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Introduction
Adverse drug events (ADEs)—unintended injuries resulting from 

a medical intervention related to a drug—are the fourth leading 

cause of death in the United States.1-4 ADEs account for one-third 

of hospital adverse events, can prolong hospital length of stay 

(LOS) by 1.7 to 4.6 days, and affect 2 million persons annually.3 

ADEs can also occur in an outpatient setting.3,5 Outpatient ADEs 

annually lead to more than 3.5 million physician office visits,  

1 million emergency department (ED) visits, and 125,000 additional 

hospital admissions.3 The population aged 65 years or older experi-

ences the highest hospitalization rate from ADEs, at 43.6%.3,5 Older 

adults are significantly more likely than younger adults to be hospi-

talized for ADEs from associated falls, hypotension, dizziness, and 

delirium that can occur as adverse effects of such medications as 

blood thinners, opioids, and drugs prescribed to manage diabetes 

or seizures.6,7 Unfortunately, life expectancy in some patient groups 

can also be reduced by ADEs.8

In 2016, the US annual cost of nonoptimized prescription drug–

related morbidity and mortality was estimated at $528.4 billion 

(range, $495.3 billion-$672.7 billion), equivalent to 16% of total 

US health care expenditures.9 Further, the average cost of a patient 

experiencing a treatment failure, a new medical problem, or both 

after initial prescription use was $2481 per event (range, $2233-

$2742).9 In fact, study results have shown that the United States 

spends more money to correct problems related to medication 

than on the medications themselves.2

An important medication-related problem to consider is poly-

pharmacy, which is generally defined either as the concurrent use 

of 5 or more medications or as the use of more drugs than clini-

cally necessary.10 Polypharmacy is often the result of a prescribing 

cascade, in an attempt to meet disease-specific guideline goals or to 

treat comorbidities or multimorbidities.11 Polypharmacy can lead to 

drug-drug interactions (DDIs), as a patient’s risk for DDIs increases 

with each comorbidity and each drug prescribed.12,13 Among older 

adults, the prevalence of polypharmacy has steadily increased, as 

the number of prescribed medications tends to increase concomi-

tantly with age and comorbidities.2

Objectives: Older patients are especially vulnerable to drug-related 

problems due to multiple prescription drugs, which increases their risk of 

drug-drug interactions and adverse drug events (ADEs). This study aimed 

to examine outcomes associated with the MedWise Risk Score (MRS) in a 

Medicare Part D population, including total medical expenditures, ADEs, 

falls, mortality, emergency department (ED) visits, hospital admissions, 

and length of stay (LOS).

Study Design: Retrospective observational study. 

Methods: The association between MRS and patient health outcomes 

was derived using drug claims data from 213,561 beneficiaries and 

medication risk stratification using outcomes data in 2018 with 1 year of 

follow-up. Analyses were conducted with the Max MRS and the Mean MRS 

calculated over the year. Analyses utilizing the Max MRS performed better, 

and results using the Max MRS are presented. Statistical analyses were 

performed using linear regression, logistic regression, negative binomial 

regression, and zero-inflated Poisson (ZIP) models.

Results: Of 203,630 patients studied (mean ± SD age, 76.0 ± 8.0 years), 

4.9%, 9.8%, 24.5%, and 15.5% experienced at least 1 ADE, fall, ED visit, 

and hospital admission, respectively, in 2018. The MRS was associated 

with an 8.5% change in total medical expenditure per 1-unit increase. 

The adjusted odds ratio (OR) of ADE was 1.058 (95% CI, 1.055-1.06)/unit 

MRS. ADEs, falls, and death were more likely in elevated MRS categories 

(eg, OR of 4.45 for ADEs [95% CI, 4.10-4.83], 5.51 for falls [95% CI, 5.17-

5.87], and 4.42 for death [95% CI, 3.82-5.12], respectively for  Severe MRS 

group). Our model predicts 7000 ED visits for every 100,000 patients per 

unit increase of the MRS. The ZIP models estimated ORs of 1.03 and 1.01 

for hospital admissions and increase in hospital LOS, respectively, per 

MRS unit.

Conclusions: This study shows that MRS was associated with health 

outcomes and therefore could be used to identify patients at increased 

risk of negative outcomes based primarily on their medication regimens.
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Tabula Rasa HealthCare’s MedWise Risk Score (MRS) is a propri-

etary and patented risk score composed of aggregated values for 

pharmacokinetic and pharmacodynamic factors that are known to 

be associated with medication-related morbidity and mortality.14-17 

Evaluating a patient’s MRS can assist in reducing the risk of falls, 

medication-related errors, hospitalizations, and readmissions. 

Bankes et al, for instance, found that an elevated MRS results in a 

higher prevalence of ADEs and falls, in addition to increased ED 

visits and hospital admissions.14 Further, Ratigan et al found that 

increased mortality was associated with an elevated MRS.17

This retrospective study aims to investigate outcomes associated 

with a patient’s elevated MRS, including total annual medical costs; 

number of ED admissions; number of hospitalizations; average LOS 

per hospitalization; number of ADEs, if any; number of falls, if any; 

and death. The research presented here was conducted by Tabula 

Rasa HealthCare, with the oversight of ClearStone Solutions, the 

contracted Part D administrator for plan participant Blue Cross 

and Blue Shield Northern Plains Alliance (BCBS-NPA), without 

input from CMS.

Methods
We performed retrospective observational cohort analyses of health 

care claims data for more than 213,561 beneficiaries living in Part 

D Region 25 (Iowa, Minnesota, Montana, Nebraska, North Dakota, 

South Dakota, and Wyoming) whose coverage was provided by 

BCBS-NPA. NPA standard members must qualify for Medicare but 

may use additional types of insurance outside NPA. Data were 

obtained through NPA’s Medicare Part D administrator, ClearStone 

Solutions, which approved this project. This study received a waiver 

of informed consent from the Biomedical Research Alliance of New 

York Institutional Review Board (protocol number 19-12-172-427) 

and was conducted in accordance with ethical principles set forth 

by the Declaration of Helsinki. Patients were excluded if they were 

not enrolled in the health plan for the entire year of 2018, if no drug 

claims data were available, or if sex determination was missing. 

Patients who died during the studied year period of 2018 were 

included only in the death analysis. Funding was obtained by BCBS 

NPA in Medicare Part D Region 25, the model participant, under the 

5-year CMS Innovation Center’s Enhanced MTM model. Through 

NPA’s Part D plan administrator, ClearStone Solutions, funds were 

provided to Tabula Rasa HealthCare, Inc, for delivery of Enhanced 

MTM services and research. In this study, data were analyzed 

regardless of patient’s enrollment in the Enhanced MTM program.

Data 
The following data were collected and analyzed: age; gender; 

health claims, classified by International Classification of Diseases, 

Tenth Revision (ICD-10) codes; Medicare Part D drug claims data 

categorized via National Drug Codes (NDCs); and Medicare Part A 

(hospitalizations) and Part B (outpatient) claims. Patient race or 

ethnicity data were not provided in the context of this study. We 

excluded 11,518 patients who were not prescribed any medications 

from January 1, 2018, to December 31, 2018. Drug claims data from 

October 1, 2017, to December 31, 2018, were utilized to derive the 

MRS: A 3-month lead (October 1, 2017, to December 31, 2017) was 

accepted to cover the gap in drug claims in the first quarter of 2018. 

Comorbidities were assessed using the ICD-10 codes; prescription 

medications were identified from the pharmacy claims database 

and were extracted using NDCs. The presence of comorbidities 

was confirmed by the presence of at least 1 diagnostic code identi-

fied during the studied period. Charlson Comorbidity Index (CCI) 

scores were calculated.18,19 Median annual total medical expendi-

tures (Medicare Parts A and B) were used for the cost analysis. The 

covariates considered were patient age (at the end of the year), sex, 

CCI score, and MRS. Deaths recorded from January 2018 to April 

2019 were used, and the corresponding MRS of each patient who 

died during 2018 was calculated (delay in death registry in the first 

quarter of 2019). For deceased patients, date of death was provided as 

part of the monthly claims data and reported as all-cause mortality.

MedWise Risk Score (MRS)  
A risk stratification was performed to derive the MRS using algo-

rithms that consider 5 medication characteristics to compute 

risk of ADEs as described previously.15-17,20 Briefly, it includes  

(1) computation of a drug regimen relative odds ratio (OR) for 

ADEs using the US FDA pharmacovigilance database, (2) anticho-

linergic cognitive burden, (3) sedative burden, (4) drug-induced 

long QT syndrome burden, and (5) cytochrome P450 drug interac-

tion burden risk scores.16,17,20 There are 5 MRS categories: Minimal 

(0-9), Low (10-14), Intermediate (15-19), High (20-29), and Severe 

(≥ 30). For all drug regimens, MRSs were generated by processing 

prescribed drug claims using NDCs as drug identifiers. Medication 

data were extracted; errors and inconsistencies were cleaned 

through quality and integrity analyses. Since NDCs can also be 

assigned to products that are not medications (eg, medical devices 

and consumables), active medication data were further filtered 

to exclude such NDCs. 

Two measures of the MRS, each for a patient over the year, were 

considered: the maximum MRS (Max MRS) and the time-weighted 

Mean MRS. To calculate Mean MRS and Max MRS, the data about 

a prescription’s fill dates and its days’ supply were used. These 

data were obtained from insurance claims from January 1, 2018, 

until December 31, 2018. Distinct drug addition and drug removal 

events were identified from prescription fill dates and days’ supply 

information. Using these events, timelines of 2018 were divided 

into smaller intervals between addition or removal events of each 

year. Each of these intervals has a single drug regimen prescribed 

through this interval. For all patients continuously enrolled in 
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2017 and 2018, their medications prescribed in 2017 over the period 

ending in 2018 were considered in corresponding time intervals 

for the later year (up to 90 days pre-2018 period). For each patient, 

MRS values were generated for each distinct drug regimen event. 

Max MRS per patient was defined as the maximum value of MRS 

among all drug regimens derived for this patient. The Mean MRS 

was calculated as an average MRS weighted by the time intervals.

Outcomes
This study examined the association between patient MRS (Max MRS 

and Mean MRS) and 7 observable outcomes: medical expenditure 

(Medicare Parts A and B), ADEs, falls, all-cause mortality, hospital 

admissions, ED visits, and hospital LOS. 

Statistical Analyses 
This study assessed the association between MRS and patient cost 

using linear regression. Since patient cost has a highly skewed 

distribution, we regressed against log
10

 (patient cost +1). The 

overdispersion of $0 cost count data was considered in the analysis: 

Regression was conducted with patients having cost greater than 

$0, and then the output of the model was multiplied at each MRS 

value by the fraction of patients at that MRS who had $0 cost. MRS 

(Max or Mean), age, and sex were used as covariates. CCI score was 

not used as a covariate for the cost analysis since it is calculated 

based on claims and might cause data leakage.

This study used logistic regression to analyze 3 binary outcomes: 

whether a patient had an ADE, whether the patient had a fall, and 

whether a patient died. Regression coefficients were utilized to 

determine the OR of the outcome associated with an increase in 

MRS unit or risk categories. The model output was used to determine 

estimated probabilities of the event occurring to evaluate model 

performance. To control for covariates, 6 models were trained for 

each outcome and MRS type (Max MRS, Max MRS risk categories, 

Mean MRS, and Mean MRS risk categories): model 1, MRS; model 2, 

MRS and age; model 3, MRS and sex; model 4, MRS and CCI score; 

model 5, MRS, age, and sex; and model 6, MRS, age, sex, and CCI 

score. Model performance was evaluated using the area under the 

receiver operator characteristics (ROC) curve (AUC) and the sensi-

tivity and specificity at the Youden threshold.

Negative binomial regression was used to model the number 

of times a patient went to the ED. The number of observations (ED 

visits) was used in the regression model with a log-link function, 

and incident rate ratios (IRRs) were determined from the resulting 

coefficients. For hospital admissions and LOS, since many patients 

were not admitted to the hospital, a zero-inflated Poisson regres-

sion model was utilized. 

Statistical analysis was done in SAS statistical software, version 

9.4 (SAS Institute Inc) and in Python 3.8.10 using the NumPy  

(v. 1.20.2), pandas (v. 1.2.4), statsmodels (v. 0.12.2), scikit-learn 

(v. 0.24.2), Matplotlib (v. 3.3.4), and seaborn (v. 0.11.1) packages. 

Some data extraction and cleaning was performed in Microsoft 

SQL Server (v. 18) and in R, (v. 1.2.5019) with the dplyr, data.table, 

and sqldf packages. Webservice interface and customized scripts 

in Microsoft SQL Server (v. 18) were used to perform medication 

risk stratification and to manipulate large datasets.

Results
This retrospective study examined the MRS based on drug claims 

and outcomes data for 203,691 BCBS NPA beneficiaries in 2018 (plus 

2813 deceased patients who were included only in the death associa-

tion analysis). Table 1 includes demographic and descriptive data 

for the studied population. Participants included in the analyses 

were 59.1% female (n = 120,333) with an average age of 76.0 ± 8.0 

years; they received, on average, 4.6 ± 3.3 medications per day, 

and the mean CCI score for this population was approximately 1.2.

The average Max MRS for this population was 11.6 ± 8.1 with an 

average Mean MRS of 8.2 ± 6.4. Each patient was assigned a categorical 

TABLE 1. Demographic and Descriptive Data 

Patient characteristics 2018

Number of patients 

Alive 203,691a

Deceased 2813

Number of female patients: N (%) 120,333 (59.1%)

Age, years: mean (SD) 76.0 (8.0)

Number of medications per patient: mean (SD) 4.6 (3.3)

Charlson Comorbidity Index score: range 0-18

0: n (%) 103,391 (50.8%)

1-2: n (%) 72,137 (35.4%)

3-4: n (%) 16,283 (8.0%)

≥ 5: n (%) 11,880 (5.8%)

Number of ED visits: average (range) 0.46 (0-60)

0: n (%) 153,887 (75.5%)

1-4: n (%) 46,988 (23.1%)

5-9: n (%) 2496 (1.2%)

10-14: n (%) 241 (0.1%)

15-19: n (%) 57 (0.03%)

≥ 20: n (%) 22 (0.01%)

Number of hospitalizations: average (range) 0.23 (0-15)

0: n (%) 172,186 (84.5%)

1: n (%) 22,655 (11.1%)

2: n (%) 5749 (2.8%)

3: n (%) 1820 (0.9%)

≥ 4: n (%) 1271 (0.6%)

(Continued)
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Max MRS of Minimal (n = 100,790; 49.5%), Low (n = 40,889; 20.1%), 

Intermediate (n = 26,689; 13.1%), High (n = 28,291; 13.9%), or Severe 

(n = 7032; 3.5%; Table 1). Analyses were conducted with both the 

Max MRS and the Mean MRS. However, analyses utilizing the Max 

MRS performed better; therefore, subsequent result sections report 

analyses using the Max MRS. Mean MRS results are provided in 

eAppendix Figures 1, 2, and 3 and eAppendix Table 1 (eAppen-

dices available at ajmc.com). Results derived from the performance 

analyses with Max MRS and Mean MRS are provided in eAppendix 

Tables 2, 3, and 4.

MRS and Medical Expenditures 
A joint density plot representing total medical expenditure and 

Max MRS distributions in 2018 is illustrated in Figure 1. The cost 

distribution shows a large number of individuals with values being 

zero (n = 5186; 3%) as indicated with a peak at zero cost and a second 

peak above zero cost. Because of the excess of zero values, count of 

zero cost values was considered in the regression model. As shown 

in Table 2, the proportion of individuals with zero cost decreases 

as the Max MRS increases. The association between the Max MRS 

and medical expenditure is shown in Figure 2. Our results indicate 

an association between the total medical expenditure and the Max 

MRS: Each unit increase of Max MRS is related to an 8.5% increase 

in total medical expenditure. An MRS of 0 was computed for 2961 

patients in this population, which is associated with an average 

annual expenditure of $295 (observed). In contrast, patients with an 

MRS of 38 (n = 107) have an average annual expenditure per patient 

of $12,947 and a predicted mean cost of $16,437 when adjusted for 

age and sex. 

The annual medical expenditure was stratified per MRS group 

(Figures 3a and 3b). The empirical cumulative distribution indi-

cates that 50% of the population in the Minimal MRS group had a 

mean yearly medical cost of $1297, compared with $10,352 in the 

Severe MRS group (Figure 3a). The violin plots showed that the 

yearly mean medical expenditure increased based on the MRS 

groups: $1297, $2964, $4532, $6514, and $10,352 from Minimal to 

Severe MRS groups, respectively (Figure 3b).

MRS, ADEs, Falls, and Mortality
Elevated Max MRSs were associated with increases in negative 

patient outcomes, including ADEs, falls, and mortality. A total of 9919 

(4.9%) patients reported having at least 1 ADE (Table 1). Our results 

demonstrated that the percentage of patients with Intermediate, 

High, and Severe MRSs was higher if patients experienced at least 

1 ADE (18.6%, 26.5%, and 9.9%, respectively) compared with those 

without any confirmed ADEs (15.5%, 17.6%, and 5.0%, respectively; 

Figure 4a). The ORs for having at least 1 ADE per MRS unit and per 

MRS category are shown in Table 3. When adjusted for age, sex, and 

CCI score (model 6), the model estimated a 5.8% increase in OR of 

having an ADE per increase in MRS unit. A significant increase in 

risk of ADEs was observed when compared with the Minimal MRS 

group (reference): ORs ranged from 1.824 to 4.542 for Low MRS to 

Severe MRS groups, respectively (Table 3). 

In 2018, 9.8% (n = 19,863) of the studied population reported expe-

riencing at least 1 fall (Table 1). The median Max MRS was greater 

among patients who experienced at least 1 fall, compared with those 

without a confirmed fall (16 vs 9, respectively, matched for age, sex, 

and CCI score). Among individuals who experienced at least 1 fall, 

higher frequencies of those in the High and Severe MRS categories 

were observed, compared with the group without confirmed falls 

(27.0% vs 16.4% and 9.2% vs 3.7%, respectively; Figure 4b). The OR 

of experiencing at least 1 fall was 1.075 (95% CI, 1.073-1.077) per each 

MRS unit (unadjusted model; Table 3). This OR remains significant 

when adjusted for age, sex, and CCI score, with an OR of 1.067 (95% 

CI, 1.065-1.069) per MRS unit (model 6 including age, sex, and CCI 

score). Individuals with Intermediate, High, and Severe MRS had a 

TABLE 1. (Continued) Demographic and Descriptive Data 

Patient characteristics 2018

Average length of stay (days): range 0-143

0: n (%) 172,186 (84.5%)

1-7: n (%) 27,158 (13.3%)

8-14: n (%) 3677 (1.8%)

15-21: n (%) 454 (0.2%)

22-28: n (%) 120 (0.1%)

29-35: n (%) 49 (0.02%)

36-42: n (%) 17 (0.008%)

≥ 43: n (%) 30 (0.01%)

Number of patients with ≥ 1 ADE: n (%) 9919 (4.9%)

Number of patients with ≥ 1 fall: n (%) 19,863 (9.8%)

Max MRS: mean (SD) 11.6 (8.1)

Minimal: n (%) 100,790 (49.5%)

Low: n (%) 40,889 (20.1%)

Intermediate: n (%) 26,689 (13.1%)

High: n (%) 28,291 (13.9%)

Severe: n (%) 7032 (3.5%)

Mean MRS: mean (SD) 8.2 (6.4)

Minimal: n (%) 142,023 (69.7%)

Low: n (%) 31,635 (15.5%)

Intermediate: n (%) 16,796 (8.2%)

High: n (%) 12,157 (6.0%)

Severe: n (%) 1080 (0.5%)

ADE, adverse drug event; ED, emergency department; MRS, MedWise Risk 
Score.
aStatistical analyses on health outcomes were conducted with alive patients 

(ie, n = 203,691) in 2018; patients who died were not included (except for the 
death analysis). Percentages are relative to the alive group.
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2.282-, 3.465-, and 5.508-times higher likelihood of experiencing a fall 

compared with the Minimal risk group, respectively (model 6; Table 3).

An elevated MRS also resulted in increased mortality in this 

population, with 2813 deaths reported during the studied period 

(Table 1 and Figures 4a, 4b, and 4c). Compared with patients still 

alive, a higher percentage of individuals with Intermediate, High, 

and Severe MRSs died during the studied period (the death analysis: 

January 2018 to March 2019) (Figure 4c). The effect of the Max MRS 

was 1.081 (unadjusted model) and 1.061 (adjusted model) on the odds 

that death occurs per MRS unit (Table 3). Analyses performed with 

MRS categories revealed that individuals having Low, Intermediate, 

High, or Severe MRS had an OR of dying that was 1.558, 1.929, 3.243, 

or 4.420 times higher than that of the Minimal MRS group (Table 3). 

The Max MRS distribution among patients experiencing studied 

health outcomes showed a shift of the Max MRS density distribu-

tion and higher Max MRS median values among patients who had 

at least 1 ADE or fall or who died (unadjusted and adjusted analyses; 

eAppendix Figure 4). 

MRS, ED Visits, 
and Hospitalizations
A total of 49,804 individuals requiring ED 

admissions was recorded, with 153,887 patients 

reporting no ED admission for the full year of 

2018 (Table 1). Because of the overdispersion 

of ED admissions and ED admission being 

a count variable, negative binomial regres-

sions were conducted. The IRRs of ED visits 

were 1.08 and 1.07 (unadjusted and adjusted 

models, respectively) per MRS unit, meaning 

that the number of expected ED visits increased 

by 7% per 1-unit increase of the MRS per year 

(P < .0001; Table 4). In addition, our results 

suggest that models predicted a 16% increase 

of ED admission per CCI score unit and that 

female patients had an IRR of ED visits 5% to 

9% lower than that of male patients.

Similar results were observed for hospital 

admission. Among the studied population, 

31,505 patients were hospitalized, with a total of 

45,758 hospital admissions in 2018. The associa-

tions between the Max MRS and hospitalizations 

and between the Max MRS and hospital LOS 

are shown in Table 5. The adjusted model 

(including Max MRS, age, sex, and CCI score) 

predicted a 3% increase of hospital admissions 

per 1-unit increase of the MRS (Table 5). In our 

regression model, adjusted ORs for the LOS 

in hospital was 1.01 per each unit increase in 

MRS. Our adjusted regression models showed 

that CCI score and sex were also associated with hospitalizations 

and the LOS, with a greater association with hospital admissions: 

Hospital admission was lower in female patients (OR, 0.92; 95% 

CI, 0.90-0.95), and hospitalization was predicted to increase by 

13% per unit of CCI score.

Discussion
This retrospective study aimed to examine the association of MRS 

with patient outcomes, including ADEs, falls, and mortality, as 

well as with medical expenditures, ED visits, hospitalizations, and 

hospital LOS in a polymedicated Medicare Part D population in 

2018. The Max MRS was significantly associated with risk of expe-

riencing ADEs, falls, and death with adjusted ORs of about 1.06 to 

1.07 per unit increase of MRS (model 6). The nonzero cost regression 

model estimated an 8.5% increase in total medical expenditure per 

each unit increase of MRS. Our model predicted 7000 ED visits for 

every 100,000 subjects per 1-unit increase of the MRS per year. Our 

results showed an association between the Max MRS and hospital 

FIGURE 1. Joint Density Plot Showing the Probability Density Function of Total 
Medical Expenditure and Max MRS Distribution (2018)a

MRS, MedWise Risk Score.
aDarker areas indicate higher density at those points.
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TABLE 2. Total Medical Expenditure (Medicare Parts A and B) per Max MRS Unit (2018)a 

Max MRSb

Number of patients
(200,630)b

Fraction of patients 
with cost >$0

Mean observed  
costs

Mean predicted costs 
from the model

0 2961 0.89 $295 $443 

1 5819 0.92 $460 $621 

2 8411 0.94 $644 $776 

3 12,278 0.95 $793 $905 

4 12,123 0.96 $1004 $1037 

5 12,125 0.97 $1127 $1182 

6 11,671 0.97 $1274 $1334 

7 12,151 0.97 $1455 $1466 

8 11,775 0.98 $1697 $1637 

9 11,476 0.98 $2083 $1864 

10 10,013 0.98 $2330 $2036 

11 8835 0.98 $2687 $2233 

12 8032 0.98 $2897 $2422 

13 7318 0.99 $3202 $2683 

14 6691 0.99 $3552 $2949 

15 6097 0.99 $3835 $3238 

16 5752 0.99 $4064 $3508 

17 5416 0.99 $4300 $3711 

18 4955 0.99 $4810 $4110 

19 4469 0.99 $4808 $4403 

20 4094 0.99 $5261 $4839 

21 3744 0.99 $5352 $5154 

22 3428 0.99 $5448 $5732 

23 3083 0.99 $6069 $6102 

24 2784 0.99 $6076 $6758 

25 2626 0.99 $6294 $7257 

26 2438 0.99 $6551 $7651 

27 2224 0.99 $6749 $8434 

28 2055 0.99 $7453 $9173 

29 1815 0.99 $7071 $9821 

30 1607 0.99 $7253 $10,271 

31 1304 0.99 $8255 $11,195 

32 1242 0.99 $8125 $12,032 

33 929 0.99 $9399 $13,218 

34 660 0.98 $8568 $12,933 

35 531 1 $10,712 $16,278 

36 306 0.97 $10,642 $13,776 

37 265 0.99 $12,369 $17,746 

38 107 0.98 $12,947 $16,437 

MRS, MedWise Risk Score.
aResults derived via linear regression. The predictive model includes Max MRS, age, and sex, for 2018; age and sex were set to the average value from each MRS 
unit. The model was trained on patients with cost greater than $0, the regression model results (mean costs; ie, patients with cost, excluding patients with $0 cost) 
are multiplied by the fraction of patients with cost greater $0 to get a final estimate (ie, mean cost for the whole studied population). The last column represents 
weighted mean costs when considering all patients. 
bMRSs were capped to values with at least 100 patients.
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admissions and hospital LOS, with increasing risk of events occur-

ring per unit of MRS.

A comparative analysis of Max MRS and Mean MRS models 

based on performance indicators was conducted (eAppendix 

Tables 2, 3, and 4). Even though certain metrics have similar values 

in different models tested, models using the Max MRS generally 

performed better. In addition, predicted model expenditure showed 

that the Max MRS had a predictive value of 8.5% cost increase per 

unit increase of the MRS vs 7.8% with the Mean MRS. It should be 

noted that even though the difference is small, it becomes more 

important as the MRS values increase (as an exponential function). 

Overall risk predictions remain relatively close with a trend toward 

better performance with the Max MRS. Furthermore, the computa-

tion of the Max MRS is less tedious and is preferable because of its 

simplicity compared with the Mean MRS.

ADEs are increasingly common in aging populations. In 2003, 

Gurwitz et al reported that in the United States, ADEs occur at a 

rate of approximately 50 per 1000 patient-years (5.0%).21 This is 

consistent with the results of our study, where 9919 (4.9%) patients 

reported having at least 1 ADE during the year 2018. When compared 

with the Minimal MRS group, the odds of having at least 1 ADE 

increased progressively with higher MRS categories: ORs of 1.82, 

2.41, 3.08, and 4.54 for the Low, Intermediate, High, and Severe 

MRS groups, respectively (model 6). Predictive models of ADEs 

reported in the literature are usually limited to specific and unique 

ADEs such as acute renal failure, liver injury, and upper gastroin-

testinal bleeding.22-24 In addition, such models are often limited for 

measuring causality or severity and cannot be utilized as predic-

tive risk tools.25,26 The MRS used in our study is novel and uses a 

population-tailored stratification strategy to identify patients at 

risk of ADEs for a given drug therapy regimen.

In the United States, the leading cause of traumatic, or injury-

related, mortality in older adults is falls from a standing position. 

In 2014, 2.8 million ED visits occurred in the United States for fall-

related injuries in older adults; from these, approximately 800,000 

patients were hospitalized.27 A total of 29,668 US residents aged 

65 years or older died as the result of a fall in 2016, up from 18,334 

in 2007. Furthermore, 30% of older US adults (≥ 65 years) reported at 

least 1 fall during 2014; these estimated 29 million falls resulted in 

approximately 7.0 million injuries and approximately 27,000 deaths.28  

In our elderly studied population, approximately 10% experienced 

at least 1 fall in 2018. The number of falls observed in our study is 

lower than the number of falls reported in the literature (about 

30%); this difference could be due to the fact that only falls severe 

enough to require care were detected using ICD-10 codes. 

According to the CDC, falls can be prevented by addressing risk 

factors, such as drug regimen or poor strength and balance, and 

injury-related deaths can be prevented by identifying a patient’s 

number of falls, reviewing drug regimens, and prescribing inter-

ventions, such as physical therapy.29 Our study demonstrated that 

the risk of experiencing a fall was significantly associated with the 

MRS: Odds of a fall were 2.28, 3.47, and 5.43 times higher in patients 

with Intermediate, High, and Severe MRSs compared with those in 

the Minimal MRS (comparison) group. The MRS could be used as an 

indicator of fall risk in a preemptive manner based on drug regimen.

Age is undeniably associated with hospitalization occurrence. 

The Agency for Healthcare Research and Quality reported that adults 

65 years and older accounted for about 35% of all US population 

hospital discharges in 2008.30 In 2018, 14.2% of persons aged 65 to 

74 years had at least 1 hospitalization; the rate rose to 19.6% for 

patients aged 75 to 84 years.31 In agreement with these statistics, 

we observed in our study population that 15.5% of older adults 

(mean age, 76 years) had 1 or more hospitalization in 2018. 

The performance of the logistic regression models was measured 

using ROC curves: The AUC ROCs were 0.74 and 0.73 for ADEs 

and falls, respectively (model 6; eAppendix Table 2). The MRS in 

the studied population was moderately discriminative for these 

outcomes (an AUC ROC of 0.5 indicates no discrimination; higher 

values of the AUC ROC curve indicate better accuracy of the predic-

tive model). For death, our models presented an AUC ROC value 

of 0.83; although there is no absolute cutoff, an AUC ROC of 0.8 or 

greater is considered to show very good discrimination capability. 

Various predictive models of death are proposed and published in 

the literature; many of them are oriented toward specific disease 

states, such as cancer, liver disease, pneumonia, end-stage organ 

failure (eg, Child-Turcotte-Pugh, cancer of the liver Italian program 

score, model for end-stage liver disease, pneumonia severity index, 

FIGURE 2. Comparison of Predicted Total Medical Expenditure  
vs Observed Cost in 2018 as a Function of Max MRSa

MRS, MedWise Risk Score.
aPredicted total medical expenditure derived via linear regression. The Max 
MRS was associated with total health care expenditure (Medicare Parts A and 
B) showing independent contribution of the Max MRS with predictive value of 
8.5% cost increase per unit increase in MRS. The model includes Max MRS, age, 
and sex as covariates. Max MRS was capped to values with at least 100 patients. 
Confidence intervals for the data line were derived from bootstrap sampling.
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FIGURE 3. Cost Distribution in 2018 by Max MRS Risk Category, Matched on Age and Sexa

A. Empirical cumulative distributionb B. Violin plotsb,c
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aThis figure illustrates the association between the total medical expenditure and Max MRS categories.
bThe blue, green, yellow, orange, and red represent the Minimal (MRS <0-9), Low (MRS 10-14), Intermediate (MRS 15-19), High (MRS 20-29), and Severe (MRS ≥30) risk 
categories for their Max MRS, respectively.
cThe white dots are the medians, and the colored areas are probability density estimates.

FIGURE 4. Frequency of Individuals in Minimal, Low, Intermediate, High, and Severe Max MRS Categories by (a) ADE, (b) Fall,  
and (c) Mortalitya 

ADE, adverse drug event; MRS, MedWise Risk Score.
aPatients matched on age, sex, and Charlson Comorbidity Index score. Blue, green, yellow, orange, and red represent the Minimal (MRS < 0-9), Low (MRS 10-14), 
Intermediate (MRS 15-19), High (MRS 20-29), and Severe (MRS ≥ 30) risk categories for their Max MRS, respectively.
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TABLE 3. Odds Ratios: Association Between the Max MRS With Health Outcomes Including Adverse Drug Event, Fall, and Mortalitya

Model Parameter 
OR of ADE 
(95% CI)

OR of fall 
(95% CI) 

OR of death 
(95% CI) 

1
(not adjusted) 

MRS per unit 1.074 (1.072-1.077) 1.075 (1.073-1.077) 1.081 (1.077-1.086)

Minimal MRS (reference) 1 1 1

Low MRS 2.116 (1.992-2.247) 1.890 (1.810-1.974) 2.140 (1.902-2.407)

Intermediate MRS 3.036 (2.853-3.231) 2.724 (2.604-2.850) 2.994 (2.652-3.379)

High MRS 4.207 (3.974-4.453) 4.256 (4.086-4.432) 5.471 (4.932-6.070)

Severe MRS 6.826 (6.313-7.380) 6.460 (6.084-6.858) 7.470 (6.495-8.590)

2 

MRS per unit 1.074 (1.072-1.077) 1.074 (1.073-1.076) 1.077 (1.073-1.082)

Minimal MRS (reference) 1 1 1

Low MRS 2.116 (1.992-2.248) 1.735 (1.660-1.812) 1.826 (1.622-2.055)

Intermediate MRS 3.037 (2.853-3.232) 2.477 (2.366-2.593) 2.477 (2.193-2.798)

High MRS 4.207 (3.974-4.454) 3.936 (3.777-4.102) 4.493 (4.046-4.990)

Severe MRS 6.825 (6.313-7.379) 6.653 (6.256-7.076) 6.811 (5.912-7.847)

3 

MRS per unit 1.074 (1.072-1.077) 1.074 (1.072-1.076) 1.082 (1.077-1.086)

Minimal MRS (reference) 1 1 1

Low MRS 2.116 (1.992-2.247) 1.904 (1.824-1.989) 2.139 (1.901-2.406)

Intermediate MRS 3.036 (2.853-3.231) 2.733 (2.612-2.859) 2.994 (2.652-3.379)

High MRS 4.207 (3.975-4.454) 4.193 (4.026-4.367) 5.478 (4.938-6.078)

Severe MRS 6.829 (6.315-7.384) 6.236 (5.872-6.622) 7.491 (6.512-8.617)

4 

MRS per unit 1.058 (1.056-1.061) 1.068 (1.067-1.070) 1.063 (1.058-1.067)

Minimal MRS (reference) 1 1 1

Low MRS 1.824 (1.716-1.939) 1.775 (1.700-1.854) 1.814 (1.611-2.042)

Intermediate MRS 2.407 (2.258-2.565) 2.472 (2.362-2.588) 2.296 (2.030-2.596)

High MRS 3.079 (2.904-3.266) 3.739 (3.587-3.897) 3.819 (3.432-4.249)

Severe MRS 4.542 (4.186-4.927) 5.429 (5.106-5.771) 4.568 (3.952-5.281)

5 

MRS per unit 1.074 (1.072-1.077) 1.074 (1.072-1.076) 1.078 (1.074-1.083)

Minimal MRS (reference) 1 1 1

Low MRS 2.116 (1.992-2.248) 1.749 (1.674-1.827) 1.810 (1.608-2.037)

Intermediate MRS 3.037 (2.853-3.232) 2.491 (2.379-2.607) 2.463 (2.180-2.782)

High MRS 4.208 (3.975-4.455) 3.909 (3.751-4.074) 4.526 (4.075-5.026)

Severe MRS 6.828 (6.315-7.384) 6.518 (6.128-6.932) 6.946 (6.028-8.005)

6 

MRS per unit 1.058 (1.055-1.060) 1.067 (1.065-1.069) 1.061 (1.056-1.065)

Minimal MRS (reference) 1 1 1

Low MRS 1.839 (1.730-1.955) 1.655 (1.584-1.729) 1.558 (1.383-1.756)

Intermediate MRS 2.423 (2.273-2.582) 2.282 (2.179-2.390) 1.929 (1.704-2.183)

High MRS 3.074 (2.898-3.260) 3.465 (3.322-3.614) 3.243 (2.912-3.612)

Severe MRS 4.451 (4.101-4.830) 5.508 (5.172-5.865) 4.420 (3.818-5.117)

ADE, adverse drug event; MRS, MedWise Risk Score; OR, odds ratio.
aOdds ratios are derived from binary logistic regression models. The odds ratios for Max MRS categories are relative to the Minimal category. Unadjusted models and 
models controlling for covariates were tested as follows: model 1: MRS; model 2: MRS plus age; model 3: MRS plus sex; model 4: MRS plus Charlson Comorbidity 
Index score; model 5: MRS plus age and sex; model 6: MRS plus age, sex, and Charlson Comorbidity Index score.
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and sequential organ failure assessment). For all these models, 

median AUC ROC values from 0.73 to 0.84 are reported.32 The Acute 

Physiology and Chronic Health Evaluation (APACHE) score is the 

most commonly utilized scoring system to predict mortality in 

patients admitted to the intensive care unit. Siontis et al calcu-

lated summary accuracy measures and reported an AUC ROC of 

0.79 for the APACHE II scoring tool.32 The Length of Stay, Acuity, 

Comorbidities, ED visits (LACE) index is also used to predict the 

risk of early death within 30 days of discharge.33 The C statistic of 

the LACE index developed by Van Walraven et al for early death was 

estimated at 0.79.33 Overall, models based on MRS used in our study 

showed better or similar accuracy in death prediction (model 6; AUC 

ROC 0.83), even while considering that the MRS is not limited to 

specific diseases or specific settings compared with other scoring 

tools.34-38 Our results indicate that the MRS is a powerful tool to 

foresee the increased risk of death associated with drug-related 

problems, as demonstrated previously.17 

Unfortunately, an ED visit by an older person can indicate a 

higher risk for morbidity and mortality.39 The LACE index is primarily 

used to predict the risk of unplanned readmission of patients after 

discharge from the hospital to community.33 Van Walraven et al 

reported that each 1-point increase in the LACE index increased 

the odds of unplanned readmission by 18%.33 One significant limi-

tation of the LACE index is that it cannot be used to predict a first 

ED visit event.

Several models have been developed to predict patients’ total 

health care costs, and there are major differences in the approaches 

used or developed in these models.40-43 Some are predictive models 

developed for inpatient expenditures, whereas others are predictive 

cost models based on diagnosis and/or chronic diseases or based 

on drug counts.40-43 Jodicke et al developed a predictive model for 

patients’ health care costs in the subsequent year using health 

insurance claims data.43 Similar to our approach, they particularly 

focused on the role of pharmacotherapy. They demonstrated an 

association between probabilities of increased costs and phar-

macotherapy by targeting specific drug groups prescribed to treat 

chronic conditions.43 

In contrast, our MRS considers drugs from all pharmacological 

classes, is sensitive to drug combination, and is based on the pecu-

liar pharmacological properties of each of these drugs. Additionally, 

it considers that even if a patient is treated according to disease 

TABLE 4. Annual Incidence Rate Ratios of ED Visits With Max 
MRS (2018)a 

ED admissions

Model Parameterb

Incident rate ratio per unit 
increase in parameterc P value

1 MRS 1.08 <.0001

2
MRS 1.08 <.0001

Age 1.03 <.0001

3
MRS 1.08 <.0001

Sex 0.95 <.0001

4
MRS 1.07 <.0001

CCI 1.16 <.0001

5

MRS 1.08 <.0001

Age 1.03 <.0001

Sex 0.91 <.0001

6

MRS 1.07 <.0001

Age 1.03 <.0001

Sex 0.96 <.0001

CCI 1.16 <.0001

CCI, Charlson Comorbidity Index score; ED, emergency department; MRS, 
MedWise Risk Score.
aUnadjusted and adjusted models were tested controlling for age, sex, and 
Charlson Comorbidity Index score.
bSex coded as male = 0 and female = 1.
cIncidence rate ratio indicates that if the parameter is increased by 1, the 
model multiplies the predicted number of ED admissions by this amount, if 
other variables are held constant.

TABLE 5. Association of Hospital Admissions and Average 
Hospital LOS With Max MRS (2018)a

Hospitalization LOS

Model Parameterb

Factor increase in 
hospital admission 
per unit increase 

in parameter 
(95% CI)

Factor increase 
in LOS per 

unit increase 
in parameter 

(95% CI)

1 MRS 1.04 (1.04-1.04) 1.01 (1.01-1.01)

2
MRS 1.04 (1.04-1.04) 1.01 (1.01-1.01)

Age 1.00 (1.00-1.00) 1.00 (1.00-1.00)

3
MRS 1.04 (1.04-1.05) 1.01 (1.01-1.01)

Sex 0.85 (0.82-0.88) 0.96 (0.95-0.97)

4
MRS 1.03 (1.03-1.03) 1.01 (1.01-1.01)

CCI 1.12 (1.12-1.13) 1.04 (1.03-1.04)

5

MRS 1.04 (1.04-1.04) 1.01 (1.01-1.01)

Age 1.00 (1.00-1.00) 1.00 (1.00-1.00)

Sex 0.85 (0.83-0.88) 0.96 (0.95-0.97)

6

MRS 1.03 (1.03-1.03) 1.01 (1.01-1.01)

Age 1.00 (1.00-1.00) 1.00 (1.00-1.00)

Sex 0.92 (0.90-0.95) 0.98 (0.97-0.99)

CCI 1.13 (1.12-1.13) 1.04 (1.03-1.04)

CCI, Charlson Comorbidity Index score; LOS, length of stay; MRS, MedWise 
Risk Score.
aResults of regression models using the zero-inflated Poisson model. Unad-
justed and adjusted models were tested controlling for age, sex, and Charlson 
Comorbidity Index score.
bSex coded as male = 0 and female = 1.
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treatment guidelines, the combination of drugs received for multiple 

chronic conditions present in this patient may not represent an 

optimal drug regimen. Hence, our model addresses and quanti-

fies mostly the appropriateness of the drug regimen rather than 

targeting specific drugs or drug classes. Further, compared with other 

models, drug information is not used as a proxy to derive diseases 

to subsequently link diseases to health care risk.44,45 The associa-

tion we derive among the MRS, medical expenditures, and health 

outcomes is comprehensive. 

Limitations
There are limitations associated with the methods utilized in this 

study. Prescription drug and medical cost claims data are limited 

by the accuracy and timeliness of the information, and our cost 

analysis was restricted to Medicare Parts A and B claims data. 

Additionally, health outcomes are driven by behavioral, social, and 

environmental factors, which were not captured and considered 

in our study. Nevertheless, this is not unique to our study, as most 

predictive models face similar limitations.

Conclusions
Several factors contribute to the rising costs of nonoptimized 

prescribing, including the rapid growth of the aging US popula-

tion. It is estimated that by 2030, the number of Medicare enrollees 

could reach 81.8 million.9 The MRS described in this study can help 

decision-makers identify patients at risk for higher medical expen-

ditures and optimize health care services for these preidentified 

groups. Subsequently, the MRS provides information on individual 

drug regimens, helping health care providers identify medications 

that contribute to an elevated MRS. Our results suggest that the use 

of the MRS can provide information to reduce health care costs and 

optimize prescribing practices. n
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