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Abstract—The COVID-19 pandemic has generated an overall
slowdown in hospital activities that might lead to delays in
healthcare interventions, and the scarcity of resources can raise
concerns about ventilators allocation criteria. These circum-
stances could lead to lawsuits against hospitals and healthcare
professionals: together with Regions and States, they may be
vulnerable to legal actions, due to the breach of right to health,
to physical integrity and right to life, to the manifestation of
the informed consent in the medical field or on the basis of
contractual or Aquilian obligations. In this context, predicting
the litigation rate could be useful to assess the economic impact
of a dispute at a local and national level, so that hospital
managers and public institutions can perform multi-dimensional
and cost/benefit evaluations to decide whether to invest resources
to increase critical care surge capacity. In this work we present
CLIP (COVID-19 LItigation Prediction), a modeling approach
supported by swarm intelligence designed to forecast the occu-
pancy of intensive care units using COVID-19 time-series. CLIP
fits a logistic model of COVID-19 patients admission in order
to estimate the future number of patients, and then exploits a
probabilistic model to predict the number of occupied intensive
care beds, whose parameters are calibrated by means of Fuzzy
Self-Tuning Particle Swarm Optimization. We assume that each
individual rejected from an intensive care unit due to the lack
of resources should be considered a potential plaintiff. The
development and the availability of such a predictive model,
that could further be used within other clinical conditions and
important diseases, could help policy-makers in taking decisions
under conditions of uncertainty.

Index Terms—COVID-19, modeling, computational intelli-
gence, litigation.

I. INTRODUCTION

The world is facing disruptive changes, triggered by global
challenges such as climate warming, migrations, financial
crises, radical technological leaps, and waves of epidemics.

The COVID-19 pandemic has created unprecedented disrup-
tion for the global health and development community, with
important impact, not only from a healthcare perspective, but
also from a social, legal and economic point of view.

The war against the COVID-19 pandemic has changed the
perception of our lives, but even more has shed a brilliant light
on the relevance and potential impact of the healthcare sector
within country systems processes and mechanisms. Govern-
ments worldwide are working to establish countermeasures to
stem possible devastating effects on global economy. Health-
care agencies and organizations try to coordinate information
flows, issues directives and guidelines [1], to do their best for
the mitigation of the COVID-19 impact, in a scenario of total
uncertainty.

Focusing on hospitals, on the one hand, healthcare or-
ganizations worldwide are fighting to provide appropriate
services to patients and are requiring substantial resources to
continuously improve their delivery processes and outcomes
[2], by revisiting their internal organizations, processes and
procedures. On the other hand, healthcare organisations are
facing significant pressures to implement effective and efficient
management tools and frameworks, since the current decrease
of budgets generates serious hurdles on their daily operations
[3].

The Hospital Crisis Board have remodeled the entire health-
care distribution, providing a more efficient discharge process-
ing of patients, thus freeing-up as many beds as possible in
the wards [4], in particular those characterized by medium
and high complexity of care devoted to patients with acute
and severe respiratory syndromes. Within the epidemic peak
and also nowadays with the arrival of the second COVID-19
wave, the virus is overloading hospitals, with the saturation of
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hospital beds, the increasingly demand for medical devices and
equipment (from complex equipment like ventilators or extra-
corporeal membrane oxygenation devices to hospital staples
like saline drip bags), as well as the lack of trained healthcare
professionals. The simultaneous presence of all the above
factors makes the situation difficult to manage, mandating an
adequate assessment. In particular, as the healthcare system
becomes saturated with cases, it will become increasingly
difficult to detect, track, and contain new transmission chains.

In this view, the management of both clinical and organiza-
tional issues related to COVID-19 has led all levels to operate
in a context of radical uncertainty, highlighting the importance
of taking decisions by relying on valid, shared, real-time, and
understandable data, emphasizing the relevance of real world
information [5], and, at the same time, the urgent priority to
handle and manage these information seriously [6], [7].

In this virtuous cycle, the Intensive Care Unit (ICU) as-
sociations of most countries have published new guidelines
to: (i) help healthcare professionals to face difficult choices
regarding the clinical management of COVID-19 patients
and (ii) explicitly state the allocation criteria for healthcare
resources under a condition of extraordinary scarcity. Some
notable examples are: the Italian SIARTI (Società Italiana di
Anestesia Analgesia Rianimazione e Terapia Intensiva), who
published its “Clinical ethics recommendations for the allo-
cation of intensive care treatments, in exceptional, resource-
limited circumstances” in March 2020 (SIARTI, 2020); the
NIH (National Institutes of Health) “Coronavirus Disease 2019
(COVID-19) Treatment Guidelines” in the US [8]; the multiple
guidelines of the NHS (National Health Service) in the UK [9];
the guidelines drafted by the SGI (Swiss Society for Intensive
Care Medicine) [10]; and the Dutch “Triage thuisbehandeling
versus verwijzen naar het ziekenhuis bij oudere patiënt met
(verdenking op) COVID-19” [11]. These documents presented
clinical ethical recommendations for the admission to ICUs,
under the exceptional circumstances of an imbalance between
needs of a population and availability of resources. Hospitals
have been preparing to deal with a high number of patients, but
also with the possibility to make difficult decisions concerning
the triage, foreseeing a new wave of contagions, or even a new
pandemic in the future.

The prompt availability of predictive and forecasting mod-
els, able to represent the factors influencing decisions, would
represent a competitive tool to ensure the sustainability of
medical care, within both National Healthcare Service-based
and insurance-based countries. In fact, these models could be
used to depict patient flows and care delivery processes, em-
ulate processes and their dynamics in stochastic environment,
evaluate the efficiency of current practices, carry out what-
if analyses to predict the impact of staffing, resources, and
operational changes on the hospital’s performance [12]–[15].

In this work we present CLIP (COVID-19 LItigation Predic-
tion), a modeling approach supported by swarm intelligence
designed to forecast the occupancy of ICU beds using COVID-
19 time-series. CLIP fits a logistic model of COVID-19
patients admission in order to estimate the future number

of patients, and then uses a probabilistic model fit with
Fuzzy Self-Tuning Particle Swarm Optimization (FST-PSO)
to predict the number of occupied ICU beds. As a proof of
principle, we show an example of CLIP prediction using the
data from public Dutch COVID-19 databases.

The paper is structured as follows. In Section II provide
a summary of the main legal implications of ICU saturation
due to the COVID-19 outbreak. The CLIP methodology is
described in Section III. We conclude the paper with a
discussion about future developments in Section IV.

II. LEGAL ISSUES

In the last decades, the lawsuits against hospitals and
clinicians have greatly increased [16], even in countries where
the medical malpractice litigation rate is traditionally low, such
as The Netherlands [17], [18].

According to a Chinese study, the number of claims is
positively and significantly dependent on both the size of
the hospitals and the complexity of the medical operations
[19]. Also, there are wide differences across specialties, both
in rates of paid claims and in characteristics of the alleged
injuries [20]. Although the rising of malpractice claims lead
to a precautionary behaviour in medical professionals and
even to the so called “defensive medicine” phenomenon,
causing a greater healthcare expenditure [21], research shows
that malpractice outcomes bear a good correlation with the
quality of care as judged by other physicians [22] and that
the litigation rate could be a potential indicator of healthcare
quality [23]. In addition, it has been found that a high use of
resources by physicians is associated with a reduced risk of
malpractice claims [22].

This scenario could only be further complicated by the
COVID-19 pandemic, in a situation characterized by a paucity
of resources, thus limiting the number of patients that could
be promptly and adequately taken in charge. This situation
does not exclusively concern COVID-19 patients, but all those
patients requiring clinical procedures, medical examination or
hospital therapies (i.e., administration of iv. drugs or dialysis).

As previously mentioned in the Introduction section, the
exponential increase in COVID-19-positive patients and the
dramatically increasing need for ICU beds has led some
countries to reallocate ICU resources (e.g., in Italy, Lombardy
Region resolution no. XI/2906): as a result, new measures have
been put in place, such as elective surgery being cancelled,
and the beds previously dedicated to cardiac, neurosurgery
and partially coronary care units being reassigned to COVID-
19-patients [24].

It is easily understandable that the pandemic has generated
an overall slowdown in hospital activities that could lead, over
the time, to a continuous delay of healthcare interventions, as
well as to a worsening of non-COVID outcomes and disease
outbreaks [25], not to mention the discrimination concerns
raised by the ventilators allocation criteria [26]. This could
obviously generate an impact on lawsuits against hospitals
and healthcare professionals [27]: together with Regions and
States, they may be vulnerable to legal action, and the lack
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of an adequate legal protection may prevent an effective
performance of triage [28].

During the first wave of pandemic, a high number of
people have been denied access to medical treatment, such as:
COVID-19 patients who have been excluded from ICU due
to overcrowding; non-tested COVID-19 patients (or tested ex
post, even through autopsies) who have been excluded from
medical care (including ICU) due to both overcrowding and
the inefficiency of contact tracing measures and test capacity
(e.g., scarcity of reagents, laboratories, or personnel); non-
COVID-19 patients who have had their therapies suspended,
especially in emergency cases related to their pathology.

Depending on the legal system of each country, some
individuals could potentially file a claim and seek compensa-
tion for damages (against healthcare professionals, hospitals,
Regions, or States) due to the breach of their right to health,
to physical integrity and right to life (Article 2 of the Euro-
pean Convention on Human Rights), to the manifestation of
the informed consent in the medical field (Article 8 of the
European Convention on Human Rights) or on the basis of
a contractual (e.g., the Italian doctrine of social contact) or
Aquilian obligation.

We consider potential claims from patients who have not
been denied healthcare deliveries during the pandemic as
being part of the ordinary malpractice litigation rate, whose
frequency can be found in previous literature [29]. Neverthe-
less, it would be reasonable to think that during the current
pandemic the medical error risk could be increased by the
emergency situation, since healthcare professionals (including
those already retired, who were called back in) faced a high
amount of stress, sleep deprivation due to multiple shifts and
scarcity of resources, resulting, inter alia, in a low patient-
nurse ratio, all factors that are known as contributing factor in
medical errors [30]–[36], thus exposing them to malpractice
claims.

Complaints regarding contagions in the workplace [37] (e.g.
Amazon’s employees before the French courts) and regarding
extreme work conditions [38] can be filed too, however the
matter is beyond our scope, because from a legal point of view
the issue has a different nature: with the refusal of admission
to the ICU the patient faces and immediate life threat, while
the employee can avoid the contagion using special DIPs
provided by the employer [39]. In addition, employees have
an insurance that covers the injuries occurred in the workplace
[40] and other compensation methods can be applied [41].

In this context, predicting the litigation rate could be useful
to assess the economic impact of disputes at a local and
national level, so that hospital managements and public insti-
tutions can perform a cost benefits analysis to decide whether
to invest resources to increase critical care surge capacity. It
has to be taken into consideration, however, the limitation and
prescription periods and their possible suspension, which will
affect the litigation rate.

Understanding how many patients could fit in ICUs is
crucial to local governments too, as the decision to transfer
of COVID-19 patience to facilities other than public hospitals,

when the latter are overloaded, could also lead to liability. In
fact, if we look at the Italian case, in March 2020, in the above
mentioned resolution of the Regional Council of Lombardy, it
has been decided that half of the beds in nursing homes for
the elderly had to be reserved for COVID-19 patients, which
lead to an increase of death rates in these institutions [42].
Furthermore, it would be important to forecast the impact of
disputes on judicial systems, especially those already burdened
by the overload and the length of judicial proceedings, in
order to stimulate future reforms towards a more efficient
organization of the system. To the aim of estimating the
occupancy of ICUs and drive decisions, we developed a
predictive model, described in the next Section.

III. CLIP – COVID-19 LITIGATION PREDICTION

The primary objective of the CLIP forecasting decision
support system is to support the prediction of the number,
and consequently, the potential economic impact of actual or
alternative healthcare emergencies (starting from COVID-19
experience but considering other similar viral outbreaks) in
the future, even also considering the non-treated chronic and
fragile patients.

Our methodology is based on the estimation of the hospitals’
accesses during the COVID-19 pandemic, as well as the poten-
tial impact of treatments and healthcare interventions delays on
the hospitals’ waiting lists. In particular, we aim at predicting
the number of ICU beds occupied by COVID-19 patients,
during time, or in a future increase of cases or other healthcare
emergencies, and also the possible evaluation of gaps between
patient effectively treated and patients potentially to be treated,
from a claim and lawsuits point of view, in order to understand
the potential level of conflicts. To this aim, we developed a
stochastic prediction model whose input data is the following:

• the time-series A = (a1, . . . , at) of cumulative admitted
patients after t days from the beginning of the pandemic;

• the number of ICU beds θ = (θ1, . . . , θt) available at
time t.

For predicting the cumulative number of hospital admissions
of COVID-19 patients, we performed a logistic regression
according to the available time-series; the logistic model is
later used to predict the future values of cumulative hospital
admissions. The parameters of the logistic model were fit by
solving the non-linear unbounded optimization problem using
the Levenberg-Marquardt algorithm implemented in the SciPy
python library [43] with a limit of 106 fitness evaluations.

As soon as future hospital admissions per day are predicted,
they are processed by our stochastic prediction algorithm
which forecasts the number of ICU beds occupied by COVID-
19 patients in the future. Specifically, the algorithm considers
the following assumptions:

• the percentage of admitted patients that will visit the ICU
is equal to 41%;

• the number of days in ICU is distributed as a beta-Pert
distribution with the following parameters: low = 0,
high = 28, peak = 6. The sampling from the beta-Pert
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Fig. 1. Example of prediction provided by our models. On the left, we show the cumulative hospital admissions related to COVID-19 patients. The blue dots
represent the actual data published by the government, up to April 6th, 2020. The green points represent the prediction provided by the logistic regression
model. On the right, we show the number of occupied ICU beds estimated by CLIP (green points), compared to the actual number of admissions (red points).
The thresholds of the ICU beds are denoted by the horizontal lines. The gray area highlights the “litigation zone”, i.e., the days in which admitted patients
requiring ICU exceeded the threshold.

distribution was performed using the TensorFlow Proba-
bility library;

• the patients enter the ICU immediately (i.e., we do not
consider any time lag in both models).

These parameters were fit against the experimental data using
the FST-PSO algorithm [44]. By using this information, we
can perform a stochastic simulation of the number of new
patience for each day. By repeating the simulation multiple
times, we can calculate the mean and the standard deviation of
the expected patients entering ICU. In this work, we assessed
a statistics based on 100 repetitions.

By predicting the number of ICU beds that will be occupied
by COVID-19 patients on a national level in the near future,
the stochastic prediction models provide support for estimating
the number of patients not admitted to the hospital for each
day, i.e., exceeding the threshold θt. Currently, the models take
only into account the public-available data mentioned above
on a national level.

It is worth noting that access to data on a regional or hospital
level might enable us to providing decision support in the near
future for (i) upscaling decisions with regard to the number
of ICU beds on regional and hospital level, and (ii) making
decisions with regard to optimal transports between hospitals.
Also, extending the model with information concerning the
waiting lists and specific pathologies—e.g., patients from
oncology departments or suffering from heart failures—could
improve the precision of the model with other diseases of
potential impact on mortality and also on possible claims,

lawsuits, and related costs. Using the available information
about the proportion of admitted patients requiring any care
intensity hospitalization, and the different length of their stay
in ICU, Sub-Intensive Care Units or Medical Units, the model
will produce an estimation of the pressure on the different
Units, as well as with the information concerning possible
missing admissions and lawsuits. This methodology, in fact,
will provide us with an approach useful to assess the expected
number of people unable to obtain an hospital admission,
along with a confidence interval.

Figure 1 shows an example of the prediction currently
provided by our models, using the COVID-19 data provided
by the Dutch government (RIVM and NVIC) during the first
weeks of the pandemic. We exploited dutch data for this proof
of concept because of the high quality of public data and the
fact that the virus was spread across the whole country, instead
of being confined to specific regions (see, e.g., the case of the
first coronavirus outbreak in Italy). In our tests, we used the
data up to April 2nd, 2020 for the calibration of the model
and left the remaining 4 days as validation.

The information about the thresholds was collected from
the COVID-19 Health Systems Response Monitor (HSRM)
website [45]. In the left panel of Figure 1 we show the fitting
of the logistic model (green square dots) against the historical
data about the cumulative hospital COVID-19 admissions
(blue circle dots).

In the right panel, we show how the predicted number
of occupied ICU beds (green line) fits with respect to the
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observed data (red dots). The lime filled area around the
prediction highlights the standard deviation calculated by the
stochastic algorithm. The horizontal lines represent the thresh-
olds θ of available ICU beds. When the predicted number of
occupied ICU beds exceed the available resources, we enter
the “litigation zone”, as evidenced by the gray filled area. Each
individual admitted to the hospital but rejected from a ICU due
to the lack of resources is considered a potential claim. It is
worth noting that the actual number of ICU beds occupied
exceeded the threshold thanks to the redistribution of patients
outside the country (e.g., to Germany [46]).

IV. DISCUSSION AND FUTURE DEVELOPMENTS

The fast spreading COVID-19 pandemic poses new ques-
tions, challenges and opportunities for the healthcare systems
worldwide. This has led healthcare systems, both public and
private, to face an unprecedented challenge to meet the needs
of people becoming infected and eventually needing hospital-
ization and ICU care. In this view, the development and the
availability of such a predictive model, that could further be
used within other clinical conditions and important diseases,
could help policy-makers in taking decisions under conditions
of uncertainty. The implementation of this model become more
difficult when the “state of emergency” is declared by law,
since the effect of the measures (such as lockdown, closing
of restaurants, gyms, clubs, etc.) has an impact on the natural
spread of the virus, thus affecting the prediction and reducing
its impact in the real clinical practice. Also, the differences
in the management of the healthcare service at a regional
level within a single Country (e.g., in Italy, according to its
Constitution) could have an impact on the results at a national
level. In addiction, it has to be noted that the restrictions to the
Court activities have an obvious impact on lawsuits rates, since
plaintiffs are prevented from filing not-urgent complaints.
According to the above, the development of such a framework
relying on data derived from other European Countries, could
not only demonstrated its generalizability and replicability,
but could be an improvement factor for taking decisions in
both universal-based and insurance-based hospitals. Finally,
although CLIP was designed to be used in a public healthcare
system (i.e., at the institutional level), we want to stress the
fact that it could also be exploited at hospital level (i.e., meso
level) by calibrating the model with fine-grained admission
data collected in that specific organization.

CLIP exploits logistic regression on the number of admitted
patients and integrates a stochastic prediction model, whose
probabilistic parameters were fit with swarm intelligence
against the number of occupied ICU beds. More sophisticated
approaches for time-series forecasting exist, most notably deep
neural networks (e.g., Long Short-Time Memory recurrent
networks); however, due to the limited amount of available
time-series, this approach was not feasible in this preliminary
work and will be investigated as future development.

From a legal point of view, a comparative approach, com-
bined with previous studies [47], [48], could be helpful to
assess the future litigation rate and outcome in the COVID-19

pandemic, in order to perform a cost/benefit evaluation both
for public administration and hospital management. Additional
research is needed to assess the ethical implications and the
liability of States in managing the ICU units when their system
capacity is reached.

As future development, CLIP will be extended to support
the simulation of complex events (e.g., lockdowns, social
distancing) in order to improve the quality of the predictions
over long periods of time.
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