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ORIGINAL RESEARCH

Impact of Displaying Inpatient Pharmaceutical Costs  
at the Time of Order Entry: Lessons From a Tertiary Care Center

Sarah J. Conway, MD1,2*, Daniel J. Brotman, MD1,2, Brian L. Pinto, PharmD, MBA3, David Merola3,4,  
Leonard S. Feldman, MD1,2, Redonda G. Miller, MD, MBA1,2, Kenneth M. Shermock, PharmD, PhD3,4

BACKGROUND: A lack of cost-conscious medication use is 
a major contributor to excessive healthcare expenditures in 
the inpatient setting. Expensive medicines are often utilized 
when there are comparable alternatives available at a lower 
cost. Increasing prescriber awareness of medication cost at 
the time of ordering may help promote cost-conscious use of 
medications in the hospital.

OBJECTIVE: To evaluate the impact of cost messaging on 
the ordering of 9 expensive medications. 

DESIGN: Retrospective analysis of an institutional cost-trans-
parency initiative.

SETTING: A 1145-bed, tertiary care, academic medical center.

PARTICIPANTS: Prescribers who ordered medications 
through the computerized provider order entry system at the 
Johns Hopkins Hospital.

METHODS: Interrupted time series and segmented regres-
sion models were used to examine prescriber ordering be-

fore and after implementation of cost messaging for 9 high-
cost medications. 

RESULTS: Following the implementation of cost messaging, 
no significant changes were observed in the number of or-
ders or ordering trends for intravenous (IV) formulations of 
eculizumab, calcitonin, levetiracetam, linezolid, mycophe-
nolate, ribavirin, and levothyroxine. An immediate and sus-
tained reduction in medication utilization was seen in 2 drugs 
that underwent a policy change during our study, IV panto-
prazole and oral voriconazole. IV pantoprazole became re-
stricted at our facility due to a national shortage (–985 orders 
per 10,000 patient days; P < 0.001), and oral voriconazole 
was replaced with an alternative antifungal in oncology order 
sets (–110 orders per 10,000 patient days; P = 0.001). 

CONCLUSIONS: Prescriber cost transparency alone did not 
significantly influence medication utilization at our institution. 
Active strategies to reduce ordering resulted in dramatic re-
ductions in ordering. Journal of Hospital Medicine 2017;12: 
639-645. © 2017 Society of Hospital Medicine

Secondary to rising healthcare costs in the United States, 
broad efforts are underway to identify and reduce waste in 
the health system.1,2 A recent systematic review exhibit-
ed that many physicians inaccurately estimate the cost of 
medications.3 Raising awareness of medication costs among 
prescribers is one potential way to promote high-value care. 

Some evidence suggests that cost transparency may help 
prescribers understand how medication orders drive costs. In 
a previous study carried out at the Johns Hopkins Hospital, 
fee data were displayed to providers for diagnostic laborato-
ry tests.4 An 8.6% decrease (95% confidence interval [CI], 
–8.99% to –8.19%) in test ordering was observed when costs 
were displayed vs a 5.6% increase (95% CI, 4.90% to 6.39%) 
in ordering when costs were not displayed during a 6-month 
intervention period (P < 0.001). Conversely, a similar study 
that investigated the impact of cost transparency on inpa-
tient imaging utilization did not demonstrate a significant 

influence of cost display.5 This suggests that cost transparen-
cy may work in some areas of care but not in others. A sys-
tematic review that investigated price-display interventions 
for imaging, laboratory studies, and medications reported 10 
studies that demonstrated a statistically significant decrease 
in expenditures without an effect on patient safety.6

Informing prescribers of institution-specific medication 
costs within and between drug classes may enable the selec-
tion of less expensive, therapeutically equivalent drugs. Prior 
studies investigating the effect of medication cost display were 
conducted in a variety of patient care settings, including am-
bulatory clinics,7 urgent care centers,8 and operating rooms,9,10 
with some yielding positive results in terms of ordering and 
cost11,12 and others having no impact.13,14 Currently, there is 
little evidence specifically addressing the effect of cost display 
for medications in the inpatient setting. 

As part of an institutional initiative to control pharma-
ceutical expenditures, informational messaging for several 
high-cost drugs was initiated at our tertiary care hospital in 
April 2015. The goal of our study was to assess the effect of 
these medication cost messages on ordering practices. We 
hypothesized that the display of inpatient pharmaceutical 
costs at the time of order entry would result in a reduction 
in ordering.

METHODS
Setting, Intervention, and Participants
As part of an effort to educate prescribers about the high 
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cost of medications, 9 intravenous (IV) medications were 
selected by the Johns Hopkins Hospital Pharmacy and Ther-
apeutics Committee as targets for drug cost messaging. The 
intention of the committee was to implement a rapid, low-
cost, proof-of-concept, quality-improvement project that 
was not designed as prospective research. Representatives 
from the pharmacy and clinicians from relevant clinical ar-
eas participated in preimplementation discussions to help 
identify medications that were subjectively felt to be over-
used at our institution and potentially modifiable through 
provider education. The criteria for selecting drug targets in-
cluded a variety of factors, such as medications infrequently 
ordered but representing a significant cost per dose (eg, ecu-
lizumab and ribavirin), frequently ordered medications with 
less expensive substitutes (eg, linezolid and voriconazole), 
and high-cost medications without direct therapeutic alter-
natives (eg, calcitonin). From April 10, 2015, to October 
5, 2015, the computerized Provider Order Entry System 
(cPOE), Sunrise Clinical Manager (Allscripts Corporation, 
Chicago, IL), displayed the cost for targeted medications. 
Seven of the medication alerts also included a reasonable 
therapeutic alternative and its cost. There were no restric-
tions placed on ordering; prescribers were able to choose the 
high-cost medications at their discretion. 

Despite the fact that this initiative was not designed as a 
research project, we felt it was important to formally eval-
uate the impact of the drug cost messaging effort to inform 
future quality-improvement interventions. Each medication 
was compared to its preintervention baseline utilization 
dating back to January 1, 2013. For the 7 medications with 
alternatives offered, we also analyzed use of the suggested 
alternative during these time periods. 

Data Sources and Measurement
Our study utilized data obtained from the pharmacy order 
verification system and the cPOE database. Data were col-
lected over a period of 143 weeks from January 1, 2013, to 
October 5, 2015, to allow for a baseline period (January 1, 
2013, to April 9, 2015) and an intervention period (April 
10, 2015, to October 5, 2015). Data elements extract-
ed included drug characteristics (dosage form, route, cost, 
strength, name, and quantity), patient characteristics (race, 
gender, and age), clinical setting (facility location, inpatient 
or outpatient), and billing information (provider name, 
doses dispensed from pharmacy, order number, revenue or 
procedure code, record number, date of service, and unique 
billing number) for each admission. Using these elements, 
we generated the following 8 variables to use in our analy-
ses: week, month, period identifier, drug name, dosage form, 
weekly orders, weekly patient days, and number of weekly 
orders per 10,000 patient days. Average wholesale price 
(AWP), referred to as medication cost in this manuscript, 
was used to report all drug costs in all associated cost cal-
culations. While the actual cost of acquisition and price 
charged to the patient may vary based on several factors, 
including manufacturer and payer, we chose to use AWP as 

a generalizable estimate of the cost of acquisition of the drug  
for the hospital. 

Variables
“Week” and “month” were defined as the week and month of 
our study, respectively. The “period identifier” was a binary 
variable that identified the time period before and after the 
intervention. “Weekly orders” was defined as the total number 
of new orders placed per week for each specified drug included 
in our study. For example, if a patient received 2 discrete, new 
orders for a medication in a given week, 2 orders would be 
counted toward the “weekly orders” variable. “Patient days,” 
defined as the total number of patients treated at our facility, 
was summated for each week of our study to yield “weekly pa-
tient days.” To derive the “number of weekly orders per 10,000 
patient days,” we divided weekly orders by weekly patient days 
and multiplied the resultant figure by 10,000.

Statistical Analysis
Segmented regression, a form of interrupted time series anal-
ysis, is a quasi-experimental design that was used to deter-
mine the immediate and sustained effects of the drug cost 
messages on the rate of medication ordering.15-17 The model 
enabled the use of comparison groups (alternative medica-
tions, as described above) to enhance internal validity. 

In time series data, outcomes may not be independent 
over time. Autocorrelation of the error terms can arise 
when outcomes are more similar at time points closer to-
gether than outcomes at time points further apart. Failure 
to account for autocorrelation of the error terms may lead 
to underestimated standard errors. The presence of autocor-
relation, assessed by calculating the Durbin-Watson statis-
tic, was significant among our data. To adjust for this, we em-
ployed a Prais-Winsten estimation to adjust the error term 
(εt) calculated in our models. 

Two segmented linear regression models were used to es-
timate trends in ordering before and after the intervention. 
The presence or absence of a comparator drug determined 
which model was to be used. When only single medications 
were under study, as in the case of eculizumab and calci-
tonin, our regression model was as follows:

Yt = (β0) + (β1)(Timet) + (β2)(Interventiont) + (β3)(Post-In-
tervention Timet) + (εt)

In our single-drug model, Yt denoted the number of orders 
per 10,000 patient days at week “t”; Timet was a continuous 
variable that indicated the number of weeks prior to or af-
ter the study intervention (April 10, 2015) and ranged from 
–116 to 27 weeks. Post-Intervention Timet was a continuous 
variable that denoted the number of weeks since the start 
of the intervention and is coded as zero for all time peri-
ods prior to the intervention. β0 was the estimated baseline 
number of orders per 10,000 patient days at the beginning 
of the study. β1 is the trend of orders per 10,000 patient days 
per week during the preintervention period; β2 represents an 
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estimate of the change in the number of orders per 10,000 
patient days immediately after the intervention; β3 denotes 
the difference between preintervention and postinterven-
tion slopes; and εt is the “error term,” which represents auto-
correlation and random variability of the data.

As mentioned previously, alternative dosage forms of 7 
medications included in our study were utilized as compar-
ison groups. In these instances (when multiple drugs were 
included in our analyses), the following regression model 
was applied:

Yt = (β0) + (β1)(Timet) + (β2)(Interventiont) + (β3)(Post-In-
tervention Timet) + (β4)(Cohort) + (β5)(Cohort)(Timet) + 
(β6)(Cohort)(Interventiont) + (β7)(Cohort)(Post-Intervention 
Timet) + (εt)

Here, 3 coefficients were added (β4-β7) to describe an ad-
ditional cohort of orders. Cohort, a binary indicator variable, 
held a value of either 0 or 1 when the model was used to de-
scribe the treatment or comparison group, respectively. The 
coefficients β4-β7 described the treatment group, and β0-β3 
described the comparison group. β4 was the difference in the 
number of baseline orders per 10,000 patient days between 
treatment and comparison groups; Β5 represented the dif-
ference between the estimated ordering trends of treatment 
and comparison groups; and Β6 indicated the difference in 
immediate changes in the number of orders per 10,000 pa-
tient days in the 2 groups following the intervention.

The number of orders per week was recorded for each 
medicine, which enabled a large number of data points to be 
included in our analyses. This allowed for more accurate and 
stable estimates to be made in our regression model. A total 

of 143 data points were collected for each study group, 116 
before and 27 following each intervention. 

All analyses were conducted by using STATA version 13.1 
(StataCorp LP, College Station, TX).

RESULTS
Initial results pertaining to 9 IV medications were examined 
(Table). Following the implementation of cost messaging, 
no significant changes were observed in order frequency or 
trend for IV formulations of eculizumab, calcitonin, leveti-
racetam, linezolid, mycophenolate, ribavirin, voriconazole, 
and levothyroxine (Figures 1 and 2). However, a significant 
decrease in the number of oral ribavirin orders (Figure 2), 
the control group for the IV form, was observed (–16.3 or-
ders per 10,000 patient days; P = .004; 95% CI, –27.2 to 
–5.31). 

From March 26, 2015, to January 21, 2016, the use of IV 
pantoprazole was restricted at our facility due to a national 
shortage, requiring clinical pharmacy review and approval. 
Additionally, on September 15, 2014, oncology order sets 
that allowed antibiotic prescribing without an infectious dis-
ease provider’s approval replaced oral voriconazole with oral 
posaconazole. Consequently, both IV pantoprazole and oral 
voriconazole exhibited a sharp, sustained decrease in order-
ing following these policy changes (Figure 3). Although an 
apparent difference in ordering followed the policy changes, 
no significant change was noted in IV pantoprazole and oral 
voriconazole following our intervention. 

DISCUSSION
Our results suggest that the passive strategy of displaying 
cost alone was not effective in altering prescriber ordering 

TABLE. Summary of the Analyzed High-Cost Medications and Associated Monthly Hospital Expenditures

Medication Average Spent Monthly Message

Voriconazole injection $56,000 Infectious disease approval required. Voriconazole injection cost: $152 per 200 mg dose vs $47 per 200 mg oral dose. Consider 
enteral therapy after achieving therapeutic trough on IV. Consult pharmacy for oral dose conversion (not 1:1 in children).

Levetiracetam injection $30,000 Levetiracetam injection cost: $82 per 1500 mg dose vs $10 per 1500 mg oral dose. Consider enteral therapy at 1:1 dose conversion 
unless clinically contraindicated.

Levothyroxine injection $26,000 Levothyroxine injection cost: $55 per 100 mcg dose vs $0.80 per 200 mcg oral dose. Consider enteral therapy at a 50% dose conver-
sion unless clinically contraindicated.

Linezolid injection $26,000 Linezolid injection cost: $290 per 600 mg dose vs $180 per 600 mg oral dose. Consider enteral therapy at 1:1 dose conversion unless 
clinically contraindicated.

Eculizumab injection $315,000 Not for institutional review board studies. Insurance authorization required prior to dispensing first dose. Eculizumab injection cost: 
$22,000 per 900 mg IV dose.

Pantoprazole injection $24,000 Supply is critically low due to a national shortage. Refer to online formulary for IV restriction criteria. Pantoprazole injection cost: $6 per 
40 mg dose vs $4 per 40 mg oral dose. Consider enteral therapy at 1:1 dose conversion unless clinically contraindicated.

Calcitonin injection $14,000 Calcitonin injection cost: $1107 per 200 units. For hypercalcemia, consider alternatives including hydration, bisphosphonates, and/or 
corticosteroids. Contact clinical pharmacy specialist for recommendations.

Ribavirin inhalation $169,000 Ribavirin inhalation cost: $13,023 per 6 g dose.

Mycophenolate Mofetil injection $46,000 Mycophenolate Mofetil injection cost: $210 per 1 gm dose vs $16 per 1 gm oral dose. Consider enteral therapy at 1:1 dose conversion 
unless clinically contraindicated.

NOTE: Abbreviation: IV, intravenous.
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patterns for the selected medications. This may be due to a 
lack of awareness regarding direct financial impact on the 
patient, importance of costs in medical decision-making, or 
a perceived lack of alternatives or suitability of recommend-
ed alternatives. These results may prove valuable to hospital 
and pharmacy leadership as they develop strategies to curb 
medication expense.

Changes observed in IV pantoprazole ordering are instruc-
tive. Due to a national shortage, the IV form of this medi-
cation underwent a restriction, which required approval by 
the pharmacy prior to dispensing. This restriction was insti-
tuted independently of our study and led to a 73% decrease 
from usage rates prior to policy implementation (Figure 3). 
Ordering was restricted according to defined criteria for IV 
use. The restriction did not apply to oral pantoprazole, and 
no significant change in ordering of the oral formulation was 
noted during the evaluated period (Figure 3). 

Oral voriconazole also exhibited a marked reduction in or-
dering of 46% following a change in hospital formulary that 
occurred independent of our study. The change in formulary 
involved a replacement of oral voriconazole with oral po-
saconazole in several oncology order sets, allowing antifun-
gal administration without authorization by an infectious 
disease clinician. A dramatic reduction in ordering resulted 
from the removal of oral voriconazole from these order sets. 
Figure 3 represents the effect of the policy change on order-
ing. The frequency of orders for IV voriconazole, which was 

the target of our study intervention, did not change during 
this period (Figure 3).

The dramatic effect of policy changes, as observed with 
pantoprazole and voriconazole, suggests that a more active 
strategy may have a greater impact on prescriber behavior 
when it comes to medication ordering in the inpatient set-
ting. It also highlights several potential sources of confound-
ing that may introduce bias to cost-transparency studies.

This study has multiple limitations. First, as with all ob-
servational study designs, causation cannot be drawn with 
certainty from our results. While we were able to compare 
medications to their preintervention baselines, the data 
could have been impacted by longitudinal or seasonal trends 
in medication ordering, which may have been impacted by 
seasonal variability in disease prevalence, changes in resis-
tance patterns, and annual cycling of house staff in an ac-
ademic medical center. While there appear to be potential 
seasonal patterns regarding prescribing patterns for some of 
the medications included in this analysis, we also believe the 
linear regressions capture the overall trends in prescribing 
adequately. Nonstationarity, or trends in the mean and vari-
ance of the outcome that are not related to the intervention, 
may introduce bias in the interpretation of our findings. 
However, we believe the parameters included in our mod-
els, namely the immediate change in the intercept following 
the intervention and the change in the trend of the rate of 
prescribing over time from pre- to postintervention, provide 

FIG 1. Ordering time trends for medications with no alternatives (parameter estimates from 2-group segmented regression analyses). Analyses in this section are 

divided by a vertical, dashed line. This line represents the time period at which cost messaging was implemented.

Note: N/A, not applicable

Medication Parameter Points Estimate (95% CI) P value

Calcitonin Baseline number of orders per 10,000 patient 5.37 (1.78 to 8.96) N/A

 Preintervention trend 0.010 (-0.042 to 0.062) .692

 Postintervention trend 0.224 (-0.492 to 0.940) .537

 Change in trend following intervention 0.214 (-0.504 to 0.931) .557

 Change in number of orders per 10,000 patient days  
 following intervention -1.57 (-11.02 to 7.88).743
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FIG 2. Ordering time trends for medications with alternatives (parameter estimates from 2-group segmented regression analyses). Analyses in this section are divided 

by a vertical, dashed line. This line represents the time period at which cost messaging was implemented.

Note: IV, intravenous; PO, oral

Medication Parameter Points Estimate (95% CI) P value

Levetiracetam Preintervention trend (IV) -0.215 (-0.636 to 0.206) .315

 Postintervention trend (IV) -0.449 (-4.55 to 3.66) .830

 Change in trend following intervention -0.233 (-4.42 to 3.96) .913

 Difference of change in trend between treatment and -5.101 (-12.9 to 2.68) .198 
 control (IV vs PO)

 Change in number of orders per 10,000 patient days  -18.6 (-150 to 112) .780 
 following intervention (IV)

 Change in number of orders per 10,000 patient days  5.11 (-104 to 115) .927 
 following intervention (PO) 

 Difference of change in number of orders per 10,000 -23.5 (-150 to 103) .715 
 patient days between treatment and control (IV vs PO)
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Levothyroxine Preintervention trend (IV) -0.029 (-0.260 to 0.203) .807

 Postintervention trend (IV) -1.08 (-2.67 to 0.510) .182

 Change in trend following intervention (IV) -1.05 (-2.70 to 0.594) .209

 Difference of change in trend between treatment and -3.23 (-10.08 to 3.62) .354 
 control (IV vs PO)

 Change in number of orders per 10,000 patient days  -19.0 (-39.6 to 1.60) .070 
 following intervention (IV)
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 Difference of change in number of orders per 10,000 89.5 (-14.0 to 193) .090 
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 Difference of change in trend between treatment and 0.593 (-1.28 to 2.46) .533 
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 Change in number of orders per 10,000 patient days  -31.9 (-46.6 to -17.2) <.001 
 following intervention (IV)

 Change in number of orders per 10,000 patient days  -13.1 (-28.7 to 2.56) .101 
 following intervention (PO) 
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substantial protections from faulty interpretation. Our mod-
els are limited to the extent that these parameters do not 
account for nonstationarity. Additionally, we did not collect 
data on dosing frequency or duration of treatment, which 
would have been dependent on factors that are not readily 
quantified, such as indication, clinical rationale, or patient 
response. Thus, we were not able to evaluate the impact of 
the intervention on these factors. 

Although intended to enhance internal validity, com-
parison groups were also subject to external influence. For 
example, we observed a significant, short-lived rise in oral 
ribavirin (a control medication) ordering during the prein-
tervention baseline period that appeared to be independent 
of our intervention and may speak to the unaccounted-for 
longitudinal variability detailed above.

Finally, the clinical indication and setting may be import-
ant. Previous studies performed at the same hospital with 
price displays showed a reduction in laboratory ordering but 
no change in imaging.18,19 One might speculate that order-
ing fewer laboratory tests is viewed by providers as eliminat-
ing waste rather than choosing a less expensive option to 
accomplish the same diagnostic task at hand. Therapeutics 
may be more similar to radiology tests, because patients pre-
sumably need the treatment and often do not have the op-
tion of simply not ordering without a concerted effort to re-

evaluate the treatment plan. Additionally, in a tertiary care 
teaching center such as ours, a junior clinician, oftentimes at 
the behest of a more senior colleague, enters most orders. In 
an environment in which the ordering prescriber has more 
autonomy or when the order is driven by a junior practi-
tioner rather than an attending (such as daily laboratories), 
results may be different. Additionally, institutions that in-
centivize prescribers directly to practice cost-conscious care 
may experience different results from similar interventions. 

We conclude that, in the case of medication cost messaging, 
a strategy of displaying cost information alone was insufficient 
to affect prescriber ordering behavior. Coupling cost transpar-
ency with educational interventions and active stewardship 
to impact clinical practice is worthy of further study.
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