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AI-based disease risk score for community-acquired
pneumonia hospitalization

Saeed Shakibfar,1 Morten Andersen,1 and Maurizio Sessa1,2,*

SUMMARY

Community-acquired pneumonia (CAP) is an acute infection involving the paren-
chyma of the lungs, which is acquired outside of the hospital. Population-wide
real-world data and artificial intelligence (AI) were used to develop a disease
risk score for CAP hospitalization among older individuals. The source population
included residents in Denmark aged 65 years or older in the period January 1,
1996, to July 30, 2018. 137344 individuals were hospitalized for pneumonia dur-
ing the study period for which, 5 controls were matched leading to a study pop-
ulation of 620908 individuals. The disease risk had an average accuracy of 0.79
based on 5-fold cross-validation in predicting CAP hospitalization. The disease
risk score can be useful in clinical practice to identify individuals at higher risk
of CAP hospitalization and intervene to minimize their risk of being hospitalized
for CAP.

INTRODUCTION

Community-acquired pneumonia (CAP) is an acute infection involving the parenchyma of the lungs, which

is acquired outside of the hospital.1 CAP is a leading cause of hospitalizations, death, and poor quality of

life. Its clinical management is associated with a high economic burden for healthcare systems, and long-

term sequelae in all age groups worldwide.1–3

Recent incidence estimates of CAP were 1.2 and 2.4 cases per 1,000 people in Europe and the USA, respec-

tively, with the highest incidence in individuals aged 65 years or older.4,5 A recent study has estimated 489

million cases of CAP with more than 2.5 million deaths globally.1 In the healthcare management of CAP in

older individuals, it is crucial to act immediately and prevent the progression of CAP to a more severe dis-

ease considering the high incidenceof hospitalization and/ormortality of severeCAP in older individuals.1–5

Several studies have investigated risk factors associated with hospitalization for CAP in older individuals.

However, these studies have produced inconclusive results because of small sample sizes and lack of repre-

sentativeness that preclude the generalizability of results to other settings.6–10 Other limitations identified

in previously conducted studies include inconsistencies in the definition of CAP if compared to those pro-

vided by clinical guidelines,11 and the use of selected populations with the consequent risk of selection

bias.12 Additionally, the majority of studies have a focus on the use of a few potential predictors, mostly

selected in a clinical setting excluding other possible candidate predictors from biomarkers, treatments,

comorbidities, and sociodemographic characteristics.6–12

In this regard, we conducted a systematic screening of the scientific literature highlighting that, to the best

of our knowledge, there are no studies that have evaluated risk factors for CAP by applying AI techniques in

population-wide real-world data (Appendices 1 and 2). From the systematic reviews, we identified only one

study that has investigated predictors of CAP from sociodemographic and healthcare real-world data;

however, this study has been performed using primary care data and did not focus on hospitalization as

an outcome.13

Therefore, in this study, we took the opportunity of applying AI-based feature selection techniques to pop-

ulation-wide real-world data from Danish healthcare and administrative databases to identify predictors of

CAP hospitalization among older individuals and use this information to develop a disease risk score. We

aim at developing a disease risk score because it may represent a precious tool for general practice to iden-

tify among older individuals those considering the high risk of CAP hospitalization may require specific
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clinical management to mitigate such a risk. This is a key priority in public health as CAP is a significant

public health burden, accounting for a significant proportion of hospitalizations and healthcare costs

worldwide.1–5 Additionally, a newly developed disease risk score for CAP hospitalization can help to iden-

tify the risk factors for severe disease and improve our ability to predict severe cases, improve their man-

agement, and, therefore, reduce the morbidity and mortality associated with CAP.

RESULTS

Sociodemographic characteristics

In total, 137344 individuals were hospitalized for CAP during the study period for which, 5 individuals were

matched leading to a study population of 620908 individuals. An overview of sociodemographic character-

istics of the study population is provided in Table S1. The mean age (SD) of individuals that were hospital-

ized for CAP was 77.2 (9.4) years while for individuals not hospitalized for CAP it was 77.0 (9.7) years with a

proportion of women of 48.4% and 50.9%, respectively. Sociodemographic characteristics of individuals

hospitalized for CAP were comparable with those observed in other Danish studies investigating trends

of pneumonia hospitalization in the Danish population.14

Performance of the classification models

In total, 735588 features were generated in the data management processes of which 321 were filtered

based on variance. The average AUC of the benchmarked classification models built using the iterative in-

clusion of variables sorted by EFS estimated variable importance in Figure 1. The derivate of the resulting

function of average accuracy based on a 5-fold cross-validation approach identified 10 as the optimal num-

ber of features to be used in the classification models (Figure 1). The 10 most important predictors for CAP

are shown in Figure 2. After clinical validation, phenoxymethylpenicillin, roxithromycin, terbutaline, furose-

mide, paracetamol, and potassium chloride were considered non-biologically plausible predictors of CAP.

Analogously, ICD10 codes for hospital admission ‘‘Suspected disease or condition’’ was considered not suf-

ficiently detailed predictor and, therefore, considered non-biologically plausible.

The top 10 most important predictors for CAP were used to compare the performance of the classification

models of which the average AUC, sensitivity, specificity, and accuracy based on a 5-fold cross-validation

approach and a balanced confusion matrix are shown in Table 1 for resampling data with 1:1 matching. Lo-

gistic regression was chosen as the final model based on its best performance when considering all

together AUC, sensitivity, specificity, and accuracy.

Disease risk score

The disease risk score included weights in a range between 1 and 4 (Table 2), which resulted in a disease risk

score rangingbetween 0 and 16. The average accuracy for predictingCAPbasedon a 5-fold cross-validation

using only the disease risk score and a logistic regressionmodel was 0.79. The predicted probability of CAP

for eachdisease risk score is presented in Figure 3.Observed versus predictedprobabilities estimated using

the disease risk score with (1) all the predictors, (2) only the disease risk score, and (3) a calibratedmodel with

only thedisease risk score are presented in Figures S1, S2, andS3.Models’ performance in termsof observed

versus predicted probabilities was assessed using the mean absolute error and the model using only the

disease risk score was preferred. The predicted probability of CAP for each disease risk score with and

without calibration is presented in Figure S4. The median time to the event and the interquartile range

was 49 days (7–168), 44 days (16–115), 41 days (15–87), 46 days (17–101), 40 days (15–105), 52 days (7–179),

55 days (18–150), 1.4 years (1.4–3), 0.8 years (0.1.-2.6), 2.2 years (0.3–5.9) for phenoxymethylpenicillin, pred-

nisolone, furosemide, potassium chloride, paracetamol, roxithromycin, terbutaline, chronic obstructive pul-

monary disease, chronic obstructive pulmonary disease—acute exacerbation, and ‘‘suspected disease or

condition,’’ respectively (Figure 4). The network analysis of predictors is provided in Figure 5. For non-bio-

logically plausible predictors, the network analysis and their inter-relationship are provided in Figures S5

and S6. Based on the predictors used to develop the disease risk score, we developed a questionnaire

that can be used in general practice to compute the disease risk score for each patient (Table 3).

DISCUSSION

This study has investigated the use of AI-based feature selection techniques to population-wide real-world

data from Danish healthcare and administrative databases to identify predictors of CAP hospitalization

among older individuals and use this information to develop a disease risk score.
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This is the first study proposing a disease risk score for CAP hospitalization, which is based on preemptive

predictors identified from population-based real-world data. The disease risk had an average accuracy of

0.79 based on 5-fold cross-validation in predicting CAP hospitalization.

If we look at our identified predictors used to develop the disease risk score, they capturemost of the afore-

mentioned risk factors directly or indirectly and, additionally, they provide weight to their importance in the

context of the risk of CAP hospitalization and they provide relatively easy-to-detect proxies of these con-

ditions with a high predictive power for CAP hospitalization.

Our newly developed disease risk score can have significant implications from both practical and academic

perspectives. From a real-world standpoint, the disease risk score may have a big impact on patient care

and outcomes. The disease risk score may enable clinicians to start early interventions or preventative mea-

sures to improve outcomes by precisely identifying patients who are at risk of severe CAP. This can involve

making lifestyle changes, taking medications, or getting checked on or monitored more frequently leading

to a more personalized approach to healthcare. From an academic perspective, the disease risk score may

also help advance medical research and lead to new standards for preventative measures of severe CAP

and it can help to prioritize risk factors for severe CAP. Additionally, our research can eventually stimulate

research in related fields, including epidemiology, leading to new insights and interventions for disease

prevention andmanagement. In total, 321 predictors were identified, however, 10 contributed more exten-

sively to CAP hospitalization prediction. Redeemed prescription of phenoxymethylpenicillin, roxithromy-

cin, terbutaline, furosemide, paracetamol, and potassium chloride were considered non-biologically plau-

sible predictors of CAP but rather proxies of the events that were more likely related to the occurrence of

CAP. In particular, we believe these medicines are detected as predictors for CAP hospitalization due to

their approved therapeutic indications for clinical conditions which are known risk factors for CAP

hospitalization.

In Danish clinical guidelines, phenoxymethylpenicillin is an antibiotic recommended for the treatment of

pneumonia in primary care with a posological scheme of 660 mg (1 million IU) x 4 for 5 days.15 Therefore,

it is not surprising to identify this antibiotic as a potential predictor of pneumonia hospitalization. Our

epidemiological and clinical reasoning for this predictor is that individuals may have received a diagnosis

of pneumonia in primary care due to pulmonary infection, started the treatment with phenoxymethylpeni-

cillin and, as the treatment was not successful, the individuals were furtherly referred to the hospital for sec-

ondary care and undergoing hospitalization. A similar consideration applies to roxithromycin, as this anti-

biotic is recommended 150mg x 2–3 days for the treatment of pneumonia in primary care in individuals with

an allergy to penicillin.15 Of note, it cannot be excluded that roxitromycin was used as first line treatment for

mycoplasma pneumonia.

Terbutaline is prescribed as a rescue treatment for sudden breathlessness or wheezing in people with

asthma or chronic obstructive pulmonary disease, which are known risk factors for pneumonia and that

were identified as predictors in this study.16 It is also plausible to believe that terbutaline has been used

as a bronchodilator for alleviating acute bronchoconstriction associated with pneumonia.

Figure 1. Optimal number of predictors for CAP based on EFS estimated variable importance
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Furosemide is a potent loop diuretic that is used for edema secondary to various clinical conditions, such as

congestive heart failure exacerbation, liver failure, renal failure, and high blood pressure. It is not surprising

to find this drug as a potential predictor of CAP hospitalization as cardiovascular disorders are known risk

factors for CAP.17 Another plausible explanation for finding furosemide as a predictor of CAP hospitaliza-

tion is that the exacerbation of the underlying cardiovascular condition of individuals that developed pneu-

monia leads to the medical need of prescribing furosemide.18

Potassium chloride is a potassium salt used to treat hypokalemia. Electrolyte abnormalities in pneumonia,

including hypokalemia (serum potassium less than or equal to 3.5 mEq/L), have been extensively described

in the scientific literature among individuals hospitalized for CAP.19

Paracetamol is sold as over-the-counter in Denmark. However, it is possible to obtain a medical prescrip-

tion for reimbursement in case of chronic pain. In Danish administrative registers, over-the-counter med-

ications are not traceable, therefore, these individuals that redeemed prescriptions of paracetamol were

mostly individuals exposed to chronic pain. The underlying causes and etiology of chronic pain and its

pharmacological treatment are associated with immunosuppression, which is a known risk factor for CAP.20

Regarding prednisolone as a predictor for CAP hospitalization, we believe that prednisolone may have

been used before CAP hospitalization because several studies suggested that its use reduces mortality

and morbidity in adults with severe CAP.21 Prednisolone is also used in the pharmacological treatment

of known risk factors of CAP, such as chronic obstructive pulmonary disease and asthma.22

Several predictors did not show biological plausibility and, therefore, we have performed a network anal-

ysis. Among the reasons for not observing biological plausibility, there are reverse causality and/or con-

founding. As shown in our network analysis, the aforementioned predictors are strongly inter-related

and such inter-relationships have been addressed with a biological rationale in a recent narrative review

by Aliberti and colleagues.2 Of note, our analytical approach was able to identify in a data-driven way all

known risk factors for CAP hospitalization mentioned in the aforementioned review.23 Therefore, it is not

surprising to observe that when predictors of CAP hospitalization were combined in a disease risk score

Figure 2. Top ten predictors for CAP

VIP = variable importance.

Table 1. Models performance

Models AUC Sensitivity Specificity Accuracy

Logistic Regression 0.75 0.68 0.70 0.69

Random Forest 0.74 0.66 0.72 0.69

Random Forest Ranger 0.75 0.65 0.72 0.69

Random Partitioning 0.69 0.69 0.66 0.67
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which, accounts for their inter-relationship, the prediction accuracy resulted of our classification model

outperformed the classification model with the individual predictors reaching an average accuracy for pre-

dicting CAP hospitalization of 0.79 or rather that on average 79% (8 out of 10) of patients were correctly

predicted to be/not be hospitalized for CAP based on their disease risk score. These results suggest

that independently of the etiology for CAP hospitalization, the identified predictors were found to have

a strong predictive power for this clinical event. In this regard, it is interesting to observe linearity between

the predicted probability of CAP hospitalization and the disease risk score which may facilitate its future

use in clinical practice. Finally, it has to be emphasized that the identified predictors of CAP hospitalization

were aligned with those previously mentioned in the scientific literature.

We believe that the disease risk score can be useful in clinical practice as it relied on the identification of a

few, clinically validated predictors to identify individuals that with a higher probability will be hospitalized

for CAP. A great advantage of our disease risk score is that identified predictors had a time-to-event or

rather the time from which such predictors were recorded in administrative databases and the time from

which the individuals were hospitalized for CAP of at least 41 days. This let us believe that from the

Table 2. Weights applied to the predictors selected based on the optimal number of predictors

Predictors Clinical condition to evaluate Weights

Phenoxymethyl/penicillin Pulmonary infection requiring phenoxymethyl/

penicillin

4

Prednisolone Recent exposure to prednisolone 3

Furosemide Recent exposure to furosemide 3

Chronic obstructive pulmonary disease Chronic obstructive pulmonary disease 2

Chronic obstructive pulmonary disease - acute

exacerbation

Chronic obstructive pulmonary disease 2

Potassium Chloride Hypokalemia 2

Paracetamol Chronic pain requiring paracetamol as pain

killer

1

Suspected disease or condition Suspicious of severe pneumonia based on sign

and symptoms

1

Roxithromycin Pulmonary infection requiring roxithromycin 1

Terbutaline Need for bronchodilation 1

Figure 3. Predicted probabilities of developing the outcome by disease risk score values
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detection of the predictor to the occurrence of CAP hospitalization there may be sufficient time to perform

a clinical intervention to mitigate such risks.

We have envisioned different disease risk scores to be used in various clinical settings, including primary care,

emergency rooms, and specialist clinics, and for different purposes. In primary care settings, such as in general

practice, the disease risk scores can be used for routine screenings. In emergency room settings, the disease risk

score may be less commonly used, as healthcare providers often focused on acute care and triage. However, it

cannot be excluded that the disease risk score may be used to aid in the diagnosis and guide management.

Regarding the possible applications of the disease risk score, we believe that it can be used for screening to

identify patients who are at a higher risk of CAP allowing clinicians to initiate preventative measures, such as

Figure 4. Boxplots of time to event for the top 10 predictors
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lifestyle modifications or medication, to reduce the risk of future complications. Additionally, it can be used for

diagnosis as it can also help clinicians confirm or rule out a diagnosis of severe CAP. Our disease risk score can

also use to guide treatment decisions as it can help clinicians determine whether to pursue more aggressive

treatment options or to just monitor the patient’s condition. Finally, it can also be used for deciding follow-up

visits and deciding how to monitor patients over time as it can help identify patients who are at a higher risk

of developing severe CAP and, therefore, requiring more frequent screenings.

It should be emphasized that our disease risk scores should be used along with other clinical information

and it should take into account patient preferences. Clinical judgment and patient input should always be

taken into account when making treatment decisions.

In conclusion, this study identified 10 crucial predictors for CAP hospitalization which, when combined into

a disease risk score had accuracy in predicting CAP hospitalization of 0.79. These results suggest that inde-

pendently of the etiology for CAP hospitalization, the disease risk score was found to have a strong predic-

tive power for this clinical event.

Limitations of the study

We missed information on dates of death in 2017. However, considering that a small fraction of cases

enrolled in 2017, we believe the potential bias introduced in the selection of controls to be limited. The

study is based on population-wide real-world data from Danish healthcare and administrative databases,

which may limit the generalizability of the results to other countries or healthcare systems, which differ

extensively from the Danish system. Another limitation of this study is that clinical and epidemiological

reasoning was conducted only by two individuals or rather a pharmacist (MS) and a medical doctor (MA).

Figure 5. Network analysis of predictors of predictors

Predictors marked with * have been used hypothesized based on literature screening.
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4 Chronic obstructive pulmonary disease Is the patient diagnosed with a chronic
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+2 +0

5 Chronic obstructive pulmonary disease - acute

exacerbation

Did the patient during the last year have a

chronic obstructive pulmonary disease

exacerbation?

+2 +0

6 Potassium Chloride Did the patient during the last 2months require

treatment with potassium chloride for

hypokalemia?

+2 +0

7 Paracetamol Did the patient during the last year require

recurrent treatment with paracetamol for

chronic diseases?

+1 +0

8 Suspected disease or condition Did the patient have recent hospital access for

an unspecified condition of the lungs?
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9 Roxithromycin Did the patient during the last 2months require

treatment with roxithromycin for pulmonary

infection?

+1 +0

10 Terbutaline Did the patient during the last 2months require

treatment with terbutaline for bronchodilation?

+1 +0

Instructions: To obtain the disease risk score you should sum the value in the column ‘‘Yes’’ for each row where you answered yes.
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KEY RESOURCES TABLE

RESOURCE AVAILABILITY

Lead contact

Further information and requests for data sources should be directed to and will be fulfilled by the lead

contact, Maurizio Sessa (maurizio.sessa@sund.ku.dk).

Material availability

This study did not generate new unique reagents.

Data and code availability

d All data will be shared upon request to the lead contact. No standardized datatype data were generated

in this study.

d This study did not generate new code.

d Any additional analysis information for this work is available by request to the lead contact.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

The study does not need ethical approval and patient consent because Danish register-based cohort

studies are exempted. Patient records/information before the analysis was pseudonymized. The University

of Copenhagen and Statistics Denmark (project number 707278) have appropriate data approval from the

Regional Capital Area Data Protection Agency to facilitate the conduct of the present study. In particular,

this study is part of a bigger project entitled ‘‘Identification and risk minimization of potentially inappro-

priate prescriptions in patients aged 65 or older’’, for which Dr. Sessa has established a cohort of individuals

aged 65 or older in Denmark.

METHOD DETAILS

Study design and methods

Study design and setting

A population-based study including residents in Denmark aged 65 years or older in the period 01/01/1996

to 30/06/2018.

Study population

The study population was composed of individuals hospitalized for pneumonia between January 1996 to

June 2018 and up to 5 individuals that were risk-set matched by age and sex at the day of hospitalization

(i.e., index date) were at the time of the matching were not dead, migrated or hospitalized for CAP. We

defined individuals as being hospitalized for CAP if they have been admitted to the hospital with an admis-

sion diagnosis of CAP (International Classification of Diseases, ICD10: J12-J18, A709, or A481) (20).

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Danish Civil Registration System Statistik Denmark https://pubmed.ncbi.nlm.nih.gov/21775345/

Danish National Patient Register Statistik Denmark https://pubmed.ncbi.nlm.nih.gov/21775347/

Danish register for laboratory results for

research

Statistik Denmark https://pubmed.ncbi.nlm.nih.gov/32547238/

Danish National Prescription Registry Statistik Denmark https://pubmed.ncbi.nlm.nih.gov/21775349/

Danish Register of Causes of Death Statistik Denmark https://pubmed.ncbi.nlm.nih.gov/21775346/
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Data sources

Danish administrative and healthcare databases were used as real-world data sources. These data sources

have been extensively used in epidemiological research.24–29 Sociodemographic characteristics of resi-

dents in Denmark including age, sex, immigration, and emigration information were obtained from the

Danish Civil Registration System.30 Data on the information and diagnoses of hospitalizations, surgery

and medical procedures, biomarkers, and redeemed medications from territorial pharmacies were ob-

tained from the Danish National Patient Register,31 the Danish register for laboratory results for research,32

and the Danish National Prescription Registry,33 respectively. Finally, the date of death was obtained from

the Danish Register of Causes of Death.34 These registers contained sufficient information to virtually track

the entire medical history of individuals included in the study population.

Variables

Two different covariate assessment windows were used to generate the high-dimensional sets of variables

furtherly used in AI models to predict CAP hospitalization. Redeemed prescriptions from community

pharmacies and results of laboratory analysis were assessed 365 days before the index date. Surgeries/pro-

cedures and other hospital inpatient and outpatient admissions were assessed using all the information

available in the Danish registers before the index date. Within each of p data dimensions (i.e., inpatient/

outpatient diagnostic codes, procedures/surgeries, drugs dispensed, and laboratory analysis results) co-

des were sorted by their prevalence. Prevalence was measured as the proportion of individuals having a

specific code at least once during the covariate assessment windows. The top n most prevalent codes

were identified as candidate empirical covariates. The prevalence of each code (and therefore its empirical

ranking) depends on the granularity of the coding of each data dimension. For ICD-10 codes we set the

granularity to 3 digits. Granularity decisions have been considered for all data dimensions, including medi-

cation coding for which the entire latest version of the ATC code (anatomical therapeutic chemical classi-

fication code) of the medicine was used and laboratory analysis codes to generate binary variables for

which the full code was used. For the top n most prevalent codes in each data dimension, we assessed

how frequently that code was recorded for each patient during the covariate assessment windows. We

created for each code 3 binary variables: code occurred 1 time (no/yes), code occurred more than median

number of times, and code occurred more than 75th percentile number of times. A code that appeared

above the 75th percentile number of times would have a true value for all 3 recurrence variables. If any

of the values were equal, the variable representing the higher cut-point was dropped. In our data structure

it resulted in 3 (ICD-10 codes, ATC codes, and laboratory analysis codes) x n (most prevalent codes in each

data dimension) x 3 covariates (code occurred 1 time, median number of times, and 75th percentile number

of times) = 9n covariates + sociodemographic characteristics (age at the time of matching, sex, equalized

family income, and highest achieved education).

QUANTIFICATION AND STATISTICAL ANALYSIS

Data analysis

Descriptive analysis of the study population were presented as mean age, proportion of individuals of fe-

male sex, and the year of inclusion in the study population.

Feature filtering and prioritization

Considering the high dimensionality of the analytical dataset we performed features filtering and prioriti-

zation. The first filtering approach was performed to reduce dimensionality and it was based on variance.

The total list of features generated using the approach described in section 2.4 was screened and we

removed variables having R99% identical values across individuals in the study population.35 The idea

of this filter is to get rid of features that only consist of noise and therefore have very little variation.35

Then an ensemble feature selection (EFS) approach was implemented to rank features importance for

pneumonia hospitalization with the final goal of prioritizing the most important predictors for this

outcome.36 The approach incorporates 6 feature prioritization methods for binary classifications and, in

particular.

1) P-value from the Mann-Whitney-U Test of being classified as being or not being hospitalized for

pneumonia.

2 and 3) P-value from the Pearson- and Spearman-correlation analysis based on relevance and redun-

dancy according to Yu and Liu.37
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4) b-coefficients from a logistic regression of Z-transformed predictors.

5) area under receiver operating characteristic curve (AUC)-based variable importance measure from

ensembles of multiple decision trees based on the random forest algorithm according to Breiman

et al.38

6) AUC-based variable importance measure from ensembles of multiple decision trees based on the

Gini impurity index.39

The results of feature prioritizationmethods were normalized to a common scale ranging in an interval from

0 to 1/6 which, represented was defined ensemble score.36 The normalized results were used for ranking of

features importance that was furtherly used to identify the optimal number of features. The optimal number

of features were identified by looking at how the AUC of the classification models changed when we

included new features for predicting pneumonia hospitalization. In particular, we first ranked features by

the ensemble score and then we iterated the analysis for each individual predictor by including it in the

classificationmodel starting from the feature with the highest ensemble score. The iteration was performed

as many times as the number of identified predictors and to get the optimal number of features we calcu-

lated the derivate of the resulting function of average AUC based on a logistic regression model and a

5-fold cross validation approach. Then we benchmarked 4machine leaning classificationmodels that incor-

porate the optimal set of features and, in particular, random partitioning, random forest, ranger random

forest, and logistic regression using the R package caret (Bischl et al., 2016).40 The benchmarking of

different machine learning models was used to identify the model with the best performance to be used

for the prediction of CAP hospitalization using the disease risk score (explained in section 2.5.4).

Clinical and epidemiological reasoning

A team composed of a pharmacist (MS) and a medical doctor (MA) with pluriannual clinical, pharmacovi-

gilance, and pharmacoepidemiology experience performed the clinical and epidemiological assessment

of identified predictors. Clinical and epidemiological assessment included the evaluation of plausibility

which, was assessed by searching in the scientific literature if the identified predictors have been previously

investigated in clinical studies assessing their role in the occurrence of CAP.

Predictors were plenary discussed and disagreements were solved by consensus. In particular, for predic-

tors for which the team assumed that there was no clinical/epidemiological plausibility for CAP, we inves-

tigated their predictors using the same approach described in section 2.5.1. For example, if an antibiotic

that is recommended for the treatment of infections (including those leading to pneumonia) was identified

as a predictor for pneumonia hospitalization, we tried to identify predictors for the antibiotic prescription.

The final goal was to differentiate between predictors with and without biological plausibility for the

outcome. For all identified predictors, we performed a network analysis to describe the inter-relationship

among predictors and we assessed the median time and the interquartile range from the last detection of

the predictor to the CAP hospitalization.41 Finally, we plot the median time to event and the interquartile

range between for the optimal set of predictors in a boxplot.

Model performance

To estimate the models’ performance and to avoid any possible overfitting problem of benchmarked clas-

sification models, a 5-fold cross-validation method was applied. Finally, overall model performance was as-

sessed by averaging model performances for each fold. For assessing the model performance the accu-

racy, area AUC, sensitivity, specificity, and accuracy were measured for all models using a confusion

matrix. Accuracy is an evaluation metric that measures the number of correct predictions made by a model

to the total number of predictions made. It is calculated by dividing the number of correct predictions by

the total number of predictions. However, in this study, the data with the class imbalance (i.e., unequal size

of the dependent variable), can substantially affect the performance in the confusion matrix. We, therefore,

added one more extra performance assessment for resampling data with 1:1 matching (1 randomly

selected control for each case of pneumonia hospitalization based on risk-set matching). It adopted the

synthetic minority over-sampling technique to training data by under-sampling the adequate class and

over-sampling the inadequate class to improve the model performance.42 A sensitivity analysis was con-

ducted using 10-fold cross-validation. The model’s performance for each fold of the 5- and 10-fold

cross-validation is provided in the Tables S2 and S3.
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Disease risk score

The disease risk score has been developed using the ensemble score and the optimal set of predictors.

After scaling the ensemble score, we have applied the following formula to obtain weights that were >0

and positive (Equation 1).

weights = normalized value+ 2 � jmin ðnormalized valuesÞj Equation 1

Development of the weights using the ensemble score.

By applying the weights to each individual predictor we have calculated the individual risk score of

each patient and then, calculated the predicted probability of developing the outcome based on

the disease risk score by average AUC based on a 5-fold cross-validation approach using the classi-

fication model with the best performance (explained in section 2.5.3) based on resampling data with

1:1 matching. We have plotted the predicted probability of developing the outcome given the disease

risk score.

Predicted versus observed probabilities for the outcome were computed using two logistic regression

models: 1) one model using all the predictors, 2) one model using only the disease risk score.

Finally, calibration was performed using bootstrapping to get bias-corrected (overfitting-corrected) esti-

mates of predicted vs. observed values based on nonparametric smoothers for the logistic regression

models using the disease risk score.43

Predicted probabilities of developing the outcome given the disease risk score with and without calibration

were plotted.

Systematic review – Part 1

We evaluated reviews and systematic reviews investigating risk factors for community-acquired pneumonia

hospitalization. Community-acquired pneumonia was defined as an acute infection involving the paren-

chyma of the lungs, which is acquired outside of the hospital. Only studies for which the full text was avail-

able in the English language were considered eligible. Abstracts sent to international or national confer-

ences, letters to the editor, and case reports/series were considered ineligible.

Outcome

The main outcome was a description of risk factors for community-acquired pneumonia of studies pub-

lished per year from 01 January 2017 to 23 March 2022.

Search methods

Ovid MEDLINE (from at 12:54 GTM+1) was searched along with the references listed in the reviews iden-

tified with our research query Pneumonia AND Artificial intelligence.

Selection of studies

In the first screening procedure, titles and abstracts of retrieved records were screened by two indepen-

dent researchers (SS and MS) for obvious exclusions. All articles that were considered eligible at the first

screening procedure underwent a full-text evaluation. If disagreements arose during the two steps evalu-

ation process, it was resolved by consensus.

The articles were also screened to identify risk factors for CAP hospitalization. The risk factors have been

listed in Table S3.

In total, 56,685 records were identified in Ovid MEDLINE and in the reference list of reviews retrieved with

the search query. After title/abstract screening, 56.654 records were eliminated because of ineligibility and

2 articles underwent a full-text evaluation. 2 articles were considered eligible to be included in this system-

atic review and the identified risk factors were listed (Table S4). The PRISMA flowchart of the selection pro-

cess is shown in Figure S7.
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Systematic review – Part 2

We evaluated observational studies, meta-analyses, and clinical trials investigating risk factors for commu-

nity-acquired pneumonia hospitalization in Denmark. Community-acquired pneumonia was defined as ‘‘an

acute infection involving the parenchyma of the lungs, which is acquired outside of the hospital’’ (1). Only

studies for which the full text was available in the English language were considered eligible. Abstracts sent

to international or national conferences, letters to the editor, and case reports/series were considered inel-

igible. The reference list of narrative and systematic reviews included with our MEDLINE query were further

screened for undetected records.

Outcome

The main outcome was the frequency of studies published per year from 01 January 1950 to 15 Match 2022,

a narrative overview of their findings, and a lay description of risk factors for Community-acquired

pneumonia.

Search methods for the identification of studies

Ovid MEDLINE (from at 12:54 GTM+1) was searched along with the references listed in the reviews iden-

tified with our research query ‘‘Pneumonia Denmark’’.

Selection of studies

In the first screening procedure, titles and abstracts of retrieved records were screened by two indepen-

dent researchers (SS and ML) for obvious exclusions. All articles that were considered eligible at the first

screening procedure underwent a full-text evaluation. If disagreements arose during the two steps evalu-

ation process, it was resolved by consensus.

In total, 3533 records were identified in Ovid MEDLINE and the reference list of reviews retrieved with the

search query. After title/abstract screening, 3454 records were eliminated because of ineligibility and 79

articles underwent a full-text evaluation. 29 articles were considered eligible to be included in this system-

atic review and the identified risk factors were listed (Table S5). The PRISMA flowchart of the selection pro-

cess is shown in Figure S8.
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