)

S3 Table. C-statistic, Brier score and slope of the predicted probabilities of the different

models for the composite primary and secondary outcome in the test data.

(DOCX)

S4 Table. Diagnostic performance measures at different thresholds of the predicted proba-

bilities of the logistic regression model for the composite primary and secondary outcome

in the test data.

(DOCX)

Author Contributions

Conceptualization: Feike J. Loots, Marleen Smits.

Data curation: Feike J. Loots, Marleen Smits.

Formal analysis: Feike J. Loots, Marleen Smits, Kevin Jenniskens, Paul H. J. Giesen, Lotte

Ramerman.

Funding acquisition: Feike J. Loots, Marleen Smits, Robert Verheij, Arthur R. H. van Zanten,

Roderick P. Venekamp.

Investigation: Feike J. Loots, Marleen Smits, Artuur M. Leeuwenberg, Lotte Ramerman,

Roderick P. Venekamp.

Methodology: Feike J. Loots, Marleen Smits, Artuur M. Leeuwenberg, Lotte Ramerman.

Project administration: Marleen Smits.

Software: Artuur M. Leeuwenberg.

Supervision: Kevin Jenniskens, Paul H. J. Giesen, Robert Verheij, Roderick P. Venekamp.

Visualization: Feike J. Loots.

Writing – original draft: Feike J. Loots, Marleen Smits.

Writing – review & editing: Kevin Jenniskens, Artuur M. Leeuwenberg, Paul H. J. Giesen,

Lotte Ramerman, Robert Verheij, Arthur R. H. van Zanten, Roderick P. Venekamp.

PLOS ONE Prediction of sepsis-related outcomes during triage in primary care

PLOS ONE | https://doi.org/10.1371/journal.pone.0294557 December 13, 2023 13 / 14

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0294557.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0294557.s004
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0294557.s005
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0294557.s006
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0294557.s007
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0294557.s008
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0294557.s009
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0294557.s010
https://doi.org/10.1371/journal.pone.0294557


References
1. Cecconi M, Evans L, Levy M, Rhodes A. Sepsis and septic shock. Lancet. 2018 Jul 7; 392(10141):75–

87. https://doi.org/10.1016/S0140-6736(18)30696-2 Epub 2018 Jun 21. PMID: 29937192.

2. Rudd KE, Johnson SC, Agesa KM, Shackelford KA, Tsoi D, Kievlan DR, et al. Global, regional, and

national sepsis incidence and mortality, 1990–2017: analysis for the Global Burden of Disease Study.

Lancet. 2020 Jan 18; 395(10219):200–211. https://doi.org/10.1016/S0140-6736(19)32989-7 PMID:

31954465.

3. Prescott HC, Angus DC. Enhancing Recovery From Sepsis: A Review. JAMA. 2018 Jan 2; 319(1):62–

75. https://doi.org/10.1001/jama.2017.17687 PMID: 29297082.

4. Levy MM, Evans LE, Rhodes A. The Surviving Sepsis Campaign Bundle: 2018 Update. Crit Care Med.

2018 Jun; 46(6):997–1000. https://doi.org/10.1097/CCM.0000000000003119 PMID: 29767636.

5. Angus DC, Bindman AB. Achieving Diagnostic Excellence for Sepsis. JAMA. 2022 Jan 11; 327(2):117–

118. https://doi.org/10.1001/jama.2021.23916 PMID: 34940801.

6. Kumar A, Haery C, Paladugu B, Kumar A, Symeoneides S, Taiberg L, et al. The duration of hypotension

before the initiation of antibiotic treatment is a critical determinant of survival in a murine model of

Escherichia coli septic shock: association with serum lactate and inflammatory cytokine levels. J Infect

Dis. 2006 Jan 15; 193(2):251–8. https://doi.org/10.1086/498909 Epub 2005 Dec 13. PMID: 16362889.

7. Seymour CW, Gesten F, Prescott HC, Friedrich ME, Iwashyna TJ, Phillips GS, et al. Time to Treatment

and Mortality during Mandated Emergency Care for Sepsis. N Engl J Med. 2017 Jun 8; 376(23):2235–

2244. https://doi.org/10.1056/NEJMoa1703058 Epub 2017 May 21. PMID: 28528569.

8. Machado FR, Azevedo LCP. Sepsis: A Threat That Needs a Global Solution. Crit Care Med. 2018 Mar;

46(3):454–459. https://doi.org/10.1097/CCM.0000000000002899 PMID: 29474327.

9. Smits M, Rutten M, Keizer E, Wensing M, Westert G, Giesen P. The Development and Performance of

After-Hours Primary Care in the Netherlands: A Narrative Review. Ann Intern Med. 2017 May 16; 166

(10):737–742. https://doi.org/10.7326/M16-2776 Epub 2017 Apr 18. PMID: 28418455.

10. Loots FJ, Smits M, van Steensel C, Giesen P, Hopstaken RM, van Zanten ARH. Management of sepsis

in out-of-hours primary care: a retrospective study of patients admitted to the intensive care unit. BMJ

Open. 2018 Sep 17; 8(9):e022832. https://doi.org/10.1136/bmjopen-2018-022832 PMID: 30224394.

11. Smits M, Plat E, Alink E, de Vries M, Apotheker M, van Overdijk S, et al. Reliability and validity of the

Netherlands Triage Standard in emergency care settings: a case scenario study. Emerg Med J. 2022

Aug; 39(8):623–627. https://doi.org/10.1136/emermed-2021-211359 Epub 2022 Feb 8. PMID:

35135893.

12. Akaike, H. (1973), "Information theory and an extension of the maximum likelihood principle", in Petrov,
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17. Jolley RJ, Quan H, Jetté N, Sawka KJ, Diep L, Goliath J, et al. Validation and optimisation of an ICD-10-

coded case definition for sepsis using administrative health data. BMJ Open. 2015 Dec 23; 5(12):

e009487. https://doi.org/10.1136/bmjopen-2015-009487 PMID: 26700284.

18. Loots FJ, Smits M, Hopstaken RM, Jenniskens K, Schroeten FH, van den Bruel A, et al. New clinical

prediction model for early recognition of sepsis in adult primary care patients: a prospective diagnostic

cohort study of development and external validation. Br J Gen Pract. 2022 May 26; 72(719):e437–

e445. https://doi.org/10.3399/BJGP.2021.0520 PMID: 35440467.

19. Christodoulou E, Ma J, Collins GS, Steyerberg EW, Verbakel JY, Van Calster B. A systematic review

shows no performance benefit of machine learning over logistic regression for clinical prediction mod-

els. J Clin Epidemiol. 2019 Jun; 110:12–22. https://doi.org/10.1016/j.jclinepi.2019.02.004 Epub 2019

Feb 11. PMID: 30763612.

PLOS ONE Prediction of sepsis-related outcomes during triage in primary care

PLOS ONE | https://doi.org/10.1371/journal.pone.0294557 December 13, 2023 14 / 14

https://doi.org/10.1016/S0140-6736%2818%2930696-2
http://www.ncbi.nlm.nih.gov/pubmed/29937192
https://doi.org/10.1016/S0140-6736%2819%2932989-7
http://www.ncbi.nlm.nih.gov/pubmed/31954465
https://doi.org/10.1001/jama.2017.17687
http://www.ncbi.nlm.nih.gov/pubmed/29297082
https://doi.org/10.1097/CCM.0000000000003119
http://www.ncbi.nlm.nih.gov/pubmed/29767636
https://doi.org/10.1001/jama.2021.23916
http://www.ncbi.nlm.nih.gov/pubmed/34940801
https://doi.org/10.1086/498909
http://www.ncbi.nlm.nih.gov/pubmed/16362889
https://doi.org/10.1056/NEJMoa1703058
http://www.ncbi.nlm.nih.gov/pubmed/28528569
https://doi.org/10.1097/CCM.0000000000002899
http://www.ncbi.nlm.nih.gov/pubmed/29474327
https://doi.org/10.7326/M16-2776
http://www.ncbi.nlm.nih.gov/pubmed/28418455
https://doi.org/10.1136/bmjopen-2018-022832
http://www.ncbi.nlm.nih.gov/pubmed/30224394
https://doi.org/10.1136/emermed-2021-211359
http://www.ncbi.nlm.nih.gov/pubmed/35135893
https://torch.mlverse.org/docs
https://torch.mlverse.org/docs
https://github.com/mlverse/torch
https://doi.org/10.1007/s00134-019-05872-y
http://www.ncbi.nlm.nih.gov/pubmed/31965266
https://doi.org/10.1038/s41467-021-20910-4
https://doi.org/10.1038/s41467-021-20910-4
http://www.ncbi.nlm.nih.gov/pubmed/33514699
https://doi.org/10.1136/bmjopen-2015-009487
http://www.ncbi.nlm.nih.gov/pubmed/26700284
https://doi.org/10.3399/BJGP.2021.0520
http://www.ncbi.nlm.nih.gov/pubmed/35440467
https://doi.org/10.1016/j.jclinepi.2019.02.004
http://www.ncbi.nlm.nih.gov/pubmed/30763612
https://doi.org/10.1371/journal.pone.0294557

