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ABSTRACT

Introduction: Candidemia carries a heavy bur-
den in terms of mortality, especially when pre-
senting as septic shock, and its early diagnosis
remains crucial.

Methods: We assessed the performance of a
deep learning model for the early differential
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diagnosis between candidemia and bacteremia.
The model was trained on a large dataset of
automatically extracted laboratory features.

Results: A total of 12,483 episodes of candi-
demia (1275; 10%) or bacteremia (11,208; 90%)
were included. For recognizing candidemia, a deep
learning model showed sensitivity 0.80, specificity
0.59, positive predictive value (PPV) 0.18, weighted
PPV (wPPV) 0.88, and negative predictive value
(NPV) 0.96 on the training set (area under the
curve [AUC] 0.69), and sensitivity 0.70, specificity
0.58, PPV 0.16, wPPV 0.87, and NPV 0.95 on the
test set (AUC 0.64). Then, the learned discrimina-
tory ability was tested in the subgroup of patients
with available serum p-p-glucan (BDG) and pro-
calcitonin (PCT) values to explore additive or
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synergistic effects with these more specific markers.
Both feature selection and transfer learning did not
improve the diagnostic performance of a model
based on BDG and PCT only.

Conclusions: A deep learning model trained
on nonspecific laboratory features showed some
discriminatory ability to differentiate candidemia
from bacteremia, highlighting the ability of deep
learning to exploit complex patterns within non-
specific laboratory data. However, the learned pat-
terns did not improve the diagnostic performance
of more specific markers. Further exploration of
candidemia prediction using laboratory features
through machine learning techniques remains a
promising area of research, serving as a valuable
complement to the development of large-scale
models that also incorporate clinical features.

Keywords: Candida; Machine learning;
Artificial intelligence; Biomarker; Neural
networks

Why carry out this study?

Candidemia has been associated with moz-
tality in hospitalized patients, and its early
diagnosis remains crucial.

Exploiting complex patterns within nonspe-
cific laboratory data could be explored as a
mean to improve the early recognition of
candidemia.
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What was learned from the study?

Deep learning models can exploit complex
patterns within nonspecific laboratory data to
help differentiate candidemia from bacteremia.

Further exploring early recognition of candi-
demia through machine learning techniques
based on laboratory features remains inter-
esting as a complement to the development
of large-scale models also including clinical
features.

INTRODUCTION

Candidemia, i.e., bloodstream infection (BSI)
caused by Candida spp., is among the most fre-
quently encountered BSI in hospitalized patients,
and has been associated with mortality rates up
to>50%, especially when presenting as septic
shock [1-3].

In patients presenting with signs and symp-
toms consistent with bloodstream infection (BSI)
and a severe clinical condition warranting empiri-
cal antimicrobial therapy while awaiting blood
culture results, the decision to initiate empirical
antifungal therapy is typically based on predictive
clinical scores for candidemia and/or the presence
of more or less specific laboratory markers [4-11].
In this context, the use of machine learning mod-
els has started to be investigated in the past few
years in an attempt to improve accuracy in defin-
ing the risk of candidemia at the onset of con-
sistent signs and symptoms, with the consequent
aim of improving empirical decisions regarding
early antifungal administration [12-18].

In the present study, we assessed the perfor-
mance of a deep learning model for the early
differential diagnosis between candidemia and
bacteremia, trained on a large dataset of automati-
cally extracted laboratory features.

METHODS

Setting and Previous Phases of the
AUTO-CAND Project

The present retrospective study represents
the third and final phase of the AUTO-CAND
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project, and was conducted at IRCCS Ospedale
Policlinico San Martino, a 1200-bed teaching
hospital in northern Italy.

In the first phase of the AUTO-CAND pro-
ject, a computerized extraction system of labo-
ratory features from candidemia and bactere-
mia episodes was manually validated across a
random subset of episodes to guarantee auto-
mated (i.e., computerized and non-manual)
extraction accuracy>99% [19]. The validation
allowed the automated extraction, over a few
days, of laboratory features from 15,752 epi-
sodes of candidemia and bacteremia (with 10%
prevalence of candidemia, of which 2% mixed
episodes of candidemia and bacteremia), i.e.,
all the episodes occurred at IRCCS Ospedale
Policlinico San Martino from January 1, 2011
to December 31, 2019, a task that would have
taken much longer if performed manually. The
complete technical details of the automated
extraction system and of its validation have
been previously published [19, 20]. The first
phase of the AUTO-CAND project served to
provide a large dataset on which to explore
the diagnostic performance of machine learn-
ing models for the diagnosis of candidemia
based on laboratory features (the complete list
of automatically extracted features is available
as Supplementary Table S1).

This means that clinical features (e.g., pres-
ence of central venous catheter, total parenteral
nutrition, previous broad-spectrum antibiotic
therapy) were not automatically extracted.
While, in principle, this can be expected to lead
to lower diagnostic accuracy, it also cannot be
known a priori whether training of machine
learning models on a large amount (in terms
both of features and of training examples) of
laboratory data alone could provide useful com-
plementary information to understand how to
improve early diagnosis of candidemia through
machine learning techniques.

In the second phase of the AUTO-CAND pro-
ject, we assessed the diagnostic performance for
the early diagnosis of candidemia (as a predic-
tion task), based on the dataset of laboratory
features extracted in the first phase, of three dif-
ferent supervised statistical/machine learning
models: (i) penalized logistic regression with
L1-norm; (ii) penalized logistic regression with

L2-norm; (iii) random forest [13]. To this aim, we
first considered that, whenever empirical treat-
ment is required in clinical practice in patients
with signs and symptoms consistent with BSI,
early antibacterial therapy is usually adminis-
tered, independent of the need for concomitant
early antifungal therapy. This is because of the
overall higher risk of bacteremia than candi-
demia, if only in terms of baseline prevalence.
Consequently, we deemed the binary prediction
task of clinical interest to be candidemia vs. no
candidemia, with the former including both iso-
lated candidemia and mixed candidemia/bacte-
remia, and the latter isolated bacteremia [13].
Second, we addressed the inherent and expected
issue of missing values in real-world data. Owing
to the large percentage of missing sequential
data, we considered for each laboratory test only
one result (i.e., the closest one to the onset of
candidemia or bacteremia in the interval from
within 2 days before to 12 h after the onset).
Then, after excluding episodes and features with
a proportion of missing values of more than
50% (in order to apply multiple imputations
with sufficient reliability), the final dataset for
the analysis was composed of 12,483 episodes
(of which 1275 and 11,208 candidemia and bac-
teremia episodes, respectively) and 29 features
(see Table 1 and Supplementary Table S2).
Notably, both serum beta-p-glucan (BDG) and
serum procalcitonin (PCT), the combination of
which is usually considered within our clinical
reasoning for the differential diagnosis between
candidemia and bacteremia [5]), were initially
removed from the features considered for the
analysis, owing to a high proportion of missing
values (89% and 72%, respectively). The result-
ing dataset, not including serum BDG and serum
PCT, was randomly split into a training set and
a test set, including 70% and 30% of episodes,
respectively, while retaining the original 10%
prevalence of candidemia in both the training
and test sets. Then, missing values were imputed
through multiple imputation with chained
equations, using a nearest neighbors method,
and continuous features were standardized by
subtraction of means and division by standard
deviations [21]. Considering that we aimed to
improve the baseline diagnostic performance
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Table 1 Causative agents of candidemia and bacteremia in

the study population

Causative agents

No./total (%)

Candidemia®
Candida albicans
Candida parapsilosis

Candida glabrata (Nakaseomyces
glabrata)

Candida tropicalis
Candida krusei (Pichia kudriavzevii)
Other

Bacteremia®

Escherichia spp.

Staphylococcus epidermidis

Staphylococcus aureus

Enterococcus spp.

Klebsiella spp.

Streptococcus spp.
Psendomonas spp.
Staphylococcus hominis
Enterobacter spp.
Staphylococcus haemolyticus
Proteus spp.
Acinetobacter spp.
Serratia spp.
Bacteroides spp.
Staphylococcus capitis
Stenotrophomonas spp.

Corynebacterium spp.
Other

1275/12483 (10)
524/1275 (41)
454/1275 (36)
106/1275 (8)

57/1275 (4)
12/1275(1)
122/1275 (10)

11,208/12483
(90)

2114/11208
(19)

1484/11208
(13)

1455/11208
(13)

1252/11208
(11)
1004/11208
9)
722/11208 (6)
595/11208 (5)
385/11208 (3)
319/11208 (3)
261/11208 (2)
249/11208 (2)
116/11208 (1)
111/11208 (1)
108/11208 (1)
91/11208 (1)
70/11208 (1)

61/11208 (1)
811/11208 (7)

Table 1 continued

*Of which, mixed candidemia/bacteremia episodes were
240/1275 (19%), all categorized as candidemia for study
analyses in line with the purpose of the study (see “Meth-
ods” section). Some episodes caused by more than one
Candida species occurred and were correctly identified
and classified as candidemia by the automated extraction
systems (as per manual validation [19]) for the study analy-
ses, although for summary descriptive representation (as
in the present table) the current version of the system only
allowed to retrieve the first identified species

®Only bacteremia, no mixed candidemia/bacteremia epi-
sodes. Some episodes caused by more than one bacterial
genus occurred and were correctly identified and classified
as bacteremia by the automated extraction systems (as per
manual validation [19]) for the study analyses, although
for summary descriptive representation (as in the present
table) the current version of the system only allowed to
retrieve the first identified genus

for early candidemia compared to that of labo-
ratory markers usually employed in our center
(serum BDG and serum PCT, as discussed above),
we decided to set the sensitivity of serum BDG
previously measured in our center (around 60%
based on internal data) as the threshold of mini-
mum sensitivity to be required for the trained
machine learning models. In addition, we set the
rule for sensitivity to be higher than specificity.
Indeed, we ranked the potential consequences
of lower sensitivity, i.e., lack of early antifungal
treatment in true cases of candidemia, as more
clinically relevant than those of lower specific-
ity, i.e., early antifungal treatment in false cases
of candidemia (indeed, in such a case early anti-
fungal treatment could then be discontinued
at the time of blood culture results, while con-
tinuing antibacterial therapy). Consequently,
for the training of machine learning models,
we deemed any chosen t value (defined as the
threshold to assign an episode to O or 1 accord-
ing to the probability predicted by the evaluated
classifier) to fulfill the following condition in the
training set: sensitivity > specificity >0.60 [13].
Overall, the random forest model achieved
the best diagnostic performance for candidemia,
with 98% sensitivity and 65% specificity in the
training set (with t=0.1, based on a user-defined
score function built to maximize the true skill
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statistic [TSS], also known as Youden Index) and
74% sensitivity and 57% specificity in the test
set (for more details on the complete calculation
of the model diagnostic performance see [13]).
Then, we exploited a permutation feature impor-
tance approach to identify the most influential
features in predicting candidemia. This resulted
in 12 selected features (eosinophil count, plate-
let count, neutrophil cell count, hematocrit,
uric acid, monocyte cell count, hemoglobin,
urea, albumin, lymphocyte cell count, white
cell count, and prothrombin time) that were re-
employed, together with serum BDG and PCT,
to train a new random forest classifier for pre-
dicting candidemia among the 1165 episodes (of
which 177 were candidemia, 15%) with avail-
able serum BDG and PCT results. This allowed us
to leverage what was learned on the much larger
entire dataset of 12,483 episodes without serum
BDG and PCT results for the subsequent training
of a smaller dataset in which it was possible to
consider these two markers. Eventually, the diag-
nostic performance for candidemia of the model
including the twelve selected features plus serum
BDG and PCT was apparently numerically bet-
ter than that of a model including only serum
BDG and PCT for the majority of the evaluated
diagnostic performance measures (e.g., in terms
of TSS, sensitivity, weighted positive predic-
tive value [WPPV] and negative predictive value
[NPV]), although the differences were small and
unlikely to be clinically significant [13].

Interpretation of Phase 2 Results and
Rationale for Phase 3

Although small, the numerical trend towards
better diagnostic performance when the model
was trained on serum BDG and PCT plus the
selected less specific 12 features vs. training
on serum BDG and PCT alone could merit fur-
ther investigation. In particular, should a true
improvement exist, two non-mutually exclu-
sive possibilities may deserve to be explored:
(i) whether employing an alternative machine
learning-based predictive model able to catch
more complex interactions between the above

less specific laboratory values could further
improve the diagnostic performance of serum
BDG and PCT plus nonspecific laboratory
features over serum BDG and PCT alone; (ii)
whether adding also clinical predictors of can-
didemia (e.g., previous broad-spectrum antibi-
otic therapy, presence of central venous cath-
eter, total parenteral nutrition) to large datasets
of laboratory features could further improve
the early diagnosis of candidemia through ML
techniques.

In the third phase of the AUTO-CAND pro-
ject, we specifically explored the first of these
two possibilities by training a deep learning
model on the same dataset of laboratory features
used in the second phase. The AUTO-CAND pro-
ject was approved by the pertinent local ethics
committee (Liguria Region Ethics Committee,
registry number 71/2020). The requirement for
informed consent for this study was waived due
to the retrospective nature of the analyses.

Phase 3 Methods

Predictive Model Characteristics

We implemented a feed-forward neural net-
work (NN) with one input layer, three hidden
layers, and one output layer (Fig. 1): the first
hidden layer contained 100 neurons, and the
number of neurons was halved in each subse-
quent hidden layer. The activation functions
were rectified linear unit (ReLU) for all lay-
ers, except for the last one, where the sigmoid
function was used to provide the output prob-
ability of the event of interest (candidemia)
being positive. For the training phase, we used
a loss function called score-oriented loss (SOL)
function that optimizes the TSS, and is paz-
ticularly suitable for evaluating performance
on imbalanced datasets [22]. We used Adam
optimization [23], with the learning rate set to
107° and a batch size of 256. We applied early
stopping with a patience of 1000 epochs by
monitoring the validation loss in order to stop
the training process for preventing overfitting.
The hyperparameters of the NN were set by an
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Fig. 1 Architecture of the feed-forward neural network
trained for the early prediction of candidemia. The neu-
ral network architecture consists of the following compo-
nents: the input layer contains d-neurons (corresponding
to the number of features), the three hidden layers have
100, 50, and 25 neurons, respectively, and the output layer
has a single neuron. ReLU, rectified linear unit

empirical trial-and-error optimization process
on several experiments.

Dataset Preparation

We employed the same dataset of phase 2 [13].
As reported above, the dataset consisted of
12,483 observations, with a candidemia prev-
alence of 10% (1275/12,483), and 29 features
(see Table 1 and Supplementary Table S2). We
considered 16 different splits of this dataset in
training-validation-test sets with the following
percentage: we randomly assigned the 30% of
the dataset to the test set, while the remaining
70% of the observations were divided, again
randomly, between the training (85%) and vali-
dation (15%) sets. The only criterion that the
assignment into different sets had to respect
was the maintenance of the balance between
prevalence of candidemia (10%) and bactere-
mia (90%). The rationale for splitting the data-
set was to assess the robustness of the predic-
tive model among different configurations of
training, validation, and test sets.

Model Performance Evaluation

The prediction task was evaluated by means of
several performance measures, computed from
the confusion matrices, and obtained varying
the threshold that assigns the model result to
the classes O or 1. The performance measures we
employed were: sensitivity, specificity, TSS, PPV,
wPPV, NPV, and area under the curve (AUC). For
each split we checked if in the validation set a
clinical condition of sensitivity >specificity >0.60
was satisfied for a certain value of the threshold.
If so, the threshold value was used in the cor-
responding test set, otherwise we employed the
threshold that maximized the TSS in the valida-
tion set. The wPPV in all the analyses was the
PPV computed in the weighted modality (i.e.,
the score was calculated as a weighted average
of the precision scores of each class, where the
weights depend on the number of samples of
each class) in order to ensure that the precision
of each class was fairly represented based on its
frequency, preventing dominance of numeri-
cally larger classes in the overall performance
metric. This provided stability for technical
comparison between models. Indeed, even with
slight changes in the prevalence of candidemia
(e.g., in subgroup analysis, see below) large
changes in classical PPV would have occurred
(differently from NPV, which is more stable to
slight variations in presence of an already low
prevalence of candidemia). However, since wPPV
does not allow for an intuitive clinical interpre-
tation (it does not answer the question “what is
the probability of a true positive if positive?”),
also classical PPV was calculated and reported in
text and tables alongside wPPV.

Model Performance Evaluation: Feature
Selection

In order to identify the key features in predict-
ing candidemia, we explored two advanced tech-
niques for feature selection that build upon the
widely recognized permutation feature impor-
tance (PFI) algorithm, and we used the SHap-
ley Additive exPlanations (SHAP) algorithm for
model explainability [24, 25].

PFI is a model-agnostic technique used to
evaluate the importance of individual features
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in a trained Al model and the method works
by randomly shuffling the values of each fea-
ture and measuring the decrease in the model’s
performance. The greater the decrease in per-
formance, the more important that feature is.
Nevertheless, the PFI algorithm does not take
into account the correlation between features.
Therefore, in the present work, we considered
two advanced PFI-type methods, which include
the absolute correlation coefficients between
features in the permutation process. The first is
cross-validated permutation feature importance
(CVPFI) [24]. CVPFI is an extension of PFI that
accounts for the correlation between features
and incorporates cross-validation to improve
the robustness of the feature importance scores.
Cross-validation splits the dataset into multiple
folds, training and testing the model on differ-
ent subsets of the data, which helps to mitigate
overfitting and gives a more generalized estimate
of feature importance. The second is correlation-
driven permutation feature importance (CDPFI)
[26]. CDPFI is a variant of CVPFI that accounts
for the correlation between features. It adjusts
for cases where features are highly correlated
with each other, which can lead to mislead-
ing feature importance rankings if not properly
accounted for.

For the two PFI-type approaches, we selected
features with an importance score, based on the
TSS, greater than a fixed threshold of 0.1. This
means that a feature is considered relevant if it
contributes to a change in the score of at least
0.1. These quantities were computed for all the
splits and then aggregated to form a ranking of
the features.

As introduced above, we also applied the
SHAP algorithm to provide explanations for why
the deep learning model made a specific predic-
tion (positive or negative) for particular sam-
ples. SHAP is a machine learning explainability
method based on Shapley values, which come
from cooperative game theory and were origi-
nally designed to fairly distribute the payout (or
value) among players in a game. In our context,
each “player” is a feature, and the “payout” is
the prediction made by the deep learning model.
We also provided a ranking of the features based
on the results from the SHAP algorithm, assign-
ing an average position ranking to each feature

derived from the SHAP analysis. While this did
not allow to select features based on SHAP analy-
sis, the average position ranking provided addi-
tional information to check whether features
selected by means of CVPFI and CDPFI also had
a high average position ranking by SHAP analy-
sis. Eventually, we retained only those features
that were selected by both CVPFI and CDPFI
methods.

Subgroup Analyses in Patients with Available
Serum BDG and PCT Values

The subgroup analyses were conducted only in
the subgroup of episodes of candidemia and bac-
teremia for which serum BDG and PCT values
were available (n=1165), leveraging what was
learned in the previous steps on the entire data-
set of 12,483 episodes regarding the predictive
ability of other nonspecific laboratory features.
Of note, as above we started by considering
16 different splits of the entire dataset, which
included all 12,483 candidemia and bacteremia
episodes. However, in this case, the splitting
strategy, in addition to maintaining the balance
between candidemia and bacteremia (in terms
of their relative prevalence), was designed to
ensure that the balance was also preserved in
the respective subgroups (employed in subgroup
analyses) of episodes for which serum BDG and
serum PCT values were available.

For subgroup analyses, we trained, validated,
and tested the NN model in three different ways:
(i) by considering only serum BDG and serum
PCT; (ii) by considering the features selected by
CVPFI and CDPFI plus serum BDG and serum
PCT; (iii) by exploiting transfer learning, i.e., by
including and freezing the weights of the dataset
previously trained on the entire dataset (selected
features-based model) in the architecture of the
novel NN model trained on the subgroup of epi-
sodes with serum BDG and PCT values available.
Overall, this latter model combined the pre-
trained network with two additional features,
serum BDG and serum PCT, and included two
fully connected hidden layers with 24 and 12
neurons, respectively, to process the combined
inputs from both the pre-trained model and the
added features. The final output layer consisted
of a single neuron with a sigmoid activation
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function to generate a probability prediction.
The novel model was trained in a similar way
to the pre-trained one, using the same opti-
mizer, the SOL function tailored to optimize
the TSS, and the early-stopping strategy to pre-
vent overfitting. While the weights of the pre-
trained model were not updated, the new layers
added after it were trained from scratch. Finally,
to adapt the model to the new input data, the
first layers of the new model were retrained, a
process commonly referred to as fine-tuning,
which is particularly useful when limited data
are available.

RESULTS

The distribution of the causative agents of the
12,483 episodes of candidemia (10%) and bac-
teremia (90%) is shown in Table 1. The majority
of candidemia episodes were caused by Candida
albicans (524/1275; 41%), while the majority of
bacteremia episodes were caused by Escherichia
coli (2114/11,208; 19%).

The first step of our analysis was to assess the
diagnostic performance for candidemia of the
deep learning model trained after the split of
the entire dataset of 12,483 episodes in training,

validation, and test sets. In 16 out of the 16
validation sets there was a threshold value such
that the clinical condition of sensitivity > speci-
ficity 20.60 was satisfied. The mean +standard
deviation (SD) values of the performance met-
rics in the validation phase are shown in Sup-
plementary Table S3, whereas the performance
metrics of the NN model in the test set (for the
different threshold identified in the validation
phase that satisfied the clinical condition) are
shown in Supplementary Table S4. As shown in
Table 2, the mean performance metrics (£SD)
of the deep learning model for the diagnosis of
candidemia in the training set were sensitivity
0.80 (+0.03), specificity 0.59 (£0.06), PPV 0.18
(£0.02), wPPV 0.88 (+0.01); NPV 0.96 (£0.00),
and AUC 0.69 (£0.02), while in the test set they
were as follows: sensitivity 0.70 (+0.05); speci-
ficity 0.58 (£0.06); PPV 0.16 (£0.01); wPPV 0.87
(£0.00); NPV 0.95 (£0.01); AUC 0.64 (£0.01).
The second step of the analysis was to identify
and select those features contributing mostly to
the predictive ability of the trained NN model.
In this regard, the features selected by means of
CVPFI and CDPFI are reported in Supplementary
Tables S5 and S6, respectively. More in detail, the
sum of the weights on the 16 splits is reported
in the second column of Supplementary Table S5
and S6, whereas the number of splits in which

Table 2 Mean performance metrics (+ SD) for the carly diagnosis of candidemia of the neural network model in training,
validation and test sets from the full dataset (12,483 episodes and 29 features)

Sensitivity Specificity PPV wPPV NPV TSS AUC

Training set

0.80 (+0.03) 0.59 (+0.06) 0.18 (+£0.02) 0.88 (+0.01) 0.96 (+0.00) 0.38 (+£0.05) 0.69
(+£0.02)

Validation set

0.72 (£0.05) 0.57 (£ 0.06) 0.16 (£ 0.01) 0.87 (£0.01) 0.95 (£0.01) 0.29 (£0.04) 0.65
(£0.02)

Test set

0.70 (£0.05) 0.58 (+0.06) 0.16 (+0.01) 0.87 (£0.00) 0.95 (£0.01) 0.29 (+£0.03) 0.64 (+£0.01)

AUC area under the curve, SD standard deviation, NPV negative predictive value, PPV positive predictive value, 7SS true

skill statistic, wPPV weighted PPV
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a given feature was selected is reported in the
third column. The average rankings on the 16
splits obtained by means of the SHAP method
are reported in Supplementary Table S7, and
three graphical examples showing the contribu-
tion of features to the prediction of candidemia
by SHAP method in different splits are avail-
able as Supplementary Figure S1. We eventually
retained seven features (platelet count, urea, uric
acid, hematocrit, hemoglobin, red cell count,
neutrophil cells count), i.e., those selected by
both CVPFI and CDPFI (Table 3). The perfor-
mance metrics obtained in the training, valida-
tion, and test sets from the entire cohort of the
seven-feature model (including the seven fea-
tures selected above) and the 12-feature model
(including the 12 features previously selected
in the phase 2 of the project) are reported in
Table 4. As shown in the table, the mean per-
formance metrics of the two feature-reduced
models (seven features-based and 12 features-
based), with the exception of a slight reduc-
tion in sensitivity, were very similar to those
obtained exploiting all the 29 features included
in the initial model.

The final step was to conduct a subgroup anal-
ysis including only the 1165 episodes of candi-
demia and bacteremia for which serum BDG and
serum PCT values were available (in this sub-
group the prevalence of candidemia was 15%,
for details see Supplementary Table S8), leverag-
ing what was learned in the previous steps on
all 12,483 episodes with regard to the predictive
ability of laboratory features other than BDG
and PCT. The performance metrics obtained in
the training, validation, and test sets of models
(i), (ii), and (iii) are reported in Table 5. As shown
in the table, the mean performance metrics of
the two models trained by exploiting either fea-
ture selection or transfer learning did not show
improvement compared with a model trained
only on serum BDG and serum PCT values.

DISCUSSION

A deep learning model trained on nonspecific
laboratory features showed some discrimina-
tory ability to differentiate candidemia from

Table 3 Summary of feature ranking though the three dif-

ferent feature selection methods

Feature CVPFI CDPFI SHAP
Platelet count X X 0.2 (+0.3)
Urea X X 2.4
(£ 1.4)
Uric acid X X 4.8
(£3.3)
Hematocrit X X 6.6
(£3.7)
Hemoglobin X X 8.2
(£5.4)
Red cells count X X 12.9
(+4.2)
Neutrophil cells count X X 13.1
(+4.6)
Age X 8.8
(£2.9)
Albumin X 9.3
(£3.4)
Creatinine X 10.0
(£2.3)
PT X 10.7
(+4.4)
APTT X 12.0
(£3.7)
White cells count X 13.4
(£4.4)
Total proteins X 14.9
(+2.2)
INR b'e 15.9
(£1.5)
Previous Candida coloni-  x 3.4
zation (x1.1)
C-reactive protein 5.9
(£1.9)
Eosinophil cells count 10.3
(£4.1)
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Table 3 continued

Feature CVPFI CDPFI SHAP
Gamma-glutamyl trans- 14.5
ferase (£2.9)
Alkaline phosphatase 15.3
(£2.7)
Glucose 15.3
(£2.6)
Basophil cells count 15.7
(+1.7)
Total bilirubin 16.2
(£1.5)
Sex 16.2
(£2.9)
Alanine aminotransferase 16.2
(+14)
Lactate dehydrogenase 16.4
(£2.3)
Monocyte cells count 16.4
(+1.6)
Lymphocyte cells count 16.6
(£1.3)
Aspartate aminotrans- 17.5 (£ 1.3)

ferase

Retained features were those selected both by CVPFI and
by CDPFI (first and second columns, respectively). Rank-
ing of all the initial 29 features by SHAP, expressed as
average ranking (+SD), is reported in the third column,
showing a trend over higher ranking for features selected by
CVPFI and CDPFIL. APTT activated partial thromboplas-
tin time, CDPFI correlation-driven permutation feature
importance, CVPFI cross-validated permutation feature
importance, INR international normalized ratio, PT pro-
thrombin time, SD standard deviation, SHAP SHapley
Additive exPlanations

bacteremia (sensitivity 0.70, specificity 0.58, PPV
0.16, wPPV 0.87, NPV 0.95, and AUC 0.64 in the
test set), highlighting the ability of deep learn-
ing to exploit complex patterns within nonspe-
cific laboratory data. However, when attempt-
ing to combine the learned predictive ability

of nonspecific laboratory features with that of
serum BDG and serum PCT (using either feature
selection or transfer learning techniques), the
diagnostic performance remained similar to that
of serum BDG and serum PCT alone, showing no
clear additive or synergistic effect.

Previous studies have attempted to predict
candidemia through the use of machine learn-
ing techniques, although usually based on
smaller datasets than our own and including a
variable amount of clinical features besides lab-
oratory values. In a retrospective, multicenter
study of 433 patients (295 and 138 with candi-
demia and bacteremia, respectively), a random
forest algorithm showed 84% sensitivity and
91% specificity for the differential diagnosis
between candidemia and bacteremia [15]. In
another retrospective, multicenter study of
7932 patients (of which 137 with candidemia),
an XGBoost algorithm showed 84% sensitivity
and 89% specificity for the diagnosis of can-
didemia vs. non-candidemia (either negative
blood cultures or blood cultures positive for
other pathogens) [17]. In a similar retrospec-
tive study of 501 patients with candidemia and
2000 patients with either negative blood cul-
tures or bacteremia, a random forest algorithm
showed 89% sensitivity and 90% specificity
for diagnosing the former [16]. Sensitivity and
specificity of 80% and 77%, respectively, were
registered in an internal validation cohort of
100 patients when evaluating a random forest
algorithm trained to differentiate cases of can-
didemia from controls with bacteremia (ratio
1:1) in a training set of 237 patients [14]. The
same algorithm showed 78% sensitivity and
75% specificity in an external validation cohort
of 77 patients [14]. Finally, a mean sensitivity
and mean specificity of 72% and 80%, respec-
tively, were registered when employing an
XGBoost algorithm for the diagnosis of candi-
demia in a multicenter, retrospective study of
8002 patients with a candidemia prevalence of
0.62% [18]. For all these studies, we reported
only sensitivity and specificity because they are
less susceptible than other performance metrics
(e.g., NPV and PPV) to changes in candidemia
prevalence, which varied significantly across
these studies due to their different design (low
extrapolability of PPV and NPV to settings with
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Table 4 Mean performance metrics (+ SD) for the early diagnosis of candidemia of the neural network model in training,
validation and test sets from the feature-reduced full datasets (12,483 episodes and seven or 12 features)*

Model Sensitivity Specificity PPV wPPV NPV TSS AUC

Training set

7 features  0.71(£0.06) 0.60 (£0.04) 0.17 (£0.01) 0.87 (+£0.01) 0.95(+0.01) 0.31(£0.05) 0.66
(+£0.02)

12 features  0.73 (£0.03) 0.61(+£0.05) 0.18 (£0.02) 0.87 (£0.01) 0.95(£0.01) 0.35(%£0.05) 0.67
(£0.03)

Validation set

7 features  0.67 (£0.05) 0.59 (£0.05) 0.16(£0.01) 0.86(+0.01) 0.94(+0.01) 0.26(+£0.04) 0.63
(£0.02)

12 features  0.66 (£0.06) 0.61(+0.05) 0.16(£0.01) 0.86(+£0.01) 0.94(+0.01) 0.27(£0.05) 0.64
(+£0.02)

Test set

7 features  0.62 (£0.05) 0.59 (+0.04) 0.15(+0.01) 0.85(+0.00) 0.93(+0.05) 0.22(+0.02) 0.61
(+£0.01)

12 features  0.62 (£0.06) 0.61 (£0.05) 0.15(+£0.01) 0.85(£0.01) 0.93(+0.01) 0.22(£0.03) 0.61
(+0.01)

29 features  0.70 (£0.05) 0.58 (£0.06) 0.16(£0.01) 0.87 (£0.00) 0.95(£0.01) 0.29 (+0.03) 0.64(+0.01)

AUC area under the curve, SD standard deviation, NPV negative predictive value, PPV positive predictive value, 7SS true

skill statistic, wPPV weighted PPV

*For descriptive comparison, the last line of the table shows the mean performance metrics in the test set for the original

models trained on 29 features, already reported in Table 2

different prevalence of candidemia also affects
the present study, especially for PPV, for the
reasons reported in methods). We think focus-
ing on sensitivity and specificity also helps
to highlight more clearly an apparent lack
of substantial improvement in performance
when increasing sample size, contrary to what
would be intuitively expected. In our opinion,
this may be due—at least in part—to the fact
that, while the number of laboratory features
is generally similar, or even increasing, from
small to large studies, the same is not true for
clinical features such as granular medical and
pharmacological history, acute phase condi-
tions, and the presence and type of invasive
devices, the number of which in most cases
tends to decrease from small to large samples
[14-18]. This consideration may rely on the

fact that it is still very frequently unfeasible to
extract automatically (time-consuming to col-
lect manually) clinical features from unstruc-
tured data (e.g., daily notes in medical records),
while accurate automated extraction of struc-
tured data such as laboratory values has already
become possible in many research settings
[27-30]. Overall, we think this may explain
the lack of gain—and frequently the apparent
decrease—of performance of models from small
to large studies [13].

On the other hand, assessing how ML mod-
els perform on large datasets of laboratory val-
ues is an unprecedented opportunity to directly
explore whether complex interactions between
nonspecific laboratory values, difficult or even
impossible to be recognized by clinicians,
could improve the diagnostic performance of
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Table 5 Mean performance metrics (+ SD) for the ecarly diagnosis of candidemia of the neural network model in training,
validation and test sets from the subgroup of patients with available serum BDG and PCT values (1165 episodes)

Model Sensitivity ~ Specificity PPV wPPV NPV TSS AUC
Training set
BDG plus PCT 0.6 (+0.06) 0.70 (£0.05) 0.29 (£0.03) 0.82 (+0.01) 0.92(£0.01) 036 (£0.03) 0.68
(+0.01)
BDGplusPCT  0.76(£0.07) 0.73 (£0.07) 035 (£0.05) 0.86(£0.01) 0.95(£0.01) 0.50 (+0.07) 0.75
plus 7 features (+£0.04)
BDGplusPCT ~ 0.68 (£0.07) 0.68 (+0.06) 0.28 (+0.03) 0.83 (+0.01) 0.92(+0.01) 0.36 (+0.06) 0.68
plus 7 features (+£0.03)
(TL)
Validation set
BDG plus PCT  0.68 (0.10) 0.70 (£0.06) 0.30 (£0.05) 0.83 (+0.03) 0.92 (£0.02) 0.38 (£0.10) 0.69
(+0.06)
BDGplusPCT 0.6 (+0.10) 0.73 (£0.07) 0.31(£0.05) 0.83 (+0.02) 0.92 (+0.02) 0.38 (+0.10) 0.69
plus 7 features (£0.05)
BDG plus PCT 0.71 (£0.12) 0.68 (£0.05) 0.29 (£0.04) 0.83 (£0.03) 0.93 (£0.03) 0.39 (+0.11) 0.70
plus 7 features (+£0.05)
(TL)
Test set
BDGplusPCT  0.64(£0.07) 0.71 (£0.05) 0.29 (+0.02) 0.82(£0.01) 0.92(+0.01) 0.35(£0.05) 0.68
(+0.03)
BDGplusPCT 059 (£0.08) 0.72 (£0.08) 0.28 (+0.05) 0.81 (£0.01) 0.91+0.01 031 (+0.06) 0.66
plus 7 features (+£0.03)
BDGplusPCT  0.65 (£0.07) 0.68 (£0.06) 0.27 (£0.03) 0.82 (£0.01) 0.92+0.01 033 (£0.05) 0.67 (+0.02)
plus 7 features
(TL)

AUC area under the curve, BDG B-D-glucan, SD standard deviation, NPV negative predictive value, PCT procalcitonin,
PPV positive predictive value, 7L transfer learning, 7SS true skill statistic, wPPV weighted PPV

more specific diagnostic markers (those usually
employed by clinicians) in either an additive or a
synergistic way. We think this is worth exploring
also from an explainability perspective. Indeed,
despite using black-box models (random forest
and deep learning in phase 2 and phase 3 of
the AUTO-CAND project, respectively) that are
hampered by the inability to precisely recognize
how a model arrived at a given prediction [31,
32], the fact that the input data was made up of
only laboratory values means that the prediction

(through model calculations) was based on their
interactions only. This may reduce the risk of
unrecognized biases related to complex interac-
tions between more sophisticated clinical fea-
tures. Although blindness to clinical features
may also exert some confounding influence on
the predictive ability of input data, the different
nature of such biases means that models based
only on laboratory markers could offer a com-
plementary perspective to clinical features-based
models (see below).
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Notably, all of this is independent of the use
of any possible explanation technique to iden-
tify which features eventually influenced predic-
tions by black box models (in the present study,
we employed the SHAP algorithm, which, albeit
useful, like other explanation techniques is still
tar from perfect [33]). We also think it would be
of little use for clinicians to know which were
the single nonspecific markers that contributed
to a given prediction, since we were mostly
dealing with markers that are nonspecific per
definition. Rather, it is more likely their complex
interactions that contributed to predictions, in
a way that is expected to be unexplainable or
only partly explainable to clinicians a priori. In
line with this view, our use of explanations was
not strictly aimed to explain predictions. Rather,
it was also aimed to further support the process
of feature selection, i.e., the reduction of the
number of required features without substan-
tial losses in model performance, in line with
any possible future usability of similar models
in clinical practice (where only a few labora-
tory tests are usually and routinely performed).

In the phase 3 of the AUTO-CAND project,
the aim of applying deep learning was to explore
whether this technique could be able to exploit
complex interactions between nonspecific
laboratory features to improve the diagnostic
performance for candidemia, either in general
or in addition to more specific markers like
serum BDG and serum PCT. In phase 2, another
machine learning model (random forest)
appeared to show a numerical trend in improv-
ing the diagnostic performance of serum BDG
and PCT alone by exploiting additional nonspe-
cific markers, although only minimally and not
in a clinically significant way [13]. While also
our deep learning model showed an higher than
expected ability, for nonspecific markers, to dis-
criminate between candidemia and bacteremia
(sensitivity and specificity in the test set are very
similar to those registered for the random forest
model in phase 2, and higher than those of logis-
tic regression models [13]), it did not improve
the performance of a deep learning model based
on serum BDG and PCT alone, thereby currently
not supporting this strategy. Further investiga-
tion may allow to establish whether expand-
ing the dataset, varying hyperparameters, and/

or using trend data of markers variation in the
days preceding candidemia or bacteremia could
enhance the diagnostic performance of the
model in a clinically meaningful way, capable
of improving classical diagnostic approaches.
In addition, as anticipated above, continuing
to investigate laboratory-based only prediction
of candidemia could allow to retain some kind
of explanations of model predictions a priori (if
only laboratory markers are fed into the model,
predictions inherently arise from interactions
between markers only). On the other hand, it is
of great interest also to explore whether adding
clinical features could improve model predic-
tions, adapting to very large and automatically
extracted datasets the conceptual principles of
classical predictive models for candidemia based
on clinical features [6-9, 34-36]. In this context,
progress is being made in the automatic extrac-
tion of clinical variables from unstructured data
in medical records, which could help to auto-
matically extract and build also very large data-
sets of granular clinical features to support the
development of more accurate machine learn-
ing-based predictive models of candidemia [37,
38]. Overall, we think these two approaches are
not mutually exclusive. Indeed, continuing to
explore the predictive ability of large labora-
tory markers-only models alongside large clini-
cal models may prove synergistic in improving
our understanding of possible biases, nuances,
and potential advantages of applying machine
learning techniques to the early diagnosis of
candidemia.

The present study is not exempt from limi-
tations. In addition to the intrinsic limita-
tions related to the retrospective nature of the
analysis, it should be acknowledged that there
was also insufficient data to assess the possible
impact of the evolution of the markers over time
in the prediction of candidemia. However, the
lack of this information reflects the absence of
daily laboratory tests in clinical practice (as daily
tests may not be justified clinically), and thus
represents a limitation that all models based on
laboratory data should take into account. A sec-
ond notable limitation is that the laboratory-
based nature of the study did not allow us to
stratify the study population according to differ-
ent baseline risks of candidemia development [7,
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8]. Third, the lack of clinical features could tech-
nically be considered a limitation, although we
think it also represents a strength from the point
of view of explainability and bias detection as a
complement to clinical features-based models,
for the reasons detailed above. Fourth, while
we internally validated our findings, external
validation in other centers remains warranted.
Finally, it is of note that we did not compare
the performance metrics of the different models
(a binomial regression accounting for repeated
measures, considering the presence of splits,
would have been appropriate) to provide p val-
ues and confidence intervals. This choice was
based on the following: (i) the consideration
that in a large sample even slight changes in
metrics would possibly reach statistical signifi-
cance, with consequent misleading interpreta-
tions of clinically irrelevant differences (either
in favor or against a given model); (ii) the prefer-
ence toward showing the presence of small SD,
testifying to the consistency of metrics across
splits, rather than confidence intervals (already
expected to be small in large samples).

CONCLUSIONS

A deep learning model trained on nonspecific
laboratory features showed some discriminatory
ability to differentiate candidemia from bacte-
remia, highlighting the ability of deep learning
to exploit complex patterns within nonspecific
laboratory data. However, it did not show addi-
tive or synergistic effects over the prediction
of candidemia vs. bacteremia based on serum
BDG and serum PCT only. Further exploring the
prediction of candidemia by laboratory mark-
ers through deep learning or other machine
learning models remains interesting in terms of
explainability and understanding of potential
biases, not as an alternative but as a complement
to the development of large-scale models includ-
ing clinical features.
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