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Many studies have investigated symptoms, comorbidities, demographic factors, and vaccine effects 
in relation to long COVID (LC-19) across global populations. However, a number of these studies 
have shortcomings, such as inadequate LC-19 categorisation, lack of sex disaggregation, or a 
narrow focus on certain risk factors like symptoms or comorbidities alone. We address these gaps 
by investigating the demographic factors, comorbidities, and symptoms present during the acute 
phase of primary COVID-19 infection among patients with LC-19 and comparing them to typical 
non-Long COVID-19 patients. Additionally, we assess the impact of COVID-19 vaccination on these 
patients. Drawing on data from the Regional Health System of the Region of Murcia in southeastern 
Spain, our analysis includes comprehensive information from clinical and hospitalisation records, 
symptoms, and vaccination details of over 675126 patients across 10 hospitals. We calculated age and 
sex-adjusted odds ratios (AOR) to identify protective and risk factors for LC-19. Our findings reveal 
distinct symptomatology, comorbidity patterns, and demographic characteristics among patients 
with LC-19 versus those with typical non-Long COVID-19. Factors such as age, female sex (AOR = 1.39, 
adjusted p < 0.001), and symptoms like chest pain (AOR > 1.55, adjusted p < 0.001) or hyposmia (AOR 
> 1.5, adjusted p < 0.001) significantly increase the risk of developing LC-19. However, vaccination 
demonstrates a strong protective effect, with vaccinated individuals having a markedly lower risk (AOR 
= 0.10, adjusted p < 0.001), highlighting the importance of vaccination in reducing LC-19 susceptibility. 
Interestingly, symptoms and comorbidities show no significant differences when disaggregated by 
type of LC-19 patient. Vaccination before infection is the most important factor and notably decreases 
the likelihood of long COVID. Particularly, mRNA vaccines offer more protection against developing LC-
19 than viral vector-based vaccines (AOR = 0.48). Additionally, we have developed a model to predict 
LC-19 that incorporates all studied risk factors, achieving a balanced accuracy of 73% and ROC-AUC of 
0.80. This model is available as a free online LC-19 calculator, accessible at (LC-19 Calculator).
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The virus accountable for Coronavirus Disease 2019 (COVID-19), namely the severe acute respiratory 
syndrome coronavirus 2 (SARS-CoV-2), is a highly transmissible and pathogenic betacoronavirus that surfaced 
in Wuhan, China, in late 20191. According to the World Health Organization, there have been more than 776 
million reported cases of COVID-19 and over 7 million deaths caused by SARS-CoV-2 as of October 20242. 
The severity, symptoms, and clinical progression of COVID-19 vary widely among individuals, spanning from 
asymptomatic cases to fatal outcomes3,4. Moreover, the duration and severity of symptoms can vary significantly, 
with some individuals experiencing only brief symptoms lasting days or weeks, while others develop persistent 
symptoms5,6. However, regardless of the duration or severity of the acute phase of COVID-19, all patients remain 
at risk of developing Long COVID.

Long COVID-19 (LC-19) represents a highly diverse condition encompassing symptoms that arise following 
a SARS-CoV-2 infection, with manifestations not attributable to any other known condition7,8. In other words, 
LC-19 is usually diagnosed by a process of elimination of other potential diseases. Given the variability of LC-19, 
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various definitions exist regarding the onset or duration of symptoms. However, the three most widely adopted 
subtypes of LC-19 are as follows: 1) Acute post-COVID symptoms emerge between week 5 and week 12 after the 
initial onset of symptoms; 2) Long post-COVID symptoms manifest from week 12 to week 24 following onset; 
and 3) Persistent post-COVID symptoms are characterised by lasting more than 24 weeks after the initial onset9.

The risk of developing LC-19 is influenced by various factors, including age, sex, comorbidities and vaccination 
status4,10–13. For instance, Bai et al.14 determined that factors associated with an elevated risk of developing ’long 
COVID’ include being female, advanced age, and active smoking. Interestingly, they found that the severity of 
the initial illness did not significantly contribute to the risk. Furthermore, Sylvester et al.15 conducted literature 
reviews and observed sex-disaggregated differences in the sequelae of COVID-19 and long COVID syndrome. 
They also pointed out the scarcity of studies reporting sex-disaggregated data on COVID-19, emphasising the 
urgent need for more research and reporting that takes sex-based differences into account.

Another important factor that should be taken into account is vaccination status. Several studies have been 
conducted to assess the impact of vaccines on the risk of LC-1916–21. Logically, these studies have varied objectives 
and different study designs. For instance, Mohr et al.16 concluded that receipt of two doses of a COVID-19 
mRNA was associated with a decreased prevalence of COVID-like symptoms at 6 weeks. Additionally, their 
research identified which COVID-19-like symptoms were more prevalent among unvaccinated versus vaccinated 
individuals. Notarte et al.17 conducted a systematic review finding evidence that vaccination before SARS-CoV-2 
infection could reduce the risk of subsequent LC-19. In addition, in the context of LC-19 and vaccination status, 
Ayoubkhani et al.18 suggest that vaccination against COVID-19 reduces the likelihood of experiencing long 
COVID symptoms, however, they also emphasise the need for longer follow-up studies. In line with Català 
et al.19 conclusions that COVID-19 vaccination has been shown to significantly lower the incidence of long 
COVID symptoms, underscoring the critical role of vaccination in preventing the continuation of COVID-19 
symptoms, especially among adults.

In this study, we aim to identify the factors that differentiate patients who develop LC-19 from those who 
do not. We examine demographic factors, comorbidities, and symptoms present during the acute phase to 
understand what sets individuals with LC-19 apart from other non-Long COVID-19 patients. Additionally, we 
examined the impact of COVID-19 vaccination (including the number of doses, administration schedules, and 
vaccine types) on the risk of developing LC-19. Finally, we develop a model to predict LC-19 by considering 
demographic data, pre-existing comorbidities, symptoms at initial diagnosis, and vaccination records before 
infection. Utilising data from the Regional Health System of the Region of Murcia in southeastern Spain, 
our study conducts a regional investigation by gathering information from 10 different hospitals. The dataset 
encompasses details from clinical records (including comorbidities), hospitalisation records, symptoms, and 
administered vaccines for over 675126 COVID-19 patients.

Methods
Study design, setting, and participants
In this study, we followed the Strengthening the Reporting of Observational Studies in Epidemiology (STROBE) 
checklist for reporting22. The study protocol was approved by the Bioethics Committee of the Universidad de 
Murcia. Anonymized individual-level data from all patients diagnosed with COVID-19 within the Public Health 
Care System, collected in a prospective Regional Registry, were provided by the Murcia Health Care Information 
Department. A waiver for the need of informed consent was obtained in accordance with the General Data 
Protection Regulation (GDPR).

We conducted a retrospective cohort analysis using a population selected from a database provided by the 
Servicio Murciano de Salud (SMS). This database includes patients who tested positive for COVID-19 between 
January 4, 2020, and May 3, 2022, across 10 hospitals in the Region of Murcia, with both LC-19 and non-Long 
COVID-19 cases. Diagnosis of COVID-19 was confirmed by antigen testing or real-time reverse transcription-
polymerase chain reaction (RT-PCR) assays using nasopharyngeal swab samples. RT-PCRs were performed in 
hospitals by clinicians and technicians, while antigen tests were conducted by nurses and clinicians in primary 
healthcare settings. The first inclusion criterion was being part of the COVID-19 database and having records 
related to symptoms, comorbidities, or vaccination status.

According to the Centers for Disease Control and Prevention (CDC)23, a set of symptoms are more commonly 
associated with a case of LC-19, which we will refer to as LC-19 symptoms. The available LC-19 symptoms in our 
database include chest pain, muscle pain, cough, sleep problems, dyspnea, dizziness, hyposmia, hypogeusia, fever, 
headache, rash and tiredness. The symptoms included in our study were recorded, evaluated, and diagnosed by 
clinicians in primary healthcare settings or during hospitalisation. Using this information we distinguished LC-
19 three subtypes of patients9 from non-Long COVID-19 patients following an operational definition. The time 
at which each patient symptom was recorded, evaluated, diagnosed or reported was considered the moment of 
appearance of the symptoms.

To identify non-Long COVID-19 patients, we selected individuals from the aforementioned database whose 
symptoms resolved within 28 days of testing positive for COVID-19. These patients’ medical records were 
reviewed to confirm that their symptoms or reasons for follow-up appointments were not consistent with LC-19 
symptoms, or that they had been diagnosed with other conditions. Additionally, patients who did not return for 
further medical attention at primary care or emergency services after their initial recovery were also classified 
as non-Long COVID-19.

For all patients, we assessed whether they exhibited LC-19 symptoms at least 28 days after their initial 
COVID-19 infection to identify those with LC-19. Acute post-COVID patients were defined as individuals 
whose LC-19 symptoms persisted for more than 28 days but less than 12 weeks after testing positive. Long post-
COVID patients were those whose symptoms lasted between 12 and 24 weeks, while persistent post-COVID 
patients had symptoms that extended beyond 24 weeks. We followed the same process of reviewing medical 
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records and appointments for these patients as we did for non-Long COVID-19 patients. All subtypes of LC-19 
patients were considered part of the broader LC-19 group.

The study also considered the vaccination status of the population from December 21, 2020, to May 3, 2022. 
Available data included specific vaccine brands, such as the mRNA vaccines BNT162b2 (Pfizer/BioNTech) and 
mRNA-1273 (Moderna), as well as the non-replicating viral vector vaccines ChAdOx1 (Oxford/AstraZeneca) 
and Ad26.COV2.S (Janssen). For a vaccination schedule to be validated, it had to be recorded at least 21 days 
prior to the patient’s COVID-19 diagnosis.

After identifying each patient category, we assessed risk factors for developing LC-19, including symptoms at 
the time of the positive test, pre-existing comorbidities, sociodemographic factors, and vaccination status. These 
characteristics were compared between non-Long COVID-19 patients, LC-19 patients, and across the subtypes 
of LC-19 patients.

Ethics approval and consent to participate
All methods were performed following the relevant guidelines and regulations. The information of interest for 
the study has been obtained from the files of medical records of the Murcia Health Service in Spain, without the 
consent of the holders of the data. The need for informed consent was waived by the Bioethics Committee of 
Universidad de Murcia (See Ethics approval and consent to participate section in the Supplementary Material).

Variables and data source
The data used for this study is similar to that explained in the data description and preprocessing section of 
Cisterna et al. work24. However, there is a new database called the ’vaccination database’ that contains information 
on all patients in the Region of Murcia (Spain) during the period under review in this study previously specified. 
We examined demographic factors, comorbidities, symptoms, hospitalization status, and vaccine information 
(including the number of doses, administration schedules, and vaccine types) recorded in the COVID-19 
database provided by the Servicio Murciano de Salud (SMS). Data regarding medication and length of stay in 
each hospital department were available, they were excluded from the analysis as they were deemed to be outside 
the scope of the study and would have significantly reduced the number of patients included due to low patient 
availability.

Regarding demographic factors, we have information about biological sex information (male or female) and 
the age of the patient (discrete quantitative variable). No other sociodemographic information was extracted or 
used in the analysis.

Regarding comorbidities, we have information from previous comorbidities associated with each patient. 
These comorbidities were diagnosed before COVID-19 by a clinician. We have information about diabetes 
mellitus, heart failure, chronic obstructive pulmonary disease, arterial hypertension, depression, ischemic 
cardiomyopathy, stroke, renal insufficiency, cirrhosis, osteoporosis, osteoarthritis, arthritis, obesity and asthma. 
All of these comorbidities are dichotomous qualitative variables. Additionally, we have information about the 
number of chronic diseases and the number of systems affected, which are discrete quantitative variables.

Regarding symptoms, we have information from symptoms at the initial diagnosis of the COVID-19 infection 
and up to 28 days after the positive test for COVID-19. The symptoms included in our study were recorded, 
evaluated, and diagnosed by clinicians in primary healthcare settings or during hospitalisation. We have 
information about chest pain, muscle pain, cough, lack of appetite, sleep problems, nasal congestion, dyspnea, 
rhinorrhoea, low grade fever, dizziness, hyposmia, hypogeusia, headache, tiredness, eye symptoms, expectorate, 
fever, sore throat, stomach pain, vomit, nasal discharge, chills, rash and malaise. All of these symptoms are 
dichotomous qualitative variables.

Furthermore, we have information regarding the severity of patients, as indicated by whether the patient has 
been hospitalised and, if so, the date of hospitalisation. . This information is recorded by a clinician at the time 
the patient enters a hospital area.

Regarding vaccines status, we have information about the dosage, the brand of the vaccine (Astra Zeneca, 
Janssen, Moderna or Pfizer) and the schedule, which is recorded concurrently with the administration of the 
dose to each individual.

Bias
To ensure data quality and minimize bias, we designed a rigorous selection process to include individuals with 
comprehensive descriptions and complete data for all relevant features. The large sample size, derived from 
a retrospective cohort analysis using a health database, allowed for the exclusion of patients lacking essential 
information, such as comorbidities or demographic data. Cases with inconclusive or implausible records, such as 
two vaccine doses administered on the same day, negative age, or undetermined biological sex, were removed to 
maximize data accuracy and completeness. No NA values were recorded in the database. Therefore, any patient 
with at least one record in each of the symptom, comorbidity, and vaccine datasets, without any erroneous data, 
was considered part of the complete sample.

We applied methodologies to mitigate potential confounders and address timing-related variables. These 
adjustments were based on the timing of patients’ positive COVID-19 test results and the onset of symptoms. We 
considered the time points when symptoms were first recorded, evaluated, diagnosed, or reported to clinicians 
to ensure accurate temporal alignment in the analysis.

A potential source of bias was sex, as prior studies suggest females may be at a higher risk of developing LC-
1914,25–29. To address this, we adjusted for sex in our analyses and performed sex-disaggregated assessments to 
reduce the influence of this bias.

Another potential bias is the lack of detail regarding the progression of symptoms over time. We only 
considered the presence or absence of symptoms within the first 28 days after a positive COVID-19 test, without 
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accounting for the specific days on which symptoms appeared. We acknowledge that this limitation may affect 
the accuracy of our model in capturing the temporal dynamics of symptom development.

One more possible source of bias is the time interval between vaccination and the development of immunity. 
To ensure valid immunization data, we only considered vaccination schedules where the final dose was 
administered at least 21 days prior to the patient’s COVID-19 diagnosis. This criterion was set to account for the 
time required for the immune response to develop fully, thereby reducing the risk of misclassifying individuals 
who had not yet achieved full immunity.

Statistical analyses
Continuous data are presented as the median with interquartile range (IQR), while categorical data are expressed 
in percentages (%). Odds ratios (OR) along with 95% confidence intervals (CIs) were also employed. Following a 
pipeline to detect erroneous data and quantify them, we treated those values as NAs. Given their low proportion 
(2.54% of the total patients), we excluded these patients from the study, opting for a complete-case analysis.In 
various analyses, the ORs were adjusted for sex and age (as Adjusted Odds Ratios, AOR), and specifically for all 
comorbidities and symptoms within the respective analyses of comorbidities and symptomatology. Statistical 
analyses were conducted using R software (version 4.3.1), with a significance threshold for p-values set at 0.05. 
The Mann-Whitney U test is employed for the purpose of analysing differences in continuous data between two 
sets of patients. Differences between groups or conditions were evaluated by computing AOR, the associated 
95% CI and p-value using the ’logistic.display’ function of the R package epiDisplay30 (version 3.5.0.2) on a 
generalised linear model (GLM), trained through the ’glm’ function using R package caret31 (version 6.0-94), 
employing logistic regression. This approach employs logistic regression to predict a binary outcome from a 
set of predictors. The ’logistic.display’ function is used to determine the weights associated with each variable, 
which in turn allows the AOR [95% CI] and p-values for all predictors to be calculated. (See Analysis performed 
to obtain the AORs section in the Supplementary Material).

AORs were also employed to examine differences among various vaccination schedules in the cohort, 
assessing whether specific schedules offer greater or lesser protection compared to others. We generated a 
heatmap that allows for pairwise comparisons of vaccination schedules, enabling the identification of statistically 
significant differences. We used p-values with Bonferroni correction to denote these differences and indicated 
which schedules are statistically significant (*) more protective or less protective. Additionally, an OR study 
was conducted to assess the comparative efficacy of mRNA-based vaccines and viral vector-based ones for the 
prevention of LC-19. This analysis was adjusted by age, sex, and the number of doses received. A further analysis 
was conducted to determine whether a combination of an mRNA-based vaccine and a COVID-19 viral vector-
based vaccine is more protective than two separate vaccines for suffering LC-19. Two further analyses were 
conducted to ascertain whether a combination of one COVID-19 viral vector-based and one mRNA-based 
vaccine is more efficacious than two mRNA-based vaccines or two COVID-19 viral vector-based vaccines for 
suffering LC-19, with both analyses adjusted for sex and age.

LC-19 probability predictive model
A calculator capable of estimating the probability of developing LC-19 using machine learning (ML) techniques 
was developed. The predictive model included the following factors: age, sex, vaccination schedule, comorbidities 
and symptoms at the initial diagnosis of the COVID-19 infection and up to 28 days after the positive test for 
COVID-19. Vaccination schedules recorded prior to 21 days before the COVID-19 positive and previous 
comorbidities were considered for training the model. The data utilised for creating this tool include patients 
with all the factors previously mentioned available (n = 289367), and it was divided into two sets with the 
original LC-19 patients distribution: 70% for training and 30% for validation. As only a few patients suffer from 
LC-19, the dataset is highly imbalanced. Two techniques were employed to address this imbalance: IPIP24, a 
boosting technique that facilitates the training of ML models on balanced subdatasets, and SMOTE32, a synthetic 
oversampling technique that balances the original dataset. Both techniques were employed in conjunction with 
logistic regression models. The results were evaluated using the balanced accuracy and the area under the 
receiver operating characteristic curve (ROC-AUC).

Results
In the following subsection, we report the number and type of participants (see “Participants” section). 
Additionally, we present the characteristics studied and the preprocessing of the data (see “Data description and 
preprocessing” section). Subsequently, we explore demographic factors, comorbidities, and symptoms observed 
during the acute phase of primary infection in individuals with LC-19 and non-Long COVID-19 (see “Analysis 
of sociodemographic factors, comorbidities andsymptoms between LC-19 patients and non-LongCOVID-19 
patients” section) and the effect of the severity of infection (“Impact of COVID-19 hospitalisation on the 
developmentof LC-19” section). Furthermore, we assess the influence of COVID-19 vaccination (see “Effects 
of vaccination on LC-19” section), including dosage, administration schedules, and types of vaccines, on LC-
19 prevalence. Finally, we develop a model to predict the probabilities of developing LC-19 after a COVID-19 
infection by considering demographic data, pre-existing comorbidities, symptoms at initial COVID-19 diagnosis, 
and vaccination schedules recorded prior to 21 days before the COVID-19 positive (see “LC-19 calculator tool” 
section).

Participants
A total of 675126 patients who tested positive for COVID-19 between January 4th, 2020 and May 3rd, 2022 were 
available in the study (Fig. 1). The study excluded patients for whom basic information was unavailable, such as 
comorbidities or demographic data (number of patients ’n’ = 329300), as well as those for whom erroneous values 
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were present in any of the available records (n = 17163). Those erroneous values were identified by searching 
patients with at least one of the following constraints: negative age values, age values greater than 130, unknown 
sex, or multiple administrations of the vaccine dose in a single day. Furthermore, patients who have experienced 
reinfection are excluded from this study, as they are not the primary focus of interest (n = 6360). For all patients 
remaining (n = 322303), we checked if they exhibited LC-19 symptoms at least 28 days after the initial infection 
date to determine which patients had LC-19 (n = 4360). According to LC-19 categorisation definitions, a patient 
is assessed as an acute post-COVID case if any LC-19 symptom has persisted for more than 28 days but less than 
12 weeks after the COVID-19 infection date (n = 1058). They are considered a long post-COVID case if they 
exhibit any LC-19 symptoms persistence between 12 and 24 weeks after the infection (n = 590), and a persistent 
post-COVID case if LC-19 symptoms persist beyond 24 weeks from the infection (n = 2807). The mean follow-
up time for LC-19 patients is 358 days, whereas for those no LC-19 patients, the mean follow-up time is 160 days.

Since this study is a retrospective cohort analysis, the availability of patient data depended on the completeness 
of electronic health records, rather than on predefined data collection. Our inclusion criteria required patients 
to have a confirmed positive COVID-19 test, along with documented information on demographics, symptoms, 
comorbidities, and vaccination status. From the initial dataset of 675,126 patients with confirmed COVID-19 
diagnoses, we identified that 329,300 patients lacked all data on comorbidities (16 variables) and demographic 
information (e.g., age and sex). Given that these variables were critical for our analyses, patients without this 
information did not meet the inclusion criteria and were therefore excluded. This exclusion was not a standard 
procedure for handling missing data within an established study population,but rather a necessary step to 
ensure that all included patients had sufficient data for valid statistical comparisons aligned with the study’s 
objectives. Due to the large size of the dataset, the exclusion of these cases did not affect statistical power, but 
was essential to maintain the integrity and reliability of our analyses. The missing data pattern indicates that the 
lack of information was not missing at random or missing completely at random33, but rather a consequence 
of structural gaps in the health records where the covariates did not exist. Including these cases would have 
introduced significant bias due to the absence of essential covariate data.

Data description and preprocessing
The demographic information and comorbidities of all patients in the population study were obtained from 
a database used for stratification purporses during COVID-19 pandemic. Available characteristics include 
age, sex, number of chronic diseases, number of affected systems, and various medical conditions such as 
diabetes mellitus, heart failure, chronic obstructive pulmonary disease, arterial hypertension, depression, 
ischaemic cardiomyopathy, stroke, renal insufficiency, cirrhosis, osteoporosis, osteoarthritis, arthritis, obesity, 
and asthma. A total of 322,303 patients have been studied; however, symptomatology records are available for 

Fig. 1.  Patient selection flow diagram. Flow diagram of the enrollment of subjects, disposition status, and how 
they are analysed in the study.
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297,737 patients who have sought care in primary healthcare settings. This data includes features such as lack of 
appetite, nasal congestion, rhinorrhoea, low grade fever, eye symptoms, expectorate, sore throat, stomach pain, 
vomit, nasal discharge, chills and malaise. To perform the analyses that are based on the vaccination database, 
only those patients who received a vaccination 21 days prior to a confirmed diagnosis of COVID-19 infection 
were included in the study. Additionally, we eliminated patients whose schedule was inconclusive, for example 
patients that had received several doses on the same day. This left us with vaccine schedule information for 
320,141 patients. Other data, such as medication (30,311 patients) or length of stay in each hospital department 
(15,829 patients), were not included in the analysis as they were deemed to be outside the scope of the study and 
would have significantly reduced the number of patients included.

Analysis of sociodemographic factors, comorbidities and symptoms between LC-19 patients 
and non-Long COVID-19 patients
Following the classification of LC-19 patients proposed by Fernández-de-las-Peñas et al.9 we conducted an 
exploratory analysis of sociodemographic factors, comorbidities and symptoms to seek for differences between 
non-Long COVID-19 and LC-19 patients (Table 1 and 2). The main difference between non-Long COVID-19 
and LC-19 patients regarding sociodemographic factors was sex (Female %: 52.5% v. 61.1 % respectively). Being 
female increased the likelihood of developing LC-19 (AOR [95% CI] = 1.39 [1.31, 1.48], adjusted p < 0.001). No 
differences in sex composition were observed between the subtypes of LC-19 patients. The age median was very 
similar for non-Long COVID-19 and those with the condition (38 v. 37, respectively). However, we observed 
age differences among the subtypes of LC-19 patients; acute post-COVID patients were older than both long 
post-COVID and persistent post-COVID patients (adjusted p < 0.001).

Considering sex as an important factor in the development of LC-19 prompted us to analyse comorbidities 
and symptoms, disaggregated by sex, as illustrated in Fig. 2. In female patients, obesity (AOR [95% CI] = 1.28 
[1.13, 1.45]) and depression (AOR [95% CI] = 1.38 [1.23, 1.54]) were identified as comorbidities associated 
with a statistically significant increased risk for LC-19. Conversely, dementia (AOR [95% CI] = 0.23 [0.1, 0.52]), 
arterial hypertension (AOR [95% CI] = 0.72 [0.62, 0.83]) and osteoporosis (AOR [95% CI] = 0.75 [0.61, 0.93]) 
were associated with a reduced risk of LC-19 (Fig. 2A). In male patients, no comorbidities were found to be 
associated with an increased risk of LC-19, while only stroke (AOR [95% CI] = 0.54 [0.29,0.98]) was associated 
with a reduced risk of LC-19. We performed the same analysis disaggregated by LC-19 type of patient and no 
differences were observed (Supplementary Fig. 1). Additionally, crude ORs were obtained and are presented in 
the Supplementary Table 1.

Concerning differences in symptomatology, we noted a higher percentage of initial symptoms in LC-19 
patients compared to non-Long COVID-19 patients (Table 2 and Supplementary Fig. 2). The five symptoms 
most significantly increasing the likelihood of LC-19 development were chest pain (AOR [95% CI] = 1.67 [1.41, 

Characteristics Non-LC-19 LC-19 Acute post-COVID Long post-COVID Persistent post-COVID

No. of individuals (N) 317943 4360 1058 590 2807

Age median (IQR) 38 (21, 52) 37 (23, 50) 48 (36, 58) 34 (19.25, 48) 33 (22, 45)

Sex

 Male (%) 151174 (47.5%) 1695 (38.9%) 413 (39%) 237 (40.2%) 1072 (38.2%)

 Female (%) 166769 (52.5%) 2665 (61.1%) 645 (61%) 353 (59.8%) 1735 (61.8%)

Comorbidities

 Number of chronic diseases median (IQR) 2 (1, 4) 3 (1, 5) 4 (2, 6) 3 (1, 4) 2 (1, 4)

 Number of systems affected median (IQR) 2 (1, 3) 2 (1, 4) 3 (2, 4) 2 (1, 3) 2 (1, 4)

 Diabetes mellitus (%) 20585 (6.5%) 241 (5.5%) 112 (10.6%) 27 (4.6%) 107 (3.8%)

 Heart failure (%) 3231 (1%) 26 (0.6%) 15 (1.4%) 4 (0.7%) 7 (0.2%)

 COPD (%) 4869 (1.5%) 47 (1.1%) 19 (1.8%) 8 (1.4%) 21 (0.7%)

 Arterial hypertension (%) 47036 (14.8%) 550 (12.6%) 233 (22%) 65 (11%) 263 (9.4%)

 Depression (%) 29289 (9.2%) 524 (12%) 182 (17.2%) 74 (12.5%) 290 (10.3%)

 ICM (%) 5823 (1.8%) 58 (1.3%) 24 (2.3%) 8 (1.4%) 27 (1%)

 Stroke (%) 4019 (1.3%) 37 (0.8%) 12 (1.1%) 3 (0.5%) 23 (0.8%)

 Renal insufficiency (%) 5950 (1.9%) 69 (1.6%) 24 (2.3%) 12 (2%) 34 (1.2%)

 Cirrhosis (%) 6259 (2%) 93 (2.1%) 37 (3.5%) 8 (1.4%) 48 (1.7%)

 Osteoporosis (%) 8765 (2.8%) 103 (2.4%) 46 (4.3%) 9 (1.5%) 49 (1.7%)

 Osteoarthritis (%) 18534 (5.8%) 284 (6.5%) 106 (10%) 34 (5.8%) 151 (5.4%)

 Arthritis (%) 4471 (1.4%) 73 (1.7%) 26 (2.5%) 8 (1.4%) 39 (1.4%)

 Obesity (%) 28890 (9.1%) 461 (10.6%) 165 (15.6%) 40 (6.8%) 262 (9.3%)

 Asthma (%) 30302 (9.5%) 466 (10.7%) 116 (11%) 70 (11.9%) 292 (10.4%)

Table 1.  Demographic characteristics and comorbidities for COVID-19 patients (Non-LC-19) and different 
subtypes of long COVID-19 patients. Continuous data are reported as median with interquartile range (Q3-
Q1), and categorical data are expressed as percentages (%). COPD is chronic obstructive pulmonary disease 
and ICM is Ischemic cardiomyopathy.
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1.99] for males and AOR [95% CI] = 1.58 [1.40, 1.79]) for females), hyposmia (AOR [95% CI] = 1.54 [1.27, 
1.87] for males and AOR [95% CI] = 1.57 [1.36, 1.82]) for females), and stomach pain (AOR [95% CI] = 1.54 
[1.28, 1.86] for males and AOR [95% CI] = 1.52 [1.34, 1.72]) for females), followed by rash (AOR [95% CI] = 
1.46 [1, 2.12] for males and AOR [95% CI] = 1.73 [1.38, 2.18]) for females), and dyspnea (AOR [95% CI] = 
1.72 [1.36, 2.17] for males and AOR [95% CI] = 1.35 [1.14, 1.59]) for females) (Fig. 2B). Regarding symptom 
sex differences, no significant variations were observed in the likelihood of experiencing a particular symptom 
during the primary COVID-19 infection and subsequently developing LC-19. We conducted the same analysis, 
stratified by LC-19 patient type, and found that for most symptoms, there were no significant differences among 
LC-19 patient subtypes (Supplementary Fig. 3). However, hyposmia showed a markedly stronger association 
with persistent LC-19 patients (AOR [95% CI] = 1.92 [1.66, 2.22], adjusted p < 0.005) than with acute post-
COVID (AOR [95% CI] = 1.16 [0.93, 1.46], adjusted p > 0.05) or long post-COVID patients (AOR [95% CI] 
= 1.03 [0.72, 1.45], adjusted p > 0.05). Similarly, the association of chest pain was notably more pronounced 
in acute post-COVID patients (AOR [95% CI] = 2.08 [1.77, 2.46], adjusted p < 0.001) compared to those with 
persistent LC-19 (AOR [95% CI] = 1.42 [1.24, 1.62], adjusted p < 0.001) and long post-COVID (AOR [95% CI] 
= 1.28 [0.94, 1.75], adjusted p > 0.05). Crude ORs for symptoms were also obtained and are presented in the 
Supplementary Table 2.

Impact of COVID-19 hospitalisation on the development of LC-19
To understand the implications of COVID-19, the need of hospitalisation serve as a crucial indicator, shedding 
light on the disease’s progression and severity across diverse patient profiles. This analysis focuses on the AORs 
for developing LC-19 among hospitalised and non-hospitalised patients, paying close attention to the interplay 
between sex and disease severity. We particularly differentiate among various LC-19 patient classifications 
through their impact on health outcomes. Illustrated in Fig. 3, our analysis offers a clear depiction of the odds 
associated with LC-19. Notably, hospitalised patients in the LC-19 category exhibit an AOR [95% CI] = 3.57 [3.22, 
3.95], with an adjusted p < 0.001, adjusted by age and sex. Upon disaggregation by sex, an AOR [95% CI] = 4.49 
[3.85, 5.23], with an adjusted p < 0.001, was observed for males and an AOR [95% CI] = 3.05 [2.66, 3.51], with an 
adjusted p < 0.001, was noted for females, suggesting a significantly higher likelihood of developing LC-19 overall 
compared to non-hospitalised counterparts. Specifically, acute post-COVID conditions present a markedly 
increased risk for hospitalised patients (AOR [95% CI] = 10.26 [8.83, 11.92], adjusted p < 0.001), especially for 
males (AOR [95% CI] = 15.56 [13.08, 20.97], adjusted p < 0.001) compared to females (AOR [95% CI] = 7.36 
[6.02, 9.01], adjusted p < 0.001). Similarly, for persistent post-COVID conditions, a statistically significant higher 

Characteristics Non-LC-19 LC-19 Acute post-COVID Long post-COVID Persistent post-COVID

No. of individuals (N) 293,377 4360 1058 590 2807

Symptoms

 Chest pain (%) 12,117 (4.2%) 616 (14.1%) 266 (25.1%) 55 (9.3%) 309 (11%)

 Muscle pain (%) 77,623 (27%) 1993 (45.7%) 611 (57.8%) 209 (35.4%) 1226 (43.7%)

 Cough (%) 31,338 (10.9%) 1234 (28.3%) 494 (46.7%) 128 (21.7%) 650 (23.2%)

 Lack of appetite (%) 9970 (3.5%) 518 (11.9%) 251 (23.7%) 49 (8.3%) 239 (8.5%)

 Sleep problems (%) 7526 (2.6%) 471 (10.8%) 242 (22.9%) 43 (7.3%) 204 (7.3%)

 Nasal congestion (%) 75,252 (26.2%) 1377 (31.6%) 352 (33.3%) 163 (27.6%) 896 (31.9%)

 Dyspnea (%) 4630 (1.6%) 379 (8.7%) 210 (19.8%) 33 (5.6%) 147 (5.2%)

 Rhinorrhoea (%) 87,434 (30.5%) 1553 (35.6%) 385 (36.4%) 205 (34.7%) 1008 (35.9%)

 Low grade fever (%) 23,368 (8.1%) 411 (9.4%) 101 (9.5%) 57 (9.7%) 266 (9.5%)

 Dizziness (%) 10,290 (3.6%) 523 (12%) 211 (19.9%) 58 (9.8%) 277 (9.9%)

 Hyposmia (%) 41,460 (14.4%) 1427 (32.7%) 349 (33%) 127 (21.5%) 990 (35.3%)

 Hypogeusia (%) 37,582 (13.1%) 1320 (30.3%) 338 (31.9%) 121 (20.5%) 901 (32.1%)

 Headache (%) 87,205 (30.4%) 2158 (49.5%) 629 (59.5%) 250 (42.4%) 1337 (47.6%)

 Tired (%) 16,097 (5.6%) 892 (20.5%) 402 (38%) 92 (15.6%) 432 (15.4%)

 Eye symptoms (%) 1930 (0.7%) 102 (2.3%) 40 (3.8%) 15 (2.5%) 50 (1.8%)

 Expectorate (%) 27,041 (9.4%) 776 (17.8%) 304 (28.7%) 89 (15.1%) 407 (14.5%)

 Fever (%) 37,070 (12.9%) 706 (16.2%) 199 (18.8%) 98 (16.6%) 433 (15.4%)

 Sore throat (%) 72,993 (25.4%) 1467 (33.6%) 409 (38.7%) 187 (31.7%) 918 (32.7%)

 Stomach pain (%) 11,128 (3.9%) 503 (11.5%) 181 (17.1%) 54 (9.2%) 287 (10.2%)

 Vomit (%) 7360 (2.6%) 284 (6.5%) 105 (9.9%) 29 (4.9%) 160 (5.7%)

 Nasal discharge (%) 4558 (1.6%) 170 (3.9%) 72 (6.8%) 16 (2.7%) 92 (3.3%)

 Chills (%) 23,910 (8.3%) 794 (18.2%) 290 (27.4%) 84 (14.2%) 450 (16%)

 Rash (%) 2163 (0.8%) 124 (2.8%) 44 (4.2%) 12 (2%) 71 (2.5%)

 Malaise (%) 859 (0.3%) 38 (0.9%) 20 (1.9%) 4 (0.7%) 16 (0.6%)

Table 2.  Symptomatology for COVID-19 patients (Non-LC-19) and different subtypes of long COVID-19 
patients. Categorical data are expressed as percentages (%).
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Fig. 3.  Odds ratio for suffering each categorisation of LC-19 adjusted by age with and without sex-
disaggregated.

 

Fig. 2.  (A) Adjusted odds ratios for developing LC-19 based on different comorbidities. (B) Adjusted odds 
ratios for developing LC-19 based on acute-phase COVID-19 symptoms. The female sex is coloured in red and 
the male sex in blue. Odds ratios are adjusted by age, the symptoms and the comorbidities. COPD is chronic 
obstructive pulmonary disease, AH is arterial hypertension, ICM is ischemic cardiomyopathy, DM is diabetes 
mellitus and RI is renal insufficiency.
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risk is observed for hospitalised patients of both sex (AOR [95% CI] = 1.55 [1.29, 1.85], adjusted p < 0.001). For 
Long post-COVID conditions, hospitalised patients face a considerable risk (AOR [95% CI] = 1.75 [1.21, 2.53], 
adjusted p < 0.005), with this increased risk being significant solely for male patients (AOR [95% CI] = 2.44 
[1.46, 4.07], adjusted p < 0.001). This suggests that hospitalisation is not only a high-risk factor for developing 
long post-COVID and persistent post-COVID manifestations of LC-19 classifications but is particularly crucial 
for acute post-COVID patients. The AOR for acute post-COVID patients is significantly higher than for other 
LC-19 classifications. In order to demonstrate the inherent risk associated with hospitalisation, crude ORs are 
presented in the Supplementary Table 3.

Effects of vaccination on LC-19
We examined the effects of COVID-19 vaccination, including the impact of dosage, patterns, and brand 
differences on the course of LC-19. Supplementary Fig. 4 shows the vaccine administration flow in the cohort 
under study. Only 15.95% of the cohort is unvaccinated. The most commonly used vaccine brands, in our data, 
for the first administration are Pfizer (72.39%) and Moderna (15%), followed by Astra Zeneca (8.22%) and 
Janssen (4.39%). The initial dominance of Pfizer decreases over time. This is shown by the transition from first to 
second doses. Pfizer still leads, but with a reduced majority of 67.07% of the second dose administration, and it 
is followed by Moderna (24.25%), Astra Zeneca (8.68%) and Janssen (< 0.01%). Meanwhile, 33.6% of the cohort 
did not receive a second dose. Furthermore, 80.46% of the population has not yet received a third dose. Among 
the available brands, Moderna has administered the highest proportion of third doses at 80.20%, followed by 
Pfizer at 19.79% and Astra Zeneca (0.01%). No Janssen doses were recorded during the administration of the 
third dose.

When evaluating the protective effect of vaccination in relation to the health impact of COVID-19, the results 
are significantly influenced by vaccination status. Table 3 demonstrates a clear protective effect of vaccination vs 
no vaccine against LC-19, after adjusting by age and sex the AOR [95% CI] = 0.10 [0.09, 0.12], and adjusted p 
< 0.001. The analysis of vaccine doses and their impact on LC-19 incidence reveals a notable more pronounced 
protective effect when comparing two doses against one dose (AOR [95% CI] = 0.38 [0.29, 0.50], adjusted p < 
0.001) and even three doses against both two doses (AOR [95% CI] = 0.39 [0.27, 0.58], adjusted p < 0.001) and 
one dose (AOR [95% CI] = 0.11 [0.06, 0.18], adjusted p < 0.001). We also observed that mRNA vaccines provided 
a more protective effect against LC-19 than viral vector-based vaccines (AOR [95% CI] = 0.48 [0.37, 0.63], 
adjusted p < 0.001). We performed the analysis of mRNA vaccines vs viral vector-based vaccines disaggregated 
by sex and found this effect to be statistically significant only in women (Supplementary Fig. 5). Considering the 
effect of mRNA vaccines, we studied a combination of mRNA and viral vector-based vaccines, comparing them 
against two doses of either mRNA or viral vector-based vaccines alone. A mix of mRNA and viral vector-based 
vaccines in any order was more protective than two doses of viral vector-based vaccines (AOR [95% CI] = 0.3 
[0.15, 0.58], adjusted p < 0.001) and as protective as two doses of mRNA vaccines against LC-19 (AOR [95% CI] 
= 0.77 [0.41, 1.46], adjusted p = 0.43). Additionally, in order to observe the inherent risk associated with each 
condition mentioned before, crude ORs are available in the Supplementary Table 4.

Furthermore, we investigated the effects of various COVID-19 vaccination schedules, segmented by vaccine 
brand, on LC-19 incidence (Fig. 4). AORs were utilised to determine the relative protection offered by specific 
vaccination schedules. Figure 4 summarises the protective effects of different vaccination schedules against LC-

LC-19 No LC-19

AOR [95% CI] Adj pN (%)

No vaccinated (Ref) 3916 (2.4%) 160,007 (97.6%)
0.10 [0.09, 0.12] < 0.001

Vaccinated 413 (0.3%) 155,805 (99.7%)

COVID-19 viral-based vaccine (Ref) 87 (0.71%) 12,096 (99.29%)
0.48 [0.37, 0.63] < 0.001

mRNA-based vaccine 324 (0.23%) 140,671 (99.77%)

2 COVID viral-based vaccine doses (Ref) 62 (0.70%) 8799 (99.30%)
0.30 [0.15, 0.58] < 0.001

COVID viral-based dose + mRNA-based dose 10 (0.20%) 5073 (99.80%)

2 mRNA-based vaccine doses (Ref) 242 (0.23%) 105,482 (99.77%)
0.77 [0.41, 1.46] 0.43

COVID viral-based dose + mRNA-based dose 10 (0.20%) 5073 (99.80%)

No. of doses

 0 (Ref) vs 3916 (2.4%) 160,007 (97.6%) –

 1 66 (0.6%) 11,251 (99.4%) 0.25 [0.19, 0.32] < 0.001

 2 314 (0.3%) 119,354 (99.7%) 0.11 [0.09, 0.12] < 0.001

 3 33 (0.1%) 25,200 (99.9%) 0.05 [0.03, 0.07] < 0.001

 1 (Ref) vs 66 (0.6%) 11,251 (99.4%) –

 2 314 (0.3%) 119,354 (99.7%) 0.38 [0.29, 0.50] < 0.001

 3 33 (0.1%) 25,200 (99.9%) 0.11 [0.06, 0.18] < 0.001

 2 (Ref) vs 314 (0.3%) 119,354 (99.7%) –

 3 33 (0.1%) 25,200 (99.9%) 0.39 [0.27, 0.58] < 0.001

Table 3.  Table of vaccination differences for non LC-19 and LC-19 patients.
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19. Initially, it was found that any vaccination schedule provides more protection against the development of 
LC-19 compared to being unvaccinated. The three most protective schedules were Pfizer + Pfizer + Moderna, 
Pfizer + Pfizer + Pfizer and Janssen + Moderna. Conversely, the least protective vaccine schedules against LC-
19 were a single dose of AstraZeneca (no statistically significant protection against LC-19 comparing with no 
vaccine administration), a single dose of Pfizer, and two doses of AstraZeneca. Exact values of AORs for each 
analysis is presented in Supplementary Table 5 and, in order to observe the inherent risk of each vaccine schedule 
comparison, all crude ORs are also available in Supplementary Table 6.

LC-19 calculator tool
A predictive model was developed to predict the probability of suffering from LC-19, depending on predictors 
like comorbidities, sex, age, the vaccination schedule up to 21 days before the positive diagnosis of COVID-19, 
and the symptomatology of the individual at the initial diagnosis of the COVID-19 infection and up to 28 days 
after the positive test for COVID-19. Only data collected prior to the LC-19 diagnosis were considered for 
training the model. Only patients with all the above information available were considered for this objective. The 
training dataset (199527 no LC-19 patients and 3031 LC-19 patients) was used to train the model and the test 
dataset (85511 no LC-19 patients and 1298 LC-19 patients) was used to evaluate the model.

IPIP and Smote were used to deal with the imbalanced proportion of LC-19 and no LC-19 patients together 
with logistic regressions as ML algorithms. IPIP with logistic regression obtained a balanced accuracy of 73% 
and ROC-AUC of 0.80 (Supplementary Fig. 6) on the test dataset and for Smote with logistic regression we 
obtained a balanced accuracy of 65% and a ROC-AUC of 0.79. Then, we used IPIP with logistic regression 
models to create an online LC-19 calculator that is accessible at (LC-19 Calculator).

In order to utilise the calculator to get a probability of suffering LC-19, it is necessary to input the patient’s 
sex, age, comorbidities, and symptomatology during the acute-phase of COVID-19, as well as their vaccination 
schedule prior to 21 days of infection.

Discussion
In this study, we investigated the demographic factors, comorbidities, and symptoms of the acute phase 
of COVID-19 as risk factors for LC-19. Our study offers valuable insights into the factors that influence the 

Fig. 4.  Adjusted odds ratios (AORs) for various vaccination schedules against LC-19. Vaccination schedules 
are represented by combinations of letters that reflect the order in which the vaccines were administered to 
participants. With A for AstraZeneca, P for Pfizer, M for Moderna, and J for Janssen vaccines. Blue squares 
represent greater protective behavior indicated by lower adjusted odds ratios (AOR), when comparing the 
reference schedules (rows) with the comparison ones (columns), being then the comparison one more 
protective. In contrast, red squares signify a higher AOR, indicating less protective effect against the outcome. 
If the adjusted p-value for the AOR is less than 0.05, the comparison is flagged with a star (*).
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development of long COVID. Notably, our data support that female sex is associated with a higher likelihood 
of developing long COVID. Another risk factor is the number of symptoms experienced during the acute 
phase of COVID-19; patients who exhibit a high number of symptoms are more likely to develop long COVID. 
Additionally, the need for hospitalisation during the acute phase significantly increases the risk of developing 
long COVID, emphasising the severity of the initial infection as a key factor in long-term outcomes. Our analysis 
also shows no strongly significant differences in symptoms and comorbidities across different subtypes of LC-
19 patients, suggesting that the manifestation of long COVID is consistent among LC-19 subtypes of patients. 
Crucially, vaccination before acute SARS-CoV-2 infection significantly reduces the likelihood of developing 
long COVID. Among the vaccines, mRNA vaccines provide greater protection against long COVID compared 
to viral vector-based vaccines. Furthermore, a combination of mRNA and viral vector-based vaccines, in any 
sequence, offers more protection than two doses of viral vector-based vaccines and is as effective as two doses 
of mRNA vaccines.

Despite the valuable insights provided by our study, several limitations must be acknowledged. First, the 
number of individuals with LC-19 in our sample is relatively small compared to non-LC-19 patients. However, 
the majority of our results are consistent with existing studies. Second, the diagnosis of LC-19 in our study was 
not clinically confirmed. Instead, we relied on a database derived from health registry data from COVID-19 
patients, identifying LC-19 cases based on reported symptoms and follow-up consultations with clinicians. 
This method may introduce bias due to variability in symptom interpretation, as well as differences in patients’ 
willingness to report symptoms or seek medical care. Another limitation is the lack of detailed historical data 
on comorbidities. While the database included pre-existing conditions, we lacked information on the duration 
and timing of these conditions. For example, the database registered whether a patient had experienced a heart 
attack prior to infection but did not capture when it occurred. Another limitation of our study did not account 
for the specific variants of the SARS-CoV-2 virus. Variants may have different impacts on both the likelihood 
and severity of Long COVID, which was not addressed in our analysis34–36.

According to our analysis of sociodemographic factors, in the cohort under study female sex is associated 
with a higher likelihood of developing long COVID. This finding is consistent with other published studies that 
have identified female sex as a significant risk factor for LC-1914,25–29. Moreover, the impact of female sex appears 
to be uniform across all subtypes of LC-19 patients, as illustrated in Supplementary Fig. 1. Regarding the risk 
factors associated with LC-19, we found that comorbidities such as depression and obesity increase the risk of 
LC-19 in females. This finding aligns with a study predominantly involving female participants (96%) that also 
identified depression before COVID as a significant risk factor for developing long COVID37. Other studies 
also pointed out obesity as a risk factor for developing LC-1912,38–40. Additionally, another study in Denmark 
concluded that obesity and depression are risk factors for LC-1941. On the other hand, we found that female 
patients with dementia have a lower likelihood of developing LC-19. It is well-documented that patients with 
dementia have higher odds of dying from COVID-1924,42,43. Additionally, COVID-19 appears to increase the 
likelihood of developing dementia after infection, suggesting a potential association between COVID-19 and 
dementia44–46. However, to the best of our knowledge, there is no evidence indicating whether patients with 
dementia have higher or lower odds of developing LC-19. We hypothesise that our results could be influenced by 
the sample size of patients with dementia and the fact that underreporting and undiagnosing are more common 
among patients with dementia47–49.

Regarding acute-phase symptoms, we found that patients exhibiting several symptoms during the acute 
phase are at an increased likelihood of developing LC-19 after a COVID-19 infection. This finding aligns with 
a multicenter study that identified a greater number of symptoms at hospital admission as the most significant 
risk factor for developing more symptoms after COVID-1925. In detail, we found that the acute-phase symptoms 
most strongly associated with an increased likelihood of developing LC-19 are chest pain, rash, hyposmia, 
dyspnea, and stomach pain. Our findings align with a Polish study, indicating that chest pain and dyspnea are 
risk factors for the development of LC-1929. The same symptoms that we previously identified were also reported 
as risk factors in a large cohort of non-hospitalised COVID-19 patients12. Some studies which examine cohorts 
of individuals from different age groups have identified chest pain, hyposmia and dyspnea as risk factors for 
suffering from LC-19, not only in adults but also in children50,51.

Another relevant question, due to ambiguous conclusions, is whether the severity of the COVID-19 infection 
influences the development of LC-19. Some studies have concluded that the severity of the acute disease does 
not significantly contribute to the risk of developing long COVID14,52,53. However, the majority of studies have 
found that the severity or need for hospitalisation during the acute phase is associated with a higher likelihood 
of developing LC-19 symptoms54–58. Our results align with these latter studies, suggesting a significantly higher 
likelihood of developing LC-19 for hospitalised patients compared to non-hospitalised counterparts. This effect 
is particularly strong in the acute-post COVID phase and moderates over time, as observed for persistent post-
COVID in Fig. 3.

Several publications have investigated the impact of vaccination schedules prior to acute SARS-CoV-2 
infection in LC-1917,19,59–64. These studies support the notion of a protective effect of COVID-19 vaccination 
against long COVID. Our findings align with these conclusions, indicating that vaccinated individuals have 
a lower risk of developing LC-19 compared to unvaccinated individuals (AOR [95% CI] = 0.10 [0.09, 0.12]). 
Furthermore, consistent with some of these previous studies59,64, our research suggests that receiving two 
vaccine doses provides greater protection against LC-19 compared to receiving only one dose (AOR [95% CI] 
= 0.38 [0.29, 0.58]). In our investigation, we observed that three doses exhibited a more pronounced protective 
effect against LC-19 than both two doses (AOR [95% CI] = 0.39 [0.27, 0.58]) and one dose (AOR [95% CI] = 0.11 
[0.06, 0.18]), respectively. Therefore, the third dose could be beneficial for preventing LC-19.

Another question arises as to whether mRNA vaccines and viral vector-based vaccines exhibit differences 
in the likelihood of developing LC-19. Some studies65,66 provide evidence suggesting a more pronounced 
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protective effect of mRNA vaccines compared to viral vector-based ones in terms of immune response, efficacy, 
and effectiveness. However, there is limited investigation on this question regarding LC-19. To the best of our 
knowledge, we found only one publication indicating a slightly stronger preventive effect for BNT162b2 (Pfizer/
mRNA) compared to ChAdOx1 (AstraZeneca/viral vector-based)19. Consistently, our findings in the cohort 
corroborate and expand this observation; while both types of vaccines confer protection against LC-19, mRNA 
vaccines offer a higher degree of protection than viral vector-based vaccines (AOR [95% CI] = 0.48 [0.37, 0.63]). 
However, according to our results, this effect is only statistically significant in women (Supplementary Fig. 5). 
Additionally, we concluded that, regarding two doses, a mix of mRNA and viral vector-based vaccines in any 
order was more protective than two doses of viral vector-based vaccines and as protective as two doses of mRNA 
vaccines against LC-19. These findings underscore the critical role of vaccination, especially mRNA vaccines, 
in preventing long COVID and support the use of mixed vaccine regimens in protection. Our study highlights 
the necessity for ongoing public health efforts to promote vaccination and manage acute COVID-19 symptoms 
to lessen the burden of long COVID. We also presented a detailed analysis of the effects of various vaccination 
schedules on LC-19 in Fig. 4. Compared to not being vaccinated, receiving any vaccination schedule, except a 
single dose of AstraZeneca, significantly reduces the risk of developing LC-19. Among individuals vaccinated 
with one dose, those who received Moderna had a lower probability of developing LC-19 than the others. For 
those with two doses, the Pfizer+Pfizer, Moderna+Moderna, and Janssen+Moderna schedules were the best 
ones in terms of reducing risk. In individuals with three doses, the Pfizer+Pfizer+Moderna schedule showed 
the lowest probability of developing LC-19. As illustrated in the figure and previous analysis, individuals with 
more doses, particularly mRNA vaccines, demonstrated a reduced risk of developing LC-19. These findings 
are consistent with other studies and provide additional evidence supporting the most protective vaccination 
combinations19,59,64–66. However, regarding the three doses effects on LC-19 there are fewer studies67,68. Our 
results align with those studies on the most protective effect of three doses on LC-19 development and detail the 
schedules and brand combinations.

In this study, we developed a model to predict the likelihood of developing LC-19 during the acute phase of 
COVID-19 by considering demographic data, pre-existing comorbidities, symptoms at the initial diagnosis, and 
vaccination record prior to 21 days of infections. We have made this tool available at (LC-19 Calculator), and it 
achieved a balanced accuracy of 73% and an ROC-AUC of 0.80. Other studies have also developed predictive 
models using machine learning algorithms and obtained similar results69,70. For instance, the model developed 
by Antony et al. achieved an ROC-AUC of 0.76, although they did not include vaccination records69. Kessler 
et al. developed a more complex predictive model using light gradient boosting machine algorithm, which 
achieved an ROC-AUC of 0.84, although they included information about SARS-CoV-2 variants70. We aimed to 
develop a simple and practical model using information collected at the time of COVID-19 diagnosis, allowing 
clinicians to use it as an effective triage tool. Given the model’s accuracy and the study’s limitations, it is clear that 
clinical decisions should not rely solely on this tool. However, we believe it can contribute to closer monitoring 
of higher-risk individuals, especially in the Murcia Region.

The external validity of our study is supported by the alignment of many findings with previous research. 
However, several factors could limit its generalisability. Our study is based on a retrospective cohort analysis using 
health registry data from a specific period. While the large sample size strengthens our conclusions compared 
to smaller cohort studies, the quality and granularity of our data are not directly comparable to prospective 
follow-up studies. This study covers the period from January 4, 2020, to May 3, 2022, and the patterns observed 
may have evolved due to the emergence of new SARS-CoV-2 variants and changes in vaccination strategies. 
Additionally, our sample is drawn from a single region, which may limit the external validity of our findings. 
Differences in demographics, healthcare systems, and pandemic response measures between regions may affect 
the applicability of our results to other populations. To enhance generalisability, future research should include 
larger, more diverse populations and examine the impact of SARS-CoV-2 variants and vaccines on Long COVID 
risk factors across broader contexts.

Data availability
All the data used in this study were retrieved from the Servicio Murciano de Salud (SMS). All data produced 
in the present study are available upon reasonable request to the corresponding authors (alejandro.cisterna@
um.es) and the approval by SMS. We developed a web to predict LC-19 probabilities ​h​t​t​p​s​:​/​/​p​r​o​v​i​a​.​i​n​f​.​u​m​.​e​s​/​l​
o​n​g​c​o​v​i​d​​​​​.​​
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