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Abstract: (1) Background: Acute pulmonary embolism (PE) is a significant public health concern that
requires efficient risk estimation to optimize patient care and resource allocation. The purpose of
this retrospective study was to show the correlation of NLR (neutrophil-to-lymphocyte ratio) and
PESI (pulmonary embolism severity index)/sPESI (simplified PESI) in determining the risk of in-
hospital mortality in patients with pulmonary thromboembolism. (2) Methods: A total of 160 patients
admitted at the County Clinical Emergency Hospital of Sibiu from 2019 to 2022 were included and
their hospital records were analyzed. (3) Results: Elevated NLR values were significantly correlated
with increased in-hospital mortality. Furthermore, elevated NLR was associated with PESI and
sPESI scores and their categories, as well as the individual components of these parameters, namely
increasing age, hypotension, hypoxemia, and altered mental status. We leveraged the advantages of
machine learning algorithms to integrate elevated NLR into PE risk stratification. Utilizing two-step
cluster analysis and CART (classification and regression trees), several distinct patient subgroups
emerged with varying in-hospital mortality rates based on combinations of previously validated
score categories or their defining elements and elevated NLR, WBC (white blood cell) count, or the
presence COVID-19 infection. (4) Conclusion: The findings suggest that integrating these parameters
in risk stratification can aid in improving predictive accuracy of estimating the in-hospital mortality
of PE patients.

Keywords: acute pulmonary embolism; neutrophil-to-lymphocyte ratio; in-hospital mortality;
two-step cluster analysis; classification and regression trees

1. Introduction

Venous thromboembolism (VTE), comprising pulmonary embolism (PE) and deep
venous thrombosis (DVT), is the third most prevalent acute cardiovascular syndrome, after
myocardial infarction and stroke [1]. VTE, with its potentially debilitating and often even
fatal progression, poses a significant public health concern, particularly given its rising
incidence in an aging population [2–4].

Accurate risk estimation in PE is of paramount importance for the efficient allocation
of medical resources in an effort to enhance patient care. The pulmonary embolism severity
index (PESI) stands as a prominent and validated tool for evaluating 30-day mortality risk,
incorporating eleven distinct factors [5]. Additionally, a condensed version, the simplified
PESI (sPESI), has been developed, demonstrating a high efficiency [6].
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Other measurements include those obtained by echocardiography. While echocardio-
graphic parameters alone may not possess high specificity or sensitivity for PE, certain
measurements can suggest compromised right ventricular function. These include an en-
larged right ventricle, diminished pulmonary acceleration time, reduced tricuspid annular
systolic plane excursion (TAPSE), and an elevated RV/LV ratio [7,8].

The COVID-19 pandemic has notably intensified the focus on managing patients with
pulmonary embolism (PE), primarily due to the hypercoagulability associated with the
virus [9]. This heightened interest has also been driven by the well-established link between
COVID-19 and a wide array of thrombotic complications [10–12].

Efforts to further refine risk stratification in acute PE are underway and certain pa-
rameters have shown promise in this regard. NLR, for example, has been established as a
useful metric in predicting outcomes in PE patients. Elevated NLR levels have been shown
to correlate with increased mortality and length of hospital stay, suggesting that NLR could
augment traditional risk stratification scores like PESI and sPESI [13,14].

Furthermore, NLR has emerged as a potential prognostic marker across diverse condi-
tions such as sepsis, pneumonia, COVID-19, and neoplastic diseases. Despite the absence
of a consensus on the optimal NLR threshold, a higher value of this parameter has been
recognized as an independent marker of immune system imbalance and mortality risk
in both general and disease-specific cohorts [15]. At its core, the NLR is postulated to
mirror the balance between acute inflammation (neutrophil count) and adaptive immu-
nity (lymphocyte count) [16], explaining its value in the realm of chronic diseases, where
inflammation and immunity play pivotal roles. Moreover, inflammation and oxidative
stress are acknowledged as key contributors to the pathogenesis of cardiovascular disease,
spurring extensive research into inflammatory biomarkers. Particularly, elevated NLR
levels have been independently and significantly linked with a more severe prognosis in a
wide range of cardiovascular afflictions, as well as increased risks of all-cause mortality,
cardiovascular mortality, and mortality from other causes [17–19]. NLR stands out due
to its cost-effectiveness, accessibility, and capability to enhance risk stratification beyond
traditional scores, offering crucial insights into predicting both in-hospital and long-term
mortality [20,21].

Emerging evidence underscores a significant overlap in the pathogenic mechanisms
of hypercoagulability and inflammation in cases of COVID-19 and pulmonary embolism,
mainly showcasing the involvement of cellular-mediated immunity and the use of NLR as
a potential marker in this regard [22]. The convergence of these mechanisms is particularly
relevant in the pursuit of improved mortality prediction methods.

Although prior research has identified associations between NLR [14], COVID-19 [23],
and mortality in PE, integrating these factors with established clinical scores has not been
sufficiently explored. The purpose of the present study was to show the correlation of
NLR and PESI/SPESI in determining the risk of in-hospital mortality in patients with
pulmonary thromboembolism. In addition, we sought to investigate the impact of COVID-
19 infection and other parameters on the aforementioned outcome. By employing machine
learning techniques, specifically two-step cluster analysis and classification and regression
trees, we aimed to refine patient risk stratification and enhance the predictive accuracy of
existing tools.

2. Materials and Methods
2.1. Study Design and Data Collection

We conducted a retrospective analysis of data extracted from the hospital records of
160 patients admitted to the County Clinical Emergency Hospital of Sibiu diagnosed with
acute pulmonary embolism between January 2019 and December 2021. To achieve this, the
records were searched within the primary and secondary diagnoses fields for the diagnosis
codes corresponding to acute pulmonary embolism according to the International Classifi-
cation of Disease-ICD-10 (I26.0; I26.9). Only entries containing acute events were included
in the study; i.e., instances where the aforementioned diagnosis codes referred to previous
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events in the patient’s history were excluded. Diagnostic criteria were checked according to
the most recent guidelines published by the European Society of Cardiology (ESC) on the
diagnosis and management of acute pulmonary embolism [8] and relied mainly on imaging
confirmation of pulmonary embolism via computed tomography pulmonary angiography.

Characteristics describing patient demographics (age, gender), medical history, and
clinical presentation (including vital parameters on arrival), as well as laboratory and
imaging findings were extracted. PESI and SPESI scores were subsequently calculated ret-
rospectively according to the instructions in the guidelines mentioned above. Retrospective
computation of these scores has been validated in previous, more extensive retrospective
cohort studies, providing reliable results [24]. Classification into risk classes according to
PESI and sPESI risk scores was implemented using the following cut-offs, as endorsed by
the same guidelines published by the ESC [8]:

• PESI:

# Very low risk: ≤65 points
# Low risk: 66–85 points
# Intermediate risk: 86–105 points.
# High risk: 106–125 points
# Very high risk: >125 points

• sPESI

# Low risk: 0 points
# High risk: ≥1 point(s)

In addition, the presence or absence of concomitant deep vein thrombosis was noted,
as well as the presence of COVID-19 infection either on admission or in the 14 days prior
to the patient’s presentation as documented according to local hospital protocols, which
were implemented during the first wave of the COVID-19 pandemic. The neutrophil-to-
lymphocyte ratio was computed from the first available blood sample drawn within the
first 14 days of hospital admission. Due to the known variability in NLR over time, patients
were stratified according to the timeframe within which the first complete blood count was
available, and a subanalysis of patients with a CBC available in the first 24 h of PE diagnosis
was performed. Analysis of NLR values recorded in the first 24 h after PE diagnoses is a
similar approach to the one implemented by Efros et al. [14]. Patients with no available
blood samples were excluded from the study.

Blood tests were performed after venous blood sample collection. CBCs, including
total white blood cell, neutrophil, and lymphocyte counts, were computed using fluorescent
flow cytometry on an automatic hematology analyzer. NLR was calculated as the ratio
between the absolute number of neutrophil granulocytes and the absolute number of
lymphocytes, as described previously [16,17]. Leukocytosis was defined as a WBC (white
blood cell) count above 10 × 103/µL, similarly to Afzal et al. [25]. Variables that presented
missing data within the study group were excluded from the analysis. Among other
determinations, this included C-reactive protein levels, which were not routinely measured.

Echocardiographic data were also extracted, as all the patients admitted with the
diagnosis of PE had undergone echocardiographic evaluation at the time of diagnosis.
The presence of dilated right ventricle (parasternal long axis proximal RVOT diameter
above 30 mm), altered right ventricle function (tricuspid annular plane systolic excursion
under 16 mm), dilated inferior vena cava (above 20 mm), or the presence intracavitary
thrombus were documented. These measurements and their cut-offs were based on the
current recommendations published by the European Society of Cardiology (ESC) on the
diagnosis and management of acute pulmonary embolism [8] and current guidelines on
echocardiographic chamber quantification [26].

2.2. Data Processing

Elevated NLR was defined similarly to Efros et al. [14], whereby, in the absence of a
unanimously accepted cut-off value for NLR for predicting PE outcomes, patients with
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an NLR above the median of the collected sample were compared to those with values
below this value, essentially providing a dichotomous variable in this regard. Consequently,
patient stratification according to the timeframe of blood sample collection (i.e., within the
first 24 h of PE diagnosis vs. all patients, regardless of the moment in which the first CBC
was acquired within the first 14 days of hospital admission) yielded different cut-offs in
our stratified analysis. Our primary outcome variable was in-hospital mortality. Statistical
analysis was executed utilizing the IBM SPSS Statistics 21 software package. Numerical
variables were described by their mean, median, standard deviation, 95% confidence
interval for the mean, minimum, maximum, and interquartile range values. To evaluate the
normality of continuous variables, the Shapiro–Wilk and Kolmogorov–Smirnoff tests were
utilized where appropriate, together with the evaluation of the skewness and kurtosis of
the data. Categorical variables were described by computing their frequency distribution.

2.2.1. Bivariate Analysis

For continuous variables conforming to a normal distribution, t-Student tests were
applied for comparative analysis. Otherwise, a Mann–Whitney U test was implemented.
Chi-square or Fisher exact tests were used to identify significant associations between
categorical variables. A p-value less than 0.05 was regarded as indicative of statistical
significance.

2.2.2. Multivariate Logistic Regression and ROC Curve Comparison

In order to quantify the impact of each predictor for in-hospital mortality identified in
the initial bivariate analysis, binary logistic regression was performed.

The methodology employed involved iterative inclusion or exclusion of variables
to identify the best-fitting regression model. Numerical variables were mean-centered
to mitigate multicollinearity, while categorical variables were transformed into dummy
variables. Bootstrapping with 1000 samples was performed to determine 95% confidence
intervals for the regression coefficients using the bias-corrected and accelerated (BCa)
method. Variables that significantly influenced in-hospital mortality prediction (p < 0.05
and both limits of the 95% confidence interval for coefficients being positive) were retained
in the model.

In addition, ROC curves were computed for numerical variables, in order to further
illustrate their comparative accuracy in predicting in-hospital mortality.

2.2.3. Machine Learning Algorithms

To further enhance our findings, we employed two machine learning methods, namely
a two-step cluster analysis and a classification and regression tree algorithm. This approach
was undertaken to discern complex patterns and relationships within the dataset. In our
iterative process, variables demonstrating significant correlations with in-hospital mortality
were systematically incorporated and subsequently eliminated from the models, aiming
to identify the most effective combinations of variables that could reliably predict our
target outcome.

Two-step clustering used the k-means algorithm and hierarchical agglomerative clus-
tering to delineate groups of patients with similar characteristics regarding the variables
employed. While this is an unsupervised method, by feeding the algorithm with variables
that correlate with a specific outcome (in our case, in-hospital mortality), the traits of each
resulting cluster can converge with respect to this outcome, yielding distinct populations in
this regard. We used Akaike’s information criterion (AIC) to determine the optimal model
fit and allowed for automatic selection for the number of clusters. We selected models with
an average silhouette of cohesion separation of at least 0.5 to indicate their robustness. In
addition, variables with a predictor importance under 0.5 were discarded from the models
to enhance their quality.

CART decision trees also delineate between different patient groups based on specified
characteristics. This technique is, however, supervised, whereby the outcome variable is
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predefined, thus enabling such algorithms to provide prediction models for the investigated
outcome. In addition, it delivers a visual model to illustrate the complex interplay between
predictors and outcomes, without attempting, however, to provide a causal explanation for
the defined rule set.

The construction of the model is executed from the primary root and expands through
branching until further division is no longer feasible, correlating all predictors to anticipate
the investigated outcome (in our case, in-hospital mortality). Branching is guided by
conditions (internal nodes) imposed on predictor variables, which iteratively segment
the data. The endpoint of a branch (referred to as a “leaf” or child node) signifies the
conclusive decision of the algorithm. The defining parameters involved in tree growth in
CART decision trees are based on the principle of entropy, whereby data segmentation
across nodes is governed by the reduction in node impurity from one split to the next.
The primary objective is to pinpoint the optimal split point (cut-off value) for a predictor
variable. Division criteria are optimized based on the Gini index and the Twoing impurity
metrics for categorical variables or the LSD (least squares deviation) impurity measure for
continuous variables. The algorithm then ascertains the best node division by choosing the
predictor that optimizes the division criterion, culminating in the maximal decrease in node
impurity, repeating the process of each “child” node until no further enhancement is feasible
or pre-established stopping criteria are met. The CART decision tree is characterized by its
adaptability for managing various data types and distributions, resilience against outliers,
and efficient treatment of missing values through surrogate divisions.

Following the tree’s full expansion, pruning trims the tree (eliminating nodes that
contribute minimal additional information) to the most compact subtree with an acceptable
risk level. This mitigates the risk of overfitting the model to the input data and enhances
its stability.

In this study, CART models were computed in pruning mode, considering variables
that correlated with in-hospital mortality. To grow the decision tree model, we allowed
for automatic selection of maximum growth levels (5 by default), with 5 as the minimum
number of cases for parent nodes and 3 for child nodes. For the Gini impurity measure, we
selected a minimum change in improvement of 0.0001, and the maximum difference in risk
in standard errors was set to 0.

Both techniques are adept at analyzing continuous and categorical variables, despite
employing different underlying mathematical constructs. In addition, they have demon-
strated their usefulness in enhancing insights from clinical data, even in small sample sizes.
Due to the different approaches of the two algorithms towards classifying data, the results
they yield are complementary to each other, offering valuable perspectives on patient
categorization. These aspects were described in more detail in our previous work [27].

3. Results
3.1. Bivariate Analysis

There were 160 patients included in our study, 76 (47.5%) of whom were female and
84 (52.5%) male. Table 1 shows the distribution of patients according to the first available
CBC timeframe.

Table 1. First available CBC timeframe.

First Available CBC
Total

(% of Grand Total)

Gender (% of Category)
p-Value

Female Male

<24 h 83 (51.88%) 39 (46.99%) 44 (53.01%)
0.97324–48 h 18 (11.25%) 9 (50%) 9 (50%)

>48 h 59 (36.88%) 28 (47.56%) 31 (52.54%)

Tables 2 and 3 show the characteristics of the studied group across genders. No cases
with a body temperature under 36 ◦C were recorded within our study group. Median NLR
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was 3.7 when considering all patients and 4.69 when analyzing the subgroup of patients
with a CBC available within the first 24 h of PE diagnosis.

Table 2. Patient characteristics across genders (numerical variables).

Variable Descriptive
Parameter

Whole Group CBC < 24 h

Gender
p-Value

Gender
p-Value

Female Male Female Male

Age

Mean 67.08 65.77

0.781

68.08 67.75

0.1

StdDev 15.54 15.13 16.68 16

IQR 15 17 26 21

MIN 21 26 21 26

MAX 94 89 94 89

95% CI 63.53–70.63 62.49–69.06 62.67–73.48 57.89–67.61

PESI

Mean 108.72 115.1

0.246

117.69 122.05

0.690

StdDev 46.75 41.98 53.85 45.15

IQR 59.5 49.25 92 61.75

MIN 21 38 21 50

MAX 220 247 220 247

95% CI 98.04—119.4 106—24.22 100.24–
135.15

108.31–
135.77

SPESI

Mean 1.55 1.56

0.823

1.67 1.75

0.625

StdDev 1.28 1.15 1.46 1.24

IQR 2 1 3 2

MIN 0 0 0 0

MAX 5 5 5 5

95% CI 1.26—1.85 1.31—1.81 1.19–2.14 1.37–2.13

WBC Count
(103/µL)

Mean 10.24 9.66

0.798

10.86 10.23

0.985

StdDev 5.32 3.58 6.27 4.07

IQR 6.17 5.32 5.74 6.54

MIN 2.57 3.76 3.66 4.49

MAX 37.06 19.37 37.06 19.37

95% CI 8.88–12.99 8.89–10.44 8.83–12.9 9–11.48

NLR

Mean 5.92 6.88

0.727

7.29 7.94

1

StdDev 6.51 7.83 7.9 8.54

IQR 4.33 5.38 6.01 7.17

MIN 0.30 0.55 0.45 1.45

MAX 45.87 43.23 45.87 43.23

95% CI 4.43—7.41 5.17—8.57 4.73—9.85 5.34—10.54

CBC < 24 h—group with first available CBC under 24 h; StdDev—standard deviation; IQR—interquartile range;
MIN—minimum observed value; MAX—maximum observed value; 95% CI—95% confidence interval for the
mean; PESI—pulmonary embolism severity index; SPESI—simplified pulmonary embolism severity index;
WBC—white blood cell; NLR—neutrophil-to-lymphocyte ratio.

Patients with NLR values above the median were categorized as having elevated NLR.
Patients with a CBC available within the first 24 h of PE diagnosis were recategorized
according to the median of their group when subanalyzed.
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Tables 4 and 5 provide information on the distribution of variables across NLR categories.

Table 3. Patient characteristics across genders (categorical variables, % of column categories).

Variable

Whole Group CBC < 24 h

Gender
p-Value

Gender
p-Value

Female Male Female Male

COVID-19 (positive) 4 (5.3%) 12 (14.3%) 0.057 2 (5.1%) 7 (15.9%) 0.163

Cancer 28 (36.8%) 18 (21.4%) 0.031 13 (33.3%) 16 (34.1%) 0.942

Chronic heart failure 20 (26.3%) 26 (31%) 0.518 10 (25.6%) 14 (31.8%) 0.536

Chronic pulmonary disease 12 (15.8%) 28 (33.3%) 0.01 7 (17.9%) 16 (36.4%) 0.061

Pulse rate ≥ 110 bpm 15 (19.7%) 18 (21.4%) 0.792 9 (23.1%) 11 (25%) 0.838

Systolic BP < 100 mmHg 10 (13.2%) 13 (15.5%) 0.676 9 (23.1%) 8 (18.2%) 0.581

Respiratory rate > 30
breaths/min 3 (3.9%) 8 (9.5%) 0.164 3 (7.7%) 5 (11.4%) 0.572

Altered mental status 11 (14.5%) 15 (17.9%) 0.562 7 (17.9%) 10 (22.7%) 0.590

Arterial oxyhemoglobin
Saturation < 90% 24 (31.6%) 27 (32.1%) 0.939 13 (33.3%) 16 (36.4%) 0.773

Elevated NLR 40 (52.6%) 40 (47.6%) 0.527 24 (61.5%) 25 (56.8%) 0.663

Leukocytosis 32 (42.1%) 31 (36.9%) 0.501 18 (46.2%) 19 (43.2%) 0.786

Concomitant DVT 28 (36.8%) 32 (38.1%) 0.870 13 (33.3%) 15 (34.1%) 0.942

Dilated RV 32 (42.1%) 53 (63.1%) <0.01 19 (48.7%) 26 (59.1%) 0.344

RV dysfunction 3 (3.9%) 3 (3.6%) 0.9 1 (2.6%) 2 (4.5%) 1

Dilated VCI 5 (6.6%) 9 (10.7%) 0.355 2 (5.1%) 4 (9.1%) 0.679

Intracavitary thrombus 3 (3.9%) 2 (2.4%) 0.570 2 (5.1%) 0 (0%) 0.218

In-hospital death 13 (17.1%) 13 (15.5%) 0.780 8 (20.5%) 9 (20.5%) 0.995

BP—blood pressure; NLR—neutrophil-to-lymphocyte ratio; DVT—deep vein thrombosis; RV—right ventricle;
VCI—vena cava inferior.

Table 4. Patient characteristics across NLR categories (numerical variables).

Variable Descriptive
Parameter

Whole Group CBC < 24 h

Elevated NLR (>3.7)
p-Value

Elevated NLR (>4.69)
p-Value

No Yes No Yes

Age

Mean 62.53 70.26

<0.01

61.4 69.2

0.03

StdDev 16.53 12.92 16.49 15.61

IQR 22 15 25 20

MIN 21 28 21 28

MAX 86 94 87 94

95% CI 58.85–66.2 67.39–73.14 56.27—66.54 64.27—74.12

WBC Count
(103/µL)

Mean 8.16 11.71

<0.01

8.38 12.74

<0.01

StdDev 3.32 4.81 3.72 5.56

IQR 3.06 5.72 3.56 5.86

MIN 2.57 3.66 3.66 4.4

MAX 19.86 37.06 19.37 37.06

95% CI 7.42–8.9 10.64–12.78 7.21–9.54 10.97–14.51
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Table 4. Cont.

Variable Descriptive
Parameter

Whole Group CBC < 24 h

Elevated NLR (>3.7)
p-Value

Elevated NLR (>4.69)
p-Value

No Yes No Yes

PESI

Mean 91.14 133

<0.01

93.05 147.61

<0.01

StdDev 32.72 44.6 34.61 46.74

IQR 46.5 73.25 42 81

MIN 65 21 21 65

MAX 247 166 207 247

95% CI 83.86–98.42 123.09–
142.94 82.26–103.83 132.86–

162.36

SPESI

Mean 1.15 1.96

<0.01

1.12 1.9

<0.01

StdDev 1.06 1.23 1.09 1.31

IQR 2 2 2 2

MIN 0 0 0 0

MAX 5 4 4 5

95% CI 0.91–1.39 1.69–2.24 0.78–1.46 1.9–2.73

CBC < 24 h—group with first available CBC under 24 h; NLR—neutrophil-to-lymphocyte ratio; StdDev—standard
deviation; IQR—interquartile range; MIN—minimum observed value; MAX—maximum observed value; 95%CI—
95% confidence interval for the mean; WBC—white blood cell; PESI—pulmonary embolism severity index;
SPESI—simplified pulmonary embolism severity index.

Table 5. Patient characteristics across NLR categories (categorical variables, % of column categories).

Variable Values

Whole Group CBC < 24 h

Elevated NLR (>3.7)
p-Value

Elevated NLR (>4.69)
p-Value

No Yes No Yes

COVID-19
No 78 (54.2%) 66 (45.8%)

<0.01
41 (55.4%) 33 (44.6%)

0.015Yes 2 (12.5%) 14 (87.5%) 1 (11.1%) 8 (88.9%)

Cancer
No 63 (55.3%) 51 (44.7%)

0.036
29 (52.7%) 26 (47.3%)

0.587
Yes 17 (37%) 29 (63%) 13 (46.4%) 15 (53.6%)

Chronic heart failure
No 59 (51.8%) 55 (48.2%)

0.485
31 (52.5%) 28 (47.5%)

0.579
Yes 21 (45.7%) 25 (54.3%) 11 (45.8%) 13 (54.2%)

Chronic pulmonary
disease

No 63 (52.5%) 57 (47.5%)
0.273

31 (51.7%) 29 (48.3%)
0.754

Yes 17 (42.5%) 23 (57.5%) 11 (47.8%) 12 (52.2%)

Pulse rate ≥ 110 b.p.m. No 66 (52%) 61 (48%)
0.329

36 (57.1%) 27 (42.9%)
0.034Yes 14 (42.4%) 19 (57.6%) 6 (30%) 14 (70%)

Systolic BP < 100 mmHg No 77 (56.2%) 60 (43.8%)
<0.01

41 (62.1%) 25 (37.9%)
<0.01Yes 3 (13%) 20 (87%) 1 (5.9%) 16 (94.1%)

Respiratory rate > 30
breaths/min

No 77 (51.7%) 72 (48.3%)
0.118

39 (52%) 36 (48%)
0.483Yes 3 (27.3%) 8 (72.7%) 3 (37.5%) 5 (62.5%)

Altered mental status
No 77 (57.5%) 57 (42.5%)

<0.01
40 (60.6%) 26 (39.4%)

<0.01Yes 3 (11.5%) 23 (88.5%) 2 (11.8%) 15 (88.2%)

Arterial oxyhemoglobin
Saturation < 90%

No 65 (59.6%) 44 (40.4%)
<0.01

37 (68.5%) 17 (31.5%)
<0.01Yes 15 (29.4%) 36 (70.6%) 5 (17.2%) 24 (82.8%)

Concomitant DVT
No 48 (48%) 52 (52%)

0.514
28 (50.9%) 27 (49.1%)

0.938Yes 32 (53.3%) 28 (46.7%) 14 (50%) 14 (50%)
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Table 5. Cont.

Variable Values

Whole Group CBC < 24 h

Elevated NLR (>3.7)
p-Value

Elevated NLR (>4.69)
p-Value

No Yes No Yes

SPESI risk category Low 28 (76.5%) 8 (23.5%)
<0.01

13 (81.3%) 3 (18.8%)
<0.01High 54 (42.9%) 72 (57.1%) 29 (43.3%) 38 (56.7%)

PESI risk category

Very low 16 (94.1%) 1 (5.9%)

<0.01

8 (88.9%) 1 (11.1%)

<0.01
Low 20 (71.4%) 8 (28.6%) 10 (76.9%) 3 (23.1%)

Intermediate 18 (47.4%) 20 (52.6%) 10 (58.8%) 7 (41.2%)
High risk 16 (57.1%) 12 (42.9%) 10 (83.3%) 2 (16.7%)
Very high 10 (20.4%) 39 (79.6%) 4 (12.5%) 28 (87.5%)

Dilated RV
No 39 (52%) 36 (48%)

0.635
18 (47.4%) 20 (52.6%)

0.662Yes 41 (48.2%) 44 (51.8%) 24 (53.3%) 21 (46.7%)

RV dysfunction No 75 (48.7%) 79 (51.3%)
0.210

40 (50%) 40 (50%)
1Yes 5 (83.3%) 1 (16.7%) 2 (66.7%) 1 (33.3%)

Dilated VCI
No 70 (47.9%) 76 (52.1%)

0.093
38 (49.4%) 39 (50.6%)

0.676Yes 10 (71.4%) 4 (28.6%) 4 (66.7%) 2 (33.3%)

Intracavitary thrombus No 80 (51.6%) 75 (48.4%)
0.059

42 (51.9%) 39 (48.1%)
0.241Yes 0 (0%) 5 (100%) 0 (0%) 2 (100%)

Leukocytosis No 66 (68%) 31 (32%)
<0.01

33 (71.7%) 13 (28.3%)
<0.01Yes 14 (22.2%) 49 (77.8%) 9 (24.3%) 28 (75.7%)

In-hospital death No 79 (59%) 55 (41%)
<0.01

40 (60.6%) 26 (39.4%)
<0.01Yes 1 (3.8%) 25 (96.2%) 2 (11.8%) 15 (88.2%)

CBC < 24 h—group with first available CBC under 24 h; NLR—neutrophil-to-lymphocyte ratio; BP—blood
pressure; NLR—neutrophil-to-lymphocyte ratio; DVT—deep vein thrombosis; RV—right ventricle; VCI—vena
cava inferior.

Tables 6 and 7 exhibit the distribution of variables in reference to in-hospital mortality.

Table 6. Numerical variables and in-hospital mortality.

Variable Descriptive
Parameter

Whole Group CBC < 24 h

In Hospital Death
p-Value

In Hospital Death
p-Value

No Yes No Yes

Age

Mean 65.51 70.96

0.143

63.91 70.47

0.168

StdDev 15.61 12.83 16.59 15.19

IQR 17 17 20 20

MIN 21 42 21 42

MAX 94 93 94 93

95% CI 62.84–68.17 65.78–76.15 59.83–67.99 62.66–78.28

WBC Count
(103/µL)

Mean 9.29 13.24

<0.01

9.84 13.24

0.136

StdDev 3.66 6.58 3.97 8.04

IQR 5.08 6.96 5.87 9.37

MIN 2.57 4.4 3.66 4.4

MAX 20.52 37.06 20.52 37.06

95% CI 8.67–9.92 10.58–15.9 8.86–10.81 9.1–17.37
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Table 6. Cont.

Variable Descriptive
Parameter

Whole Group CBC < 24 h

In Hospital Death
p-Value

In Hospital Death
p-Value

No Yes No Yes

NLR

Mean 4.77 14.91

<0.01

5.59 15.57

<0.01

StdDev 4.11 12.36 4.6 13.22

IQR 3.11 13.29 5.45 11.35

MIN 0.3 2.80 0.45 2.8

MAX 20.27 45.87 19.99 45.87

95% CI 4.07–5.47 9.91–19.90 4.46–6.72 8.78–22.37

PESI

Mean 103.11 158.26

<0.01

106.85 171.06

<0.01

StdDev 37.44 48.61 41.28 44.57

IQR 41.75 85.75 52.25 70.5

MIN 21 66 21 77

MAX 209 247 209 247

95% CI 96.71–109.51 138.63–177.9 96.7–117 148.15–
193.97

SPESI

Mean 1.34 2.69

<0.01

1.39 2.94

<0.01

StdDev 1.12 1.01 1.25 0.9

IQR 1 1 1 2

MIN 0 0 0 1

MAX 5 4 5 4

95% CI 1.14–1.53 2.28–3.10 1.09–1.7 2.48–3.40

CBC < 24 h—group with first available CBC under 24 h; NLR—neutrophil-to-lymphocyte ratio; StdDev—standard
deviation; IQR—interquartile range; MIN—minimum observed value; MAX—maximum observed value; 95%CI—
95% confidence interval for the mean; WBC—white blood cell; PESI—pulmonary embolism severity index;
SPESI—simplified pulmonary embolism severity index.

Table 7. Categorical variables and in-hospital mortality (% of column categories).

Variable Values

Whole Group CBC < 24 h

In-Hospital Death
p-Value

In-Hospital Death
p-Value

No Yes No Yes

COVID-19
No 127 (88.2%) 17 (11.8%)

<0.01
63 (85.1%) 11 (14.9%)

<0.01Yes 7 (43.8%) 9 (56.3%) 3 (33.3%) 6 (66.7%)

Cancer
No 95 (83.3%) 19 (16.7%)

0.822
44 (80%) 11 (20%)

1
Yes 39 (84.8%) 7 (15.2%) 22 (78.6%) 6 (21.4%)

Chronic heart failure
No 100 (87.7%) 14 (12.3%)

0.032
49 (83.1%) 10 (16.9%)

0.239
Yes 34 (73.9%) 12 26.1%) 17 (70.8%) 7 (29.2%)

Chronic pulmonary
disease

No 105 (87.5%) 15 (12.5%)
0.026

50 (83.3%) 10 (16.7%)
0.224

Yes 29 (72.5%) 11 (27.5%) 16 (69.6%) 7 (30.4%)

Pulse rate ≥ 110 b.p.m. No 109 (85.8%) 18 (14.2%)
0.162

52 (82.5%) 11 (17.5%)
0.339Yes 25 (75.8%) 8 (24.2%) 14 (70%) 6 (30%)

Systolic BP < 100 mmHg No 120 (87.6%) 17 (12.4%)
<0.01

56 (84.8%) 10 (15.2%)
0.038Yes 14 (60.9%) 9 (31.9%) 10 (58.8%) 7 (41.2%)

Respiratory rate > 30
breaths/min

No 128 (85.9%) 21 (14.1%)
0.018

62 (82.7%) 13 (17.3%)
0.051Yes 6 (54.5%) 5 (45.5%) 4 (50%) 4 (50%)
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Table 7. Cont.

Variable Values

Whole Group CBC < 24 h

In-Hospital Death
p-Value

In-Hospital Death
p-Value

No Yes No Yes

Altered mental status
No 121 (90.3%) 13 (9.7%)

<0.01
58 (87.9%) 8 (12.1%)

<0.01Yes 13 (50%) 13 (50%) 8 (47.1%) 9 (52.9%)

Arterial oxyhemoglobin
Saturation < 90%

No 103 (94.5%) 6 (5.5%)
<0.01

52 (96.3%) 2 (3.7%)
<0.01Yes 31 (60.8%) 20 (39.2%) 14 (48.3%) 15 (51.7%)

Concomitant DVT
No 81 (81%) 19 (9%)

0.223
43 (78.2%) 12 (21.8%)

0.672Yes 53 (88.3%) 7 (11.7%) 23 (82.1%) 5 (17.9%)

SPESI risk category Low 33 (97.1%) 1 (2.9%)
0.018

16 (100%) 0 (0%)
0.034High 101 (80.2%) 25 (19.8%) 50 (74.6%) 17 (25.4%)

PESI risk category

Very low 17 (100%) 0 (0%)

<0.01

9 (100%) 0 (0%)

<0.01
Low 26 (92.9%) 2 (7.1%) 12 (92.3%) 1 (7.7%)

Intermediate 36 (94.7%) 2 (5.3%) 17 (100%) 0 (0%)
High risk 25 (89.3%) 3 (10.7%) 11 (91.7%) 1 (8.3%)
Very high 30 (61.2%) 19 (38.8%) 17 (53.1%) 15 (46.9%)

Dilated RV
No 62 (82.7%) 13 (17.3%)

0.727
28 (73.7%) 10 (26.3%)

0.226Yes 72 (84.7%) 13 (15.3%) 38 (84.8%) 7 (15.6%)

RV dysfunction No 128 (83.1%) 26 (16.9%)
0.59

63 (78.8%) 17 (21.3%)
1Yes 6 (100%) 0 (0%) 3 (100%) 0 (0%)

Dilated VCI
No 120 (82.2%) 26 (17.8%)

0,129
60 (77.9%) 17 (22.1%)

0.338Yes 14 (100%) 0 (0%) 6 (100%) 0 (0%)

Intracavitary thrombus No 130 (83.9%) 25 (16.1%)
1

65 (80.2%) 16 (19.8%)
0.37Yes 4 (80%) 1 (20%) 1 (50%) 1 (50%)

Leukocytosis No 87 (89.7%) 10 (10.3%)
0.11

38 (82.6%) 8 (17.4%)
0.437Yes 47 (74.6%) 16 (25.4%) 28 (75.7%) 9 (24.3%)

CBC < 24 h—group with first available CBC under 24 h; BP—blood pressure; NLR—neutrophil-to-lymphocyte
ratio; DVT—deep vein thrombosis; RV—right ventricle; VCI—vena cava inferior.

3.2. Multivariate Binary Logistic Regression and ROC Curves

Four numerical and ten categorical variables showed significant correlations with
in-hospital mortality within the entire group. WBC count and the presence of chronic
heart failure, chronic pulmonary disease, or a respiratory rate above 30 breaths/min on
admission correlated with mortality when considering the entire group, but not within
the <24 h CBC subanalysis. Binary regression was performed to identify the strongest
predictors for in-hospital mortality. When analyzing the group as a whole, an adequate
binary logistic regression model for predicting in-hospital mortality was obtained when
retaining the variables defining the presence of COVID-19 infection, elevated NLR, and
altered mental status or hypoxemia on admission.

The model had an overall efficiency of 90.6% (57.7% for predicting in-hospital mortality
and 97% for predicting survival) and satisfactory goodness of fit (Hosmer–Lemeshow
p-value = 0.589). The results containing the statistical significance of the selected variables
and the 95% confidence intervals for the regression coefficients calculated via the BCa
method are presented in Table 8.

ROC curves for numerical variables found to correlate with in-hospital mortality in
the bivariate analysis are illustrated in Figure 1, and the areas under the resulting ROC
curves are presented in Table 9.
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Table 8. Binary regression model.

Variable β p
BCa 95% CI for β

Lower Higher

COVID-19 1.68 <0.01 0.01 19.58
Altered mental status 1.56 <0.01 0.2 3.35

Arterial oxyhemoglobin
Saturation < 90% 1.98 <0.01 0.27 35.77

Elevated NLR (>3.7) 2.71 0.016 0.59 20.66
Constant −5.43 <0.01 −22.71 −4.43

NLR—neutrophil-to-lymphocyte ratio.
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Figure 1. ROC curves for numerical variables predicting in-hospital mortality.

Areas under the ROC curves are displayed in Table 9.
A subanalysis of the group with a CBC available in the first 24 h after PE diagnosis

was also performed; however, an adequate binary logistic regression model for predicting
in-hospital mortality could not be obtained. ROC curves for numerical variables found to
correlate with in-hospital mortality in bivariate analysis are illustrated in Figure 2 and the
areas under the resulting ROC curves are presented in Table 10.
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Table 9. Area under ROC curves for numerical variables.

Variable Area under ROC Curve

NLR 0.853
WBC Count 0.714

SPESI 0.814
PESI 0.812

NLR—neutrophil-to-lymphocyte ratio; WBC—white blood cell; PESI—pulmonary embolism severity index;
SPESI—simplified pulmonary embolism severity index.
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Figure 2. ROC curves for numerical variables predicting in-hospital mortality (<24 h CBC subanalysis).

Table 10. Area under ROC curves for numerical variables (<24 h CBC subanalysis).

Variable Area under ROC Curve

NLR 0.812
WBC Count 0.618

SPESI 0.837
PESI 0.856

NLR—neutrophil-to-lymphocyte ratio; WBC—white blood cell; PESI—pulmonary embolism severity index;
SPESI—simplified pulmonary embolism severity index.

3.3. Two-Step Cluster Analysis

We performed a two-step cluster analysis to enhance the understanding of the interplay
between traditional risk scores, the presence of COVID-19 infection, and NLR values.

Of the tested models, a robust variant with an average silhouette of cohesion separation
of approximately 1.0 was obtained by using the sPESI category, NLR category (i.e., above
or below median), and COVID-19 coinfection. The distribution of variables within the



J. Clin. Med. 2024, 13, 1191 14 of 24

model and its clusters is presented in Table 11, and a visual representation of the model is
illustrated in Figure 3.

Table 11. Two-step cluster analysis results.

Variable Category Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Predictor
Importance

Count
(% of total) - 26 (16.2%) 52 (32.5%) 8 (5%) 59 (36.9%) 15 (9.4%) -

SPESI category Low risk 26 (100%) 0 (0%) 8 (100%) 0 (0%) 0 (0%)
1.0High risk 0 (0%) 52 (100%) 0 (0%) 59 (100%) 15 (100%)

Elevated NLR (>3.7)
No 26 (100%) 52 (100%) 0 (0%) 0 (0%) 2 (13.3%)

0.95Yes 0 (0%) 0 (0%) 8 (100%) 59 (100%) 13 (86.7%)

COVID-19
No 26 (100%) 52 (100%) 7 (87.5%) 59 (100%) 0 (0%)

0.94Yes 0 (0%) 0 (0%) 1 (12.5%) 0 (0%) 15 (100%)

NLR—neutrophil-to-lymphocyte ratio; SPESI—simplified pulmonary embolism severity index.
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Figure 3. Cluster comparison.

The frequency of in-hospital mortality across resulting clusters is presented in Figure 4.
The differences observed were statistically significant (p < 0.01).

Cluster 5, with the highest mortality, was exclusively comprised of COVID-19 patients,
who were classified into the high-risk sPESI category and had elevated NLR. Clusters 1–4
were mainly composed of non-COVID-19 patients (a single case in cluster 3). Cluster 4
contained patients classified into the high-risk sPESI category, which had elevated NLR,
while patients in cluster 1 (which showed the lowest in-hospital mortality) were categorized
as low risk according to the sPESI score and did not have elevated NLR values. Cluster 2
contained patients classified as high risk according to sPESI score without having elevated
NLR values, while Cluster 3 was comprised of patients categorized as low-risk according
to sPESI score but who had elevated NLR values.

When analyzing the subgroup of patients with a CBC available in the first 24 h
after admission, two-step cluster analysis based on the same variables yielded a model
containing only four clusters, with an average silhouette of cohesion separation of 0.9. The
distribution of variables within the model and its clusters is presented in Table 12.
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Figure 4. In-hospital mortality across clusters.

Table 12. Two-step cluster analysis results.

Variable Category Cluster 1a Cluster 2a Cluster 3a Cluster 4a Predictor
Importance

Count
(% of total) - 16 (19.3%) 28 (33.7%) 30 (36.1%) 9 (10.8%) -

sPESI category Low-risk 16 (100%) 0 (0%) 0 (0%) 0 (0%)
1High-risk 0 (0%) 28 (100%) 30 (100%) 9 (100%)

Elevated NLR
(>4.69)

No 13 (81.3%) 28 (100%) 0 (0%) 1 (11.1%)
0.83Yes 3 (18.8%) 0 (0%) 30 (100%) 8 (88.9%)

COVID-19
No 16 (100%) 28 (100%) 30 (100%) 0 (0%)

1Yes 0 (0%) 0 (0%) 0 (0%) 9 (100%)

NLR—neutrophil-to-lymphocyte ratio; SPESI—simplified pulmonary embolism severity index.

The frequency of in-hospital mortality across resulting clusters is presented in Figure 5,
with the differences being statistically significant (p < 0.01).

Similar clustering tendencies were observed in the subanalysis, with one cluster com-
prised exclusively of COVID-19 patients (Cluster 4a) classified as high-risk according to
SPESI score, while the rest of the clusters (Clusters 1a–3a) were composed of non-COVID-19
patients. Cluster 3 contained patients who were both classified as high-risk sPESI cate-
gory and additionally presented elevated NLR levels, while patients in cluster 1a (which
showed the lowest in-hospital mortality) were all categorized as low-risk according to the
sPESI score, in addition to most frequently not having elevated NLR values. Cluster 2a
contained patients categorized as high-risk according to SPESI, while not exhibiting ele-
vated NLR levels, and showed an intermediary value between cluster 1a and 3a regarding
in-hospital mortality.
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Figure 5. In-hospital mortality across clusters (<24 h CBC subanalysis).

3.4. CART Decision Tree

A cart decision tree was generated using the following variables: the presence of
COVID-19 infection on admission or in the 14 days prior, arterial oxyhemoglobin saturation
<90%, the presence of altered mental status, and the presence of NLR above the median.
The resulting model is presented in Figure 6.

The CART decision tree showed an overall accuracy of 90% (97.3% for predicting
survival and 53.8% for predicting in-hospital death). The decision paths in the algorithm
distinguished between several patient groups with distinct characteristics regarding the
presence of COVID-19 infection, elevated NLR, and particular definitory elements of the
PESI/sPESI scores. Notably, the following patient subgroups emerged:

• A group of 9 patients with arterial oxyhemoglobin saturation <90% infected with
COVID-19, with an 88.9% prediction chance of in-hospital mortality

• A group of 9 patients without COVID-19 presented with altered mental status, arterial
oxyhemoglobin saturation <90%, and elevated NLR and had a 66.7% prediction chance
of in-hospital mortality.

• A group of 18 patients without COVID-19 who presented with arterial oxyhemoglobin
saturation <90% and elevated NLR and had a 27.8% prediction chance of in-hospital
mortality

• A group of 15 patients without COVID-19 who presented with arterial oxyhemoglobin
saturation <90% but did not have elevated NLR. These patients had a 6.7% chance of
predicted in-hospital mortality.

• A group of 109 patients who presented with normal arterial oxyhemoglobin saturation.
These patients were not further stratified and had a 5.5% predicted chance of in-
hospital mortality.

When analyzing the subgroup of patients with a CBC available in the first 24 h, com-
pared to the whole group analysis, a more robust model was obtained when implementing
mostly numerical variables concerning traditional PE risk estimation strategies. The result
is presented in Figure 7.
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This iteration delivered an overall accuracy of 94% (95.5% for predicting survival and
88.2% for predicting in-hospital death). Based on the presence of COVID-19 infection, NLR
levels, and PESI score, the algorithm identified the following patient subgroups:
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• A group of 5 patients infected with COVID-19 and a PESI score above 131 with a 100%
prediction chance of in-hospital mortality.

• A group of 3 patients without COVID-19 who presented with a WBC count above
18.975 × 103/µL and an NLR above 14.525 with a 100% prediction chance of in-hospital
mortality.

• A group of 4 patients without COVID-19 who had a WBC count up to 18.975 × 103/µL
and an NLR up to 14.525 but presented a PESI score above 189. In this group, the
predicted chance of in-hospital mortality was 75%.

• A group of 6 patients without COVID-19 and with a WBC up to 18.975 × 103/µL but
with a PESI score above 131 and an NLR above 14.525. This group was predicted to
have a 66.7% chance of in-hospital mortality.

• A group of 52 patients with a PESI score under 131, who had a 3.8% chance of in-
hospital mortality.

• A group of 13 patients with a PESI score between 131 and 189, who had a WBC count
up to 18.975 × 103/µL and an NLR up to 14.525. This group had a 0% predicted
chance of in-hospital mortality.

4. Discussion

We conducted a retrospective analysis of 160 patients presenting with acute pulmonary
embolism to investigate the significance of NLR concerning in-hospital mortality and its
correlation with established prognostic tools, particularly PESI and sPESI scores.

In our study group, males were more susceptible to malignancies and chronic pul-
monary diseases. These findings are in agreement with previously described results [28,29].
The inclusion of gender-based analysis in our study stemmed from recognized differences
in pulmonary embolism (PE) presentation, risk factors, and outcomes between genders,
as substantiated by the existing literature [30,31]. Acknowledging gender as a potential
confounding factor, we aimed to ensure the comprehensive applicability of our findings
across both genders.

Elevated NLR, defined by values above the median of the studied group, was sig-
nificantly associated with a wide array of characteristics correlated with poor prognosis
in pulmonary embolism. Importantly, our data demonstrated statistical significance in
the association between elevated NLR and in-hospital mortality, as well as higher PESI
and sPESI scores. This finding reinforces the previously described results, which support
the idea that a high NLR is a reliable predictor of mortality in pulmonary embolism [32].
Moreover, elevated NLR showed significant correlations with a series of individual pa-
rameters used in the PESI and sPESI scores, known to influence outcomes independently
in PE [33]. Namely, more advanced age, the presence of neoplasms, arterial hypotension,
altered mental status, and oxygen desaturation were associated with elevated NLR. Similar
findings have been reported in the literature concerning the link between NLR and age [19]
and with cancer [34].

During the COVID-19 pandemic, NLR gained recognition for its potential to identify
immune and inflammatory imbalances. Though preliminary in nature, due to the small
sample size (16 COVID-19 patients), our data indicated a significant correlation between
elevated NLR and COVID-19 infection. Both of these entities have been linked to increased
mortality rates among hospitalized patients [35].

The association between COVID-19 and pulmonary embolism has been a subject of
considerable attention in previous research [36,37] and the deleterious impact of COVID-19
infection on the mortality of PE patients has been thoroughly documented [23]. Our study
showed similar correlations.

PESI and sPESI scores were, as anticipated, significantly increased in patients who
experienced a fatal outcome. With regards to the individual elements of the PESI/sPESI
scores, chronic heart failure, chronic pulmonary disease, arterial hypotension, tachypnoea,
altered mental status, and hypoxemia were all correlated with increased in-hospital mor-
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tality, as also described in the original article by Aujesky et al. that first defined the PESI
score [33].

To explore the specific role of NLR in risk stratification for in-hospital mortality, we
utilized a range of machine learning algorithms as a novel methodology in this area of study.

Our two-step cluster analysis yielded a highly robust model that categorized patients
based on the presence of COVID-19, sPESI classification, and elevated NLR. This model
delineated distinct clusters with significantly disparate in-hospital mortality rates. Notably,
COVID-19 emerged as a differentiating factor, identifying a subset within cluster 5, which
contained nearly all the COVID-19-positive patients of our study group and had a mortality
of 60%. In addition, they displayed elevated NLR, and most were classified as high-risk
according to sPESI. In the remaining patient groups, the cluster characterized by both
increased NLR and high-risk sPESI (cluster 4) exhibited the highest mortality rate. In
contrast, patients with low NLR and low-risk sPESI class (Cluster 1) experienced a 0%
mortality rate. The transition to clusters 2 and 3 underscores the potential modulatory
effect of NLR on risk stratification. Despite cluster 3 patients being classified as low-risk
according to sPESI, they exhibited more frequent elevated NLR levels and were associated
with a significantly higher mortality rate compared to patients in cluster 2, who were
deemed high-risk based on sPESI criteria. It is important to note that although cluster
3 included a COVID-19-positive patient, this individual did not succumb to the illness,
suggesting that factors other than COVID-19 status, such as elevated NLR, maintain their
validity in mortality prediction.

The CART algorithm further nuanced the role of elevated NLR in this regard, showing
an overall accuracy of 90% based on hypoxemia, the presence of COVID-19 infection,
elevated NLR, and altered mental status, while offering a visual framework in this regard.
The algorithm’s performance was particularly high in predicting survival (97.3%), while
showing a more modest performance for in-hospital death prediction (53.8%). This dis-
crepancy highlights the potential utility of the algorithm in developing screening tools
that could expediently stratify patients, particularly low-risk individuals, utilizing readily
available data.

The decision tree identified oxygen saturation below 90% as the primary stratifying
factor, significantly correlating with increased in-hospital mortality rates. Subsequent
bifurcations in the tree revealed that the presence of COVID-19 infection may influence
the risk of in-hospital mortality. Further divisions within the tree highlighted elevated
NLR as a modulatory factor, suggesting its utility as a prognostic marker in the hierarchical
assessment of patient risk. The recognition of elevated NLR as a significant predictor of
mortality invites further investigation into its pathophysiological roles and potential inte-
gration into comprehensive risk assessment models. Ultimately, this decision tree provides
a data-driven approach model for prioritizing clinical interventions resource allocation.

To address potential variations in NLR measurements due to timing, a focused sub-
analysis was conducted on patients with a complete blood count (CBC) obtained within the
first 24 h after PE diagnosis. This timeframe has been previously validated in the literature,
exploring the significance of NLR in PE prognosis estimation [14]. The subanalysis recali-
brated the elevated NLR threshold based on the median of this subset, revealing a minor
deviation in the cut-off value (4.69 compared to the initial 3.7). While slight variations in the
correlation between elevated NLR and PE prognostic factors were noted, the fundamental
prognostic significance of NLR, particularly in its association with in-hospital mortality
when integrated with conventional risk scores, was reaffirmed.

In addition, cluster analysis revealed consistent patient stratification patterns, dis-
tinguishing COVID-19 patients automatically and highlighting their distinct prognosis
in the entire group and also in the subanalyzed group. The clustering of non-COVID-19
patients according to SPESI category and elevated NLR showed similar patterns with the
analysis of the whole group, iteratively showcasing the modulatory impact of NLR on
patient prognosis, whereby mortality differed significantly across clusters in a consistent
manner across the analyzed study groups.
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The CART-based algorithm, however, displayed enhanced precision with numerical
variables in the subanalysis, while in the analysis of the entire group, the use of categorical
variables yielded a satisfactory model. Despite employing an adjusted NLR threshold for
patient sub-stratification, this algorithm nonetheless remained consistent in illustrating the
overall predictive relevance of NLR for in-hospital mortality across both the complete and
subanalyzed groups.

Strengths and Limitations

The current study utilized well-established prognostic tools, notably PESI and sPESI
scores, which have been critically validated for evaluating mortality risk. This alignment
with clinical standards underpins the methodological robustness of the research. Incor-
porating advanced machine learning techniques, such as two-step cluster analysis and
classification and regression trees (CART), introduces a novel element to the field. These
techniques offer new insights into complex patterns that may not be apparent through
traditional statistical methods, offering significant advantages in pathologies that are in-
fluenced by a wide array of variables, such as pulmonary embolism. The analysis of the
interplay between diverse parameters, focusing on NLR and COVID-19 status, provides
comprehensive risk stratification insights relevant to clinical practice, highlighting potential
avenues for optimizing patient care and resource allocation.

While this study provides valuable insights into the prognostic utility of NLR and its
integration with PESI/sPESI scores in the context of pulmonary embolism, particularly
during the COVID-19 pandemic, we must acknowledge its limitations. The retrospective,
single-center design may limit the generalizability of our findings. Data collected retro-
spectively can introduce biases that prospectively designed studies might avoid, such as
selection bias and information bias. Our findings are reflective of a single institution’s
patient population and practices, which may not be representative of broader clinical
settings. In addition to the study’s reliance on data from a single center, the absence of ran-
domization is a further limitation to be considered, which may hinder the generalizability
of our findings. Furthermore, the relatively modest sample size constrained our ability
to detect smaller effect sizes and may limit the statistical power of our analyses. Future
studies should aim to validate our findings through multicentric, prospective research
designs, which could provide a more diverse patient population and reduce potential
institutional biases. Additionally, larger sample sizes would enhance the reliability of the
machine learning models developed and provide a more robust predictive framework for
clinical use.

Notwithstanding, the consistency of the results with findings from previous research
provides a measure of validation, lending credibility to the data presented. In addition, the
novel approaches described can serve as a framework for future larger studies spanning
across multiple centers that could make use of randomized sample selection and prospective
data collection.

A notable limitation is the undefined optimal threshold for NLR, which, in this study,
was based on the sample’s median. While practical, this may not be the optimal thresh-
old for broader patient populations and different clinical environments. However, this
approach aligns with methodologies from other large-scale studies that have yielded sig-
nificant results [14]. The NLR thresholds used in this study (i.e., 3.7; 4.69) were relatively
close to the range of cut-off values identified in the literature. In particular, one meta-
analysis mentioned NLR cut-off values for mortality prediction in PE varying between
5.4 and 9.2 [38]. The split identified by the CART algorithm, however, in the subanalysis
of patients with a CBC available in the 24 h after PE diagnosis (14.525), further raised
concerns regarding the optimal interpretation of this parameter, particularly in the context
of time-sensitivity. Furthermore, more extensive studies should explore the impact of this
parameter’s variation, as well as its definitive cut-off points for predicting cardiovascu-
lar outcomes.
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Additionally, while the use of machine learning algorithms is innovative, there is a
risk of overfitting the models to the particular dataset, which could reduce their predic-
tive accuracy when applied to other populations. We mitigated this risk with the CART
algorithm, however, by pruning the resulting trees.

5. Conclusions

The current study presents a novel contribution to pulmonary embolism risk strati-
fication by incorporating advanced machine learning techniques, which have elucidated
complex patterns in patient data, particularly emphasizing the prognostic significance of
elevated NLR in PE patients. While the study was retrospective in nature and based on data
from a single center, the findings underscore the additive value of NLR in enhancing the
predictive accuracy of existing tools in pulmonary embolism, while providing a nuanced
perspective on patient risk assessment. Our results emphasize the possibility of refining
risk prediction in PE based on NLR values, as well as additional parameters such as WBC
count and COVID-19 infection status, setting a precedent for future studies to build upon
its findings and methodologies.
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21. Buyukkaya, E.; Karakaş, M.F.; Karakaş, E.; Akçay, A.B.; Tanboga, I.H.; Kurt, M.; Sen, N. Correlation of Neutrophil to Lymphocyte
Ratio With the Presence and Severity of Metabolic Syndrome. Clin. Appl. Thromb./Hemost. 2014, 20, 159–163. [CrossRef]

22. Caillon, A.; Trimaille, A.; Favre, J.; Jesel, L.; Morel, O.; Kauffenstein, G. Role of Neutrophils, Platelets, and Extracellular Vesicles
and Their Interactions in COVID-19-associated Thrombopathy. J. Thromb. Haemost. 2022, 20, 17–31. [CrossRef]

23. Hobohm, L.; Sagoschen, I.; Barco, S.; Farmakis, I.T.; Fedeli, U.; Koelmel, S.; Gori, T.; Espinola-Klein, C.; Münzel, T.; Konstantinides,
S.; et al. COVID-19 Infection and Its Impact on Case Fatality in Patients with Pulmonary Embolism. Eur. Respir. J. 2023, 61, 2200619.
[CrossRef]

24. Lüthi-Corridori, G.; Giezendanner, S.; Kueng, C.; Boesing, M.; Leuppi-Taegtmeyer, A.B.; Mbata, M.K.; Schuetz, P.; Leuppi, J.D.
Risk Factors for Hospital Outcomes in Pulmonary Embolism: A Retrospective Cohort Study. Front. Med. 2023, 10. [CrossRef]

25. Afzal, A.; Noor, H.A.; Gill, S.A.; Brawner, C.; Stein, P.D. Leukocytosis in Acute Pulmonary Embolism. Chest 1999, 115, 1329–1332.
[CrossRef]

26. Lang, R.M.; Badano, L.P.; Mor-Avi, V.; Afilalo, J.; Armstrong, A.; Ernande, L.; Flachskampf, F.A.; Foster, E.; Goldstein, S.A.;
Kuznetsova, T.; et al. Recommendations for Cardiac Chamber Quantification by Echocardiography in Adults: An Update from
the American Society of Echocardiography and the European Association of Cardiovascular Imaging. Eur. Heart J. Cardiovasc.
Imaging 2015, 16, 233–271. [CrossRef]

27. Neamtu, B.; Negrea, M.O.; Neagu, I. Predicting Glycemic Control in a Small Cohort of Children with Type 1 Diabetes Using
Machine Learning Algorithms. Mathematics 2023, 11, 4388. [CrossRef]

28. Kim, H.-I.; Lim, H.; Moon, A. Sex Differences in Cancer: Epidemiology, Genetics and Therapy. Biomol. Ther. 2018, 26, 335–342.
[CrossRef] [PubMed]

29. Varmaghani, M.; Dehghani, M.; Heidari, E.; Sharifi, F.; Saeedi Moghaddam, S.; Farzadfar, F. Global Prevalence of Chronic
Obstructive Pulmonary Disease: Systematic Review and Meta-Analysis. East. Mediterr. Health J. 2019, 25, 47–57. [CrossRef]
[PubMed]

30. Alsaloum, M.; Zilinyi, R.S.; Madhavan, M.; Snyder, D.J.; Saleem, D.; Burton, J.B.; Rosenzweig, E.B.; Takeda, K.; Brodie, D.;
Agerstrand, C.; et al. Gender Disparities in Presentation, Management, and Outcomes of Acute Pulmonary Embolism. Am. J.
Cardiol. 2023, 202, 67–73. [CrossRef] [PubMed]

31. Jarman, A.F.; Mumma, B.E.; Singh, K.S.; Nowadly, C.D.; Maughan, B.C. Crucial Considerations: Sex Differences in the Epidemiol-
ogy, Diagnosis, Treatment, and Outcomes of Acute Pulmonary Embolism in Non-pregnant Adult Patients. J. Am. Coll. Emerg.
Physicians Open 2021, 2. [CrossRef]

32. Phan, T.; Brailovsky, Y.; Fareed, J.; Hoppensteadt, D.; Iqbal, O.; Darki, A. Neutrophil-to-Lymphocyte and Platelet-to-Lymphocyte
Ratios Predict All-Cause Mortality in Acute Pulmonary Embolism. Clin. Appl. Thromb./Hemost. 2020, 26, 107602961990054.
[CrossRef]

https://doi.org/10.1016/j.acvdsp.2020.10.145
https://doi.org/10.1371/journal.pone.0262522
https://doi.org/10.3233/CH-211256
https://doi.org/10.2478/jce-2022-0005
https://doi.org/10.3390/jcm10184058
https://www.ncbi.nlm.nih.gov/pubmed/34575170
https://doi.org/10.3390/ijms23073636
https://www.ncbi.nlm.nih.gov/pubmed/35408994
https://doi.org/10.1038/s41598-020-79431-7
https://doi.org/10.1586/erc.12.159
https://www.ncbi.nlm.nih.gov/pubmed/23259445
https://doi.org/10.1586/14779072.2016.1154788
https://www.ncbi.nlm.nih.gov/pubmed/26878164
https://doi.org/10.1007/s10654-018-0472-y
https://www.ncbi.nlm.nih.gov/pubmed/30569368
https://doi.org/10.1177/1076029615569568
https://doi.org/10.1177/1076029612459675
https://doi.org/10.1111/jth.15566
https://doi.org/10.1183/13993003.00619-2022
https://doi.org/10.3389/fmed.2023.1120977
https://doi.org/10.1378/chest.115.5.1329
https://doi.org/10.1093/ehjci/jev014
https://doi.org/10.3390/math11204388
https://doi.org/10.4062/biomolther.2018.103
https://www.ncbi.nlm.nih.gov/pubmed/29949843
https://doi.org/10.26719/emhj.18.014
https://www.ncbi.nlm.nih.gov/pubmed/30919925
https://doi.org/10.1016/j.amjcard.2023.06.012
https://www.ncbi.nlm.nih.gov/pubmed/37421732
https://doi.org/10.1002/emp2.12378
https://doi.org/10.1177/1076029619900549


J. Clin. Med. 2024, 13, 1191 24 of 24

33. Aujesky, D.; Obrosky, D.S.; Stone, R.A.; Auble, T.E.; Perrier, A.; Cornuz, J.; Roy, P.-M.; Fine, M.J. Derivation and Validation of a
Prognostic Model for Pulmonary Embolism. Am. J. Respir. Crit. Care Med. 2005, 172, 1041–1046. [CrossRef] [PubMed]

34. Howard, R.; Kanetsky, P.A.; Egan, K.M. Exploring the Prognostic Value of the Neutrophil-to-Lymphocyte Ratio in Cancer. Sci.
Rep. 2019, 9, 19673. [CrossRef]

35. Liu, Y.; Du, X.; Chen, J.; Jin, Y.; Peng, L.; Wang, H.H.X.; Luo, M.; Chen, L.; Zhao, Y. Neutrophil-to-Lymphocyte Ratio as an
Independent Risk Factor for Mortality in Hospitalized Patients with COVID-19. J. Infect. 2020, 81, e6–e12. [CrossRef] [PubMed]

36. Fu, Z.; Bai, G.; Song, B.; Wang, Y.; Song, H.; Ma, M.; Zhu, J.; Zhang, Z.; Kang, Q. Risk Factors and Mortality of Pulmonary
Embolism in COVID-19 Patients: Evidence Based on Fifty Observational Studies. Medicine 2022, 101, e29895. [CrossRef] [PubMed]

37. Mouzarou, A.; Ioannou, M.; Leonidou, E.; Chaziri, I. Pulmonary Embolism in Post-CoviD-19 Patients, a Literature Review: Red
Flag for Increased Awareness? SN Compr. Clin. Med. 2022, 4, 190. [CrossRef] [PubMed]

38. Wang, Q.; Ma, J.; Jiang, Z.; Ming, L. Prognostic Value of Neutrophil-to-Lymphocyte Ratio and Platelet-to-Lymphocyte Ratio in
Acute Pulmonary Embolism: A Systematic Review and Meta-Analysis. Int. Angiol. 2018, 37, 4–11. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1164/rccm.200506-862OC
https://www.ncbi.nlm.nih.gov/pubmed/16020800
https://doi.org/10.1038/s41598-019-56218-z
https://doi.org/10.1016/j.jinf.2020.04.002
https://www.ncbi.nlm.nih.gov/pubmed/32663485
https://doi.org/10.1097/MD.0000000000029895
https://www.ncbi.nlm.nih.gov/pubmed/36397410
https://doi.org/10.1007/s42399-022-01273-3
https://www.ncbi.nlm.nih.gov/pubmed/35999860
https://doi.org/10.23736/S0392-9590.17.03848-2

	Introduction 
	Materials and Methods 
	Study Design and Data Collection 
	Data Processing 
	Bivariate Analysis 
	Multivariate Logistic Regression and ROC Curve Comparison 
	Machine Learning Algorithms 


	Results 
	Bivariate Analysis 
	Multivariate Binary Logistic Regression and ROC Curves 
	Two-Step Cluster Analysis 
	CART Decision Tree 

	Discussion 
	Conclusions 
	References

