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A DYNAMIC CLINICAL PREDICTION MODEL TO STRATIFY THE RISK OF PREVENTABLE DRUG-RELATED INCIDENTS IN INFECTIOUS DISEASES WARD PATIENTS
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ABSTRACT

Background: Preventable drug-related incidents (PDRIs) remain a major challenge in patient safety, particularly among adults hospitalized with infectious diseases, where complex pharmacotherapy and frequent clinical changes increase the likelihood of harm. This study aimed to develop and validate a clinical prediction model to estimate the risk of PDRIs and support early, pharmacist-led interventions. Methods: A prospective cohort study was conducted among adult inpatients admitted to the infectious disease ward of a tertiary teaching hospital. Data were collected over nine months, from June 2019 to March 2020, and the study was concluded earlier than planned due to restrictions imposed by the COVID-19 pandemic. Information regarding demographic, clinical, and pharmacotherapeutic characteristics, as well as the quality of medication conciliation, was recorded. The model was developed using multivariate logistic regression and internally validated through cross-validation techniques. Results: A total of 212 patients were included. The incidence of PDRIs was high, especially among those with prolonged hospitalization and multiple comorbidities. Independent predictors of PDRI included the number of medications, the presence of comorbidities, infectious diagnosis, and the quality of medication conciliation. Notably, conciliation performed by non-pharmacists was associated with a significantly higher risk of PDRI compared with pharmacist-led conciliation. Conclusion: The proposed model provides a practical and reliable tool to dynamically stratify PDRI risk throughout hospitalization. Its implementation may enhance the ability of clinical pharmacists to prioritize high-risk patients, enabling earlier interventions and contributing to safer and more efficient pharmacotherapy in infectious disease wards.
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1. INTRODUCTION

Every medicine has the potential to induce negative effects, and no medication is entirely free from risk (Chauhan et al., 2024). Medication-related problems (MRPs) refer to any incident or scenario connected to pharmaceutical treatment that might hinder or possibly hinder the anticipated health results. This concept includes medication errors (ME), adverse drug reactions (ADRs), adverse drug events (ADEs) (Urbina et al., 2014), as well as drug interactions.  
MRP can lead to patient injury and increased healthcare expenses due to hospitalization, extended hospital stays, and even fatalities (Saedder et al., 2015). Fortunately, a considerable fraction of MRP can be avoided. Clinical pharmacists improve the quality of patient care by enhancing the safety and efficacy of pharmaceutical usage, working closely with doctors and nurses (Robert et al., 2023). Additionally, it has been demonstrated that the provision of clinical pharmacy services improves outcomes (Alshakrah; Steinke; Lewis, 2019). 
In recent years, there has been a significant increase in the need for clinical pharmacists in hospitals, and their scope of responsibilities has greatly grown (Robert et al., 2023).  
Nevertheless, clinical pharmacy services continue to encounter constraints of resources and capacity, in a scenario of increasing complexity, patients with more intricate prescription regimens and morbidities. This highlights the need to give priority to clinical pharmaceutical services (Alshakrah; Steinke; Lewis, 2019).  
The use of a clinical decision support system (CDSS) is associated with a significant increase in the acceptability of pharmacological intervention (PI). The objective of CDSS is to promptly identify medication-related issues, and it may be very beneficial in healthcare establishments with a clinical pharmacy team, as it has been linked to favorable clinical and economic outcomes (Robert et al., 2023). One of the clinical decision support technologies available is pharmaceutical incident prediction tools.  
The primary purpose of most tools is to detect patients who are more likely to have MRPs and to provide guidance for proper pharmaceutical intervention (Alshakrah; Steinke; Lewis, 2019). The risk score should accurately categorize patients into low-risk and high-risk based on predetermined detection thresholds (Saedder et al., 2015). Additionally, validation of prediction models is necessary before their deployment in clinical practice (Calster et al., 2023). 
Various methodologies have been used to create instruments that aid in the assessment of risk of adverse reactions or medication errors (Saedder et al., 2015), and multiple prioritizing tools have been created (Alshakrah; Steinke; Lewis, 2019). Several studies in this field have consistently shown that it is possible for these tools to effectively accomplish their objective of guiding pharmaceutical treatment towards areas with the highest demand. This finding may serve as a source of confidence and motivation for the wider use and advancement of such tools in clinical pharmacy services. Nevertheless, there have been few research efforts to examine the many categories of drug-related problems (DRP) among patients who are admitted to the hospital, especially the changing risk during their whole hospital stay (Urbina et al., 2014). Furthermore, the existing evaluation tools vary in their substance, focusing on various patient groups and therapeutic contexts, which makes it challenging to draw general conclusions (Alshakrah; Steinke; Lewis, 2019). 
Diseases such as tuberculosis, HIV, and other infections require continuous monitoring and dynamic therapeutic interventions. Therefore, the ability of a model to reflect these changes and adjust its risk predictions according to the patient’s clinical status would be essential for its practical applicability. This could allow clinical pharmacists and other healthcare professionals to focus on periods and patients of greatest vulnerability, ensuring that interventions are implemented promptly.  
The aim of this study was to develop a tool to predict preventable drug-related incidents (PDRI), and this tool should be able to make predictions during the whole hospitalization period in an infectious diseases ward.
 





2. material and methods

2.1 Study design and setting 
 
This is an observational follow-up study performed at the Evandro Chagas Infectious Diseases National Institute - Oswaldo Cruz Foundation (INI - FIOCRUZ), a specialized tertiary federal public hospital in Rio de Janeiro, Brazil, dedicated to the treatment of infectious diseases, from June 2019 to March 2020, and was concluded earlier than planned due to restrictions related to the COVID-19 pandemic. During the study period, the INI ward featured 22 ward beds and 4 intensive care unit (ICU) beds, with an annual hospitalization average of approximately 575 patients. It received patients from the entire Rio de Janeiro metropolitan area, including many neighboring cities.  
   
2.2 Participants 
 
Sequential selection of participants took place between June 2019 and March 2020. Admission within the inclusion period, being at least 18 years old, not having received any previous clinical pharmacist care, and indicating a desire to participate in the study by signing the Informed Consent Form were the requirements for participation. The exclusion criteria were: straight admission to the intensive care unit (ICU), transfer from the ICU to the ward, no medication use during the first 48 hours of admission, and hospital stays shorter than 24 hours. Only the first hospitalization—if a patient had more than one throughout the study period—was included in the analysis. Patients who were discharged from the hospital, moved to other medical facilities, or had a longer license (≽ 24 hours) were discontinued. 
 
2.3 Procedures and techniques 
 
Under the supervision of a senior pharmacist (ECF), junior pharmacists (RBR, PGS, ALS, FOS, and VRB) gathered patient data from electronic medical records and prescriptions. When information was lacking, the authors gathered it by speaking with the patients or the multidisciplinary team.  
On the first day of hospitalization (D1), the seventh day of hospitalization (D7), and every other seventh day until hospital discharge, information about possible predictors and outcome data were gathered. The closest data within 72 hours before or following the scheduled evaluation was utilized if data for a certain day was absent. 
The responsible researcher and staff members of the study team regularly reviewed the predictors and results that the team members had found. This procedure handled several requests and permitted comments and modifications. 
 
2.4 Predictors 
 
The final model developed in this study incorporated multiple predictors selected based on clinical relevance and support from the literature. Each predictor represents a specific dimension of patient vulnerability or pharmacotherapeutic complexity, particularly within the context of infectious diseases. The total number of prescribed medications during hospitalization was included as a continuous variable, representing the overall pharmacological burden to which the patient was exposed.  
The presence of potentially dangerous medications was defined according to the official list published by ANVISA (ISMP Brasil, 2019), which includes drugs with a narrow therapeutic index, high toxicity, or complex administration requirements, such as anticoagulants, immunosuppressants, and vasoactive agents. Medication conciliation was also included as a binary variable, indicating whether the patient underwent this process during hospital admission. In the context of the present study, conciliation was performed by non-pharmacist professionals.  
The administration of medications via enteral tube reflects both the severity of the patient’s clinical condition (indicating an inability to take drugs orally) and the complexity of drug preparation and delivery. The manipulation of solid oral dosage forms, such as tablet crushing, may compromise the drug’s stability, bioavailability, and therapeutic efficacy, in addition to increasing the risk of chemical interactions and tube obstruction. 
The modified Sequential Organ Failure Assessment (SOFA) score was included as an indicator of clinical severity, assessing dysfunction in multiple organ systems. It was adapted to better correspond to the assessment reality of patients in the ward. (supplementary material) 
Length of stay (in weeks) was included to account for changing risk exposure during hospitalization, as the difference between the date of the hospital outcome and hospital admission. In this modeling process, the time was incorporated as the week number after admission.  
 
2.5 Outcome 
 
Outcome was defined as a clinically relevant PDRI that could be avoided by clinical pharmacists as per Michel's definition of preventability (Michel, 2004). Here, PDRI is defined as a combination of ADRs, ADEs, drug delivery that resulted in actual harm or harm that may have been medium to extremely severe, if they are preventable by the clinical pharmacist, and prescription errors. 
In contrast to recognized and approved therapeutic standards, prescription errors are inadvertent decisions or linguistic errors that might raise the risk of patient harm or decrease the likelihood that a therapy will be successful (Dean, 2000). Prescription errors included prescriptions with drugs interactions, dosage errors, dilution errors, administration routes errors, concentration errors, infusion errors, treatment time errors, scheduling errors, indication errors, lack of prescription for medication, infusion time errors, vehicle errors, and prescription duplication, including those that the hospital pharmacist identified (corrected or not). The term "infusion error" describes a mistake in a drug's venous infusion rate (mg/kg/h). The term "dose error" describes a discrepancy in the recommended dosage (mg/kg). Errors in the time between drug administrations are known as scheduling errors. When the infusion time exceeds the solution's stability, an error known as "infusing time error" occurs. The term "treatment time error" describes a mistake in how long the patient should take their medication. Posology error is the inaccuracy of the daily dosage, even when a single dose is right (e.g., taking 2g of a medicine every 6 hours when it should be delivered every 12 hours).  
ADE is any undesirable clinical event that occurs during drug treatment but may not be caused by the mechanism of action of the specified treatment. PDRI includes ADEs with medium to very high severity harm and occurrences that could cause medium to very high severity harm to the patient (Agência Nacional de Vigilância Sanitária, 2020). The WHO's recommendations were followed in classifying ADEs according to their intensity (“Safety of medicines”, [S.d.]). 
PDRI includes ADR, defined as an undesirable and unintended drug response that occurs in treatment at commonly used doses, usually explained by the mechanism of action of the specific treatment (Weltgesundheitsorganisation; Collaborating Centre for International Drug Monitoring, 2002). For adverse drug reactions (ADRs), we applied Schumock and Thornton's preventable definition (Pearson et al., 1994).  
We used the "Drugs.com" and Micromedex databases to find medication interactions. For the sake of the outcome, we only considered moderate and severe ones that are clinically relevant.  
The Severity Assessment Code (SAC) criteria (“Safety of medicines”, [S.d.]) and the triage tool for reporting adverse events (New Zealand, 2017) were used to classify PDRI severity. In terms of intensity, they were categorized by the Grading of Qualifying Intensity for Health Conditions recommendations available at ANVISA (Agência Nacional de Vigilância Sanitária, 2020). 
 
2.6 Analysis Plan 
 
The analyses were performed with R-project (“R: The R Project for Statistical Computing”, [S.d.]) software with the additional packages rms, givityR, and geepack. The steps used in data analysis were data inspection; study of missing data patterns and need for imputation; predictor coding; model specification; model estimation; evaluation of model performance, and thresholds estimation. The main approach used was generalized equation models (GEE) for repeated measures with a binary outcome (binomial distribution), adjusting for correlation. Model estimates were performed through coefficient calculations, using the maximum likelihood method. Predictors with 10 events or less were removed before model fit. The final model was defined using the lowest QIC value, representing the best model fit, including the best correlation structure and the best predictor combination. The following calibration measures were used: slope, intercept, mean error, and calibration belt. The area under the ROC curve, R², and the Brier score were used as discrimination measures. The thresholds to discuss risk categories were estimated with Uncertain interval technique (Landsheer, 2016; Steyerberg, 2019).
































3. results and discussion

3.1 Results
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Figure 1: Inclusion and exclusion flowchart.

We analyzed a sample of 212 patients admitted to an infectious diseases unit. (Figure 1) Patients included had a higher prevalence of comorbidities in addition to the main infectious diseases, such as HIV, tuberculosis, and Chagas disease, demonstrating the therapeutic complexity to which these patients are subjected. (Table 1) At least one PDRI during hospitalization was identified in 167 participants (78.8%). Participants with PDRI were slightly older and had more comorbidities than patients without PDRI. The length of stay (LOS) was slightly longer, and hospital discharge was a little less frequent in the PDRI group. Additionally, Chagas disease seems to be more frequent in the PDRI group. (Table 1)


[bookmark: tab1]Table 1: Clinical and demographic baseline data by presence or absence of preventable drug related incident (PDRI).
	 
	No
(N=45)
	Yes
(N=167)
	Overall
(N=212)

	Age
	
	
	

	  Mean (SD)
	43.3 (18.6)
	47.2 (16.0)
	46.4 (16.6)

	  Median [Min, Max]
	39.0 [18.0, 85.0]
	46.0 [19.0, 101]
	44.0 [18.0, 101]

	Age
	
	
	

	  [18,39]
	22 (48.9%)
	59 (35.3%)
	81 (38.2%)

	  (39,60]
	12 (26.7%)
	69 (41.3%)
	81 (38.2%)

	  (60,80]
	9 (20.0%)
	38 (22.8%)
	47 (22.2%)

	  (80,102]
	2 (4.4%)
	1 (0.6%)
	3 (1.4%)

	Sex
	
	
	

	  Female
	12 (26.7%)
	69 (41.3%)
	81 (38.2%)

	  Male
	33 (73.3%)
	98 (58.7%)
	131 (61.8%)

	Race
	
	
	

	  Black
	12 (26.7%)
	35 (21.0%)
	47 (22.2%)

	  Brown
	15 (33.3%)
	84 (50.3%)
	99 (46.7%)

	  White
	18 (40.0%)
	48 (28.7%)
	66 (31.1%)

	Education
	
	
	

	  Up to 5 years
	11 (24.4%)
	53 (31.7%)
	64 (30.2%)

	  Between 6 and 8
	9 (20.0%)
	39 (23.4%)
	48 (22.6%)

	  Between 9 and 11
	15 (33.3%)
	52 (31.1%)
	67 (31.6%)

	  Over 11
	8 (17.8%)
	19 (11.4%)
	27 (12.7%)

	  Ignored
	2 (4.4%)
	4 (2.4%)
	6 (2.8%)

	Number of Hospitalizations in the previous 12 months
	
	
	

	  0
	27 (60.0%)
	100 (59.9%)
	127 (59.9%)

	  1
	14 (31.1%)
	51 (30.5%)
	65 (30.7%)

	  2
	2 (4.4%)
	10 (6.0%)
	12 (5.7%)

	  3
	1 (2.2%)
	4 (2.4%)
	5 (2.4%)

	  4
	0 (0%)
	2 (1.2%)
	2 (0.9%)

	  >= 5
	1 (2.2%)
	0 (0%)
	1 (0.5%)

	Was there a hospital stay in the previous 30 days?
	
	
	

	  No
	39 (86.7%)
	151 (90.4%)
	190 (89.6%)

	  Yes
	6 (13.3%)
	16 (9.6%)
	22 (10.4%)

	Do you use illicit drugs?
	
	
	

	  No
	40 (88.9%)
	143 (85.6%)
	183 (86.3%)

	  Yes
	5 (11.1%)
	24 (14.4%)
	29 (13.7%)

	Do you use intravenous illicit drugs?
	
	
	

	  No
	45 (100%)
	165 (98.8%)
	210 (99.1%)

	  Yes
	0 (0%)
	2 (1.2%)
	2 (0.9%)

	Tobacco use?
	
	
	

	  No
	33 (73.3%)
	134 (80.2%)
	167 (78.8%)

	  Yes
	12 (26.7%)
	31 (18.6%)
	43 (20.3%)

	  Ignored
	0 (0%)
	2 (1.2%)
	2 (0.9%)

	Alcohol use?
	
	
	

	  No
	30 (66.7%)
	120 (71.9%)
	150 (70.8%)

	  Yes
	15 (33.3%)
	44 (26.3%)
	59 (27.8%)

	  Ignored
	0 (0%)
	3 (1.8%)
	3 (1.4%)

	Comorbidities?
	
	
	

	  No
	16 (35.6%)
	24 (14.4%)
	40 (18.9%)

	  Yes
	29 (64.4%)
	143 (85.6%)
	172 (81.1%)

	Chagas disease
	
	
	

	  No
	45 (100%)
	142 (85.0%)
	187 (88.2%)

	  Yes
	0 (0%)
	25 (15.0%)
	25 (11.8%)

	Leishmaniasis
	
	
	

	  No
	44 (97.8%)
	166 (99.4%)
	210 (99.1%)

	  Yes
	1 (2.2%)
	1 (0.6%)
	2 (0.9%)

	Paracoccidioidomycosis
	
	
	

	  No
	45 (100%)
	164 (98.2%)
	209 (98.6%)

	  Yes
	0 (0%)
	3 (1.8%)
	3 (1.4%)

	HTLV
	
	
	

	  No
	42 (93.3%)
	164 (98.2%)
	206 (97.2%)

	  Yes
	3 (6.7%)
	3 (1.8%)
	6 (2.8%)

	Sporotrichosis
	
	
	

	  No
	45 (100%)
	163 (97.6%)
	208 (98.1%)

	  Yes
	0 (0%)
	4 (2.4%)
	4 (1.9%)

	Tuberculosis
	
	
	

	  No
	38 (84.4%)
	143 (85.6%)
	181 (85.4%)

	  Yes
	7 (15.6%)
	24 (14.4%)
	31 (14.6%)

	HIV/AIDS
	
	
	

	  No
	22 (48.9%)
	69 (41.3%)
	91 (42.9%)

	  Yes
	23 (51.1%)
	98 (58.7%)
	121 (57.1%)

	Hospitalization outcome
	
	
	

	  Hospital discharge
	42 (93.3%)
	137 (82.0%)
	179 (84.4%)

	  Transfer to ICU
	3 (6.7%)
	10 (6.0%)
	13 (6.1%)

	  Death
	0 (0%)
	5 (3.0%)
	5 (2.4%)

	  Extended hospital license
	0 (0%)
	2 (1.2%)
	2 (0.9%)

	  Transfer to another unit
	0 (0%)
	13 (7.8%)
	13 (6.1%)

	Length of stay (days)
	
	
	

	  [0,7]
	25 (55.6%)
	61 (36.5%)
	86 (40.6%)

	  (7,14]
	13 (28.9%)
	59 (35.3%)
	72 (34.0%)

	  (14,21]
	5 (11.1%)
	18 (10.8%)
	23 (10.8%)

	  (21,28]
	1 (2.2%)
	13 (7.8%)
	14 (6.6%)

	  (28,56]
	1 (2.2%)
	16 (9.6%)
	17 (8.0%)

	Length of stay (days)
	
	
	

	  Mean (SD)
	8.38 (7.19)
	13.9 (19.2)
	12.7 (17.5)

	  Median [Min, Max]
	6.00 [1.00, 36.0]
	10.0 [0, 56]
	9.00 [0, 56]


Max=Maximum; Min=Minimum; SD=Standard Deviation

A total of 446 PDRIs were observed during the whole study period. By far, the most frequent PDRI was drug interactions, followed by scheduling errors and ADR. (Table 2) 








[bookmark: tab2]Table 2:  Preventable drug related incidents (PDRI) type by week of hospital admission.
	 
	1st week
(N=212)
	2nd week
(N=134)
	3rd week
(N=69)
	4th week
(N=33)
	>=5th week
(N=24)
	Overall

	ADR
	
	
	
	
	
	

	  No
	190 (89.6%)
	124 (92.5%)
	67 (97.1%)
	31 (93.9%)
	24 (100%)
	436 (92.4%)

	  Yes
	22 (10.4%)
	10 (7.5%)
	2 (2.9%)
	2 (6.1%)
	0 (0%)
	36 (7.6%)

	Prescription drug with interactions?
	
	
	
	
	
	

	  No
	85 (40.1%)
	70 (52.2%)
	37 (53.6%)
	16 (48.5%)
	11 (45.8%)
	219 (46.4%)

	  Yes
	127 (59.9%)
	64 (47.8%)
	32 (46.4%)
	17 (51.5%)
	13 (54.2%)
	253 (53.6%)

	Dose error?
	
	
	
	
	
	

	  No
	194 (91.5%)
	126 (94.0%)
	66 (95.7%)
	32 (97.0%)
	23 (95.8%)
	441 (93.4%)

	  Yes
	18 (8.5%)
	8 (6.0%)
	3 (4.3%)
	1 (3.0%)
	1 (4.2%)
	31 (6.6%)

	If so, how many dose errors in the period?
	
	
	
	
	
	

	  Mean (SD)
	2.11 (1.94)
	2.75 (2.05)
	1.67 (1.15)
	2.00 (NA)
	4.00 (NA)
	2.29 (1.85)

	  Median [Min, Max]
	1.00 [1.00, 7.00]
	2.50 [1.00, 7.00]
	1.00 [1.00, 3.00]
	2.00 [2.00, 2.00]
	4.00 [4.00, 4.00]
	1.00 [1.00, 7.00]

	  Not applicable
	194 (91.5%)
	126 (94.0%)
	66 (95.7%)
	32 (97.0%)
	23 (95.8%)
	441 (93.4%)

	Dosage error?
	
	
	
	
	
	

	  No
	194 (91.5%)
	131 (97.8%)
	67 (97.1%)
	33 (100%)
	23 (95.8%)
	448 (94.9%)

	  Yes
	18 (8.5%)
	3 (2.2%)
	2 (2.9%)
	0 (0%)
	1 (4.2%)
	24 (5.1%)

	Dilution error?
	
	
	
	
	
	

	  No
	207 (97.6%)
	134 (100%)
	69 (100%)
	33 (100%)
	24 (100%)
	467 (98.9%)

	  Yes
	5 (2.4%)
	0 (0%)
	0 (0%)
	0 (0%)
	0 (0%)
	5 (1.1%)

	Error in administration route?
	
	
	
	
	
	

	  No
	205 (96.7%)
	133 (99.3%)
	68 (98.6%)
	33 (100%)
	24 (100%)
	463 (98.1%)

	  Yes
	7 (3.3%)
	1 (0.7%)
	1 (1.4%)
	0 (0%)
	0 (0%)
	9 (1.9%)

	Concentration error?
	
	
	
	
	
	

	  No
	209 (98.6%)
	133 (99.3%)
	69 (100%)
	33 (100%)
	24 (100%)
	468 (99.2%)

	  Yes
	2 (0.9%)
	1 (0.7%)
	0 (0%)
	0 (0%)
	0 (0%)
	3 (0.6%)

	  Missing
	1 (0.5%)
	0 (0%)
	0 (0%)
	0 (0%)
	0 (0%)
	1 (0.2%)

	Infusion error?
	
	
	
	
	
	

	  No
	211 (99.5%)
	134 (100%)
	69 (100%)
	33 (100%)
	24 (100%)
	471 (99.8%)

	  Yes
	1 (0.5%)
	0 (0%)
	0 (0%)
	0 (0%)
	0 (0%)
	1 (0.2%)

	Treatment time error?
	
	
	
	
	
	

	  No
	212 (100%)
	134 (100%)
	69 (100%)
	33 (100%)
	24 (100%)
	472 (100%)

	Scheduling error?
	
	
	
	
	
	

	  No
	180 (84.9%)
	125 (93.3%)
	63 (91.3%)
	32 (97.0%)
	21 (87.5%)
	421 (89.2%)

	  Yes
	32 (15.1%)
	9 (6.7%)
	6 (8.7%)
	1 (3.0%)
	3 (12.5%)
	51 (10.8%)

	Referral Error?
	
	
	
	
	
	

	  No
	211 (99.5%)
	134 (100%)
	68 (98.6%)
	33 (100%)
	24 (100%)
	470 (99.6%)

	  Yes
	1 (0.5%)
	0 (0%)
	1 (1.4%)
	0 (0%)
	0 (0%)
	2 (0.4%)

	No prescription for any medication?
	
	
	
	
	
	

	  No
	210 (99.1%)
	134 (100%)
	69 (100%)
	32 (97.0%)
	24 (100%)
	469 (99.4%)

	  Yes
	2 (0.9%)
	0 (0%)
	0 (0%)
	0 (0%)
	0 (0%)
	2 (0.4%)

	  Missing
	0 (0%)
	0 (0%)
	0 (0%)
	1 (3.0%)
	0 (0%)
	1 (0.2%)

	Unnecessary medication prescribed?
	
	
	
	
	
	

	  No
	208 (98.1%)
	133 (99.3%)
	68 (98.6%)
	33 (100%)
	24 (100%)
	466 (98.7%)

	  Yes
	4 (1.9%)
	1 (0.7%)
	1 (1.4%)
	0 (0%)
	0 (0%)
	6 (1.3%)

	Infusion time error?
	
	
	
	
	
	

	  No
	212 (100%)
	134 (100%)
	69 (100%)
	33 (100%)
	24 (100%)
	472 (100%)

	Vehicle error?
	
	
	
	
	
	

	  No
	212 (100%)
	134 (100%)
	69 (100%)
	33 (100%)
	24 (100%)
	472 (100%)

	Drug prescribed in duplicate?
	
	
	
	
	
	

	  No
	202 (95.3%)
	130 (97.0%)
	64 (92.8%)
	31 (93.9%)
	23 (95.8%)
	450 (95.3%)

	  Yes
	10 (4.7%)
	4 (3.0%)
	5 (7.2%)
	2 (6.1%)
	1 (4.2%)
	22 (4.7%)

	Max = Maximum; Min = Minimum; SD=Standard Deviation; ToP = time of prescription; ADR = Adverse Drug Reaction






[bookmark: tab3]Table 3: Potential predictors of preventable drug related incidents (PDRI) that changed over time by week of hospital admission.
	
	1
(N=212)
	2
(N=135)
	3
(N=69)
	4
(N=33)
	>=5
(N=24)
	Overall

	Number of prescribed medicines
	
	
	
	
	
	

	  Mean (SD)
	7.95 (3.43)
	8.99 (3.91)
	9.58 (4.10)
	11.1 (4.37)
	13.0 (3.72)
	8.96 (3.96)

	  Median [Min, Max]
	8.00 [1.00, 19.0]
	9.00 [0, 19.0]
	9.00 [1.00, 20.0]
	11.0 [2.00, 18.0]
	13.0 [6.00, 19.0]
	9.00 [0, 20.0]

	IV medication
	
	
	
	
	
	

	  No
	31 (14.6%)
	43 (31.9%)
	27 (39.1%)
	16 (48.5%)
	10 (41.7%)
	127 (26.8%)

	  Yes
	181 (85.4%)
	92 (68.1%)
	42 (60.9%)
	17 (51.5%)
	14 (58.3%)
	346 (73.2%)

	Medication through tubes
	
	
	
	
	
	

	  No
	207 (97.6%)
	129 (95.6%)
	67 (97.1%)
	29 (87.9%)
	22 (91.7%)
	454 (96.0%)

	  Yes
	5 (2.4%)
	6 (4.4%)
	2 (2.9%)
	4 (12.1%)
	2 (8.3%)
	19 (4.0%)

	Potentially dangerous medication
	
	
	
	
	
	

	  No
	81 (38.2%)
	31 (23.0%)
	13 (18.8%)
	7 (21.2%)
	3 (12.5%)
	135 (28.5%)

	  Yes
	131 (61.8%)
	104 (77.0%)
	56 (81.2%)
	26 (78.8%)
	21 (87.5%)
	338 (71.5%)

	Parenteral nutrition
	
	
	
	
	
	

	  No
	211 (99.5%)
	133 (98.5%)
	66 (95.7%)
	32 (97.0%)
	24 (100%)
	466 (98.5%)

	  Yes
	1 (0.5%)
	2 (1.5%)
	3 (4.3%)
	1 (3.0%)
	0 (0%)
	7 (1.5%)

	Medication conciliation
	
	
	
	
	
	

	  No
	166 (78.3%)
	129 (95.6%)
	65 (94.2%)
	32 (97.0%)
	22 (91.7%)
	414 (87.5%)

	  Yes
	46 (21.7%)
	6 (4.4%)
	4 (5.8%)
	1 (3.0%)
	2 (8.3%)
	59 (12.5%)

	Prescribing professional
	
	
	
	
	
	

	  Resident
	176 (83.0%)
	112 (83.0%)
	62 (89.9%)
	23 (69.7%)
	17 (70.8%)
	390 (82.5%)

	  Staff
	36 (17.0%)
	23 (17.0%)
	7 (10.1%)
	10 (30.3%)
	7 (29.2%)
	83 (17.5%)

	Prescription with addition: same professional
	
	
	
	
	
	

	  No
	212 (100%)
	115 (85.2%)
	63 (91.3%)
	30 (90.9%)
	22 (91.7%)
	442 (93.4%)

	  Yes
	0 (0%)
	20 (14.8%)
	6 (8.7%)
	3 (9.1%)
	2 (8.3%)
	31 (6.6%)

	Prescription with addition: other staff
	
	
	
	
	
	

	  No
	212 (100%)
	133 (98.5%)
	68 (98.6%)
	32 (97.0%)
	23 (95.8%)
	468 (98.9%)

	  Yes
	0 (0%)
	2 (1.5%)
	1 (1.4%)
	1 (3.0%)
	1 (4.2%)
	5 (1.1%)

	Prescription with addition: other resident
	
	
	
	
	
	

	  No
	212 (100%)
	120 (88.9%)
	65 (94.2%)
	30 (90.9%)
	19 (79.2%)
	446 (94.3%)

	  Yes
	0 (0%)
	15 (11.1%)
	4 (5.8%)
	3 (9.1%)
	5 (20.8%)
	27 (5.7%)

	Charlson score
	
	
	
	
	
	

	  Mean (SD)
	5.19 (2.91)
	5.17 (2.87)
	5.33 (2.96)
	5.24 (2.89)
	4.33 (2.84)
	5.17 (2.90)

	  Median [Min, Max]
	6.00 [0, 14.0]
	6.00 [0, 14.0]
	6.00 [0, 14.0]
	6.00 [0, 12.0]
	5.50 [0, 8.00]
	6.00 [0, 14.0]

	Modified SOFA score
	
	
	
	
	
	

	  Mean (SD)
	1.35 (1.74)
	1.22 (1.74)
	1.29 (1.74)
	1.27 (1.81)
	1.13 (1.26)
	1.29 (1.72)

	  Median [Min, Max]
	1.00 [0, 8.00]
	1.00 [0, 8.00]
	1.00 [0, 8.00]
	1.00 [0, 8.00]
	1.00 [0, 4.00]
	1.00 [0, 8.00]

	
	Max=Maximum; Min=Minimum; SD=Standard Deviation



The number of prescribed medications was highly variable, and most prescriptions had intravenous medications. Very few participants received medication through tubes or parenteral nutrition. Resident physicians performed most prescriptions, and the original prescribing physician performed most prescription additions. Charlson and modified SOFA scores were reasonably stable throughout hospitalization. Additionally, medication conciliation was seldom performed, either at admission or at follow-up. (Table 3) 
The results of the final model highlighted the number of prescribed medications, the use of potentially dangerous medications, medication conciliation, sex at birth, medication through tubes, modified SOFA score, and time of hospitalization, with an additional interaction term between modified SOFA and medication conciliation as PDRI predictors. (Table 4) The use of potentially dangerous medications, present in 71.5% of cases, was one of the main predictors of PDRI, highlighting the importance of close supervision in patients requiring therapies with high risks of drug interactions and toxicity. (Table 4) 
The number of prescribed medications was the weakest predictor, showing that drug polytherapy, a common characteristic in patients with multiple comorbidities and infections, increases the risk of PDRI very little if one medication is added. However, one must remember that the relative risk with polytherapy may be high, as the number of drugs may be as high as 20. Changing the number of drugs from 3 to 8 increases it by approximately 10%; similarly, increasing from 8 to 13, there is another 10% increase in the estimated PDRI risk. (Table 4)
An interaction term between modified SOFA and medication conciliation means that the modified SOFA score’s effect is different depending on the presence or absence of medication conciliation. When medication conciliation is absent, higher modified SOFA values return lower PDRI risk predictions. If medication conciliation is present, then the overall modified SOFA effect is higher (about 25 percentage points higher), and in the opposite direction, i.e., higher modified SOFA scores return higher prediction values, and the distance between the predictions among lower SOFA values and higher SOFA values is bigger. 



Table 4: Final correlation-adjusted GEE regression model to predict preventable prescription incident (PDRI).
	Variables
	Categories
	Coefficients
	Standard error
	Wald statistic
	p value
	Lower 95% CL
	Higher 95% CL
	Odds Ratio
	OR Lower 95% CL
	OR Higher 95% CL

	(Intercept)
	-
	-0.333
	0.377
	0.777
	0.378
	-1.072
	0.407
	0.717
	0.342
	1.502

	Sex
	Male
	-0.553
	0.245
	5.097
	0.024
	-1.032
	-0.073
	0.575
	0.356
	0.930

	Number of prescribed medicines
	-
	0.108
	0.035
	9.600
	0.002
	0.040
	0.176
	1.114
	1.040
	1.192

	Medication through tubes
	Yes
	1.258
	0.704
	3.194
	0.074
	-0.122
	2.637
	3.517
	0.885
	13.968

	Potentially dangerous medication
	Yes
	0.718
	0.262
	7.511
	0.006
	0.205
	1.232
	2.051
	1.227
	3.429

	Medication conciliation
	Yes
	0.276
	0.429
	0.413
	0.520
	-0.565
	1.116
	1.318
	0.568
	3.054

	Modified SOFA score
	-
	-0.159
	0.067
	5.585
	0.018
	-0.291
	-0.027
	0.853
	0.747
	0.973

	Weeks of admission
	poly(, 3)1
	-10.774
	2.832
	14.473
	0.000
	-16.324
	-5.223
	0.000
	0.000
	0.005

	-
	poly(, 3)2
	3.894
	3.151
	1.527
	0.217
	-2.283
	10.070
	49.098
	0.102
	23,630.163

	-
	poly(, 3)3
	-4.907
	2.831
	3.005
	0.083
	-10.456
	0.641
	0.007
	0.000
	1.899

	Medication conciliation: Modified SOFA score
	-
	0.417
	0.197
	4.464
	0.035
	0.030
	0.804
	1.518
	1.031
	2.235

	CL = Confidence limit; poly = Polynomial transformation; Correlation structure = independence; Number of clusters: 212; Maximum cluster size: 8; Estimated Scale Parameters: Intercept =  1.002, Standard error = 0.1511



Patients with infectious diseases often undergo initial therapeutic adjustments, such as drug substitutions, dose adjustments, and medication management that can temporarily increase the risk of incidents. Monitoring throughout the hospitalization process provided important insights into variations in the PDRI risk over the weeks of hospitalization. The risk was highest in the first week, with a downward trend over time, although increasing variation was observed over subsequent weeks. (Figure 2) PDRI predicted probabilities and observed incidence had reasonable correspondence over time throughout the patients' hospitalization time, and this gives the idea of reasonable calibration during all hospitalization periods. (Figure 2)
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O conteúdo gerado por IA pode estar incorreto.]Figure 2 Observed incidence of preventable drug related incidents (PDRI) and its 95% confidence intervals and predicted PDRI risk over of weeks of admission.




The model's performance was tested at different times during hospitalization, demonstrating the model's ability to adapt over time and capture the clinical dynamics that influence the risk of PDRI. (Table 5, Figure 3, and Figure 4) During the first week of hospitalization, the results demonstrated a reasonably smaller average prediction error (calibration) when compared to later periods. Maximal error is more pronounced in the first week, and the intercept is further from 0, which may reflect the difficulty in accurately making predictions during the treatment adjustment phase. (Table 5) 
Overall, there seems to be a small trade-off between the error and discrimination over the weeks of admission, pointing to a model able to adjust to changes in the clinical status of patients during hospitalization. (Table 5) The overall calibration assessment through the calibration belts confirmed that the model maintained an adequate correspondence between predictions and actual events, within the confidence intervals. (Figure 3 and Figure 4) The C-statistics (AUC ROC) varied between 0.669 and 0.742 over the weeks of hospitalization, demonstrating moderate discrimination between patients with and without PDRI, both overall and in each week of hospitalization. (Table 5)

Table 5: Overall and by each week GEE final model discrimination and calibration performance.
	Subset
	AUC ROC
	R²
	Brier
	Intercept
	Slope
	Emax
	E90
	Eavg

	Overall
	0.725
	0.199
	0.193
	0.000
	1.000
	0.056
	0.015
	0.007

	First week
	0.669
	0.083
	0.178
	0.274
	0.738
	0.281
	0.065
	0.030

	Second week
	0.723
	0.216
	0.206
	-0.170
	1.278
	0.172
	0.063
	0.031

	Third week
	0.759
	0.235
	0.200
	0.137
	1.410
	0.226
	0.134
	0.053

	Fourth week
	0.695
	0.131
	0.217
	-0.029
	0.794
	0.108
	0.068
	0.050

	AUC ROC = area under the Receiver Operating Characteristic curve; Emax = maximum error; E90 = error 0.90 quantile; Eavg = average error.
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Figure 3: Calibration plot for the final GEE model overall predictions.





Table 6: Limits of estimated risk of groups of low, intermediate and high risk.
	
	Weeks of admission

	Limits
	Overall
	1
	2
	3
	4
	>=5

	Lower limit
	0.529
	0.620
	0.491
	0.482
	0.444
	0.493

	Upper limit
	0.684
	0.824
	0.630
	0.607
	0.632
	0.624

	Distribution intersection
	0.610
	0.723
	0.563
	0.543
	0.546
	0.563

	Limits estimated using the Uncertain interval method with binormal distribution.




The thresholds estimated by the Uncertain interval method assume that around the intersection of the distributions, the frequency of values from those with and without PDRI are so similar that it is not possible to distinguish which class is more likely. One may see that the intersections and the threshold boundaries decrease from the first to the second week, and then they become stable. One may also see that the first week’s boundaries are higher than the remaining weeks’ intersections and some of the remaining boundaries. Therefore, it would be reasonable to understand that the overall limits to classify as low, moderate, or high risk should be different over time. In our data, this would work differently for the first week of admission, but the overall limits could work equally well for the remaining weeks. (Table 6) With this approach, 83 (39.1%) of participants in the first week were classified as high risk. This proportion remains relatively similar up to the fourth week, when the proportion of participants in the “High risk” group increased steeply. 
As part of the results achieved in this study, a web-based calculator, named “INI's score to predict preventable drug related incidents (PDRI)”, was developed based on the predictive model. This tool allows users to input clinical data and automatically generates an estimate of the risk of PDRI. The calculator is available at https://pedrobrasil.shinyapps.io/INDWELL/, providing an intuitive interface for the practical application of the model in various clinical settings.






3.2 Discussion 
 
The main findings of this study include: (a) we were able to develop a specific clinical pharmacy tool in a setting of infectious disease hospitalized patients to predict PDRI with reasonable performance; (b) with this model it is possible for the clinical pharmacist to sort the PDRI risk in infectious diseases patients, and give priority to higher risk patients; (c) polypharmacy is a significant predictor, but it is less important than prescription composition and others predictors that indicate individual characteristics and severity; (d) the risk varied throughout the hospitalization, and the model here presented is able to estimate and update the risk estimation during hospitalization weeks with the potential to optimize pharmaceutical intervention along all length of stay.
The prediction of adverse drug events has been extensively researched. However, the majority of existing models were designed for broad populations, such as MedSafety Scan (Woosley, 2022) and MERIS (Saedder et al., 2016). These usually incorporate predictors such as age and medication count, yet neglect the particularities of the infectious disease population, including the administration of highly toxic antimicrobials and the recurrent necessity for therapeutic modifications. Addressing specifically infectious disease patients, this model attempts to capture specific effects of clinical and pharmacotherapeutic characteristics, hence offering a more tailored strategy. These approaches increase the clinical applicability of the proposed model for this population when compared to alternative tools.
INI’s model has moderate discrimination and good calibration, similar to the one described by Silva et al also developed specifically for a population with tropical disease (Sperandio da Silva et al., 2014). However, general models usually have poor to moderate performance with infectious disease populations and tend to group most of the patients in the same risk strata (Rezende et al., 2025; Wynants et al., 2020). Therefore, there is indirect evidence that INI’s model is better than these general models when applied to infectious diseases populations.  
Despite slight fluctuations in the model performance between weeks, the model effectively identifies patients at higher risk of PDRI, allowing the strategic prioritization of pharmaceutical intervention. This is particularly relevant in scenarios with few professionals, where work overload prevents continuous monitoring of all patients. Classification into risk groups or sorting patients from higher to lower risks allows the optimization of time and resources of the pharmaceutical service, improving efficiency in care (Morillo-Verdugo et al., 2017).
The total number of prescribed medications, a persistent ADR predictor in the literature, was a weak predictor, although statistically significant in the model. The National Study on Adverse Effects Linked to Hospitalization in Spain (ENEAS), for example, indicated that the rate of patients experiencing adverse effects associated with hospital treatment was 8.4%, and polytherapy was identified as a contributing factor (“Estudio nacional sobre los efectos adversos ligados a la hospitalización (ENEAS)”, 2006). This is somehow intuitive, as the number of medications increases, the chance of interactions, adverse events, and errors related to them also increases. However, in the model presented here, the polypharmacy effect was smaller than that of other factors, such as the administration of potentially hazardous medications and medication conciliation. This suggests that prescription composition and management are likely to have a critical role in patient safety and should always be explored beyond polypharmacy.
Medication administration via nasoenteral tube emerged as a significant PDRI predictor. The use of such a tube indicates the inability to take medication orally, thus, it is likely an index of condition severity. Additionally, dose adjustments, dilution-specific conditions, and interactions are often associated with this administration route. Many solid oral dosage forms need to be crushed for administration by this route, a process that can compromise the drug stability, bioavailability, and therapeutic efficacy. In addition. solid forms increase the risk of drug interactions and obstruction of the tube. Extended-release drugs or those with gastroprotective coatings, for example, should not be crushed, since the destruction of their dosage form can result in uncontrolled release of the active ingredient, altering absorption and increasing the risk of toxicity (Madden, 2007). 
Additionally, the concomitant administration of several drugs through the tube can favor chemical interactions and incompatibilities, especially when the drugs are mixed in the same dilution vehicle. These concerns underscore the need for rigorous procedures for the handling and administration of medications using nasoenteral tubes, including previous evaluation of drug compatibility, selection of a suitable dilution medium, cleansing of the tube between administrations, and ongoing clinical supervision. There must be standardized guidelines and ongoing training of the healthcare team to minimize these risks and contribute to patient safety, reducing the incidence of preventable adverse events (Gimenes et al., 2019).
Potentially dangerous medications were one of the most relevant predictors in this model, showing that prescription composition also plays a role beyond polypharmacy. The delivery of drugs, including anticoagulants, immunosuppressants, and vasoactive agents, needs rigorous monitoring, since little fluctuations in dosage may lead to significant side effects (Funk, 2012; Gupta et al., 2007; Nagao, 2009).  Integrating specific pharmaceuticals into the prediction model enables clinical pharmacists to prioritize patients with these specific treatments, hence decreasing the occurrence of failures and adverse consequences. Which medication should fall into this hall may be subject to discussion and depend on service characteristics.
Medication conciliation, although a widely recommended safety strategy (Correard et al., 2023; Lee et al., 2019), was surprisingly associated with an increased risk of PDRI. In the context where the study was conducted, this activity was not systematically performed, and when performed, it was performed by non-pharmacist professionals. The results of our study reinforce the preference for conciliation to be performed by trained clinical pharmacists, ensuring a critical analysis of prescriptions (Cheema et al., 2018; Choi; Kim, 2019; Ciapponi et al., 2021).
This result highlights an important distinction between performing medication conciliation as a routine task and carrying it out as a qualified clinical process. In this study, when conciliation was conducted by non-pharmacist professionals, it was linked to a higher probability of preventable drug-related incidents (PDRI). This doesn't mean that conciliation itself raises the danger; it only means that the professional's knowledge and how well the procedure is carried out will affect the outcome. Conciliation, when done by pharmacists, includes a thorough analysis of the patient's therapy, finding duplicates, screening for any drug interactions, and making sure that the therapy is consistent. These processes go far beyond just verifying records. If only administrative transcription or superficial verification is used, crucial clinical information may be overlooked, which could lead to prescription errors that could have been avoided. For this reason, the establishment of structured, pharmacist-led conciliation protocols should be considered a core component of patient safety, especially in infectious disease wards where drug regimens are complex and frequently adjusted.
The patient's clinical status, assessed by the modified SOFA score, indicated that higher modified SOFA values were linked to a lower likelihood of PDRI when adjusted for other predictors. This only occurred when medication conciliation was included in the model and was absent otherwise. This implies that interaction is present, as the modified SOFA score has varying effects based on whether conciliation was performed or not. 
A plausible reason is that healthcare teams often maintain increased attention and monitoring for more severe cases at admission, and possibly when other complicators are also present, such as polypharmacy, illicit drug use, etc. However, when medication conciliation by non-pharmaceutical professionals is performed, the overall risk increases, and higher modified SOFA scores return higher risk predictions. Therefore, it seems that medication conciliation performed by non-pharmacists has the potential to increase the PDRI risk, but increases even more when modified SOFA has higher values. On the other hand, the interaction of SOFA and a medication conciliation performed by non-pharmacists might be attributable to less optimal reconciled medications for controlling organic dysfunctions, rather than the organic dysfunction itself. 
The finding related to the modified SOFA score should be interpreted with caution. A possible explanation is that patients with higher SOFA values — who usually present greater clinical severity — tend to receive closer attention from the healthcare team, which may help to prevent avoidable incidents despite their more complex conditions. On the other hand, patients with lower scores might be monitored less intensively, allowing minor pharmacotherapeutic issues to remain unnoticed. These interpretations are speculative and should not be seen as conclusive. Because the study design does not permit causal inference, future investigations specifically aimed at understanding how disease severity interacts with pharmaceutical care practices will be important to verify this hypothesis. Such studies could help determine whether the apparent protective effect of higher SOFA scores truly exists or simply reflects more intensive monitoring among critically ill patients.
The clinical model developed in this study shares conceptual similarities with risk stratification tools that have been applied in patients with chronic non-communicable diseases such as diabetes, hypertension, and arthritis. In these populations, structured algorithms have improved the prioritization of pharmaceutical interventions and reduced medication-related problems linked to polypharmacy (Almodóvar; Nahata, 2019). Recent systematic reviews highlight that although many risk prediction models exist, only a few undergo robust external validation, which limits their transferability across clinical contexts (Oddy et al., 2024).
Instruments like MERIS have been verified externally across various care contexts, proving their efficacy in assisting pharmacists in identifying patients who would benefit most from clinical review (Korup; Almarsdóttir; Magnussen, 2023). The Assessment of Risk Tool (ART) has also been helpful in classifying hospitalized patients based on the probability of clinically significant medication discrepancies (Falconer et al., 2017). These findings further substantiate that the integration of objective scoring systems with the professional judgment of pharmacists improves the precision and clinical significance of medication reconciliation and intervention prioritization. The current approach extends this rationale to infectious illness wards, characterized by highly dynamic pharmacotherapy and fast changing patient situations, hence providing a flexible and adaptable technique to mitigate drug-related harm.
Conventional risk models often claim that increased clinical severity correlates with higher risk of medication-related events (Davies et al., 2009; Panel, 2019; Vincent et al., 1996). Nonetheless, the behavior seen in our research challenges this notion and suggests that increased PDRI risk in severe patients is probably and mostly due to pharmacological interventions (already controlled for by other variables like potentially dangerous drugs, number of drugs, and drugs through tubes) rather than by patient fragility itself. Additionally, it may be the case that in less severe circumstances, the perceived reduced risk may result in less clinical monitoring.
The analysis of observed PDRI incidence revealed a dynamic pattern throughout hospitalization, showing that the risk of PDRI is not static, but varies according to the patient's hospitalization time, likely related to clinical improvement or worsening. There is evidence of different instruments classifying patients in different risk strata over time (Botelho; Neiva-Pantuzza; Reis, 2025; Dos Santos Barreto et al., 2022). There is a nonlinear decrease in the PDRI risk over time, higher in the first week, decreasing in the intermediate weeks, and reducing even more in the final week of observation. This seems intuitive as the first week is usually the most critical period, when most interventions are initiated, and the patient's condition most requires attention. The initial period is characterized by a greater number of therapeutic adjustments, dose adjustments, and introduction of new medications, in addition to the patient's adaptation to initial therapeutic regimens. But it does not mean that complications and new therapies will not happen later during hospitalization.
Unlike other models for predicting adverse drug events or prescription errors, which are based mainly on data collected at hospital admission, the present study follows the entire period of hospitalization, allowing continuous adjustments in risk stratification. Models for predicting adverse drug events at admission only, such as MERIS (Medication Risk Score), EVA (Error Vulnerability Assessment) by Saedder et al. (Saedder et al., 2016) and the IMMS (Improving Medication Safety Strategy) by Nguyen et al. (2017) have limitations regarding the inability to detect the risk dynamic and may lead to wrong prioritization for clinical pharmacy intervention over time. 
A patient at admission may have lower or higher risk when compared to other admitting patients. This can be observed with any risk instrument. Additionally, patients later at hospitalization may have higher or lower risks than admitting patients and, most importantly, different risks than their own risk at admission. Updating risk estimation is reasonable as risk changes over time. This means that such an approach allows clinical pharmacists to update patients’ intervention priority over hospitalization time if required. Incorporating the dynamics of risk change throughout hospitalization has higher potential to provide pharmaceutical intervention timely and minimize PDRI incidence over time when compared to a given risk at admission only (Yang et al., 2021).
A notable ability of any evidence-based approach to sort the priority of pharmaceutical intervention is the potential of decreasing rework and the mitigation of preventable mistakes. Implementing a PDRI risk tool is likely to reduce the need for random prescription audits, and prioritizing evaluations based on empirical data. That bottom line, it should increase clinical pharmacy effectiveness, hence promoting patient safety and improving hospital outcomes.
There are several ways to estimate the number of required clinical pharmacists in a hospital, such as full-time equivalent (FTE)(Lee et al., 2024), Clinical Pharmacy Workforce Calculator (CPWC)(Bednall et al., 2021), and patient-to-pharmacist ratios (Buckley et al., 2025). This is a multifaceted approach to workload, essential service tasks, and specific institutional demands. Another potential of an accurate tool to sort patients’ intervention priority is the sizing and distribution of the pharmaceutical team. The continuous identification of patients with the highest risk of PDRI may be a contributing element in the approaches used to distribute professionals in different essential tasks. Instead of allocating professionals to hospital sectors, the allocation would be based on patients in greatest needs, therefore following the idea of matching the pharmaceutical specialists based on patient requirements rather than sectors (Abuzour et al., 2021; “Prioritizing Pharmaceutical Activities - Sophie Renet, Cynthia Tanguay, Kevin Hall, Jean-François Bussières, 2013”, [S.d.]).
The use of evidence-based prediction instruments enhances the standardization of processes and with the potential to further increase the efficacy of therapies, reducing variability and fostering improved safety in pharmaceutical use. A model may aid in the formulation of clinical protocols grounded on real-life data, enabling the improving pharmacological guidelines to align with the characteristics of the treated patients. (Nguyen et al., 2017).
As computer use and data science resources become more popular, there is the potential for integrating the model with electronic medical records and automated prescription systems. There is a potential of improving clinical pharmacy actions with real-time danger warnings, facilitating decision-making, enabling swifter and more precise interventions by the medical and pharmaceutical teams. Therefore, there is also an integration potential indirect effect that may help strengthen the culture of patient safety inside healthcare organizations, and promoting adherence to established developed protocols such as by the World Health Organization (WHO, 2017), the Institute for Healthcare Improvement (IHI) (Me, 2019), the Brazilian Ministry of Health (Brasil a, 2013), and ANVISA (Brazil, 2013). 
There is consistent data showing clinical pharmacy intervention benefits, such as decreasing costs and improving clinical outcomes. Adding tools to optimize clinical pharmacists’ actions has the potential to boost these effects, increasing the hospital services' ability to prevent unwanted events and enhance the patient experience during hospitalization.
Although this model was developed and validated exclusively in adults, its underlying concept — the dynamic adjustment of risk prediction over time — could also have important implications for pediatric populations. Children hospitalized with infectious diseases are often exposed to complex antimicrobial regimens and experience rapid physiological changes that may alter drug pharmacokinetics and pharmacodynamics. A similar approach, adapted to pediatric characteristics and dosing complexities, could help identify children at greater risk for preventable drug-related incidents and support safer therapeutic management. Future studies focusing on pediatric cohorts could explore the feasibility and predictive performance of this dynamic model in that context.


3.3 Limitations 

This study's primary weakness is its smaller-than-ideal sample size. The COVID-19 pandemic caused registration to end early, despite the initial plan for a sample size of roughly 550 participants. The risk estimations may be inaccurate with a sample size that is less than half of the initial design, particularly when those predictors were less common in the sample. 
In addition, external validation is usually required and allows a higher degree of certainty that performance travels across populations. In different regions, different clinical characteristics and settings may vary in prevalence, such as antimicrobial resistance and prescribing patterns. External validation would also allow model update to adjust the model to these contexts, allowing it to assign different weights to different variables, improving its performance for a particular setting.
There are some challenges in the implementation of such a tool in a hospital. Hospital infrastructure, especially IT (Information Technology), as predictive technologies require data science expertise. In many health services, especially those that are smaller or linked to public networks, there is still a lack of structured electronic medical records, contracted softwares that does not allow customization or plug-ins. Taken together, even in institutions that have electronic information systems, a recurring problem is the lack of integration between their different modules, causing information on prescriptions, clinical progress, and laboratory tests to be fragmented in systems that do not communicate with each other. 
Training the multidisciplinary team is another determinant for the successful implementation of the model. The interpretation of predictions generated by algorithms cannot be done in isolation; clinical pharmacists, physicians, and nurses must understand how to use this information to optimize their clinical decisions. Resistance to the use of predictive technology is a prevalent difficulty, particularly among professionals who are less acquainted with analytical tools.




4. Conclusion

The clinical prediction model proposed in this study proved to be a reliable and dynamic instrument for identifying inpatients with infectious diseases who are at greater risk of experiencing preventable drug-related incidents. By continuously adapting to changes in patients’ clinical conditions, it provides a practical framework for supporting clinical pharmacists in decision-making and in the rational allocation of care efforts, especially in hospital environments where therapeutic complexity and workload are high.
The findings strengthen the evidence that structured, pharmacist-led approaches are essential to minimize medication-related harm and to enhance patient safety in infectious disease settings. Nevertheless, external validation in independent cohorts is still required to confirm the model’s reproducibility and to refine its performance in different healthcare contexts. Future studies should explore its integration with electronic health record systems and assess its adaptability to pediatric or outpatient populations, where risk dynamics may differ.
Overall, this work contributes to the advancement of pharmaceutical risk management by combining clinical reasoning with predictive modeling. It reinforces the central role of clinical pharmacists in the multidisciplinary team and provides a tangible step toward safer and more effective pharmacotherapy in infectious disease care.
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Definitions, Acronyms, Abbreviations

ADR – Adverse Drug Reaction (Reação Adversa a Medicamentos)
ADE – Adverse Drug Event (Evento Adverso a Medicamentos)
ANVISA – Agência Nacional de Vigilância Sanitária (Brasil)
CAAE – Certificado de Apresentação de Apreciação Ética
COVID-19 – Coronavirus Disease 2019
DDI – Drug–Drug Interaction (Interação Medicamentosa)
DRP – Drug-Related Problem (Problema Relacionado a Medicamentos)
DRI – Drug-Related Incident (Incidente Relacionado a Medicamentos)
Fiocruz – Fundação Oswaldo Cruz
HIV/AIDS – Human Immunodeficiency Virus / Acquired Immunodeficiency Syndrome
ICU – Intensive Care Unit (Unidade de Terapia Intensiva)
INI – Instituto Nacional de Infectologia Evandro Chagas
PDRI – Preventable Drug-Related Incidents (Incidente Prevenível Relacionado a Medicamentos)
SAC – Severity Assessment Code (Código de Avaliação de Severidade)
WHO – World Health Organization (Organização Mundial da Saúde)
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