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INTRODUCTION

1. PREDICTION

Suppose we have five patients scheduled to receive 100 mg of Taxotere on a given day. If the
first patient defers/no-shows we then can give their drug to the second and so on. Therefore
to waste one dose, all patients must defer or not show.

2. OPTIMIZATION

3. SIMULATION

UMRCC Pharmacy has a goal to keep the drug order turnaround-time (TAT) under 1 hour for
each patient. However, current TAT can be as much as 2 hours. Our focus is to improve the
drug order TAT in the pharmacy and in turn reduce the overall time in the system for patients.

We consider having a fixed window for pre-mix (2 hours) and want to determine which
drugs to mix in order to maximize expected saved wait time and minimize expected waste
cost. This expectation is determined from the probabilities discussed in Chapter 1.

Key Goal: Reduce patient waiting time by mixing chemotherapy drugs before patients arrive
in the system or at earlier stages in the process

Motivation

We propose various pre-mix policies ranging in risk tolerance to be tested through discrete-
event simulation while considering the trade off of saved wait time vs. waste cost if a patient
defers.

 Cancer Assumptions
* All drugs will last for all patients scheduled that day (most last 12 hours)
e All drugs’ mixing times are deterministic

* Each patient is scheduled for only one drug

— Second leading cause of death in the U.S.

— ~1.7 million estimated cases in 2017 100 mg Taxotere
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 We assume a single drug order for each patient with a drug compounding probability of

failure of 5%.

There is also a chance for pre-mixed orders to be wasted if a patient defers or does not

show.

* Simulation was done using the Simpy module in Python. The results below were obtained
through 20 replications of a Monday-Friday at UMRCC

Material Flow Non-linear model based on the human neural network.

E¢[Waste Cost] = czP;(n)  EZ[Saved Wait] = p,A4[1 — P;(n)] o

max Z Z Z(Eﬁf [Saved Wait] — E¢[Waste Cost]) x x8
d n t

Table 1: Methods tested for prediction model
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UMRCC Current Pre-mix Policy Bag3 BART1 BART2 CART2 CART3 GLM1 GLM2 MARS1 MARS2 Nnet1 RF3  RFO3

Models

* Will only pre-mix drugs from 6 am-7:30 am (before patients arrive)
* Will only pre-mix drugs from a fixed list (based on cost and pharmacist-ascribed
“‘common use”
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Figure 1: Box plots illustrate the predictive AUC and Brier Score respectively from 50 repeated hold out trials o _ _ _ _ )
* Evaluate the optimization model using the simulation and compare with the “rule of

thumb” policies
Generate results for the various perspectives (patient, hospital, insurance company, etc.)
Relax assumption patient only receive a single drug

Based on our performance metrics, we chose BART 1 as our final model. If we set a threshold
at probability 0.75, we were able to correctly predict 21% of deferrals/no shows and 93% of .

We expand this by considering patient probability of deferral and the number of patients
completed appointments with an overall prediction accuracy of 84%. .

scheduled for a particular drug.



