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Abstract. In the last years, the entire world has been affected by the SARS-
COV-2 pandemic, that represents the etiologic agent of Coronavirus disease 2019
(CoViD-19), which degenerated into a global pandemic in 2020. CoViD-19 has
also had a strong impact on cancer patients. Our analysis has been performed
at the Department of Oncology of the AORN “Cardarelli” in Naples, collect-
ing data from all patients who had access in 2019–2020. We aim to understand
how CoViD-19 affected hospital admissions. The statistical analysis showed that
between 2019 and 2020 there was an increase in urgent hospitalizations and a
decrease in scheduled hospitalization, probably to decrease the risk of infection,
particularly in this category of susceptible patients. Indeed, as recommended by
the European Society ofMedical Oncology, during the pandemic, it was necessary
to reorganize healthcare activities, ensure adequate care for patients infected with
CoViD-19. Therefore telemedicine services were implemented and clinic visits
were reduced.

Keywords: CoViD-19 · Oncology · Hospitalization · Logistic regression ·
Pandemic impact

1 Introduction

In the last years, the entire world has been affected by the SARS-COV-2 pandemic.
This virus belongs to the genus Betacoronavirus (family Coronaviridae) and represents
the etiologic agent of Coronavirus disease 2019 (CoViD-19), which degenerated into a
global pandemic in 2020 [1].

The pathophysiology of SARS-CoV-2 primarily affects the respiratory tract, but
other organs are often involved [2–5]. Onset symptoms are often fever with dry cough
and dyspnea [4]. Headache, vomiting, dyspepsia, diarrhea, muscle pain, joint pain, and
fatigue may also be present [6].
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Symptoms in SARS-CoV-2 positive patients can bemild or result in acute respiratory
distress syndrome (ARDS) with uncontrolled inflammation that can lead to multiple
organ failure (MOF).

During the pandemic, it was necessary to reorganize healthcare system to ensure
adequate care for both CoViD-19-infected patients and non-CoViD patients by provid-
ing essential and not deferrable care. In particular, the European Society of Medical
Oncology immediately provided guidance and training to medical oncologists on how
to manage cancer patients as the CoViD-19 pandemic progressed. This society recom-
mended whenever possible, strengthening telemedicine services, aiming to diminish
clinic visit through an increase of oral therapies [7, 8].

Cancer patients, moreover, often have suppressed immune systems due to cancer
treatments such as surgery and chemotherapy, so they are more susceptible to infections
[9, 10].

Early studies have shown that, especially in the absence of vaccines, SARS-CoV-
2 positive patients, who have an underlying tumor, have an increased risk of death
and/or admission to intensive care (ICU admission). In addition, cancer patients, with
CoViD-19, who have recently undergone cancer treatment are at greater risk of more
severe signs and symptoms and an increased risk of complications [11, 12]. Different
data-driven approaches have been proposed to deal with different tasks, showing higher
performances [13–21].

Our analysis has been performed at the Department of Oncology of the AORN
“Cardarelli” in Naples, collecting data from all patients who had access in 2019–2020.
To better understand how che CoViD-19 affected hospital admissions in the oncologic
area we compared the data of patient discharged during a pre-pandemic period (2019)
and a intra-pandemic one (2020).

To achieve this, statistical analyses and logistic regressions have be implemented to
compare the two groups consisting of sets of variables that assess departmental perfor-
mance. In this way, the organizational impact of the pandemic can be quantified, as done
in other previous work on other wards of the hospital.

2 Methods

This Study was conducted on patients admitted to the Department of Oncology of the
AORN “Cardarelli” of Napoli and discharged in the two years period 2019–2020.

The Dataset was extracted from the QuaniSDO information system software in
use in the hospital. This data source has the great advantage to be available without
requiring further consent by patients since they already consent to their use during the
hospitalization process.

The patients discharged in 2019 were 1437 while in 2020 the admissions were 110.
We consider different features extracted from the medical history: biographic (i.e. Gen-
der, Age), discharge mode (1–9 starting from dead to ordinary discharge) and hospital-
ization type (1–3 starting from scheduled to the one with pre-hospitalization). Statistical
analysis am Logistic Regression were implemented using the software IBM SPSS ver.
27.
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2.1 Data Analysis

The first step of data analysis was the verification of the normality of the distributions,
which is essential to carry out the subsequent multivariate analysis. The normality test
of Shapiro-Wilk resulted in a p-value < 0.05, null hypothesis was therefore refused
and the non-normality of the distribution confirmed. In the second phase, patients’ data
were sorted by the year of discharge and the significance of the changes in the different
variables between the twogroups evaluated by the one-way analysis of variance (one-way
ANOVA) as shown in Table 1.

Multinominal Logistic Regression was then implemented for unveiling relationships
between variables. Since Logistic Regression models the probability of one event out
of two alternatives, non-dichotomous variables had to be converted to binary values. As
such, nominal variable with more than 2 values (i.e. Mode of Discharge) were analyzed
through the use of dummy variables. On the other hand, to evaluate the changes in scale
variables (i.e. Age, LOS,Weight ofDRG) between the two years, it was used as reference
the median value of the relative 2019 group.

3 Results

Data were collected for 2447 patients admitted by the Department of Oncology of the
AORN “A. Cardarelli” of Naples between 2019 and 2020, Table 1 shows the characteris-
tics of the population sorted by year of discharge. The results show a significant change
in the type of hospitalization and patients’ age between the two years, with an increase
in “2. Urgent Hospitalization” (from 73.5% to 76.7%) and the median age (from 63 to
64 years). No other significant variation has been highlighted.

Table 1. Population characteristics.

Variables 2019 2020 p-value

Gender

Male 53.6% (1181) 53.0% (1228) 0.694

Female 46.4% (1023) 47.0% (1089)

Age

Median, IQR 63 (54–78) 64 (55–79) 0.006

LOS (days)

Median, IQR 58 (13–345) 57 (9–349) 0.697

Weight of DRG

Median, IQR 0.753 (0.753–1.491) 0.753 (0.753–1.491) 0.239

Type of Hospitalization

(continued)
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Table 1. (continued)

Variables 2019 2020 p-value

1 26.5% (584) 23.3% (540) 0.013

2 73.5% (1620) 76.7% (1777)

Mode of Discharge

1 1.1% (25) 1.1% (25) 0.662

2 96.6% (2128) 97.0% (2247)

5 2.0% (45) 1.6% (36)

6 0.1% (3) 0.0% (1)

7 0.1% (3) 0.3% (6)

8 0.0% (0) 0.1% (2)

The output of Logistic regression is shown in Table 2. In Logistic Regression OR
indicates the ratio of probabilities of an event to occur over the possibilities of it not
occurring, based on the effect of a variable. In our models we studied the effect of the
Year of Discharge on the other variables. For example, an OR = 1.33 (CI 1.082–1.635)
in the Type of Hospitalization 2 (Urgent Hospitalization) states that a patient admitted in
2020 has the probability to have been hospitalized urgently of about 55% (CI 50%-60%)
over the other possible outcomes (1. Scheduled Hospitalization) [22].

Table 2 confirm the significance of the shift both in Age and Type of Hospitalization
shown in Table 1.

Table 2. Logistic regression outcome.

Variables OR 95% CI p-value

Sex. Male 0.973 [0.864–1.096] 0.653

Age 1.195 [1.061–1.347] 0.003

LOS (days) 0.677 [0.495–0.926] 0.015

Weight of DRG 1.069 [0.887–1.289] 0.482

Type of Hospitalization

1 0.752 [0.611–0.924] 0.007

2 1.330 [1.082–1.635] 0.007

Mode of Discharge

1 1.070 [0.602–1.903] 0.818

2 0.974 [0.686–1.384] 0.883

(continued)



336 E. Montella et al.

Table 2. (continued)

Variables OR 95% CI p-value

5 0.872 [0.552–1.378] 0.558

6 0.497 [0.049–5.013] 0.553

7 2.250 [0.556–9.101] 0.256

8 – – –

4 Discussions and Conclusions

The aim of the study is to evaluate how a pandemic, such as CoViD-19, affects Depart-
ment of Onclology activities. Data of the 2019 are used as a reference of the normal
activity of the Department.

Our analysis has been performed at the Department of Oncology of the AORN
“Cardarelli” in Naples, collecting data from 1437 patients who were discharged in 2019
and 1010 who were, instead, discharged in 2020. Amoung the avaible variables on the
QuaniSDO hospital information system, the ones specifically collected (i.e. gender, age,
relative DRG weight, admission mode and discharge mode) were chosen because of
major interest and more easily influenced by the pandemic [23].

Logistic Regression was chosen statistical mode because it is commonly used to
estimate the association of one or more predictors (independent variables) with a binary
outcome (dependent variable). The relationship between each predictor and the dichoto-
mous outcome can then be studied while holding constant the values of the other inde-
pendent variables. This is particularly useful not only to understand the independent
relationship of each variable with the outcome, but also, adjust the estimates for the
effects of confounding variables in observational research.

A reason for its popularity among medical researchers is that the exponentiated
logistic regression slope coefficient can be conveniently interpreted as an odds ratio.
The odds ratio indicates how much the odds of a particular outcome change for a 1-unit
increase in the independent variable (for continuous independent variables) or versus a
reference category (for categorical variables) [24].

The analysis shows a decrease in the total number of hospital admissions from
2019 to 2020, and, in particular, an increase of urgent hospitalization and a decrease
of scheduled hospitalization. These results show how the AORN Cardarelli appears
to follow the already cited national and international guidelines to decrease hospital
admissions, except for cases of real clinical emergency, especially in this category of
patients, who are more exposed to Healthcare Associated Infections (HCAI). Patients
were admitted to the hospital only when truly necessary by making appropriate use of
hospital care resources.

This study has some limitations: it does not include, indeed, the effect of the reduction
on the access to cancer screening during the pandemic. This aspect, along with the
short period of observation, does not allow to correctly evaluate the impact of these
modifications on the outcomes, because in cancers cases they have to be assessed on a
long term period.
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A future development of this study would be, on the one hand, the inclusion of
screening and the extension of the period of observation and on the other hand, the
evaluation of effectiveness, efficiency and performance of the healthcare processes, using
several tools such as: Machine Learning [25–27], news processing techniques [28–31],
Lean Six Sigma [32, 33], other decision support tools [34–36] and statistical analysis
[37–42].
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