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Abstract:

Accurate risk assessment and prognostication are essential for optimizing treatment outcomes in
community-acquired pneumonia (CAP). Over the years, multiple risk prediction models and severity
scores have been developed and validated to enhance clinical judgment, including widely used tools such
as PSI, CURB-65, DS CRB-65, PRS, CARPE DIEM, SOFA, qSOFA, SeF, SeF-ML, and NEWS-2.
Refinements in these systems include modifications of traditional scoring methods, integration of novel
biomarkers, and, more recently, the application of artificial intelligence (AI) and machine learning
algorithms to improve predictive accuracy and clinical utility. This review emphasizes the potential of Al-
driven approaches to strengthen clinical decision-making in CAP for both inpatient and outpatient
management. Evidence from recent studies (2019-2025) highlights how AI can optimize risk
stratification, refine prognostication, and ultimately improve patient outcomes across diverse populations
with comorbidities. Nonetheless, significant hurdles remain, including model complexity, lack of
generalizable trainable datasets, limited clinical integration, and ethical concerns. Addressing these
challenges is imperative to fully harness Al as a transformative tool in CAP management.

Keywords: Artificial intelligence, Machine learning, community-acquired pneumonia (CAP),
biomarkers, chest X-ray (CXR), electronic health record (EHR).

1. INTRODUCTION

Artificial intelligence handles tasks by machines that are usually linked with human intelligence. Machine
learning enables computers to gain insight derived from data in the absence of specific programming.
Building on established statistical approaches, ML keeps receiving an increasing amount of research
interest in healthcare studies, owing to its aptitude for enhancing patient care along with disease prediction.
Supervised learning is normally employed in healthcare epidemiological applications of machine learning.
Four phases can be used to simplify the pipeline when creating ML software. (A) A prior data set featuring
continuously obtained EHR information (such as vital signs, co-diagnosis, ED appearance, age, and
gender) is compiled by researchers. (B) The computing system gains competence on how various patient
parameters engage to foresee individual patients' aftermath by fitting a ration of this information- also
known as initial data or train set—to one or additional algorithms. (C) A validation sample group is then
employed to assess final model, and finally, a prototype with unparalleled fidelity, highest precision, and
memory is selected. (D) Following training, the chosen model's anticipated results are assessed with actual
patient outcomes using a test data set. If the model works efficiently, it can be applied in the future to
guide treatment choices when coupled with clinical knowledge.[1]

Among various origins of hospital admissions, mortality, and steep medical fees, CAP is one that always
goes unnoticed. Timely detection and determination of the ideal standard of care are crucial for upgrading
aftereffects, given that manifestations can vary from a scope of slight ailment, one which can be addressed
as an outpatient to a dire illness that needs treatment in the ICU. CAP is brought about by a variety of
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microbes across different species of bacteria, viruses, and fungi. The most common are Staphylococcus
aureus, Streptococcus pneumoniae, Haemophilus influenzae, Enterobacteriaceae like Klebsiella
pneumoniae, Chlamydia pneumoniae, Mycoplasma, Legionella, Chlamydia psittaci, thinovirus, SARS-
CoV-2, and influenza.[2] It exhibits a multitude of symptoms with the key elements being illustrated in
Fig.1 below, across all age groups.

NAUSEA AND
VOMITING

CONFUSION

IN OLDER
ADULTS

Fig.1 Illustration showing common symptoms associated with community acquired pneumonia

Although one-third of patients die after only a year of being released from healthcare centers due to
pneumonia, community-acquired pneumonia tends to be overlooked by the general public as a high-
priority issue. Strong data on managing CAP in the world population is lacking, although a significant
number of patients that were hospitalized had no less than one immunosuppressive determinant globally.
To lower the deaths, illnesses, and hurdles associated with CAP in individuals that possess both strong and
weak immunity, various clinical care points should be addressed. Quick detection, pathological
assessment, early detection and supervision of convolutions (such as ventilatory collapse, septicemia, and
multiple organ dysfunction), broad-spectrum antibiotic treatment founded on patient risk determinants and
localized microbial public health studies, customized antimicrobial treatment derived from pathological
data, suitable results for curative transition from intravenous to oral antimicrobials, transition planning,
and extended monitoring are some of those aspects.[3]

Imaging and blood work will be part of the initial workup for pneumonia. If a lesion or effusion is
identified, chest x-rays will be required to increase the accuracy of the detection techniques. An absolute
blood count with differentials should encompass part of the bloodwork; serum electrolytes along with liver
and kidney function tests assist in confirming signs of inflammation and assess its level of severity. It is
advised to get screened for influenza in the winter. If accessible, molecular techniques for testing
nasopharyngeal swabs for respiratory viruses may be taken into consideration. Blood cultures and sputum
cultures ought to be obtained from admitted patients, preferably prior to administration of antibiotic
medication; however, treatment should not be delayed.[2]

1.1.  Limitations of Current Methods.

At the moment, there are many elements related to patient care and medical history, making it difficult to
understand what is happening to patients. Keeping up with the latest developments in medicine is very
challenging due to the continuous expansion of medical research and advancement in automated
diagnostic tools. Currently, there is immense medical knowledge that a single person could never read
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throughout their lifespan. Large volumes of data will inevitably accumulate as a result of medical
difficulties such as a fast-growing population and a more complicated medical history each passing
decade.[4]

Current clinical procedures, however, have doctors making choices based upon their own and their team's
experiences, as well as research studies carried out with inadequate data or treatment recommendations,
render the results obtained deficient due to lack of universality. It would be worthwhile to think about
integrating AI/ML into healthcare and infectious disease risk management if doctors want to handle
obstacles more successfully and effectively

1.2. Driving Forces for Al Use in Healthcare Setting

Two important forces have driven the idea to use and integrate AI/ML in healthcare from risk prediction,
diagnosis, and treatment to management of diseases.

o The first force is huge data availability, meaning that a lot of data can be instantly accessible from
EHRs. In contrast, earlier methods of data collection necessitated the use of conventional clinical
recorders that were not easily traceable.

o The second force is enhanced computer performance. These days, computer systems run quickly
and have a large capacity for processing information quickly. The vast amount of clinical data we hold
can be used by these computer-driven mathematical techniques to forecast various clinical scenarios.
The ease of use of computerized systems is the key component for integrating Al to assist in clinical
decision-making and treatment recommendations.

2. EMPIRICAL EVIDENCE ON PREDICTION MODELS

Information about the application of Al to enhance community-acquired pneumonia care increases by the
day. By using “Community acquired pneumonia risk prediction scores” as a search phrase. Among 313
papers that came out from the search, research papers from 2019 to date that provided information
regarding the Al methods employed and successfully validated in predicting instances of CAP were
spatially selected with some included in this literature review. Up until recently, the majority of Al has
been employed to diagnose pneumonia by analyzing chest X-ray (CXR) patterns, among other parameters.
In the last few years ground breaking innovative algorithms have been developed and assessed by
numerous scientists and medical professionals all around the world as seen in Table 1. below.

Table 1. Literature On Existing Prediction Models and Machine Learning Algorithms from the Year

2019 To 2022
Authors Year Investigation Findings Reference
Ehsanpoor et | 2019 validated the SMART-COP | The study demonstrated an | [5]
al. score for predicting the | impressive accuracy and

severity and outcomes of | precision, proving to be a
CAP in the emergency | valid algorithm.

department.
Gallagher et | 2020 constructed a multivariable | They  found that the | [6]
al. model  for  predicting | frequency of WHO danger

mortality in HIV-negative | signs was the best predictor
children = with  severe | of mortality and it may be
pneumonia in low- and | one of the most practical
middle-income countries. | measure  accessible  to
support the medical
treatment of CAP cases.

Kang et al. 2020 Comparison of CURB-65 | The study found that | [7]
model to machine learning | machine learning models
models in predicting the 30- | could more  accurately
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day death rate  of | predict the 30-day death rate

pneumonia patients and | of pneumonia patients and

their admission in the ICU. | the need for ICU admission
compared to the CURB-65
model  with  significant
statistics.

Carmo et al. 2021 Conducted an evaluation of | They examined severity | [8]
multiple severity scores and | scores for  predicting
developed a Pneumonia | mortality in critically ill
Shock Score for predicting | CAP patients in a Brazilian
death rate in CAP patients. | ICU and developed a

Pneumonia Shock Score that
outperformed existing
scores like SAPS 3, CURB-
65, CRB-65, and qSOFA.

Quah et al. 2021 Created an Al model based | The study found that it | [9]

on chest X-rays (CAPE). enhanced discrimination
when coupled with
conventional severity scores
like PSI and CURB-65.

Florin et al. 2021 Developed a prediction | The prediction model was | [10]
model to risk stratify | able to successful guide
children with suspected | hospital admission
CAP. recommendations by

offering personalized risk
assessments  that, when
combined with clinical
judgment, enhanced the
treatment of kids who may
have CAP.

Rhodes etal. | 2022- Created models predicting | They  utilized machine | [11]

2023 the likelithood of MRSA | learning to create models
CAP in admitted patients. | predicting the likelihood of
MRSA CAP in admitted
patients specifically within
72 hours of admission which
showcased great accuracy.
2.1.  Current Studies on CAP Prediction Algorithms

In January 2023, Catia Cilloniz et al., conducted a study to evaluate whether a CPN model better predicted
the mortality rate in CAP patients than the commonly used prediction model. Two university hospitals in
Spain were the sites of their derivation-validation retrospective study. “A CPN's ability to predict 30-day
death rate was evaluated and contrasted with supplementary scoring models, including CURB-65, SOFA,
qSOFA, and PSI. SepsisFinder (SeF) was created to foresee the death rate in sepsis, and SeF-ML was
modified for CAP. The software for the SeF models was proprietary. The DeLong approach for correlated
ROC was used to evaluate their variation. There were 1,034 patients in the test sample group and 4,531
patients in the training sample group. The 30-day mortality prediction AUC of SeF-ML in the test sample
group was consistent with the training data's AUC with significant P value of 0.51. Compared to CURB-
65 and qSOFA, SeF-ML's AUC was noticeably higher. It didn’t, however, deviate much from those of
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SOFA and PS1.” Using structured health data, SeF-ML showed the capability to boost death prognosis for
individuals with CAP. To bolster generalizability, more external validation research ought to be carried
out.[12]

In July 2023, Eun Tae Jeon et al., conducted a study to create and authenticate ML models for forecasting
death in individuals suffering from acute pneumonia. Individuals with pneumonia whom were hospitalized
in the intensive care unit between January 2016 and December 2021 were assessed in their retrospective
analysis. “By contrasting AUROC of machine learning models with that of traditional severity-of-
infection scoring systems, the predictive performance was examined. Three machine learning models
were assessed: multilayer perceptron (MLP), gradient-boosted decision trees (LightGBM), and logistic
regression with L2 regularization. 223 (27.3%) of the 816 pneumonia patients who were included passed
away.” All machine learning models performed considerably higher than the Simplified Acute Physiology
Score II. The LightGBM and MLP models outperformed the logistic regression model in terms of
reclassification in analysis for NRI. To sum up, the ML models performed exceptionally well in
forecasting in-ICU death rate for patients suffering from pneumonia. Additionally, their work emphasized
the possible benefits of using distinct machine learning models to forecast in-ICU mortality across various
categories.[13]

In April 2024, Moritz Miiller-Plathe et al., conducted a study on the existing severity scores in kidney
transplant recipients due to decreased prognostic values of these prediction scores for this stratum of
patients. “They looked back over 310 KTR's initial CAP occurrences following kidney transplantation.
So as to predict severe pneumonia and admitted individuals’ death rate, they evaluated medical
manifestations and authenticated 8 distinct severity scores (CRB-65, CURB-65, DS-CRB-65, qSOFA,
SOFA, PSI, IDSA/ATS minor criteria, and NEWS-2). Up to 48 hours following admission, risk ratings
were evaluated; however, they were always done before an endpoint. To deal with missing values,
multiple imputation was used. Overall, 48 patients (15.5%) experienced severe pneumonia, and 16 out of
310 patients (5.2%) passed away. SOFA and NEWS-2 were the strongest predictors of severe pneumonia
as observed in ROC analysis, with significant AUC values” The best tools for identifying KTR who have
high chances for developing CAP are SOFA and NEWS-2. Since even individuals with a score of zero
have a 7% chance of developing severe pneumonia, CRB-65 was excluded as an accurate score for direct
outpatient treatment in KTR patients as opposed to immunocompetent patients.[14]

In July 2024, Yoon-Hee Choi et al., examined the use of chest CT scan thoracic muscle mass as a molecular
marker to forecast medical aftereffects in intensive care unit individuals suffering from acute pneumonia.
“Thoracic muscle mass was measured using Al-enhanced 3D segmentation on chest CT images and
electronic medical data of 778 intensive care unit patients with severe CAP between January 2016 and
December 2021. Muscle mass profiles from CAT scans were employed to group patients into clusters,
and impact of these clusters on medical manifestations, including in-hospital death rate and extubation
success, were evaluated. Higher muscle mass (Cluster 1) was linked to better medical manifestations such
as successful extubation and decreased in-hospital death rate (8% vs. 29% in Cluster 3), according to the
study's three clusters. The model that integrated muscle mass measures performed better than traditional
evaluations.” These results demonstrated how well muscle mass assessment predicts outcomes compared
to indices like APACHE II and SOFA. Al-assisted chest CT analysis of thoracic muscle mass offered a
promising predictive strategy for severe pneumonia, supporting its incorporation into medical practice for
improved aftermath forecasting and individualized clinical care.[15]

In January- February 2025, Sriram Ramgopal et al., prospectively assessed the effectiveness of two
prediction models CARPE DIEM models and PRS models using a sample of kids aged 90 days to 18
years who were receiving chest radiography for suspected pneumonia in a pediatric ED between January
1 of 2022, and December 31% of 2023. “Using the initial intercepts and coefficients, they assessed the
model's performance and also looked for variations in performance during the recalibration and re-
estimation phases. 92 (41.0%) of the 202 patients they included had radiographic pneumonia; their
midpoint age was 3 years, with IQR of 1-6 years. When utilizing appropriate cut points, the PRS model
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outperformed CARPE DIEM model in terms of accuracy and precision. Model performance was
enhanced by recalibration and re-estimation, especially for CARPE DIEM model, which showed
improvements in calibration together with accuracy and precision.” They concluded that when it came to
radiographic pneumonia prediction, PRS model outperformed CARPE DIEM model. These models did
not perform well enough among kids with a soaring prevalence of pneumonia to be applied without
consulting a clinician. Their results showed that to increase the models' usefulness, more validation and
development are required. [16]

In February 2025, Aaditeya Jhaveri et al., tested an externally built Al tool for predicting disposition using
chest X-rays (CXR) in individuals with CAP in the ED in a shadow deployment. To inform deployment
decisions, both retrospective and prospective external validations were carried out to evaluate the
differences between the two evaluations and across subgroups. “The CNN was prospectively verified on
3062 ‘suspected-CAP’ patients from January 1 to January 31, 2023, and retrospectively validated using
17689 patients from November 1, 2020, to June 30, 2021. AUC, accuracy, precision, PPV, and NPV were
among the calibration and standard metrics that were computed. For age, sex, modality, and CXR
projection (PA vs. AP), subgroup analyses were performed. The study's performance in both retrospective
and prospective validations was modest and steady with minimal contrast. Despite the encouraging
agreement, more direct comparisons were said to be required to ascertain whether both validation
procedures are required in various clinical scenarios. According to the subgroup study, the tool might help
older patients (high PPV) be admitted more quickly and younger patients (high NPV) be discharged more
quickly.[17]

A summary of the above studies, which either evaluated various prediction algorithms, created algorithms,
or validated and added more parameters to existing models in the last 3 years is shown in Fig.2 below.

«Catia Cilloniz et al., evaluated SeF-ML and contrasted it against CURB-65, SOFA, qSOFA, and PSI Models
for their ability to predict 30-day death rate in patients with CAP

*Eun Tae Joon et al., created MLP, LightGBM and Logistic Regression Models and evaluated them in terms
of forecasting in-ICU death rate for CAP patients

*Moritz Mller-Plathe et al., evaluated 8 severity scores; CRB-65, CURB-65, DS-CRB-65. gSOFA, SOFA,
PSI, IDSA/ATS and NEWS-2 in terms of identifying kidney transplant recipients at risk of developing CAP

*Yoon Hee Choi et al., utilised Al assisted chest CT analysis of thoracic muscle mass as a molecular marker
to forecast medical aftereffects in ICU patients suffering from CAP

+Sriram Ramgopal et al., assessed the effectiveness of CARPE DIEM and PRS Models in predicting CAP
using chest radiography of the suspected pediatric patients in the emergency department.

* Aaditeya Jhaveri et al., tested an externally built Al tool for predictiong disposition using chest X-rays in
patients with CAP in the emergency department

Fig.2 Illustrative summary of current research on Al prediction tools created and validated across a
diverse group of patients utilizing multiple parameters to enhance the model’s accuracy and precision.

3. DISCUSSION

In evaluating the gravity of CAP and forecast patient outcomes, traditional severity scores like the
Pneumonia Severity Index (PSI), CURB-65 (Confusion, Urea, Respiratory rate, Blood pressure, Age > 65
years), and CRB-65 (Confusion, Respiratory rate, Blood pressure, Age > 65 years) have been used
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extensively.[8] Although simple to use, the CURB-65 and CRB-65 ratings might not fully reflect the
complexity of CAP in some patient populations. For instance, they might not be able to forecast death in
individuals who are seriously unwell or who have a lot of comorbidities.[8] CRB-65 was proved not to be
efficient in directing outpatient treatment in kidney transplant recipient (KTR) individuals.[ 14] To enhance
risk stratification in CAP, researchers have looked into the application of new biomarkers and imaging
methods in addition to improving conventional scoring systems. Procalcitonin (PCT) is an inflammatory
marker that has been investigated as a possible means of directing antibiotic treatment and distinguishing
between bacterial and viral pneumonia. Its usefulness in forecasting death or other unfavorable events in
CAP is still debatable, nevertheless.[4] Another inflammatory marker that is frequently employed in
clinical practice is C-Reactive Protein (CRP). Although higher CRP levels are linked to more severe CAP,
they may not always accurately predict death or ICU admission.[4] Yoon-Hee Choi et al. (2024) looked at
the capability to utilize thoracic muscle mass as a molecular marker to foresee medical manifestation in
intensive care unit individuals with severe CAP. They assessed this mass using Al-enhanced 3D
segmentation on chest CT images, with higher muscle mass associated with improved clinical
outcomes.[15]

Numerous studies have concentrated on creating risk models tailored to pediatric populations because of
the special traits and difficulties associated with treating CAP in children. To risk classify and guide
hospital admission recommendations for children with suspected CAP, Todd A. Florin et al. (2020) created
and validated a prediction model within the Pediatric Emergency Care Applied Research Network
(PECARN). The model had readily available variables like oxygenation, systolic blood pressure,
respiratory rate, and radiographic results.[10] Two forecasting models, the Pneumonia Risk Score (PRS)
models and the Catalyzing Ambulatory Research in Pneumonia Aetiology and Diagnostic Innovations in
Emergency Medicine (CARPE DIEM) models, were prospectively evaluated by Sriram Ramgopal et al.
(2025) for their ability to foresee radiographic pneumonia in children. The PRS model fared greater
compared to the CARPE DIEM model, according to the study, however, both models needed more
research and improvement to increase their clinical usefulness.[16]

3.1. Challenges And Future Directions

Even though risk prediction models for CAP have advanced significantly, there are still many obstacles to
overcome.

o Generalizability: A large number of prediction models are created and tested in certain healthcare
settings or populations, which may restrict their applicability in other situations. To make sure that these
models are reliable and applicable, external validation in a variety of populations is essential.

o Data Availability and Quality: The completeness and quality of the statistics utilized to train and
verify prediction algorithms/models determine their accuracy. To create accurate and clinically useful
prediction systems, efforts must be made to enhance data gathering and standardization.

o Integration into Clinical Practice: Without successful integration into clinical practice, even the
most precise prediction models have little utility. It is necessary to develop methods to make these models
easier to use and implement, such as integrating them into medical decision support algorithms and EHRs.
J Ethical Issues: Bias, accountability, and openness are some of the ethical issues raised by the
application of Al in healthcare. It is crucial to make sure that professionals maintain ultimate
accountability for patient care and that prediction models are created and applied fairly and equally.

4. CONCLUSION

Overall, a lot of researchers have attempted to improve risk prediction in CAP using a variety of
approaches, such as sophisticated machine learning algorithms, improved biomarkers, and conventional
scoring systems. The incorporation of novel biomarkers and Al-driven models holds promise for
enhancing the precision and customization of risk assessment despite the drawbacks of conventional
severity scores. Additionally, pediatric populations have seen the development and validation of specific
risk models that improve clinical decision-making for children suspected of having CAP. These
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developments highlight how crucial it is to improve and validate prediction systems to maximize CAP
management and results for a variety of patient populations.
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