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Abstract: Background Long Covid can develop in individuals who have had Covid-19, regardless of
the severity of their initial infection or of the treatment they received. Several studies examined the
prevalence and manifestation of symptoms phenotypes to comprehend the pathophysiological
mechanisms associated with these. Numerous articles outlined specific approaches for a
multidisciplinary management and treatment of these patients, focusing primarily on those with mild
acute illness. The various management models implemented focused on a patient-centred approach,
where the specialists were positioned around the patient. On the other hand, the created pathways
do not consider the possibility of symptom clusters when determining how to define diagnostic
algorithms. Methods This is a retrospective longitudinal study that took place at the “Fondazione
IRCCS Policlinico San Matteo”, Pavia, Italy (SMATTEO) and at the “Ospedale di Cremona”, ASST
Cremona, Italy (CREMONA). Information was retrieved from the administrative datawarehouse and
from two dedicated registries. We included patients discharged with a diagnosis of severe Covid,
systematically invited for a 3-month follow-up visit. Unsupervised machine learning was used to
identify potential patient phenotypes. Results Three-hundred and eighty-two patients were included
in these analyses. About one-third of patients were older than 65 years; a quarter were female; more
than 80% of patients had multi-morbidities. Diagnoses related to the circulatory system were the most
frequent, comprising 46% of cases, followed by endocrinopathies at 20%. PCA (principal component
analysis) had no clustering tendency, which was comparable to the PCA plot of a random dataset.
The unsupervised machine learning approach confirms these findings. Indeed, while dendrograms
for the hierarchical clustering approach may visually indicate some clusters, this is not the case for
the PAM method. Notably, most patients concentrated in one cluster. Conclusion The extreme
heterogeneity of patients affected by post-acute sequelae of Sars-Cov2 infection (PASC) has not
allowed the identification of specific symptom clusters with the most recent statistical techniques,
thus preventing the generation of common diagnostic-therapeutic pathways.
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1. Introduction
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The British National Institute for Health and Care Excellence (NICE) describes long COVID or
post-COVID syndrome (PCS) as the continuation of signs and symptoms that were present during
or arised after a Covid-19 infection and persist for more than twelve weeks, with no other explanation
for their persistence [1]. In contrast, the United States National Institutes of Health (NIH) refers to
Long Covid as sequelae that persist beyond four weeks from the onset of the initial infection, as the
definition provided by the Centers for Disease Control and Prevention (CDC) [2]. Nowadays, post-
acute sequelae of Sars-Cov2 infection syndrome (PASC) is defined as symptoms that persist, relapse
or arise 30 or more days after a Sars-COv2 infection [3].

Many studies examined the residual symptoms reported after contracting SARS-CoV-2,
including also the incidence, risk factors, treatment, and management of Long Covid [4,5].
Considering all these factors, it is evident that this virus can potentially result in health lasting
consequences [6]. Long Covid can impact individuals who experienced mild symptoms during their
initial illness, as well as those who battled against more severe forms of the infection [7,8]. Long Covid
can develop in any individual who has had Covid-19, regardless of the severity of the initial infection
or of the treatment they received. This includes patients treated in hospital wards or intensive care
units, requiring oxygen therapy, continuous positive airway pressure, or invasive ventilation and
those not hospitalized [9].

Several studies examined the prevalence and manifestation of different symptom phenotypes to
comprehend the underlying pathophysiological mechanisms associated with these symptoms [10].
However, these studies did not differentiate between patients based on the severity of their acute
illness [11,12]. They identified various phenotypes in diverse populations of Covid patients,
including both those who were hospitalized and those who were not [13]. These studies are focused
on deciphering the pathophysiological mechanisms underlying PASC.

Numerous articles outlined specific approaches for a multidisciplinary management and
treatment of these patients, focusing primarily on those with mild acute illness [14]. The various
management models implemented focused on a patient-centred approach, where the specialists
involved were positioned around the patient [15]. The created pathways did not consider the
possibility of symptom clusters when determining how to define diagnostic algorithms.

Thus, due to the complexity of the issue, a comprehensive and universally accepted definition
is challenging.

Our research seeks to determine how common are lingering symptoms, three months after
patients have been released from the hospital following a severe case of COVID-19. Lombardy was a
region with a high rate of COVID-19 infections during the initial phases of the pandemic. This
research aims also to establish standardized treatment pathways for these patients by identifying
common symptom clusters. Clusters may help distinguish unique phenotypes of individuals
experiencing PASC syndrome.

2. Material and Methods
2.1. Study Design

This is a retrospective longitudinal study part of a larger research project funded by Fondazione
CARIPLO, the “Chronic diseases management after the CoViD-19 epidemic trigger. Capturing data,
generating evidence, suggesting actions for health protection. The CHANCE Project” (cod. 2020-
4238). This sub-project took place at the “Fondazione IRCCS Policlinico San Matteo”, Pavia, Italy
(SMATTEQ) and at the “Ospedale di Cremona”, ASST Cremona, Italy (CREMONA); the study was
approved by the ethical committee of Pavia (26 July 2022, protocol number 0036061/22) as well as by
the ethical committee of Val Padana (30 September 2022, protocol number 34131).

2.2. Data Source
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Discharge data on hospitalization were retrieved from the administrative databases of both
hospitals and follow-up data were derived from dedicated clinical COVID registries maintained at
both hospitals. Patients with multimorbidities were identified through the ICD9-CM discharge
diagnoses up to the 6th.

2.3. Study Population

Individuals with residual symptoms correlated with PASC were enrolled during the outpatient
follow-up visit at 3 months after discharge from the two medical facilities. Subjects discharged
between March 2020 and March 2022 with a diagnosis of severe COVID-19 were eligible for the study.
Specifically, subjects who required either CPAP (Continuous Positive Airway Pressure) or
Endotracheal Intubation and exhibited residual symptoms at the 3- to 4-month visit were included.
The following discharge ICD9-CM diagnoses were considered: codes 48041, 51891, 9604, 311, 9670,
9671, 9672, and 9390. During the outpatient visit, information about the presence of the residual
symptoms were collected, listed in Supplementary Table 1; for the purpose of the analysis, we
partially aggregated these symptoms in macro-categories, as identified in the Table 1.

Table 1. Subjects characteristics and disease main categories of the study population. Overall and by

participating centre.

ICD9-CM Overall S“”HA:::“ C;;Ts‘;"“
chapter N = 382! N = 2421 N = 1401
Sex (F) - 102 (26.7%)  72(29.8%) 30 (21.4%)
Age > 65 - 136 (35.7%) 84 (34.7%)  52(37.4%)
Eﬁ;ﬁf’}:al - 07 (254%)  51(21.1%) 46 (32.9%)
Multimorbidities - 324 (84.8%) 200 (82.6%) 124 (88.6%)
Circulatory 7 176 (46.1%) 126 (52.1%) 50 (35.7%)
Endocrin 3 76 (19.9%) 66 (27.3%) 10 (7.1%)
Genitourinary 10 34 (8.9%) 24(9.9%) 10 (7.1%)
Neurological 6 25 (6.5%) 21(8.7%) 4(2.9%)
Gastroenterological 9 13 (3.4%) 11 (4.5%) 2 (1.4%)
Cancer 2 12 (3.1%) 8(3.3%) 4(2.9%)
Haematological 4 10 (2.6%) 9(3.7%) 1(0.7%)
Dermatological 12 8 (2.1%) 5(2.1%) 3(2.1%)
Trauma 17 6 (1.6%) 4(1.7%) 2 (1.4%)
Mental 5 5 (1.3%) 4(1.7%) 1(0.7%)
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Musculoskeletal 13 4 (1.0%) 4 (1.7%) 0(0.0%)

Other 18 157 (41.1%) 28 (11.6%) 129 (92.1%)

Symptoms 16 113 (29.6%) 7(2.9%) 106 (75.7%)
11 (%).

2.4. Data Analysis

All analyses were performed using the R (v. 4.3.1) software [16]. We used the Fisher exact test to
compare patient characteristics between the two hospitals. The prevalence of each category of
symptoms was computed together with its exact binomial 95% confidence interval (95% CI). In order
to elicit potential different aggregations of patients, we plotted the entire case series over the first two
components of a principal component analysis (PCA). For comparison, PCA was also run on the
random dataset. More formally, we thern applied a series of unsupervised machine learning
techniques, such as hierarchical clustering (either agglomerative or divisive) and partition around
medoids. These techniques attempt to find subgroups of patients that share common characteristics
and differ from the other subgroups. To rank the performance of such methods, we calculated the
following indices that measure the separation between potential clusters (the higher the better): the
average silhouette width, with a value >0.5 generally considered as an acceptable performance, the
separation index (range 0-1) and the cophenetic correlation coefficient (range 0-11). To further
discriminate between the three methods, we computed the entropy, where lower values indicated
lower heterogeneity within clusters. The results of the clustering processes were reported graphically
as dendrograms or cluster plots. Patients in which more than 50% of the selected variables were
missing, did not enter the machine learning approach. A detailed description of these analyses is
reported in the supplementary material.

3. Results
3.1. Patient

In our study we included 382 patients discharged with a diagnosis of severe COVID-19 and a 3-
month follow-up visit. Their demographic and clinical characteristics are shown in Table 1: about
one-third of patients were older than 65 years, and a quarter were female; 25% of this case series had
had endotracheal intubation during their hospitalization; more than 80% of patients had
multimorbidities. Diagnoses related to the circulatory system were notably the most frequent,
including 46% of cases, followed by those within the endocrine ICD9-CM chapter at 20%. All other
diagnoses had a prevalence below 10%. Notably, 40% and 30% of diagnoses were unspecified and
symptomatic, respectively. Table 2 reports the prevalence of symptoms at follow-up. About 70% of
patients (N=253) attending the outpatient clinic had residual symptoms, with 40% of them with 2 or
more symptoms. Dyspnea prevalence was largely the highest with 60% of patients affected. Fatigue
(40%) and neuropsychological symptoms (30%) were other frequent symptoms.

Table 2. Prevalence of Symptoms at follow-up (95%CI) overall and by participating centre.

Symptom All San Cremona
(N=382) Matteo Hosp
Hosp (N=140)
(N=242)

N %(©95%CI) N % N % (95%CI)
(95%CI)
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Residual Symptoms 253 67.8(62.8, 148 63.5 105 75.0(66.8,
72.5) (56.9, 81.8)
69.6)
Multiple Symptoms
1 107 28.0(23.6, 71 29.3 36 25.7(18.9,
2 77 32.9) 46  (23.8, 31 33.9)
3+ 74 202163, 36 356) 38 22.1(15.8,
24.6) 19.0 30.1)
19.4 (15.6, (14.4, 27.1(20.1,
23.8) 24.6) 35.4)
14.9
(10.8,
20.1)
Dyspnea 170 60.9 (549, 100  68.5 70 52.6 (43.8,
66.6) (60.2, 61.3)
75.8)
Fatigue 109 39.8(34.0, 64 45.7 45  33.6(25.8,
45.9) (37.3, 42.3)
54.3)
Neuro-psychological 69 304246, 33 35.9 36 26.7(19.6,
symptoms 36.9) (26.3, 35.1)
46.6)
Rheumatologic 47  21.1(16.0, 21 23.6 26 19.4(13.3,
symptoms 27.1) (15.5, 27.3)
34.0)
Cardiovascular 47  17.2(13.0, 28 20.3 19 14.1 (8.9,
symptoms 22.3) (14.1, 21.4)
28.2)
Otorhinolaryngological 28 103 (7.1, 20 14.5 8 6.0% (2.8,
symptoms 14.7) (9.3, 11.8)
21.7)
Dermatologic 22 9.8 (6.4, 6 6.7(27, 16 11.9 (7.1,
symptoms 14.6) 14.5) 18.8)
Cough 18 6.6 (4.1, 7 51% 11 8.1(4.3,14.4)
10.5) (2.3,
10.7)
Gastrointestinal 19 6.9 (4.3, 16 11.4 3 2.2(0.6,6.9)
disorders 10.8) (6.9,
18.2)
Headache 11 4.9 (2.6, 9 10.1 2 1.5(03,538)
8.9) (5.0,
18.8)

3.2. Unsupervised Machine Learning for the Identification of Patient Aggregation
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These analyses included 234 patients with symptoms and sufficient available data.

As shown in Figure 1 (A), there was no clustering tendency at PCA, comparable to the PCA plot
of a random dataset (B). The unsupervised machine learning approach confirms these findings.
Indeed, while dendrograms for the hierarchical clustering approach may visually indicate some
clusters (Figure 2, panels A and B), this is not the case for the PAM method (Figure 2, panel C).
Notably, most patients concentrated in one cluster (181 out of 234). Moreover, the internal validation
indices did not support the validity of patient aggregation, as evidenced by inferior values (Table 3).
Specifically, the average silhouette values were significantly below the acceptable threshold of 0.5
across all cases, indicating that the clusters might overlap or were not well-defined. Similarly, the
separation index was close to 0, confirming the lack of separation between the hypothetical clusters.
Importantly, none of the three approaches demonstrated superiority over the others.

Table 3. Internal stability indexes for hierarchical (Agglomerative and Divisive) and PAM clustering of

patients.
Method Average Separation Cophenetic Entropy
Silhouette Index (SI) correlation
coefficient
Agglomerative 0.31 0.05 0.61 1.10
Clustering
Divisive 0.31 0.03 0.74 0.74
Clustering
PAM Clustering 0.18 0.01 - 1.27
(A) DB_all (B) DB_random
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Figure 1. PCA plot over the first two principal components for Patient data (A) and a random generated dataset
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Figure 2. (A) Agglomerative hierarchical, (B) Divisive hierarchical and (C) PAM clustering for patients.

4. Discussion and Conclusions
Discussion

Patients included in this study were recruited from two major Centers in Lombardy (IRCCS
Policlinico San Matteo Foundation and Cremona Hospital), areas with a high incidence of COVID-19
during the first two waves of the pandemic. The study aimed to evaluate the prevalence of post-acute
sequelae of SARS-CoV-2 infection (PASC) symptoms in patients discharged after a severe COVID-
19. It sought to identify symptom-based patient clusters to facilitate structured management
pathways. Utilizing a retrospective longitudinal design within a larger project funded by Fondazione
CARIPLO, the researchers analyzed hospital discharge and follow-up data from COVID registries. A
total of 382 patients with severe COVID-19 were included. At the 3-month follow-up, 70% of patients
exhibited residual symptoms, predominantly dyspnea, fatigue, and neuropsychological issues.

The results of our investigation, in particular the application of an unsupervised machine
learning approach, indicate that there was no discernible clustering of patients, thus precluding the
identification of specific phenotypes among individuals, systematically assessed three months after
discharge with a diagnosis of severe COVID-19 and residual symptoms of PACS.

Additionally, we observed a limited number of patients who required continuous positive
airway pressure (CPAP) or endotracheal intubation during their hospitalization. This observation
can be attributed to the fact that patients requiring such interventions were less likely to be
discharged alive and, consequently, were unable to participate in the three-month follow-up visit.

Our analysis revealed that the study population was characterized by a remarkably high
prevalence of multimorbidities (84.4%), with circulatory and endocrine diseases being the most
commonly observed comorbid conditions. This highlights the complexity of managing post-COVID-
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19 patients, especially those with pre-existing health conditions, and underscores the importance of
comprehensive and tailored medical care to address their diverse needs.

The most common symptoms reported in clusters of PACS patients vary but generally include
a range of physical, cognitive, and psychiatric manifestations. Fatigue emerges as a predominant
symptom across multiple studies, often accompanied by dyspnea (shortness of breath) and cognitive
impairments such as forgetfulness and memory impairment. For instance, one study identified
clusters including fatigue alone and combinations of fatigue with other symptoms like dyspnea, chest
pain, and cognitive disturbances [17]. Similarly, another study highlighted fatigue, dyspnea, and
myalgia as the most common symptoms, with women reporting more symptoms than men [18].
Psychiatric symptoms, including anxiety and depression, are also frequently reported among Long
COVID patients. A systematic review found sleep disturbances, depression, post-traumatic stress
symptoms, anxiety, and cognitive impairments to be common psychiatric manifestations [19].
Moreover, the risk factors for developing psychiatric symptoms include being female and having a
previous psychiatric diagnosis [20]. The heterogeneity of PASC symptoms is further evidenced by
the identification of symptom clusters such as gastrointestinal, musculoskeletal, neurocognitive and
cardiopulmonary in one study, with neurocognitive symptoms being associated with increased odds
of depression and anxiety [21]. Another study proposed three phenotypes of PASC based on
symptom severity, with the severe phenotype characterized by fatigue, cognitive impairment, and
depression [22]. Research also indicates that the symptomatology of PASC can evolve over time, with
variations in symptom clusters observed across different waves of the pandemic and about SARS-
CoV-2 variants [23]. Additionally, the presence of symptoms like joint pain, chest discomfort, and
hair loss points to the multisystemic nature of PASC [24,25]. In summary, Long COVID presents with
a wide array of symptoms, predominantly fatigue, dyspnea, cognitive impairment, and psychiatric
symptoms, with significant variability in symptom clusters among patients [26]. In order to highlight
the natural history of Long COVID, by mean of an unsupervised machine learning method that used
semantic similarity of phenotype data to stratify long COVID patients, a study identificated six
clusters of PASC patients, which differed with respect to pre-existing comorbidities and with severity
of acute COVID disease [27].

In our study, the application of a machine learning method in order to analyze the population
of patients hospitalized for severe COVID disease and who developed PASC, confirmed the high
heterogeneity of symptoms. However, this heterogeneity does not allow for the identification of
common treatment pathways, confirming the need to create diagnosis and treatment pathways
focused on every single patient.

Our study population was limited in size and this aspect might hamper the identification of
clearly separated clusters. However, the substantial homogeneity of the cohort, with all patients
having been discharged after a severe Covid-19 infection, might justify the lack of distinct
phenotypes.

5. Conclusion

The extreme heterogeneity of patients affected by PASC has not allowed the identification of
specific symptom clusters with the most recent statistical techniques. The characteristics of the
different cohorts of patients enrolled in previous studies may have been drivers for the emergence of
cohort effects that make the results not generalisable.

In our experience, enrolling a large cohort of consecutive patients with severe acute COVID-19
does not allow to define specific clusters of residual symptoms at a 3-month follow-up that can
generate differentiated diagnostic-therapeutic pathways.

Acknowledgments: We would like to extend our gratitude to Prof. Giovanni Corrao, representing Universita
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