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Purpose: Bloodstream infection among hospitalized patients is associated with serious 
adverse outcomes. Blood culture is routinely ordered in patients with suspected infections, 
although 90% of blood cultures do not show any growth of organisms. The evidence 
regarding the prediction of bacteremia is scarce.
Patients And Methods: A retrospective review of blood cultures requested for a cohort of 
admitted patients between 2017 and 2019 was undertaken. Several machine-learning models 
were used to identify the best prediction model. Additionally, univariate and multivariable 
logistic regression was used to determine the predictive factors for bacteremia.
Results: A total of 36,405 blood cultures of 7157 patients were done. There were 2413 
(6.62%) positive blood cultures. The best prediction was by using NN with the high 
specificity of 88% but low sensitivity. There was a statistical difference in the following 
factors: longer admission days before the blood culture, presence of a central line, and higher 
lactic acid—more than 2 mmol/L.
Conclusion: Despite the low positive rate of blood culture, machine learning could predict 
positive blood culture with high specificity but minimum sensitivity. Yet, the SIRS score, 
qSOFA score, and other known factors were not good prognostic factors. Further improve-
ment and training would possibly enhance machine-learning performance.
Keywords: bacteremia, blood culture prediction, machine learning, predictive medicine

Introduction
Bloodstream infection (BSI) is associated with adverse outcomes, including serious 
complications and increased mortality.1,2 Early detection of BSI is important 
because its absence may result in inappropriate initial therapy and lead to an 
increase in overall mortality.3

Though blood culture is routinely ordered for patients with suspected infections, 
only a small proportion of cultures yield true-positive results. Studies have demon-
strated that as many as 90% of all blood cultures do not show growth of any 
organism.4 Published guidelines do not clearly state when blood cultures should be 
drawn. Usually, clinician depends on their assessment to order for blood culture if 
the patient has a fever or a suspected endocarditis, or defined infectious syndromes 
like central line-associated bloodstream infection (CLABSI).

The field of machine learning is advancing rapidly and, through occurrences and 
experience continuously learns and improves its skill and decision-making ability. 
We hypothesize that machine learning would improve the accuracy of predicting 
bacteremia. This study was aimed at using machine-learning algorithms with data 
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or factors that are routinely collected while admitting 
patients to the hospital to calculate the probability that 
a requested blood culture will return a positive result.

Patients and Methods
Source of Data
The study was conducted at King Abdulaziz Medical City 
(KAMC), which is a tertiary care center in Riyadh, Saudi 
Arabia with a capacity of over 1500 beds. The hospital uses 
the health information system “BEST Care”. It is an electronic 
health record (EHR) that contains all the information about 
a patient, such as data on medication and physicians’ orders.

Participants
In this retrospective cohort study of blood cultures of 
admitted, adult patients (age more than 14 years) between 
July 2017 to July 2019. A flow chart is provided in Figure S1; 
Supplement 1. The exclusion criteria were repeated tests for 
the same patient on the same day and patients with “hema-
tological malignancy and organ transplant recipients”. Also, 
patients who were admitted to the ICU after 48h from their 
initial admission to the hospital were excluded. Nevertheless, 
patients who were shifted to the ICU within the first 48h of 
their admission to the hospital were included. Data related to 
the patients’ blood culture results and other independent 
variables were acquired and analyzed to derive and validate 
an algorithm that could predict positive blood culture.

Study Outcome
The outcome was based on positive or negative blood 
cultures. Contaminant organisms according to Clinical 
Laboratory & Standards Institute (CLSI) Guidelines were 
considered as negative. Blood culture, whether positive or 
negative, was tracked from the time of collection to look 
for the vital signs and other laboratory investigations 
before the time of the collection by 12–24 hours.

Several descriptive and predictive analytical techniques 
were used to detect data patterns and establish associations 
between positive blood cultures and the routinely collected 
data.

Predictors
The list of covariates was included in the data as follows:

The following factors were considered to be predictor 
variables: age, admittance diagnosis, length of stay before 
blood sample collection, co-morbidities, presence of central 
line–Foley catheter and tracheostomy at the time of blood 

culture request, and receiving antibiotics 24h before the 
blood sample was taken. All of these variables were col-
lected before blood culture collection. Vital signs: 
Temperature, heart rate, systolic and diastolic blood pres-
sure, respiratory rate, and Glasgow Coma scale. Laboratory 
testing: WBC count, platelet count, creatinine level, lactic 
acid level, C-reactive protein (CRP), and procalcitonin. 
SIRS and qSOFA scores were also included in the analysis.

Missing Variables
After all the data pre-processing was conducted, missing 
values were review. To remedy for missing values, two 
techniques were used. First, to drop out any record with 
any missing data point. Second, since most of the missing 
values were missing completely at random (MCAR), 
k-Nearest Neighbors imputation was used to impute 
these missing values with the 3 nearest neighbors and 
a uniform weight function.5

All used ML algorithms were performed on data with 
and without missing data imputation and their performance 
was compared to measure the effect of missing data on the 
performed analyses. Furthermore, the interquartile range 
(IQR) rule was used to detect and remove any outliers.6

The last step in the pre-processing was to balance the 
distribution between negative and positive blood cultures in 
the outcome variable to avoid any bias in the ML models’ 
predictions. To do so, the training data were subjected to 
Synthetic Minority Over-Sampling Technique (SMOTE) 
using the Imbalanced-learn package in Python 3.7.7,8 

Missing variables numbers are provided in Table S2; 
Supplement 3.

Definitions
Contamination
The following bacterial pathogens were recognized as 
contaminants according to Clinical Laboratory & 
Standards Institute (CLSI) Guidelines, namely, coagulase- 
negative staphylococci, Corynebacterium spp. (“diphther-
oid”), Propionibacterium spp, Aerococcus spp, 
Micrococcus spp, or Bacillus spp. Cultures showing their 
presence were considered as negative blood culture result. 
It is to be noted that blood cultures with two organisms or 
more were considered as positive if an organism that is not 
considered as a contaminant was present.

Statistics and Machine Learning
To achieve the objective of this study, predictive analytics 
were used to develop classification models that could 
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differentiate between positive and negative blood cultures 
using the data elements described above. Since the out-
come of the blood cultures was either positive or negative, 
multiple binary ML algorithms were trained and validated 
to classify each blood culture to either positive or negative. 
The followed approach was to train multiple models on the 
same dataset and compare their performances. The first 
model was built using Random Forest (RF) with 100 
estimators and maximum depth of 2 levels.9 The second 
model was built using Logistic Regression (LR, aka logit, 
MaxEnt) classifier, which implements regularized logistic 
regression using the “liblinear” solver.10

The third was built using Decision Trees (DT) with 
a maximum depth of 2 levels.11 The fourth model was built 
using Naive Bayes classifier for multivariate Bernoulli models 
(NB).12 The fifth was using Neural Networks (NN) with 7 
hidden layers with a dropout of 20% to control for over fitting 
and a learning rate of 0.1.13 All layers had Elu activation function 
except for the last layer which had sigmoid activation function 
for binary outcome. The sixth model was C-Support Vector 
Machine Classification (SVM) with a Radial Basis Function 
(RBF) kernel, and 0.031 gamma.14 All these models were sub-
jected to multiple hyperparameter tunings to select the best setup 
for each algorithm. All of these models (Except for NN) were 
developed using Scikit-learn package in Python 3.7.15

Furthermore, univariate logistic regression models 
were used to detect patterns and associations between the 
independent variables and the outcome of the blood cul-
tures. All variables that were found to be associated with 
blood culture outcome at a level of significance p-value 
0.05 were included in a multiple logistic regression model 
with a level of significance at p-value 0.05 as well.

Results
Participants
Between July 2017 and July 2019, 36,405 blood cultures 
were requested for 7157 admitted patients. The final analy-
sis for the prediction model included (n=21,073 cultures).

Their mean age was 61.5 years, with almost equal num-
bers of males and females. The mean hospital length of stay 
was 18.9 days before blood culture was requested. Almost 
one-fifth of the patients had a central line at the time of blood 
culture request (18.35%) and urinary tract infections were 
labeled in 20.86% of the patients. Concerning comorbidities, 
11.45% had heart failure and 13.63% of the patients under-
went surgical procedures within 14 days of blood culture 
requests. The other demographics are listed in Table 1.

The majority of the patients were on antibiotics the day 
before collection (89.96%). Their mean (Quick SOFA) qSOFA 

Table 1 Characteristics of Blood Cultures Episodes Included in 
Analysis (n=21,073)

Mean 

(n=21,073)

SD

Age, y 61.51 21.15

Gender; male (%) 52.20 0.49

Length of hospitalization “Before test”, in days 18.90 36.27

Antibiotics use* (%) 88.96 0.31

Surgery** (%) 13.63 0.34

Liver cirrhosis (%) 4.90

End stage renal disease (%) 5.61

Heart failure (%) 11.45

Stroke (%) 7.65

Urinary tract infection (%) 20.86

Clinical variables

Respiratory rate, breath/min 21.65 3.86

SBR in mm Hg 121.35 19.99

Temperature, °C 37.08 0.62

DBR in mm Hg 64.34 13.08

Heart rate, beats/min 92.12 17.82

GCS 12.24 3.17

Temperature ≥39°C (%) 1.18 0.10

Temperature ≥38 °C (%) 8.77 0.28

Central lines catheter (%) 18.35 0.38

Foley catheter (%) 19.49 0.39

Tracheostomy (%) 0.15 0.03

Lab/score variables

Platelet count, (109/L) 247.62 154.46

White blood cell count, (109/L) 9.998 5.85

Albumin level, g/liter 30.06 5.50

Creatinine level, umol/L 131.88 114.24

Sodium level, serum, mEq/L 135.79 5.66

Lactic acid equal or more 2 (mmol/L) (%) 12.98 0.33

CRP level = or > 50 mg/L (%) 12.00 0.32

Procalcitonin level = or >1 (%) 1.72 0.13

SIRS 1.55 1.04

qSOFA score 1.03 0.86

Clinical outcome

30 days mortality after blood culture request 11.73%

Notes: *24 hours before blood culture was obtained. **Within 14 days before blood 
culture was obtained. Systemic Inflammatory Response Syndrome (SIRS) is the occur-
rence of at least two of the following criteria: fever >38.0°C or hypothermia <36.0°C, 
tachycardia >90 beats/minute, tachypnea >20 breaths/minute, leukocytosis >12*109/l or 
leucopenia <4*109/l.26 Respiratory rate_22/min, GCS <15 and Systolic blood 
pressure_100mmHg.35 

Abbreviations: SBR, systolic blood pressure; DBR, diastolic blood pressure; GCS, 
Glasgow Coma Scale; qSOFA, quick SOFA score.
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score was 1, and their mean SIRS score was 1.55. Among 12% 
of the patients, lactic acid was more than 2 mmol/L.

Their vital signs were near-normal except for the 
higher mean of the respiratory rate of 21 breaths/min. 
Only 8.77% of the patients had a temperature of 38◦C or 
more, at the time of blood culture request. The presence of 
higher temperatures, more than 39◦C was the trigger for 
blood culture was in 1.18% of the patients.

Positive Blood Culture and Microbiology
The number of total true positive blood cultures was 2413 
and those with contaminations were 1829. Table 2 lists the 
organisms found in positive blood cultures. The most 
common pathogen was Enterobacteriaceae (Klebsiella, 
Pseudomonas, and E. coli). These collectively accounted 
for 1525 (43%) of total cultures. Candidemia was found in 
350 (14.5%) cultures and was more frequent than Staph. 
aureus found in 246 (10.19%) cultures. The distribution of 
positive blood cultures suggests that one-third of the 

positive blood cultures resulted from community- 
acquired infections (occurred in the first 72 h of the admis-
sion), while (43%) occurred after 16 days of admission.

Performance of the Models and Predictor
Table 3 lists the performance of each model. The highest 
specificity achieved by NN was 89%, with a sensitivity of 
17%. The best sensitivity was by Logistic regression 
(31%) with a specificity of (73%). Performance of non- 
imputed machine learning models is provided in Table S1; 
Supplement 2. Although SVM scored 100% specificity, it 
scored zero on sensitivity, which rendered the high speci-
ficity null. Since the SVM and NN are considered black- 
box algorithms, it is impossible to identify the relative 
importance of the independent variables to the prediction 
of positive blood culture. For this reason, in addition to 
machine learning, we undertook the examination of uni-
variate relationships then multivariate analysis to identify 
the eligible covariates (see Table 4).

The following factors are believed to be most signifi-
cantly associated:

Length of hospitalization more than 16 days (OR,1.88; 
95% CI, 1.70–2.08), presence of central line catheter 
(OR,1.87; 95% CI, 1.67–2.09), lactic acid more than 2 
(OR,1.53; 95% CI, 1.34–1.75) and Glasgow Coma Scale 
score (OR,1.23; 95% CI, 1.11–1.36).

Among the vital signs, only temperature was consid-
ered to be statistically significant (OR,1.23; 95% CI, 1.-
14–1.33): temperature at 38◦C or more (OR,1.50; 95% CI, 
1.28–1.75) and temperature at 39◦C or more (OR,1.62; 
95% CI, 1.11–2.38). Meanwhile, several factors such as 
being on antibiotics or leukocyte count did not show 
statistical significance. Nevertheless, the following factors 
were found to affect machine-learning performance:

Demographics and comorbidities: Age, antibiotics use, 
surgery within 14 days, Central Lines catheter, and length 
of hospitalization before blood culture test. Vital signs: 

Table 2 Microbiology of True Bacteremia

Organism Number Percentage

Gram Positive

Staphylococcus aureus 246 10.19%

Enterococcus species 199 8.25%
Streptococcus viridans 74 3.07%

Other 32 1.33%

Gram Negative

Escherichia coli 283 11.73%

Pseudomonas species 230 9.53%

Enterobacter species 135 5.59%
Acinetobacter species 107 4.43%

Klebsiella species 533 22.09%

Serratia species 50 2.07%
Other 174 7.21%

Candida species 350 14.50%

Table 3 Machine Learning Models Performance

Algorithm Accuracy Precision Specificity Sensitivity AUC

Decision tree 0.80 0.09 0.86 0.15 0.51

SVM 0.91 1 1 0 0.50
Random forest 0.75 0.11 0.79 0.30 0.54

Logistic regression 0.70 0.09 0.73 0.31 0.52

NN 0.82 0.12 0.88 0.17 0.53
NB 0.75 0.11 0.80 0.28 0.54

Abbreviations: SVM, support vector machine; NN, neural networks; NB, naïve Bayes.
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Respiratory rate, systolic blood pressure, temperature, dia-
stolic blood pressure, heart rate, and temperature. 
Laboratory test: White blood cell count, sodium level, 
platelet count, albumin level, and creatinine level.

The Scores of SIRS (OR,1.18; 95% CI, 1.12–1.24), and 
qSOFA (OR,1.22; 95% CI, 1.15–1.29), or their perfor-
mance whether positive or negative (score 2 or more) 
(OR,1.34; 95% CI, 1.21–1.48) (OR,1.40; 95% CI, 

Table 4 Independent Univariate Predictors of Positive Blood Culture Results

Positive (n=1696) Negative (n= 19,377) Univariate Analysis

Mean SD Mean SD OR (95% CI) P value

Age, y 60.33 20.75 61.61 21.18 0.99 (0.99–0.99) 0.01

Length of hospitalization “Before test”, in days 29.89 48.68 17.94 34.81 1.00 (1.00–1.00)) <0.001

Antibiotics use (%) 87.91 0.32 89.05 0.31 0.89 (0.76–1.04) 0.14

GCS 11.17 4.09 12.01 3.73 1.23 (1.11–1.36) <0.001

Surgery 13.20 0.33 13.67 0.34 0.96 (0.82–1.11) 0.58

Platelet Count, (109/L) 214.33 151.65 250.54 154.36 0.99 (0.99–0.99) <0.001

White Blood Cell Count, (109/L) 9.97 6.34 10.00 5.81 0.99 (0.99–1.00) 0.83

Albumin Level, g/liter 29.52 5.64 30.11 5.49 0.98 (0.97–0.98) <0.001

Creatinine Level, umol/L 141.23 122.66 131.06 113.44 1.00 (1.00–1.00) <0.001

Sodium Level, Serum, mEq/L 135.66 5.83 135.80 5.64 0.99 (0.98–1.00) 0.31

Respiratory rate, breath/min 21.97 4.18 21.62 3.83 1.02 (1.00–1.03) <0.001

SBR in mm Hg 118.61 20.69 121.59 19.91 0.99 (0.98–0.99) <0.001

Temperature, °C 37.16 0.70 37.07 0.61 1.23 (1.14–1.33) <0.001

DBR in mm Hg 63.10 14.02 64.45 12.99 0.99 (0.98–0.99) <0.001

Heart rate, beats/min 95.49 19.16 91.83073 17.67071 1.01 (1.00–1.01) <0.001

Central Lines catheter (%) 28.41 0.45 17.46 0.37 1.87 (1.67–2.09) <0.001

Foley Catheter (%) 17.92 0.38 19.63 0.39 0.89 (0.78–1.01) 0.08

Gender, Female (%) 43.63 0.49 48.15 0.49 0.83 (0.75–0.92) <0.001

Lactic Acid= or >2 (mmol/L) (%) 18.04 0.38 0.12 33.11 1.53 (1.34–1.75) <0.001

CRP Level = or > 50 mg/L (%) 13.03 0.33 0.11 32.39 1.10 (0.95–1.28) 0.17

Procalcitonin Level = or >1 (%) 2.18 0.14 1.68 0.12 1.30 (0.92–1.83) 0.13

SIRS 1.72 1.06 1.54 1.04 1.18 (1.12–1.24) <0.001

qSOFA 1.17 0.90 1.02 0.85 1.22 (1.15–1.29) <0.001

Temperature ≥39°C (%) 1.82 0.13 1.13 0.10 1.62 (1.11–2.38) 0.01

Temperature ≥38 °C (%) 12.20 0.32 8.47 0.27 1.50 (1.28–1.75) <0.001

Positive SIRS score (%) 57.72 0.49 50.37 0.49 1.34 (1.21–1.48) <0.001

Positive qSOFA (%) 37.44 0.48 29.87 0.45 1.40 (1.26–1.55) <0.001

Length of hospitalization “Before test”, 16 days (%) 43.75 0.49 29.22 0.45 1.88 (1.70–2.08) <0.001

Notes: Systemic inflammatory response syndrome (SIRS) is the occurrence of at least two of the following criteria: fever >38.0°C or hypothermia <36.0°C, tachycardia >90 
beats/minute, tachypnea >20 breaths/minute, leukocytosis >12*109/l or leucopenia <4*109/l.26 Respiratory rate_22/min, GCS <15 and Systolic blood pressure_100mmHg.35 

Abbreviations: SBR, systolic blood pressure; DBR, diastolic blood pressure; GCS, Glasgow Coma Scale; qSOFA, quick SOFA score.
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1.26–1.55) respectively, were potential univariate predic-
tors of bacteremia. However, they were not considered 
statistically significant in multivariate analysis. In the 
final stepwise logistic regression (Table 5), the significant 
predictors of bacteremia were the length of hospitalization 
(OR,1.30; 95% CI, 1.14–1.48), central line (OR,1.37; 95% 
CI, 1.21–1.55) and lactic acid more than 2 (OR,1.31; 95% 
CI, 1.13–1.52).

Discussion
In this largest analysis of the predictors of the positive blood 
culture using machine learning, there were nearly 34,000 
negative blood cultures withdrawn during the study period, 
highlighting the financial waste and the unnecessary burden 
on the microbiology lab. However, those findings are little 
less than the literature rate of positivity between 
(8–10%)16–18 for such a serious infection that has a crude 
30-days mortality rate between 13%–21%.1 This attempt at 
predicting positive blood culture is not a novel idea.16,18–21 

However, the previous work focused mainly on community- 
acquired bacteremia setting (patients reporting to the emer-
gency room), and the result was limited by low specificity.18

In our model, very high specificity was achieved but 
the sensitivity was low. Thus, our model would show 
higher false-negative results and missing true cases of 
bacteremia being labeled as negative, although the ability 
to rule out the disease was high. We believe the limited 
sensitivity and performance are likely to be related to the 
following:

1. The drawing of blood culture involves several steps 
and factors including the volume of the sample, 
which could affect the result. The volume of the 
blood sample has been noted in the old literature as 
the single most important factor for positivity and 
that holds in the era of highly automated blood 
culture machines based on the higher positive rate 
in the patients with higher APACHE II scores.22 

Such factors are relevant in clinical practice and 
of value, and may explain the discordant result 
(positive and negative blood culture results, both 

collected at the same time: (n = 743 episodes)), in 
our analysis.

2. The Heterogeneity implicated

A) The variable risk for bacteremia, which has been pos-
tulated by different studies depending on the different 
infectious syndromes (low risk in isolated fever, but as 
high as 50% in discitis, meningitis, and catheter-associated 
blood-stream infection).23 Thus, to cohort all of those 
patients in the same category assuming all patients have 
the same risk of bacteremia is likely to affect the machine- 
learning ability to predict because the risk needs to be 
classified based on various syndromes.

B) Variability among the patient population and the 
pathogens causing bacteremia. Therefore, bacteremia in 
the first 48 hours of admission is different from hospital- 
acquired infections whether in terms of the pathogen 
involved, risk factors, and site of infection.24 Furthermore, 
different etiologies of bacteremia and pathogens (gram- 
positive- gram-negative and candidemia) shown to make 
a difference to the machine-learning model’s performance. 
The distribution of blood culture through the admission 
period is provided in Figure S2; Supplement 4.

C) The variable host response to bacteremia ranges 
between the extremes of stable hemodynamic or shock 
resulting in multiorgan failure. This was strongly demon-
strated by the SIRS and qSOFA score among positive 
blood cultures; 42% had a negative SIRS score <2 and 
63% had negative qSOFA (Figure 1) in contrast with the 
previous works that showed good association with the 
SIRS score.19,25 Interestingly, since the introduction of 
the term SIRS in 1992,26 it was clear that bacteremia 
could intersect with sepsis and/or SIRS. This observation 
still holds. Thus, sensitivity in predicting sepsis is low and 
this was one of the reasons for redefining sepsis as occur-
ring in 1 out of 8 patients (12.5%), and multiorgan failure 
(MOF) did not meet at least two if the SIRS criteria.27,28 

Furthermore, the machine-learning model to predict sepsis 
by Giannini et al had a similar problem of low 
sensitivity.29

Table 5 Independent Multivariate Predictors of Positive Blood Culture Results

OR (95% CI) P value Z Score

Central line catheter 1.37 (1.21–1.55) 0 5.01
Lactic acid= or >2 (mmol/L) 1.31 (1.13–1.52) 0.0002 3.68

Length of hospitalization “Before test”, 16 days 1.30 (1.14–1.48) 0.0001 3.97
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3. Important statistical factors, like a large number of 
missing values of some of the lab work that physicians 
usually do not order when suspecting bacteremia such as 
(Procalcitonin level – lactic acid and other inflammatory 
markers), which may have a role in prediction.30,31

So, What are the Best Predictors for 
Blood Culture and When Should We 
Request Blood Culture?
While fever or leukocytosis is the major clinical driver for the 
physician to request for blood culture, several previous stu-
dies have shown a lack of correlation between these clinical 
parameters and bacteremia,19,32,33 which this study confirms.

It is not surprising that the presence of central-line, which 
is a known risk for CLABSI, as a risk factor for bacteremia, 
a cumulative risk pattern (between1.1–4.8 per 1000 catheter- 
days).34 However, hospitalization exceeding 16 days has been 

shown as a strong predictor of bacteremia by various models. 
Therefore, though this finding is not novel,20 the majority of 
the previous studies, including Nielsen et al24 did not show 
such association as this study has shown in and reflected 
a community-acquired rather than nosocomial bacteremia.

What is Next?
While our study used a large sample size and an extensive 
analysis of the variables by different methods of machine 
learning, it validated the previous scores, including the major-
ity of the variables/scores which were thought to be related 
based on the previous work. Not including some clinical 
assessment, which is compatible with the machine-learning 
idea and eliminating the variability and the bias in the assess-
ment of some findings (such as suspected endocarditis, nausea 
or vomiting, and chills) may be a strength and a limitation of 
this study at the same time.

A B

C D

Figure 1 SIRS and qSOFA scores distribution among positive and negative blood culture.
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Our study has some potential limitations including 
missing some variables, which may lead to underestima-
tion of some possible associations; inability to assess the 
risk from the blood culture and which could help to stratify 
the risk; and, lastly, the large percentage of the population 
being on antibiotics may change the hosts’ response to 
bacteremia.

Conclusion
Although Bacteremia is extremely complex and poorly 
understood, our study provides valuable insights into the 
predictors of bacteremia such as the duration of hospitali-
zation as meriting attention. The machine-learning perfor-
mance showed excellent specificity but still needs to 
improve its sensitivity.
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