
Appendix 

 To relax the independence assumption, an interrupted time series 

analysis (ITSA) incorporating a step-wedge design for the implementation of 

bar-coding was performed. The number of events ( ) for the th nursing 

unit that implemented the new system ( 1,… ,50) during the th month 

( 1,… ,79) were modeled over time using the following mixed effects 

model: 
∼ Poisson , 

 

(1) log | | log ,	  

where  is the overall (mean) rate as a function of time shared by all 

units; 

 is a random effect shift in the intercept (ie, level) for the th nursing 

unit during the pre-implementation phase; 

 is a shift in the linear time trend specific to the th nursing unit during 

the pre-implementation phase;  

 is an indicator variable for the intervention and equals 1 if the 

intervention has occurred on the th unit by month  and equals zero 

otherwise; 

 is the change in the event rate (on a log scale) for the th unit due to 

the intervention; 

 is the change in the linear time trend for the th unit due to the 

intervention at time ; 

| |  if 	is greater than 0 and 0 otherwise; 

 is a time-correlated error term for the th unit; 



and  is the number of medications dispensed by the th unit during 

month , serving as an offset for rate of events. 

 The following models are assumed for the random effects: 

 

(2)  ∼ 0, , 

  ∼ 0, , 

  ∼ , , 

  ∼ , σ , and 

  	 , with ~ 0, . 

 

The  is assumed to be an order 1 autoregressive (AR1) time series 

process.1 The model in (1) was motivated by the segmented regression 

model.12 The model in (1) states that each unit follows its own segmented 

Poisson regression model with AR1 time series structure. The models for 

each unit are then tied together by the random effects. For estimation 

purposes, the overall trend in the rate of events over time, , is assumed to 

be a nonstationary order 2 AR, which has close ties to the cubic smoothing 

spline.13 Parameters in the above model were estimated in a Bayesian 

framework through Markov Chain Monte Carlo (MCMC) simulation with 

the rjags package in R.14 

 Figure 1B displays the fit of the above model to all events. The figure 

displays the aggregation of events (per 100,000 medications dispensed) over 

all 50 units. The smooth curves in the plot are the model predictions, which 

are defined as the posterior mean of  



(3) 

exp | | ̅ , 

where ̅  is the sample mean of medications dispensed for the th nursing 

unit. The model predictions from the period before the bar-coding 

implementation are plotted as a red line and projected out through the end of 

the implementation period for perspective (ie, what results would be 

expected without the intervention?). Specifically, the red line is the posterior 

mean of  

(4) 

exp ̅ , 

which is identical to  until the implementation period but does not contain 

the effects of intervention afterward. The discontinuities in  during the 

implementation period are the result of the interventions being rolled out in a 

staggered manner during that period. That is, each  takes effect for several 

of the units at various times, causing jumps in the predicted rate. 

 Medications dispensed were not available for the first 12 months of 

the pre-implementation period. The standard approach would be to discard 

those first 12 months and proceed with complete data. However, the 

complete data analysis would discard 12 of 31 pre-implementation 

observations (39%) and could alter the results considerably. Fortunately, 

medications ordered were available for all months of the study, and 

medications ordered by unit had a strong relationship to the respective 

medications dispensed ( 0.9 on log scale). Thus, a linear mixed-effects 

model was also assumed for log medications dispensed as a function of log 



orders, unit, and intervention . The unknown values during the first 12 

months were then sampled from the posterior distribution along with all the 

parameters during the MCMC simulation5 (unpublished data). The 

uncertainty in medications dispensed for the first 12 months is represented in 

Figure 1B. 

 To assess the effect of the intervention, several quantities could be 

used, but 2 are summarized here: 1) the parameter exp , which is 

the mean of the (immediate) changes across the 50 nursing units at their 

respective times of intervention, represented as a hazard ratio; and 2) 

∗ ∗⁄ , where ∗ is the end of the implementation period (beginning of the 

postimplementation). Thus,  is the hazard ratio (post-implementation to 

pre-implementation) for the rate of events (aggregated over all 50 nursing 

units) at the end of the intervention. The quantity  can be interpreted as 

the hazard ratio for the average nursing unit, whereas  can be interpreted 

as the hazard ratio for all 50 nursing units.  is the quantity reported in the 

Results section of the present study.  

 Supplemental Tables 1 through 3 provide the posterior means and 

90% credible intervals for  and  for 1) all medication events, 2) 

category E or higher medication events, and 3) category F or higher 

medication events, respectively. On the basis of both  and , there is a 

significant decrease in all medication events and in category F or higher 

events after accounting for trend and autocorrelation. However, there is not a 

significant difference in category E or higher medication events. This 

appears to be the result of a pronounced decreasing trend in such events 

before the intervention (Figure 2B), thus making it difficult to determine 

whether or not the lower event rates are due to the intervention.  



Figure 2B shows the aggregation of category E or higher events (per 

100,000 medications dispensed) over all 50 nursing units; Figure 3B 

provides the same for category F or higher events. 

 

 

 

 
  



Supplemental Table 1. Intervention Hazard Ratios 

for All Medication Errors 

 Estimate 90% Credible Interval 

H1 0.625 (0.485-0.772) 

H2 0.704 (0.602-0.807) 

Abbreviations: H1, hazard ratio for average nursing unit; 

H2, hazard ratio for all 50 nursing units. 

 

 
  



Supplemental Table 2. Intervention Hazard Ratios for 

Category E or Higher Errors 

 Estimate 90% Credible Interval 

H1 1.302 (0.689-2.039) 

H2 1.269 (0.749-1.866) 

Abbreviations: H1, hazard ratio for average nursing unit; 

H2, hazard ratio for all 50 nursing units. 
  



Supplemental Table 3. Intervention Hazard Ratios for 

Category F or Higher Errors 

 Estimate 90% Credible Interval 

H1 0.403 (0.071-0.858) 

H2 0.512 (0.155-0.991) 

Abbreviations: H1, hazard ratio for average nursing unit; 

H2, hazard ratio for all 50 nursing units. 
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