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Abstract

The Impact of Enhancing Quality of Provider Practices for Older Adults in the
Emergency Department (EQUiPPED) on Potentially Inappropriate Medications (PIMs)
By Jiayang Song

Background: The elderly play an important role in health care. One of the biggest issues
of the health care for the elderly is medical prescriptions. Some medications perform well
in the general population while they would cause side effects that outweigh the benefits
in the elderly, which are called potentially inappropriate medications (PIMs). PIMs were
prescribed very often in the emergency department (ED), where the pace is fast and
chaotic. The program “Enhancing Quality of Provider Practices for Older Adults in the
Emergency Department (EQUiPPED)” was created with the hope to reduce the use of
PIMs. The previous study found it effective in VA settings. We implemented EQUiPPED
and analyzed its performance on reducing PIMs count/rate in the first non-VA setting in
this paper.

Methods: The intervention include provider education, EHR-based clinical decision tools
and provider feedback. The intervention was divided into three periods: Pre-Intervention,
Post- Intervention and Intervention (five months). Both weekly- and monthly-based PIMs
rates were calculated, and the changing trends were analyzed. Bonferroni adjusted
proportion test and exact ratio test were conducted to find the unadjusted effect of
EQUIPPED on PIMs rate. Several regression models for count outcomes were fitted and
compared. A regression-based test was used to determine the adjusted effect on the final
model.

Results: The EQUIPPED program successfully was implemented. The Bonferroni
adjusted proportion test indicated significant differences between both Pre-Intervention
vs Post-Intervention and Intervention vs Post-Intervention (P-value both < 0.001). The
exact rate ratio test gave us similar outcome: with an estimated ratio of 2.51(95%
confidence interval 2.30 — 2.73, P-value < 0.001). Negative binomial model was selected
given the outcome of Vuong test, dispersion parameter, AIC and BIC. Two models with
covariates selected using different criteria were finally fitted. The adjusted effects of
EQUIPPED period showed no signs of effectiveness (P-value = 0.40 and 0.44
respectively for these two models)
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1. Introduction:

In health care, the elderly play an important role because they are a vulnerable and
growing population. The personal health care expenditure by older people (defined as
persons aged 65 years old or greater) is 33.9 percent ($744 billion out of $2,193 billion)!
of all the personal health care costs in 2010. Moreover, people aged 55 and over account
for over half of total health spending®. The rate of emergency department (ED) visits for
people aged 65+ is 56,803 per 100,000 population in 2015, accounting for approximately
32% of all the visits®>. Within the Veterans Health Administration, this percentage was
predicted to increase to 40%* in 2015. Promoting health care service for the elderly is

thus an effective way to improving the overall health care quality.

Additionally, the world’s population is also increasingly aging, making the health care for
the older population extremely urgent. The last one and a half decades witnessed a
growing number of older people: 6.9% of people worldwide (419 million) aged 65+ in
2000'° while this percentage rose to 8.5% ($617 million) in 2015°. In the United States,
this trend is even greater with 15.2% ($49.2 million) in 2015 compared to 12.4% ($35.0
million) in 20007. With continuously increasing life expectancy, the older population
continues to grow. The projected older population in 2050 is nearly 17% (1.6 billion)
around the world® and about 22% (83.7 million) in the US®, which almost doubled the
number in 2015. Thus, as a result, more efficient healthcare systems and processes are

necessary for senior citizens.



Older patients often have different clinical manifestations than younger adults as apparent
in clinical symptoms and signs, co-morbidities, more complications, etc. making the
treatment of them more complicated and difficult. One of the biggest areas of concern is
medical prescriptions. In the Emergency Department (ED), these differences can be
magnified due to the fast-paced, chaotic environment of this health care setting. Given
physiological changes like reduced kidney function, altered pharmacokinetics and
pharmacodynamics and degenerated cognitive function of the elderly, older patients are
at increased risks of adverse drug reactions (ADRs) due to medication’. Medications
found to cause side effects that outweigh the benefits in the older patients are called
potentially inappropriate medications (PIMs). These medications compose the Beers
criteria'®. The Beers criteria were developed by Dr. Beers, originally published in 1991
and most recently revised in 2015'2. The Beers criteria PIMs, hereafter called PIMs,
continue to be prescribed as treatment for many patients, despite the safety risk to this
patient population. PIMs have been found to be associated with poor health outcomes and
ADRs, including confusion, falls, and mortality'!!*. Thus, the avoidance of PIMs

improves prescribing practice and will lead to higher quality care for older adults.

The program “Enhancing Quality of Provider Practices for Older Adults in the
Emergency Department (EQUiPPED)” was created with the hope to reduce the use of
PIMs. EQUIPPED is a multicomponent quality improvement (QI) program combining
provider education, electronic health record (EHR)-based clinical decision support tools,

individual provider feedback and program evaluation with peer benchmarking.



EQUIPPED was first piloted in eight Veterans Affairs (VA’s) EDs, aiming to decrease

the use of PIMs!#.

Results of this pilot study reported significant reduction in PIM prescriptions!#in VA
settings. Four VA sites implemented EQUiIPPED was studied: At site 1, the PIM rates
reduced from 11.9% before the intervention to 5.1% after the intervention; At site 2, it
reduced from 8.2% to 4.5%; At site 3, it reduced from 8.9% to 6.1%; At site 4, it reduced
from 7.4% to 5.7%. Additionally, Dr. Stevens and his team fitted four Poisson regression
models at each site with PIMs rate as the dependent variable, EQUiPPED period (before
or after the program implementation) as the only independent covariate and the number
of prescriptions adjusted as offset. All four coefficients of EQUiPPED period showed
statistically significant outcome. In this study, we would analyze the prescription data at
Grady Memorial Hospital, the first site to implement this program outside of the VA

system, to further study the impact of EQUiPPED on PIMs rate.



2. Methods:

2.1. Setting and Interventions:

Grady Memorial Hospital is a county funded hospital with residency training programs
such as emergency medicine located in Atlanta, GA. The site implemented EQUiPPED
interventions including provider education, electronic health record (EHR)-based clinical
decision support tools and individual provider feedback and program evaluation with
peer benchmarking. The provider education was implemented from August Ist, 2016 to
March 31st, 2017. The provider feedback started from August 1st, 2016 ended in
September 30th, 2018. The EHR-based tools were implemented from August Ist, 2016
and are still in use. The Provider survey was conducted at the end of the implementation
period to collect demographic information as well as opinion of provider’s clinical

environment and knowledge of PIMs.

2.2. Provider education:

A presentation entitled “Principles of Prescribing for Older Adults” was provided by the
EQUIPPED team to staff providers and ED residents. Clinical pharmacists were offered
support to complete training and certification in geriatric pharmacotherapy. Reminder

cards with a list of top PIMs were placed at provider computer workstations.

2.2.1. EHR-based clinical decision support tools:
EPIC™ electronic health record is one of the top 5 popular electronic health record

(EHR)’s used nationally'’. The EQUiPPED team developed templates for geriatric



outpatient pharmacy order sets for common ED discharge diagnoses among older adults
with dose adjustments for renal impairment, point-of-prescribing education regarding
medications to avoid, and links to synthesized geriatric content within EPIC system. The
order sets encourage safer medications and was the first order sets focused on medication
safety for older adults discharged from the ED. Additionally, Best Practice Alerts
(BPAs), a pop-up system which will fire when an order considered inappropriate by the

CTM

pre-defined program, implemented into the EPI system was used to promote safer

medication as well.

2.2.2. Provider feedback:

Staff providers were required a monthly audit and feedback of individual prescribing
patterns and received anonymous peer benchmarking comparing individual performance
with that of other ED providers at the same site!®!°. The feedback was a one-on-one
meeting with a follow up email detailing the prescribing patterns. The feedback was used

to improve provider education and to optimize the EHR-based system.

2.3. Data collection and measures:

Prescribing data from August 1%, 2016 to Sep 30™, 2018 were collected for analysis at a
monthly rate and maintained in a Redcap database at Emory. The prescribing data were
divided into three periods: Pre-intervention (May 1%, 2016 to October 31, 2016),
Intervention (November 1%, 2016 to March 31%, 2017) and Post-intervention (April 1%,
2017 to September 30, 2018). As described before, PIMs were defined by the Beers

criteria (revised in 2015°). Our primary outcome of interest was the rate of PIMs



prescribed for people aged 65+ discharged from the ED in the three periods, especially
the rate of PIMs before the implementation of EQUiPPED and post intervention.
Provider characteristics were collected in the survey at the end of the implementation of

EQUiPPED.

2.4. Data analysis:

PIMs rate was calculated by the number of PIMs divided by the number of all
prescriptions. Both weekly- and monthly-PIMs rate were calculated. Trends were
compared through figures. A Bonferroni adjusted test of proportions was performed to
compare the PIMs rate. An exact rate ratio test was performed to confirm the difference
between the rate of PIMs before the first implementation of core EQUiPPED
interventions and five months after it. In order to get the adjusted effect of EQUiPPED
periods, regression models were fitted and model selection on both modeling methods

and covariates were conducted.

2.4.1. Model selection on different modeling methods:

Poisson regression can be used to model count data. However, it has very strict
assumptions. One that is often violated is the distributional assumption that the mean
equals the variance, which, when violated, is known as overdispersion. Another is that
sometimes the variance of count outcome of interest is too large because there are many
zeroes as well as a few very high values. This is called excess zeroes. Due to
overdispersion and excess zeroes of the data, we fitted five different models with PIMs

rate as the dependent variable, EQUiPPED period (before or after the program



implementation) as the only independent covariate and the number of prescriptions

adjusted as offset:

Poisson regression:

Let Y refers to the number of PIMs. Z refers to whether it’s at least five months prior to
first EQUiPPED intervention (0) or at least five months after the EQUiPPED intervention
(1). The following Poisson regression model was fitted:

)= pi”iexp(—u;)
yi!

Pr (Y =yl
Where Log(u;) = BotPiZ;

The B here represents the log of PIMs count after the EQUIPPED intervention divided
by PIMs count before the EQUIPPED intervention. A B equals 0 means there is no
difference between the PIMS count before and after the EQUIPPED program, indicating
EQUIPPED couldn’t help to decrease the number of PIMs. A hypothesis test (null

hypothesis: 1 = 0 vs alternative hypothesis: 1 # 0) was conducted to check the impact of

EQUiPPED.

Poisson regression with offset:

Poisson regression is typically used to model count data. However, the number of
prescriptions one provider prescribes varies so that it may be more relevant to model
PIMs rates rather than PIMs counts. Let C refers to the total number of prescriptions one
provider prescribe. A Poisson regression model with an offset was fit:

) = i texpCi)

Pr (Y =y |u; 7

Where Log(u;) = Log(C) + Bo+ BiZ;



The B1 here represents the log of PIMs rate after the EQUiPPED intervention divided by

PIMs rate before the EQUIPPED intervention. A B equals 0 means there is no difference
between the PIMS rate before and after the EQUiIPPED program, indicating EQUiPPED

couldn’t help to improve the prescription quality. A hypothesis test (null hypothesis: 1 =
0 vs alternative hypothesis: B1 # 0) was conducted to check the impact of EQUiIPPED. A

score test for over-dispersion with the mean-variance equality null hypothesis was

conducted to test for over-dispersion®’.

Negative binomial regression:

Negative binomial regression is considered another method to deal with overdispersion®’,

The following Negative binomial regression model was fitted:

r(yi+a™t) a1
ryi+ )r(e=1) ~a=1+y;

a1 Mi Vi
) (o

Pr (Y =yl wi, a) =
Where Log(u;) = Log(C) + Pot P1Z;

The B here represents the log of PIMs rate after the EQUiPPED intervention divided by
PIMs rate before the EQUiPPED intervention. A hypothesis test (null hypothesis: f1 =0

vs alternative hypothesis: B1 # 0) was conducted to check the impact of EQUiPPED.

Zero-inflated Poisson regression (ZIP):

Zero-inflated Poisson (ZIP) regression model was proposed to account for
overdispersion. A logit (or log odds) distribution is used to model the conditional
probability of having zero PIMs, and a Poisson distribution is used to model the

conditional distribution of positive-valued PIMs. The following ZIP model was fitted:
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Where Log(u;) = Log(C) + Botpi1Z; and
Tj —
Log(—H) =t nZ;
The B1 here represents the log of PIMs rate after the EQUiPPED intervention divided by
PIMs rate before the EQUIPPED intervention. A hypothesis test (null hypothesis: B =0
vs alternative hypothesis: B1 # 0) was conducted to check the impact of EQUiPPED.

t19

The Vuong test’” would be used to compare a Poisson model and a zero-inflated Poisson

model fitting.

Zero-inflated Negative binomial regression (ZINB):

Similarly, the following zero-inflated Negative binomial regression was fitted:

r(at a?t -1 P
i+ (1—m) r(1§r(a—)1) a_1+m)“ , ifyi=0
Pr(Y =yl py i, 00 ={ Foa™) g m o
(1 - T[L') r(y;+ Dria=1) (a_1+ lii) (a_1+ ﬂi) 5 lf yi #0

Where Log(u;) = Log(C) + Botpi1Z; and

LOg(lf—,iTi) =Y0+11Z;
The B here represents the log of PIMs rate after the EQUiPPED intervention divided by
PIMs rate before the EQUIPPED intervention. A hypothesis test (null hypothesis: 1 =0
vs alternative hypothesis: 1 # 0) was conducted to check the impact of EQUiPPED. The
Vuong test!® would be used to compare a Negative binomial model and a zero-inflated

Negative binomial model fitting.
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Hurdle regression:
Similar to zero-inflated model, a hurdle model could be treated as a binomial process
generating zero and a zero-truncated Poisson process generating non-zero outcomes. The
following hurdle model was fitted:
i s ifyi=0

Pr (Y =yl py, ) ={ 1-m) (e“liiiyli)yi!' if yi#0
Where Log(u;) = Log(C) + BotP1Z; and

Log(=0) =10+ 11Z;
The B1 here represents the log of PIMs rate after the EQUIPPED intervention divided by

PIMs rate before the EQUIPPED intervention. A hypothesis test (null hypothesis: f;1 =0

vs alternative hypothesis: 1 # 0) was conducted to check the impact of EQUiPPED.

After fitting these models, we then selected a modeling method based on the following
information criteria: Two vuong tests were used to compare between Poisson model and
ZIP model and Negative binomial model and ZINB model. The dispersion parameter o
was used to compare between Poisson model and Negative binomial model and ZIP
model and ZINB model. AIC and BIC were used to assist the decision on modeling
method. The kernel density estimate of predicted values given by these five models was
then plotted and compared to the kernel density estimate of observed values to check
whether these models imply marginal distributions that look like the marginal distribution

of the observed outcome. If a model picked up by AIC and BIC looked reasonable given
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this criterion, we used backward covariates selection with AIC and BIC as the criteria for
the given covariates were then performed using the selected model. The adjusted effect
for EQUIPPED period on the final model(s) was then tested and compared to the
unadjusted effect.

All analyses were conducted with R (Version 3.4.4). All hypothesis tests were performed

ata 0.05 a level.
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3. Results:

3.1. Demographic characteristics:

36 medical service providers were enrolled into this program. The mean practice
experience of all providers was 10.69 = 8.63 (range from 0 to 40) years. These providers
had an average of 7.66 + 7.07 years of ED experience, ranging from 0 to 21 years at the
beginning of the study. The percentage of female providers was 54.3%. Most of the
providers were physicians (69.4%). More baseline demographic characteristics of the

providers are presented in Table 1.

42,284 prescription records were collected. Among them 3,960 were prescribed before
the intervention and 30,411 were prescribed five months after the implementation of
EQUIPPED. There were 35,339 records categorized as no PIMs (1), 2,474 as PIMs with
no conditions (I1), 4,347 as PIMS with conditions and conditions met (III) and 73 as
PIMs with conditions and conditions were not met or could not be determined (IV).

Figure 1 showed the distribution of the number of PIMs and all prescriptions.

3.2. The implementation of EQUiPPED:

During the first five months of EQUiIPPED, 25 providers (65.8%) had used the “ED
Geriatric Discharge Order Set” and 24 (63.2%) had received a face-to-face feedback. 24
out of 38 providers claimed they had changed their approach to prescribing as a result of
the EQUIPPED program. A significant positive correlation had been detected between
the use of “ED Geriatric Discharge Order Set” and the claim they had changed their

approach to prescribing as a result of the EQUiPPED program with a 0.501 correlation
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coefficient (P-value <0.001). Another positive significant correlation was detected
between the face-to-face feedback and the change of prescribing approach with a 0.299

correlation coefficient (P-value = 0.014).

3.3. Unadjusted effectiveness of EQUiPPED:

The previous study reported the unadjusted effectiveness. So, we checked the unadjusted
results first. The mean PIMs rate by month before the implementation of EQUiPPED was
17.5 + 1.09% while five months after the implementation, the average PIMs rate by
month was 15.6 + 1.79%. The overall PIMs rate before and after the EQUiPPED
implementation were 17.5% and 7.9%, respectively. A slight decrease trend for PIMs rate
could be seen from Figure. 2 and Figure. 3, which showed the PIMs rate change in
months and weeks respectively. When unadjusted, both the Bonferroni corrected test of
proportion and the exact rate ratio test indicate significant difference between the PIMs

rate before and after the EQUiPPED implementation.

3.4. Modelling method selection:

The mean number of PIMs per month was 34.58. The sample variance was 1463.20,
suggesting over-dispersion. Indeed, an over-dispersion test for the Poisson regression
model rejected the null hypothesis of equal mean and variance (P < 0.01). The alpha
dispersion parameter for Negative binomial model is estimated to be 17.782, indicating

that the Negative binomial model might be better than Poisson model.
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The Vuong test for zero-inflated Poisson regression model versus Poisson regression
indicated the zero-inflated Poisson model fit worse than the regular Poisson model (P-
value = 0.002). The Vuong test for zero-inflated Negative binomial regression model
versus Negative binomial regression model suggested the Negative binomial model was
better than the zero-inflated model (P-value = 0.005). Table 2 shows the AIC and BIC
statistics for the six fitted models. The Poisson regression without offset fitted the worst
with much worse information criteria compared to others followed by the regular Poisson
regression. The Negative binomial seems the best with the lowest AIC and BIC.

Based on the alpha dispersion parameter, over-dispersion test, Vuong test and statistics of
the goodness of fit, Negative binomial model was an optimum model fitting the count of

PIMs and would be selected to conduct the following covariate selection.

Figure 4 shows the kernel density estimates of predicted values of five fitted models and
the kernel density estimation of observed values. The Poisson regression without offset
predicts the PIMs counts while others predicts the PIMs rates. As a result, it is not
showed on the graph. All of the models predicted very similarly and was often
overlapping, especially the Poisson model and zero-inflated Poisson one and the Negative
binomial model and the zero-inflated Negative binomial one. Among these four models,
the Negative binomial model and the zero-inflated Negative binomial model seemed to
generate the most similar estimation of kernel density of prediction values to the kernel
density of observed counts. They outperformed the hurdle model, Poisson model and
zero-inflated Poisson model. Based on these results, we selected the Negative binomial

model.
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3.5. Model selection of Negative binomial model and adjusted

effectiveness:

Backward selection was used to select adjusted variables in order to get an adjusted effect
for EQUIPPED period, which was forced into the model. AIC and BIC were used as
criteria for model selection separately. Potential covariates to be selected are as follows:
gender, age group (<30, 30-39, 40-49, 50-64), ethnicity, race, professional background
(General Medicine, Emergency Medicine, Toxicology Fellowship, Geriatrics Fellowship,
Other Established Specialists, Other training), years of experience in medical practice,
years of experience in emergency department, hours per week in emergency department,
usual shift length. When using AIC as the criteria, general medicine professional
background, gender, ethnicity, years of experience in emergency department and time per
week in emergency department were selected (Model 1). Gender, general medicine
professional background and time per week in emergency department were included in
the model selected by BIC (Model 2). Table 3 showed the regression coefficients and

other basic features of Model 1 and Model 2.

Unfortunately, in both the selected models, the t test for the null hypothesis that
EQUIPPED coefficient of intervention equaled zero did not reject the null hypothesis,
providing no evidence of an association between EQUiPPED period and number of PIMs

(p>.05) after adjusting the potential covariates and offsets.
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4. Discussion:

Figure 2 and Figure 3 showed the change trend of PIMS rate in months and weeks
respectively. The PIMs rate increased a little when the EQUiPPED firstly being
conducted. A possible explanation is that providers had to get used to the new program so
that they were distracted, which resulted in the slight increase on PIMs rate. During the
implementation of EQUiPPED, generally speaking, the raw PIMs rate appeared to
decreas, indicating the possibility that the EQUIPPED program successfully reduced
PIMs rate. This trend continuous to month 19, when the PIMs rate reached its valley
value. However, the PIMs rate dramatically increased at month 20, the March of 2018.
Our analysis showed that the PIMs rate fluctuates greatly month to month. The ED is a
dynamic environment, one in which providers do not work on a consistent basis.
Additionally, the influx of students and residents result in a constantly changing
workforce within the ED. Changing trend in PIMs in weeks showed so much noise and so
many rises and downs that it was hard to detect any evidence from this figure.
Considering the periodic noise, it’s hard to identify valid evidence of EQUiPPED by just

observing the plots.

Count outcomes are often used in clinical research but are often inappropriately treated as
continuous outcomes>. In this study, we fit five different models that are commonly used

to fit count outcomes: Poisson regression model, zero-inflated Poisson regression model,
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Negative binomial model, zero-inflated Negative binomial model and hurdle model. The

Negative binomial model appear to provide the best fit of the PIMs data.

Given the fact that there was evidence of over-dispersion, it is not surprising that the
Negative binomial provided better fit than Poisson model, since it’s better in dealing with
over-dispersion. It’s interesting that Vuong tests for both Poisson model vs. zero-inflated
Poisson model and Negative binomial model vs. zero-inflated Negative binomial model
supported the non-zero-inflated model. We could see from Figure 4 that all the models
predicted more zeroes than the observed one. Zero-inflated models, while often necessary
to account for excess zeros, may in fact lead to too many zeros. This situation, which is
called zero-deflation, is less commonly discussed in the literature than zero-inflation.
Dietz?* et al. and Angers® et al. discussed this issue and proposed a zero-modified model
for modelling both zero-inflated and zero-deflated data, which has the ZIP and zero-
deflated Poisson (ZDP) distribution as particular cases. This model, as well as the ZDP

model, might be more appropriate to fit the PIMs data.

Different selection criteria chose different models. Using AIC as the criteria, general
medicine professional background, gender, ethnicity, years of experience in emergency
department and time per week in emergency department were selected while using BIC
or P-value as the criteria, gender, general medicine professional background and time per
week in emergency department were included in the model. As for the gender, females
tended to prescribe fewer PIMs than males. Providers with general medicine professional

background prescribed more PIMs than other professional backgrounds (mainly from
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emergency medicine). Non-Hispanic population tended to have fewer PIMs than
Hispanics. The more hours per week a provider worked in emergency department, s/he

would prescribe more PIMs.

Additionally, the estimated kernel density of prediction values generated by regression
models fitted well with the observed one at lower number of prescriptions but differs a lot
at higher number of prescriptions. This might because the lack of information on higher
number of prescriptions. With additional post intervention EQUiPPED data, we could get

more large-scale prescriptions and the estimate would be more precise.

It was easily noticed that the unadjusted results and adjusted outcomes from the adjusted
Negative binomial regression contradicted each other on the effect of EQUiPPED period
on PIMs rate. The unadjusted result we got is consistent with the former study'’, where
Poisson regression with only number of prescriptions adjusted as offset was used. This
pilot study implemented EQUiPPED in 4 VA sites and found that unadjusted coefficients
of EQUIPPED period (before the implementation of EQUiPPED and six months after it)
were significant in all of the four sites (P-value <0.001 for site 1, 2 and 3, = 0.04 for site
4). After adjusting for the general medicine professional background, gender, ethnicity,
years of experience in emergency department and time per week in emergency
department, the adjusted coefficients for EQUIPPED period showed negative, but non-
significant point estimate (P-value = 0.39 in the adjusted Negative binomial models).
Because of the observational nature of the data, a covariate adjusted regression should

give us a more reliable estimate of association because it accounts for the potential
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confounders. Therefore, the results of the previous study'®, which did not adjust for

covariates, should be interpreted cautiously.

In our analysis, we pooled all time periods into Pre-Intervention, Intervention and Post-
Intervention periods. This approach may not allow us to fully capture changing trends
over time. An alternative analysis might include weeks/months into the regression, for
example using time-series regression. In this approach, we can study more subtle trends

over time.

Our analysis is limited by the fact that the sample size we had was relatively small.
Moreover, a serious limitation of our work is that the independence assumption required
by Poisson/Negative binomial regressions may be violated. In our analysis, the unit of
analysis (represented by a row of data) is the provider in a particular EQUiPPED period.
Because some providers were observed both pre- and post-intervention, the observations
are unlikely to be independent, with the same provider given different EQUiPPED period
likely to prescribe in a similar pattern. In the future, we will consider appropriate
techniques for accounting for this correlation, such as generalized estimating equations or

random effects models.

While we found a trend towards the EQUiIPPED intervention leading to a decreased
PIMs rate, we did not find strong evidence of reduced PIMs rate. Given the conflicting
results of our analysis and the previous one, further work should be done in order to get

more evidence on the efficacy of EQUiPPED.



20

5. References:

10.

11.

12.

13.

14.

Lassman, D., Hartman, M., et al. US Health Spending Trends by Age and Gender:
Selected Years 2002—-10. Health Affairs, 2014; 33(5): 815-822

Sawyer, B., and Sroczynski, N. How do health expenditures vary across the population?
2018, www. healthsystemtracker.org/chart-collection/health-expenditures-vary-across-
population/#item-start. Accessed 14 Feb. 2019.

Sun, R., Karaca, Z., & Wong, HS. Healthcare Cost and Utilization Project (HCUP)
Statistical Briefs, 2018; Rockville (MD): Agency for Healthcare Research and Quality
(US).

Kessler, C. S., Bhandarkar, S., Casey, P., et al. Predicting patient patterns in veterans
administration emergency departments. Western Journal of Emergency Medication,
2011; 12:204-207.

He, W., Goodkind, D., & Kowalet, P. An Aging World: 2015. 2016;
https.//www.census.gov/content/dam/Census/library/publications/201 6/demo/p95-16-
1.pdf. Accessed 28 Jan. 2019.

United States Census Bureau, Washington, DC: United States Census. (2018). Older
People Projected to Outnumber Children for First Time in U.S. History,
https://www.census.gov/newsroom/press-releases/2018/cb18-41-population-
projections.html. Accessed 28 Jan. 2019.

Hetzel, L. and Smith, A. The 65 Years and Over Population: 2000. 2001,
https://www.census.gov/prod/2001pubs/c2kbr01-10.pdf Accessed 14 Feb. 2019.

Colby, S. L., Jennifer M., and Ortman, J. M. Projections of the Size and Composition of
the U.S. Population: 2014 to 2060. 2015;
https.:.//www.census.gov/content/dam/Census/library/publications/2015/demo/p25-
1143.pdf Accessed 14 Feb. 2019.

Stevens M., Hastings, S. N, et al. Enhancing the quality of prescribing practices for older
veterans discharged from the emergency department: Preliminary results from
EQUIPPED, a novel multicomponent interdisciplinary quality improvement initiative.
Journal of American Geriatric Society, 2015; 63: 1025-1029.

Chang, C. M., Liu, P.Y., Yang, Y. H., et al. Use of the Beers criteria to predict adverse
drug reactions among first-visit elderly outpatients. Pharmacotherapy 2005;25 (6)

831- 838

Beers, M. H., Ouslander, J. G., et al. Explicit criteria for determining inappropriate
medication use in nursing home residents. UCLA Division of Geriatric Medicine.
Archives of Internal Medicine. 1991 Sep;151(9):1825-32.

Fick, D. M., Mion, L.C., Beers, M. H. et al. Health outcomes associated with potentially
inappropriate medication use in older adults. Reservation in Nursing & Health, 2008;
31:42-51.

American Geriatrics Society 2015 Beers Criteria Update Expert Panel. American
Geriatrics Society updated Beers Criteria for potentially inappropriate medication use in
older adults. Journal of American Geriatric Society. 2012;63(11):2227 — 2246

Stevens, M., Hastings, S. N., et al. (2017) Enhancing Quality of Provider Practices for
Older Adults in the Emergency Department (EQUiPPED). Journal of American Geriatric
Society 2017 65:1609-1614.



http://www.healthsystemtracker.org/chart-collection/health-expenditures-vary-across-population/#item-start
http://www.healthsystemtracker.org/chart-collection/health-expenditures-vary-across-population/#item-start
https://www.census.gov/content/dam/Census/library/publications/2016/demo/p95-16-1.pdf
https://www.census.gov/content/dam/Census/library/publications/2016/demo/p95-16-1.pdf
https://www.census.gov/newsroom/press-releases/2018/cb18-41-population-projections.html
https://www.census.gov/newsroom/press-releases/2018/cb18-41-population-projections.html
https://www.census.gov/prod/2001pubs/c2kbr01-10.pdf
https://www.census.gov/content/dam/Census/library/publications/2015/demo/p25-1143.pdf
https://www.census.gov/content/dam/Census/library/publications/2015/demo/p25-1143.pdf

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

21

Stockl, K. M., Le, L., Zhang, S., et al. Clinical and economic outcomes associated with
potentially inappropriate prescribing in the elderly. American Journal of Managed Care
2010; 16: el—10

Wehling, M. Drug Therapy for the Elderly. Springer; 2013.

Office of the National Coordinator for Health Information Technology. Electronic Health
Record Vendors Reported by Health Care Professionals Participating in the CMS EHR
Incentive Programs and ONC Regional Extension Centers Program. 2014;
http.://dashboard. healthit. gov/quickstats/pages/FIG-Vendors-of-EHRs-to-Participating-
Professionals-2014.php. Accessed April 5, 2019

Ivers, N, Jamtvedt, G, Flottorp, S, et al. Audit and feedback: effects on professional
practice and healthcare outcomes. Cochrane Database of Systematic Reviews. August 4,
2014;6.

Kiefe, C. 1., Allison, J. J., Williams, O., Person, S. D., Weaver MT, Weissman NW.
Improving quality improvement using achievable benchmarks for physician feedback: A
randomized controlled trial. The Journal of the American Medical Association.
2001;285(22):2871-2879.

Cameron, A.C. and Trivedi, P.K. Regression-based Tests for Overdispersion in the
Poisson Model. Journal of Econometrics, 1990; 46: 347--364.

Payne, E. H., Hardin, J. W., Egede, L. E., Ramakrishnan V, Selassie A, Gebregziabher M
(2015). Approaches for dealing with various sources of overdispersion in modeling
count data: scale adjustment versus modeling. Statistical Methods in Medical Research.
2017; 26(4):1802-1823.

Vuong, Q. H. Likelihood ratio tests for model selection and non-nested hypotheses.
Econometrica 1989; 57: 307-333.

Xu, T., Zhu, G., et al. Study of Zero-Inflated Regression Models in a Large-Scale
Population Survey of Sub-Health Status and Its Influencing Factors. Chinese Medical
Science Journal. 2017; 32(4): 218 - 225

Dietz, E. and B6éhning, D. On estimation of the Poisson parameter in zero-modified
Poisson models. Computational Statistics and Data Analysis,2000;34, 441-459.
Angers, J. and Biswas, A. A Bayesian analysis of zero-inflated generalized Poisson
model. Computational Statistics and Data Analysis, 2003;42, 37-46.



http://dashboard.healthit.gov/quickstats/pages/FIG-Vendors-of-EHRs-to-Participating-Professionals-2014.php
http://dashboard.healthit.gov/quickstats/pages/FIG-Vendors-of-EHRs-to-Participating-Professionals-2014.php

6. Figures and Tables:

Count

Pre-Intervention I | Intervention I | Post-Intervention

251

201

15

10

Period

. Pre-Intervention

. Intervention

. Post-Intervention

SWid

suonduasald

50

i I ‘ I &I i i Hl
100 150 200 0 100 200 300 400 0 200

Number of PIMs/Prescriptions
Figure 1. The distribution of PIMs and Prescriptions

400

bl
600 800



Period
A Intervention
A Postintervention
A A Pre-ntervention
0.181 F 3 A
A
A
2
o
= 4e
7 0.16 A A
A
A
A
A
0.144 A
i
A
A
0 10 20
Month
Figure 2. PIMs rate in months
Period
o
¢ Intervention
® Postntervention
0.244 ¢ Pre-ntervention
'L}
o o
. . .
* ]
0201 )Y o .
2 ¢ . @
@
o 9 o. ¢ L be e Lo
= . :
o . . * e
0164 4 ¢
o [}
¢ o ¢ @
L] N . L
P .. * ¢ . .. L ]
*e
0.121 l % ¢ .
L] . L]
@ ¢ . * . ¢
. o
.
0.081
30 60 90
Week

Figure 3. PIMs rate in weeks



Density

0.015

0.010

0.005

Model

— Hurdle

----- Negative Binomial
— QObserved

- Poisson
—-— ZINB
-— ZIP

50 100 150
Number of PIMs
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*The predictive curve of Poisson model and Zero-inflated Poisson model and Negative binomial
model and Zero-inflated Negative binomial model are extremely similar and overlapping



Table. 1: Baseline Demographic
characteristics of medical service providers

Baseline characteristics N =38
Age, n(%) *
<30 1 (2.9%)
30-39 16 (45.7%)
40-49 10 (28.6%)
50-64 8 (22.9%)
Gender, n (%) *
Male 16 (45.7%)
Female 19 (54.3%)
Practice experience, y * 10.69 + 8.63
Range 0-40
ED experience, y** 7.66 £ 7.07
Range 0-21
Race, n (%) **
White 26 (68.4%)
Black 5(13.2%)
Asain 1 (2.6%)
Other 2 (5.3%)
Ethnicity, n (%) *
Hispanic 2 (5.7%)

Non-Hispanic
Role, n (%)***
Physician
Nurse Practitioner
Physician assistant
Time at ED per week, hr***
Range
Typical shift, n (%)***

33 (94.3%)

25 (69.4%)

8 (22.2%)

3 (8.3%)
27.29 + 10.59
5-40

8 hours 25 (69.4%)
12 hours 11 (30.6%)
*N =35
**N =34

N = 36



Table. 2: AIC and BIC for six different models

Model AIC BIC
Poisson w/o offset 7403.20 7408.84
Poisson 1082.84 1088.48
ZIP 1086.84 1098.12
Negative binomial 859.97 868.43
ZINB 863.97 878.07
Hurdle 1087.84 1099.12

*ZIP, Zero-inflated Poisson;
ZINB, Zero-inflated Negative binomial



Table 3: Regression coefficients and other features of
selected Negative binomial model

Model  Variables B Standard P- AIC  BIC
Error value
General
medicine ) 6068 00048 141 0.16
professional
background
Gender 024 0052  -4.697 <0.001
Ethnicity 021 009  -2.17  0.03
Years of
Modell - periencein ~ 1.38 0.16 878 <0.001 2009 31422
ED
Timeperweek 511 00039 289  0.0039
in ED
Intercept -1.76 0.15 -11.51 <0.001
EQUIPPED 054 0064  -085 04
period
General
medicine 1.36 0.16 8.35  <0.001
professional
background
Model2 TimGen(rier ) 022 0.054 414 <0001 ,o0o s
©PelWEEK  0.007  0.0029 238  0.018
in ED
Intercept -1.8 0.1 -18  <0.001
EQUIPPED 051 0067  -077 044

period




