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ABSTRACT
Background:  Candidemia is associated with a heavy burden of morbidity and mortality in 
hospitalized patients. The availability of blood culture results could require up to 48–72 h after 
blood draw; thus, early treatment decisions are made in the absence of a definite diagnosis.
Methods:  In this retrospective study, we assessed the performance of different supervised 
machine learning algorithms for the early differential diagnosis of candidemia and bacteremia in 
adult patients on a large dataset automatically extracted within the AUTO-CAND project.
Results:  Overall, 12,483 episodes of candidemia (1275; 10%) or bacteremia (11,208; 90%) were 
included in the analysis. A random forest classifier achieved the best diagnostic performance for 
candidemia, with sensitivity 0.98 and specificity 0.65 on the training set (true skill statistic 
[TSS] = 0.63) and sensitivity 0.74 and specificity 0.57 on the test set (TSS = 0.31). Then, the random 
classifier was trained in the subgroup of patients with available serum β-D-glucan (BDG) and 
procalcitonin (PCT) values by exploiting the feature ranking learned in the entire dataset. Although 
no statistically significant differences were observed from the performance measures obtained by 
employing BDG and PCT alone, the performance measures of the classifier that included the 
features selected in the entire dataset, plus BDG and PCT, were the highest in most cases.
Conclusions:  Random forest classifiers trained on large datasets of automatically extracted data 
have the potential to improve current diagnostic algorithms for candidemia. However, further 
development through implementation of automatically extracted clinical features may be 
necessary to achieve crucial improvements.

Background

Candidemia (i.e. bloodstream infection due to yeasts 
of the genus Candida) carries a heavy burden of mor-
bidity and mortality in hospitalized patients, with mor-
tality rates surpassing 50% in critically ill patients [1–4]. 
Furthermore, the development of candidemia is 

associated with prolonged hospital stays and increased 
healthcare costs [1].

There are no specific symptoms or signs associated 
with candidemia that can clearly differentiate it from 
bacteremia (i.e. bloodstream infection due to bacteria), 
which is more frequently encountered in hospitalized 
subjects [5–7]. Availability of blood culture results 
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could require up to 48–72 h after blood draw; thus, 
early treatment decisions (i.e. whether to start antifun-
gals besides empirical antibacterials) are made in the 
absence of a definite diagnosis. Appropriate early 
treatment choices should: (i) guarantee early initiation 
of antifungals in patients who truly have candidemia 
(or mixed candidemia and bacteremia), given the 
reported increase in mortality associated with delays 
in therapy [8, 9]; and (ii) avoid as much as possible 
useless antifungal treatment in patients with bactere-
mia only, in line with antifungal stewardship principles 
[10, 11].

Considering the similar presentation of bacteremia 
and candidemia, physicians often base their decision 
on whether to administer early antifungals on risk 
scores for candidemia and/or rapid serum fungal anti-
gens, such as serum β-D-glucan (BDG), or molecular 
tests [12–28]. Although useful, these approaches are 
not perfect; thus, further advances in the accuracy of 
candidemia prediction could help improve the appro-
priate early treatment of patients with a consistent 
clinical picture. Recently, there has been a growing 
interest in exploiting the aid of machine learning (ML) 
algorithms for this purpose, although frequently with 
the lack of large datasets (in terms of both features 
and training examples) [29–33].

In the present study, we aimed to assess the perfor-
mance of different supervised ML algorithms for the 
early differential diagnosis of candidemia and bactere-
mia in adult patients on a previously automatically 
extracted large dataset within the AUTO-CAND project.

Methods

Setting and objective

This retrospective study, conducted at IRCCS Ospedale 
Policlinico San Martino, a 1200-bed teaching hospital 
in Italy, comprised the second phase of the AUTO-CAND 
project. In the first phase, we validated the automated 
extraction of laboratory and microbiological data per-
taining to candidemia and bacteremia episodes that 
occurred in our center from 1 January 2011 to 31 
December 2019 [34, 35]. The details of the automated 
extraction process have been reported elsewhere [35]. 
Briefly, the automated system extracted 15,752 epi-
sodes of bloodstream infection that occurred during 
the study period [35]. More in detail, the following 
were extracted from the hospital laboratory informa-
tion system (LIS): 14,112 episodes of bacteremia (90%), 
1338 episodes of candidemia (8%), and 302 episodes 
of mixed candidemia/bacteremia (2%) [35]. The pri-
mary objective of the second phase of the AUTO-CAND 

project, reported in the present study, was to assess 
the diagnostic performance of different supervised, 
explainable ML algorithms for the early differential 
diagnosis of candidemia and bacteremia in adult 
patients on the previously extracted dataset. The 
exclusion criterion was an age < 18 years. The 
AUTO-CAND project was approved by the pertinent 
local ethics committee (Liguria Region Ethics 
Committee, registry number 71/2020). The requirement 
for informed consent specific for the present study 
was waived owing to the retrospective nature of the 
analyses.

Definitions

Candidemia was defined as the presence of at least 
one positive blood culture for Candida spp.; bactere-
mia was defined as the presence of at least one posi-
tive blood culture for one or more bacteria. At the 
time of collection, blood samples were labeled in the 
ward with a unique number provided by the hospital 
software and sent to the internal hospital laboratory 
for immediate incubation and registration in the LIS. 
The origin of each episode was defined as the day, 
hour, and minute when the first blood culture (later 
positive for Candida spp. and/or bacteria) was regis-
tered in the LIS. A blood culture positive for the same 
Candida spp. or bacteria causing a previous episode 
was considered the origin of a novel episode only if 
collected at least 30 days after the last positive blood 
culture collected within the previous episode. Episodes 
of candidemia and bacteremia starting within 48 h in 
the same patient were defined as mixed candidemia 
and bacteremia episodes [36]. Bacteremia episodes 
caused by coagulase-negative staphylococci or other 
common skin colonizers were considered only in the 
presence of two positive blood cultures (for the same 
organism) collected less than 48 h apart from two dif-
ferent sites or sets [37]. All tasks were automatically 
performed using an extraction system [35].

Data collected for the study

Besides age, sex, and ward of stay at the time of can-
didemia or bacteremia, the developed automated sys-
tem was able to extract the laboratory test results as 
they were, if performed, at each of the following time 
points: (i) at the episode origin and (ii) in each of the 
seven days before the origin [35]. The automated sys-
tem extracted the results of the following laboratory 
tests: white cell count, red cell count, platelet count, 
neutrophil cell count, lymphocyte cell count, basophil 
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cell count, eosinophil cell count, monocyte cell count, 
hemoglobin, hematocrit, creatinine, urea, uric acid, lac-
tate, lactate dehydrogenase (LDH), alkaline phospha-
tase (ALP), gamma-glutamyl transferase (GGT), alanine 
aminotransferase (ALT), aspartate aminotransferase 
(AST), total bilirubin, direct bilirubin, activated partial 
thromboplastin time (aPTT), prothrombin time, inter-
national normalized ratio (INR), glucose, glycated 
hemoglobin, total proteins, albumin, triglycerides, 
C-reactive protein (CRP), procalcitonin (PCT), and BDG. 
The automated system also extracted the following 
microbiological information pertaining to the 30 days 
before the origin of the episode (based on the results 
of cultures from respiratory, urinary, and gastrointesti-
nal sites [25]): (i) respiratory colonization by Candida 
spp., (ii) urinary colonization by Candida spp., (iii) gas-
trointestinal colonization by Candida spp., (iv) Candida 
colonization (yes vs. no), and (v) multifocal Candida 
colonization. The system was able to automatically 
detect if a specific laboratory test was performed at a 
given time point and if a specific colonization site was 
explored (i.e. whether cultures were collected within 
30 days before the origin of the episode) to correctly 
define missing values for statistical analysis [35].

Statistical analysis

The devised pipeline, described in detail in the follow-
ing paragraphs, is also summarized graphically in 
Figure 1. All the following analyses were performed in 
a Python 3 (Anaconda, Jupyter Notebook 6.5.2) envi-
ronment. The source code of AUTO-CAND is available 
at the GitHub repository [38].

Dataset preparation
As expected, based on routine clinical practice, a large 
percentage of missing data (especially sequential data 
for a given laboratory test in subsequent days) was 
present either by episode or by features (not all tests 
were performed daily but only selected ones accord-
ing to clinical needs). Therefore, for each laboratory 
test, we decided to consider only one result, i.e. the 
closest to the origin within the two previous days (i.e. 
the closest to the onset of candidemia or bacteremia). 
While this precluded the assessment of the impact of 
sequential variations over days of laboratory values on 
the prediction of candidemia, it allowed us to conspic-
uously reduce the number of missing values for a 
given variable. Then, we excluded those episodes and 
features for which the percentage of missing values 
was still higher than 50% in order to preserve the reli-
ability of multiple imputation [39]. Overall, 12,483 

episodes and 31 of the 42 available features were 
retained (Figure 2 and Supplementary figure S1). Of 
note, among the excluded features were serum BDG 
and serum PCT, due to a percentage of missing values 
higher than 89% and 72%, respectively. Based on pre-
vious literature, these two tests are expected to show 
the best diagnostic performance for candidemia (as 
single markers) among the explored laboratory tests 
[27]. For this reason, after training on the entire data-
set (without BDG and PCT), the ML model showing 
the best performance was also evaluated in the sub-
group of patients with BDG and PCT values not miss-
ing to verify whether the classifier was able to improve 
the isolated performance of BDG and PCT (see below). 
Eventually, 29/31 variables were included in the analy-
ses (ward of stay was excluded to focus only on labo-
ratory results and demographic data in line with the 
aim of the study, and the number of explored sites 
was excluded as unnecessary owing to imputation of 
the variable Candida colonization, see below).

Dataset splitting
Before applying ML algorithms, we split the complete 
sample into two datasets: training set and test set. We 
randomly assigned 70% of the episodes to the training 
set and the remaining 30% to the test set, maintaining 
the same proportion of candidemia episodes (includ-
ing mixed episodes; hereafter, we refer to this group 
as candidemia episodes) and bacteremia episodes 
(10% and 90%, respectively) in both the training and 
test sets. Consequently, we assigned 8738 episodes to 
the training set and 3745 episodes to the test set (see 
Figure 2). Among the two datasets, episodes without 
missing BDG and PCT were identified for further anal-
ysis (see below).

Imputation and standardization
There are several methods to handle missing data in 
clinical research [40]. We decided to impute missing 
values by means of Multiple Imputation with Chained 
Equations (MICE), through a nearest neighbors method, 
which is one of the most used in clinical settings [39, 
40]. Continuous features were standardized by sub-
tracting their means and dividing them by their stan-
dard deviations.

Machine learning algorithms and performance 
evaluation
Since the outcome variable was dichotomous (candi-
demia yes vs. no), the differential diagnosis between 
candidemia and bacteremia was considered a 

https://doi.org/10.1080/07853890.2023.2285454


4 D. R. GIACOBBE ET AL.

classification problem. The associations of training set 
features with candidemia were first descriptively tested 
in univariable analysis using the chi-square test (for 
categorical features) and the Kruskal-Wallis test (for 
continuous features), before imputation of missing val-
ues. Regarding multivariable analyses with ML algo-
rithms, performed after imputation of missing values, 
we trained the following three classifiers to guarantee 
model explainability: (i) L2-penalized logistic regression 
(PLR with L2 norm); (ii) L1-penalized logistic regression 

(PLR with L1 norm); and (iii) random forest. Details 
about the parameters selection for each model are 
provided in Table S7. To evaluate the performance of 
the classifiers in the training and test sets, a confusion 
matrix was built, and the diagnostic performance was 
assessed in terms of the following: (i) true skill statistic 
(TSS, also known as Youden Index); (ii) positive predic-
tive value (PPV, also known as precision), (iii) negative 
predictive value (NPV), (iv) accuracy, (v) weighted 
F1-score, (vi) specificity, (vii) sensitivity (also known as 

Figure 1. C omplete diagram of the devised pipeline. The diagram can be divided into six main steps: Data Loading & Preparation, 
Data Splitting, Data Imputation & Standardization, Model Selection, Features Selection, Evaluation of model and best set of fea-
tures on the complete subset of data with serum β-D-glucan (BDG) and procalcitonin (PCT) not missing. PLR: Penalized Logistic 
Regression; RF: Random Forest.

https://doi.org/10.1080/07853890.2023.2285454
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recall), (viii) negative likelihood ratio (LR−), and (ix) 
positive likelihood ratio (LR+). These measures depend 
on the threshold τ chosen to assign an episode to 0 or 
1 according to the probability predicted by the classi-
fier. By moving the threshold τ within the 0–1 interval, 
the sensitivity can be advantaged over specificity, or 
vice versa. In our study, we decided to favor sensitivity 
over specificity to minimize the number of 
false-negative results for candidemia. Indeed, not rec-
ognizing a true episode of candidemia was deemed 
the least desirable situation from a clinical perspective, 
since it could lead to perilous delays in antifungal 
treatment, in turn impacting survival. The sensitivity of 
BDG previously registered at our center was defined as 
the minimum performance requirement for the evalu-
ated ML models [22, 23]. Consequently, we deemed 
any chosen τ value to fulfill the following condition: 
sensitivity ≥ specificity ≥ 0.60. To advantage sensitivity 
over specificity, we explored τ values of ≤0.5. Eventually, 
the optimal τ value among those fulfilling the above 

conditions was selected as the one that maximized 
TSS. For each classifier and for each explored threshold 
τ, a 10-fold cross-validation was performed using a 
user-defined score function built to maximize the TSS 
calculated on the validation set in order to choose the 
best set of hyper-parameters for each classifier. Based 
on the threshold τ, the predicted probabilities were 
then assigned a value of 0 or 1 to build the confusion 
matrix and compute performance measurements on 
both the training and test sets. Once the optimal 
threshold τ was chosen, changes from the pre-test 
probability (defined as the baseline prevalence of can-
didemia) to the post-test probability of candidemia for 
all classifiers were graphically summarized using 
Fagan’s nomograms [41]. Further analyses were per-
formed to verify whether the resulting best classifier 
(based on features other than BDG and PCT) could 
help improve the diagnostic performance of BDG and 
PCT. Specifically, the subgroup of episodes with no 
missing BDG and PCT values was identified and used 

Figure 2. C omplete process of dataset preparation and splitting. The proportion of candidemia and bacteremia episodes is con-
stant, except for the two samples with serum β-D-glucan (BGT) and procalcitonin (PCT) not missing because they are directly 
derived from the previous two groups.
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to run a new classification process including the fea-
tures that had the greatest influence on the outcome 
on the entire dataset. To identify the most influential 
features, the permutation feature importance (PFI) was 
used. It employs a permutation approach to calculate 
a feature contribution coefficient in terms of change in 
the model measure of performance [40], evaluated in 
terms of TSS (which was the most relevant metric for 
our purpose, see above). Eventually, the PFI was 
repeated 30 times for stability of the resulting feature 
ranking, as shown in Figure 1.

Results

The characteristics and laboratory values of episodes 
of candidemia and bacteremia in the entire study pop-
ulation, training set, and test set are reported in 
Supplementary Table S1, whereas the results of 
descriptive univariable comparisons in the training set 
are shown in Table 1.

As shown in Table 1, an association with candi-
demia in univariable comparisons was observed for 
the following features: age, basophils, eosinophils, 
hematocrit, hemoglobin, red cell count, platelet count, 
aPTT, INR, prothrombin time, uric acid, ALP, total biliru-
bin, creatinine, GGT, LDH, urea, albumin, CRP, total pro-
teins, and Candida colonization.

As shown in Supplementary Table S2 (for PLR with 
norm L1), Supplementary Table S3 (for PLR with norm 
L2), and Table 2 (for random forest), all classifiers 
showed the best performance in terms of TSS, fulfilling 
the condition sensitivity ≥ specificity ≥ 0.60, around 
τ = 0.1. Overall, the random forest classifier (with τ = 0.1) 
achieved the best performance, with a sensitivity of 
0.98 and a specificity of 0.65 on the training set (TSS 
= 0.63) and a sensitivity of 0.74 and specificity 0.57 on 
the test set (TSS = 0.31). Fagan’s nomograms also 
showed a better performance of random forest over 
PLR models in impacting post-test probabilities of can-
didemia in both the training and test sets 
(Supplementary Figure S2).

Overall, 1165 episodes (of which 177 were candi-
demia, 15%) out of the 12,483 episodes of the com-
plete sample had available BDG and PCT values. To 
increase the stability of feature selection, a stratified 
10-fold cross-validation for three different shuffles of 
the training set was performed, and the best set of 
hyperparameters was selected as the one that maxi-
mized the TSS. Stratified cross-validation allows the 
maintenance of the same percentage of positive sam-
ples in the training and validation sets. At each itera-
tion, we evaluated the optimal value of the threshold 

τ, which was 0.1 in most cases. Overall, 23/30 models 
met the condition sensitivity ≥ specificity ≥ 0.60 thus, we 
considered feature ranks only from those 23 models. 
To select features to be used in combination with BDG 
and PCT in the subgroup of patients with these tests 
available, we first counted the number of times each 
feature was assigned within the first 18 positions (i.e. 
the positions including all ranks of at least one feature; 
see Supplementary Figure S3). The final feature ranks 
resulting from this count are listed in Supplementary 

Table 1. D escriptive univariable comparisons between candi-
demia and bacteremia in training set (performed before impu-
tation of missing values).

Features*

Candidemia 
episodes

n = 892 (10.2%)

Bacteremia 
episodes
n = 7846 
(89.8%) p

Male sex, n (%) 517 (58.0%) 4615 (58.8%) 0.6465
Candida colonization, n 

(%)
262/656 (39.9%) 846/4293 

(19.7%)
<0.0001

Age, in years 73 [61–81] 71 [59–80] 0.0075
Basophil cell count, in 

cells × 109/L
0.01 [0.00–0.04] 0.01 [0.00–0.04] 0.0253

Eosinophil cell count, in 
cells × 109/L

0.07 [0.00–0.20] 0.03 [0.00–0.10] <0.0001

Lymphocyte cell count, 
in cells × 109/L

0.80 [0.49–1.25] 0.76 [0.40–1.23] 0.0666

Monocyte cell count, in 
cells × 109/L

0.44 [0.23–0.70] 0.44 [0.20–0.70] 0.4728

Neutrophil cell count, in 
cells × 109/L

7.05 
[4.50–10.49]

7.24 
[3.71–11.70]

0.7894

Hematocrit, in % 28.9 [26.2–32.4] 30.3 [26.4–35.1] <0.0001
Hemoglobin, in g/L 95 [86–107] 99 [87–116] <0.0001
White cell count, in 

cells × 109/L
8.90 

[6.35–12.98]
9.38 

[5.41–14.10]
0.8405

Red cell count, in cells 
× 109/L

3.3 [3.0–3.7] 3.4 [3.0–4.0] <0.0001

Platelet count, in cells × 
109/L

200 [117–299] 170 [90–256] <0.0001

aPTT, in sec 35.10 
[30.80–42.15]

33.80 
[29.80–39.90]

<0.0001

INR 1.20 [1.10–1.35] 1.16 [1.06–1.32] <0.0001
Prothrombin time, as 

activity %
76 [63–88] 80 [65–93] <0.0001

Uric acid, in mg/dL 3.67 [2.37–5.67] 4.11 [2.69–5.97] 0.0014
ALP, in U/L 122.00 

[79.25–193.00]
100.00 

[70.00–161.00]
<0.0001

ALT, in U/L 28 [16–52] 27 [16–52] 0.5294
AST, in U/L 27 [17–43] 25 [16–46] 0.4539
Total bilirubin, in mg/dL 0.63 [0.41–1.11] 0.70 [0.45–1.27] 0.0014
Creatinine, in mg/dL 1.0 [0.7–1.6] 1.0 [0.7–1.6] 0.0479
GGT, in U/L 80.5 

[38.0–178.0]
65.0 

[29.0–165.0]
0.0002

LDH, in U/L 242 [194–328] 232 [180–319] 0.0062
Urea, in mg/dL 57 [35–102] 51 [34–86] 0.0008
Glucose, in mg/dL 124 [102–152] 120 [99–152] 0.0615
Albumin, in g/L 25.5 [21.6–30.9] 27.1 [22.5–33.0] <0.0001
CRP, in mg/dL 92.45 

[43.48–150.75]
98.40 

[44.03–165.00]
0.0412

Total proteins, in g/L 61.0 [55.9–68.2] 62.4 [56.0–69.0] 0.0498
Results are presented as median [interquartile range (IQR)] unless other-
wise indicated. Statistically significant p values (p <0.05) are reported in 
bold text. aPTT: activated partial thromboplastin time; INR: international 
normalized ratio; ALP: alkaline phosphatase; ALT: alanine aminotransfer-
ase; AST: aspartate aminotransferase; GGT: gammaglutamyl transferase; 
LDH: lactate dehydrogenase; CRP: C-reactive protein. *Denominator for 
frequencies provided in case of missing values (excluded from the 
denominator).
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Table S4. Starting from the one with the highest rank, 
we progressively added each feature to BDG and PCT 
and trained a random forest model on the subgroup 
of patients with available BDG and PCT results. The 
diagnostic performances for candidemia of the ran-
dom forest classifier, trained at different steps (i.e. with 
a progressively higher number of features in addition 
to BDG and PCT), in a set of 807 episodes (i.e. epi-
sodes with non-missing BDG and PCT values in the 
training set) are shown in Supplementary Figure S4. As 
shown in the figure, the best TSS values, provided that 
the condition sensitivity ≥ specificity ≥ 0.60 was satisfied, 
were mostly obtained for thresholds τ between 0.15 
and 0.2. Therefore, we decided to improve the search 
for the best subset of features by exploring thresholds 
τ between 0.15 and 0.2. As shown in Supplementary 
Figure S5 and Supplementary Table S5, the condition 
sensitivity ≥ specificity ≥ 0.60 was satisfied for thresholds 
τ between 0.15 and 0.18 (excluding subsets with a low 
number of features). Among these, we selected 0.175 
as the optimal threshold τ, as it showed the highest 
average TSS value (see Supplementary Table S5), and 
from a number of features equal to 9–12 onwards the 
performance measures reached an almost flat trend (in 
line with the saturation of the model). With a number 
of features N = 12, the TSS value reached a value 
greater than 0.95, and N = 12 was thus considered for 
further analysis.

In addition to BDG and PCT, the 12 features 
included in the model were eosinophil count, platelet 
count, neutrophil cell count, hematocrit, uric acid, 
monocyte cell count, hemoglobin, urea, albumin, lym-
phocyte cell count, white cell count, and prothrombin. 

Figure 3, Supplementary Figure S6, Supplementary 
Table S6, and Table 3 show the performances of the 
random forest classifier when trained in the subgroup 
of patients with available BDG and PCT values consid-
ering the following features: (i) only BDG and PCT 
(BDG-PCT); (ii) all available features (BDG-PCT + All fea-
tures); (iii) BDG, PCT, and the additional 12 features 
(BDG-PCT + 12 best features); and (iv) only the addi-
tional 12 features without BDG and PCT (12 best 
features).

As shown in Figure 3, the performance measures of 
the classifier (BDG-PCT + 12 best features) were the 
highest in most cases; however, as reported in Table 3, 
statistically significant differences were observed when 
the model (BDG-PCT + 12 best features) was compared 
with the model (12 best features), but not when the 
model (BDG-PCT + 12 best features) was compared with 
model (BDG-PCT). Compared to the model (BDG-PCT + 
12 best features), the performance measurements of 
the model (BDG-PCT + All features) tended to be worse, 
supporting feature selection as a reasonable way to 
obtain a more parsimonious and less expensive model 
for training.

Discussion

In this study, a random forest classifier performed bet-
ter than penalized logistic regression for the early 
diagnosis of candidemia after training on laboratory 
and microbiological features in a large dataset of 
12,483 episodes of candidemia or bacteremia.

In a sample of 295 patients hospitalized in medical 
wards with candidemia and bacteremia, Ripoli et  al. 

Table 2. E valuation of the diagnostic performance for candidemia of random forest classifier on both the training set and the test 
set as the threshold τ changes from 0 to 0.5 (with step 0.05).

Random forest

τ 0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5
Training set TSS 0 0.260 0.626 0.644 0.504 0.428 0.332 0.267 0.184 0.126 0.092

Precision 0.010 0.909 0.919 0.920 0.932 0.941 0.936 0.931 0.924 0.919 0.916
NPV 1 0.997 0.996 0.967 0.947 0.939 0.929 0.923 0.915 0.909 0.906
Accuracy 0.102 0.341 0.681 0.902 0.937 0.940 0.932 0.925 0.917 0.911 0.907
F1-score 0.019 0.402 0.744 0.909 0.931 0.930 0.916 0.905 0.890 0.878 0.871
SP 0 0.267 0.647 0.922 0.985 0.998 1 1 1 1 1
SE 1 0.993 0.979 0.722 0.519 0.430 0.332 0.267 0.184 0.126 0.092
LR- 0 0.025 0.033 0.302 0.488 0.571 0.668 0.733 0.816 0.874 0.908
LR+ 1 1.354 2.774 9.256 34.223 211.103 2603.605 Inf. Inf. Inf. Inf.

Test set TSS 0 0.163 0.305 0.229 0.134 0.093 0.068 0.032 0.021 0.022 0.012
Precision 0.010 0.879 0.869 0.853 0.846 0.848 0.855 0.856 0.865 0.879 0.880
NPV 1 0.965 0.950 0.923 0.911 0.907 0.904 0.901 0.900 0.900 0.899
Accuracy 0.102 0.310 0.583 0.817 0.866 0.886 0.895 0.897 0.898 0.899 0.899
F1-score 0.019 0.367 0.664 0.833 0.855 0.861 0.861 0.856 0.854 0.855 0.852
SP 0 0.240 0.566 0.869 0.943 0.973 0.988 0.995 0.998 0.999 0.999
SE 1 0.924 0.739 0.360 0.191 0.120 0.081 0.037 0.023 0.023 0.013
LR- 0 0.315 0.462 0.736 0.858 0.904 0.931 0.968 0.979 0.978 0.988
LR+ 1 1.216 1.702 2.747 3.373 4.437 6.479 7.681 11.286 19.751 21.945

Values in bold text refer to the best performance on the training set satisfying the predefined clinical condition (see text). TSS: true skill statistics; NPV: 
negative predictive value; SP: specificity; SE: sensitivity; LR-: negative likelihood ratio; LR+: positive likelihood ratio.
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also previously assessed the performance of a random 
forest classifier for the prediction of candidemia versus 
controls with bacteremia (matched according to the 
time at risk elapsed from admission to bloodstream 

infection), showing 84% sensitivity and 91% specificity 
after training based on 42 clinical features [30]. In 
another study including 501 patients with candidemia 
and 2000 controls without candidemia, a random 

Figure 3. C lassification performances of random forest trained with 4 different set of features (BDG-PCT, BDG-PCT + all features, 
BDG-PCT + 12 best features, 12 best features). Classification performances were evaluated in terms of: (A) true skill statistic (TSS), 
(B) Precision, and (C) negative predictive value (NPV). Each box plot shows results obtained on the validation set over the 10 folds 
of cross-validation and 3 shuffles (30 points in total).

Table 3.  p-Values resulting from the statistical analysis performed with Friedman and Wilcoxon tests.
Friedman Wilcoxon

Measure of 
performance Joint comparison

BDG-PCT vs 
BDG-PCT + All 

features

BDG-PCT vs 
BDG-PCT + 12 
best features

BDG-PCT vs 12 
best features

BDG-PCT + All 
features vs 

BDG-PCT + 12 best 
features

BDG-PCT + All 
features vs. 12 best 

features

BDG-PCT + 12 
best features 

vs. 12 best 
features

TSS <0.0001 0.1981 0.0266 <0.0001 0.0043 <0.0001 <0.0001
Precision <0.0001 0.2801 0.0455 <0.0001 0.8872 <0.0001 <0.0001
NPV <0.0001 0.0006 0.0190 <0.0001 0.0120 <0.0001 <0.0001
Accuracy <0.0001 <0.0001 0.8475 0.0015 <0.0001 <0.0001 0.0003
F1-score <0.0001 <0.0001 0.8036 0.0001 <0.0001 <0.0001 <0.0001
SP <0.0001 <0.0001 0.2642 0.7303 <0.0001 <0.0001 0.6109
SE <0.0001 <0.0001 0.0195 <0.0001 <0.0001 <0.0001 <0.0001
LR− <0.0001 0.0007 0.0179 <0.0001 0.0155 <0.0001 <0.0001
LR+ <0.0001 <0.0001 0.5666 <0.0001 <0.0001 0.8236 <0.0001
The analyses were performed to assess if the distribution of the measures of performance (obtained through a stratified ten-fold cross-validation for three 
shuffles, i.e. collecting each value of the metrics on each validation set) in the four subsets of features under consideration differed significantly. If the 
Friedman test for the joint comparison of the four subgroups failed for one measure of performance, each pair comparison between two subgroups was 
evaluated with the Wilcoxon test. TSS: true skill statistics; NPV: negative predictive value; SP: specificity; SE: sensitivity; LR−: negative likelihood ratio; LR+: 
positive likelihood ratio. Bonferroni correction was used to adjust for multiple testing: each pair comparison was considered significant if the relative 
p-value was less than α* = 0.05/6 = 0.008 (statistically significant p values are reported in bold text).
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forest classifier based on clinical and laboratory values 
achieved 90% sensitivity and 72% specificity [29]. 
There are some important differences between the 
approaches employed in these studies and ours. First, 
the authors of the two studies described above 
included in their training some well-known clinical and 
microbiological predictors of candidemia (e.g. previous 
broad-spectrum antibiotic therapy, total parenteral 
nutrition, central venous catheters, and Candida score), 
whereas we relied only on laboratory and microbiolog-
ical variables. While on the one hand the inclusion of 
clinical features can improve predictive ability, manual 
collection of clinical variables from electronic medical 
records (EMRs) is a highly time-consuming task that 
frequently precludes the collection of large samples. A 
possible solution to this limitation would be to auto-
matically extract data about clinical features, frequently 
organized in free text, from the EMRs, in order to build 
large datasets without the need for (and beyond the 
possibility of ) manual collection. Our group is currently 
working on the use of natural language processing 
(NLP) models to achieve this aim, although the appli-
cability of similar algorithms for the extraction of com-
mon clinical features employed for predicting 
candidemia is still preliminary. On the other hand, it 
could not be excluded that training ML models only 
on large datasets of automatically extracted laboratory 
and microbiological features could improve current 
diagnostic algorithms for early candidemia, consider-
ing that it had long been very unusual to exploit very 
large datasets for this specific purpose. In this regard, 
although trained on laboratory markers usually consid-
ered nonspecific for candidemia in clinical practice, the 
best classifier (random forest) in our study achieved 
74% sensitivity and 57% specificity in the test sets. 
Certainly, this is not sufficient to employ the devel-
oped algorithm alone for a reliable diagnosis of candi-
demia in clinical practice; however, as a 
hypothesis-generating result, it suggests further explo-
ration of the possible role of non-specific markers in 
improving the diagnostic performance of other more 
specific markers and/or clinical variables for candidemia.

For the above reason, by exploiting what was 
learned from all included episodes (i.e. feature selec-
tion was based on the performance of random forest 
in the entire dataset), we assessed whether the devel-
oped algorithm based on non-specific markers could 
improve the diagnostic performance of BDG and PCT 
in the subgroup of patients with available values for 
these two markers. In this regard, although the addi-
tion of selected features to BDG and PCT almost con-
sistently showed better median performance measures 
when compared with BDG and PCT alone, the 

differences were not statistically significant. 
Consequently, although encouraging, our results do 
not currently support this practice. However, based on 
the results themselves (numerically better values, albeit 
not statistically significant), the following two hypoth-
eses could merit exploration: (i) whether other ML 
classifiers exploiting a more articulated relationship 
between nonspecific markers, for example, neural net-
works, might lead to a better diagnostic performance 
of nonspecific laboratory makers, which in turn signifi-
cantly improves the diagnostic performance of BDG 
and PCT alone (although with all the issues connected 
to the explainability of neural-network-based models); 
and (ii) whether the addition of specific and 
non-specific clinical features in the training of the clas-
sifiers could further and consistently improve current 
diagnostic algorithms for candidemia. Of note, the 
issue of explainability also applies to random forest 
models, although in our study we attempted to partly 
explain the model by limiting collection to laboratory 
and microbiological variables, and through the ranking 
in the feature selection process.

This study had some important limitations that 
should be acknowledged. First, as reported above, we 
did not include clinical features in our large, automat-
ically extracted dataset, because their accurate 
extraction from EMRs free text through NLP algo-
rithms is still under study. However, rather than a lim-
itation, we consider this as a future development of 
our approach. A second limitation was the large 
number of missing values, which precluded the eval-
uation of the impact of sequential variations over 
days of laboratory values on the prediction of candi-
demia. Nonetheless, we extracted all the results of 
the tests performed in clinical practice; thus, missing 
values do not reflect the inability to collect informa-
tion, but rather, a true lack of data. Because this is 
the rule rather than the exception in real-life practice, 
any developed ML model should be able to consider 
and deal with this issue. A third important limitation, 
connected to the previous one, is that BDG and PCT 
values were available for a few events; thus, the addi-
tional contribution (to the diagnostic performance of 
BDG and PCT) of the developed predictive model 
based on less specific markers was assessed only in 
the subgroup of events with available BDG and PCT 
values. However, again, this stresses the unavoidabil-
ity of missing data in real practice and supports our 
tentative training of the classifier in a larger dataset 
without BDG and PCT information, and then to 
exploit feature ranking results (obtained from the 
large dataset) in the subgroup of patients with avail-
able BDG and PCT values. A fourth limitation is the 
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imbalance between candidemia and bacteremia epi-
sodes (10% vs. 90%). In this regard, even though 
there are various techniques to balance a dataset, 
e.g. augmentation, undersampling, oversampling such 
as Synthetic Minority Over-sampling TEchnique 
(SMOTE), in the design phase of the study we decided 
to stratify the train-test split, keeping the original 
percentages of the episodes, due to the consequent 
search for the value of threshold τ to meet the 
desired clinical condition.

In conclusion, random forest classifiers trained on large 
datasets of automatically extracted laboratory and micro-
biological data show the potential to improve current 
diagnostic algorithms for the early diagnosis of candi-
demia, although they did not significantly improve the 
isolated diagnostic performance of BDG and PCT in our 
study. Further development of our approach through the 
exploration of additional ML classifiers and the implemen-
tation of clinical features automatically extracted from the 
EMRs by NLP algorithms could help achieve crucial 
improvements.
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