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Abstract 

Inventory record inaccuracy in any inventory system takes place when the recorded inventory 

does not match the physical inventory. An important source of inaccuracy in the inventory of 

medical and surgical supplies in hospitals is the imperfect recording of demand transactions by 

clinicians. This paper investigates the impact of imperfect recording on service levels under 

different inventory counting policies using a discrete-event simulation model based on data from 

a New England hospital. Consistent with the literature on inventory record inaccuracy, we found 

a significant negative effect of imperfect recording on customer service. However, the magnitude 

of this phenomenon is higher than previously reported, suggesting that managerial attention to 

this problem is warranted. More importantly, under many realistic scenarios, imperfect recording 

leads to severely overstated service level metrics, giving managers a false sense of security. 

Keywords:  

Behavioral operations, Hospital inventory management, Inventory record inaccuracy, Recording 

accuracy, Service levels 
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1. Introduction 

Health care supply chains have recently received more academic attention as researchers have 

demonstrated that the performance measures in this critical service industry can be improved by 

applying traditional supply chain management principles.  Soaring healthcare costs create public 

pressure, while increasingly limited resources make hospitals more susceptible to adopt efficient 

healthcare delivery methods. The supply chain research community has both an obligation and 

an opportunity to look into this area and implement improvements. 

According to Pedersen, Schneider and Scheckelhoff (2006), by 2005, 72% of U.S. hospitals had 

deployed point-of-use automated dispensing machines (ADMs), which record the usage and 

inventory of medical supplies for inventory management purposes, and can also be linked to 

billing and patient records. While ADM vendors insist on the benefits from automation and 

inventory visibility, these systems require accurate records to operate effectively. In practice, 

undefined or inconsistently applied transaction recording procedures can cause significant 

discrepancies between the “book” inventory quantity and the available physical inventory. 

In this paper, we investigate how inaccurate inventory records can affect the availability of 

medical products at the point of clinical use, and therefore focus solely on the use of ADMs for 

inventory management functions rather than their clinical or financial capabilities. Product stock-

outs are an especially important concern in a hospital context because availability of supplies is 

critical for adequate patient care.  Stock-outs cause stress and wasted time for the clinical staff, 

possibly requiring substitutions to be made with a more expensive or less effective product; 
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rescheduling of procedures; and ultimately resulting in lower level of service for the patients and 

higher costs for the hospital. 

1.1. Empirical studies of inventory record inaccuracy 

Inventory record inaccuracy (IRI) has been documented in different sectors through empirical 

studies, ranging from government entities (Rinehart (1960)), military warehouses (Iglehart and 

Morey (1972)), utilities (Redman (1995)), manufacturing (Sheppard and Brown (1993)) and 

retail ( Gentry (2005), DeHoratius and Raman (2008), Ton and Raman (2005)). The proportion 

of SKUs with inaccurate inventory records upon physical audits varies widely across studies. 

These studies are also difficult to compare directly due to different definitions of inventory 

record inaccuracy (see Schrady (1970) for a review of the advantages and disadvantages of 

different definitions, as well as Table 1),  and possible variation in different drivers of inventory 

record inaccuracy.  For instance, DeHoratius and Raman (2008) report that 65% of stock keeping 

units (SKUs) at a retailer had an inaccurate inventory record upon physical audit (i.e. a mismatch 

between the physical inventory and the book inventory). Klibanov and Eckel (2003) report data 

from hospital automated dispensing machines for drugs suggesting that 19.5% of the inventory 

records are inaccurate upon audits. In our experience, hospitals perform inventory audits several 

times a year, sometimes as frequently as once per week for certain products, while many retailers 

only perform an annual inventory audit. Thus, the reported proportion of inaccurate records 

alone is insufficient to assess the negative consequences of inventory record inaccuracy on 

hospital operations.
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Study Context IRI definition % of inaccurate SKUs 

Rinehart (1960) Government agency Absolute Discrepancy >= 1% of 
inventory record balance; or 
Absolute Discrepancy * Unit 
Cost >= $1 

Major items: negligible 
Secondary items: 20-
50% 

Emma (1966) Military warehouse Absolute Discrepancy > 24 
units after one year 

25% 

Sheppard and Brown 
(1993) 

Electronics 
Manufacturing 

Absolute Discrepancy > 4 units 
after three months 

27-36% 

Ernst, Guerrero and 
Roshwalb (1993) 

(a) Retail pharmaceutical 
firm warehouse 

(b) Two finished-goods 
industrial 
manufacturing firm 
warehouses 

Absolute Discrepancy > 0 (a) 83.7% 
 

(b) 91.9%, 95.5% 

Millet (1994) Logistics warehouse Absolute Discrepancy > 0 36% 

Klibanov and Eckel (2003) Hospital, Automated 
Dispensing Machines for 
Drugs 

Absolute Discrepancy > 0 19.5% 

Kang and Gershwin (2005) Retail Absolute Discrepancy > 0 
Absolute Discrepancy > 5 units 

49% 
24% 

DeHoratius and Raman 
(2008) 

Retail Absolute Discrepancy > 0 65% 

Table 1: Results of different empirical studies of inventory record inaccuracy 
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1.2. Sources of inventory inaccuracies 

Atali, Lee and Ozer (2006) define three sources of inventory inaccuracies: product 

misplacements, shrinkage and transaction errors. Furthermore, de Kok, van Donselaar and van 

Woensel (2008) classify inventory errors as physical or information system-related. In this paper, 

we focus on imperfect recording, i.e. the act of withdrawing product without recording such 

withdrawal in the inventory system. As such, imperfect recording may be viewed as a particular 

form of shrinkage. Furthermore, we do not consider other sources of inventory inaccuracies such 

as misplacements and transaction errors. In a retail context, imperfect recording arises as a result 

of shrinkage (i.e. theft). In the context of the hospital, when Automated Dispensing Machines are 

used, clinicians are expected to self-record each transaction, but may not always do so. Data 

from hospital physical audits suggests that imperfect recording is a dominant source of inventory 

inaccuracies in the hospital. We define recording accuracy as the percentage of the product usage 

(i.e. sales) that is recorded. For instance, if three units of products are withdrawn from an ADM 

cabinet, and one unit of product is recorded as used, the recording accuracy is 33.3%1. The lack 

of a "checkout counter" where a dedicated agent such as a cashier records product consumption 

as payment occurs, as well as the limited availability of the financial system as a check on the 

aggregate transaction amounts, may prevent hospitals from achieving the relatively high 

accuracy rates observed in retail, where Fleisch and Tellkamp (2005) reported that shrinkage 

accounted for 2-4% of sales in 2001.  

                                                 
1 As defined, it is possible to have a recording accuracy above 100% if the recorded quantity is overstated. Whereas 

this can happen, it is relatively rare in the hospital setting and should be considered a transaction error. 
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1.3. Models of inventory management under inventory inaccuracies 

We distinguish between two questions addressed by the literature regarding modeling inventory 

management under inventory inaccuracies. The first stream of literature aims to characterize 

improved or optimal ordering and/or counting policies in the context of inventory inaccuracies. 

A number of papers focus on determining the appropriate frequency of physical audits (also 

known as cycle counts). Morey and Dittman (1986) derive the minimum frequency of physical 

audits that keeps inventory record inaccuracy (rather than the service level) within a set limit. 

Neely (1987) suggests focusing on items with the highest number of transactions. Iglehart and 

Morey (1972) consider the case of a single-item, periodic review inventory system with a pre-

established (s,S) ordering policy. The authors assume that the only source of inventory 

inaccuracy is transaction errors, and do not consider misplacement or theft. They jointly derive 

the optimal count frequency and additional buffer stock required to minimize total cost per unit 

time, subject to a service level constraint, both in the case of perfect and imperfect audits. Lee 

and Özer (2007) highlight the importance of deriving such policies in order to have a correct 

benchmark against which to measure technologies claiming to eliminate inventory inaccuracies, 

and thus correctly assess their value, and offer a comprehensive discussion of the literature on 

RFID. Using a dynamic programming formulation, Atali, Lee and Ozer (2006) derive an optimal 

base stock policy, with the base stock level depending on the time elapsed since the last audit. 

DeHoratius, Mersereau and Schrage (2008) model the inventory record as a random variable 

with a probability distribution, which is Bayes-updated based on observed sales and 

replenishments, and derive improved dynamic audit and ordering policies. 

The second research question centers around estimating the impact of inventory inaccuracy on 

service levels. Morey (1985) provides an analytical model to examine the effect of increasing the 
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frequency of cycle counts, increasing the safety stock or reducing inventory inaccuracies on the 

service level. Inventory inaccuracies are characterized only by their mean and variance per time 

period. He assumes approximately normal lead time demand and independence of inventory 

errors with lead time demand and obtains a lower bound on the probability of stocking out during 

a replenishment cycle. Analyzing how this lower bound evolves as cycle count frequency, safety 

stock or inventory inaccuracy parameters are changed allows the manager to evaluate the 

tradeoff between these different alternatives. In order to assess the potential benefits of RFID 

technologies in a retail context, Kang and Gershwin (2005) assume truncated normal demand 

and Poisson-distributed inventory errors that are also independent of demand and show, using a 

Monte Carlo simulation model, that even small rates of stock loss can create severe out-of-stock 

situations. In a multi-echelon context involving a producer, a distributor and a retailer, Fleisch 

and Tellkamp (2005) investigate the impact of different sources of inventory inaccuracy 

including theft, unsaleables2, misplaced items and incorrect deliveries for a high-value consumer 

packaged good through a Monte Carlo simulation. Using ANOVA, they report critical values of 

parameters characterizing sources of inventory inaccuracies at which performance measures 

differ significantly (in a statistical sense) from the base case, but do not directly report the 

magnitude of the effect. 

1.4. Outline 

This paper extends the current research in several ways. First, by focusing on a hospital, we 

quantify the impact of imperfect recording on service levels, under demand, cycle counting and 

                                                 
2 i.e. “damaged, out-of-date, discontinued, promotional, or seasonal items that cannot be sold any longer”, which can 

be detected by the retailer or the end customer. 
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inventory inaccuracy assumptions that are relevant to this context. Agrawal and Smith (1996) 

have shown that retail demand is better approximated using negative binomial distribution than 

through a normal distribution, and can accurately describe both low-demand and high-demand 

items. Within the hospital, demand also often violates the normality assumption and imperfect 

recording causes correlation between errors and recorded demand. Therefore, we model demand 

as negative binomial and determine whether it is recorded using a Bernoulli trial. We also differ 

in our analysis by examining different service level metrics that are more directly tied to the 

experience of clinicians and hospital inventory managers. In addition, we investigate to what 

extent inventory inaccuracies caused by imperfect recording introduce bias in service level 

metrics calculated using the inaccurate data. 

In section 2, we describe our research methodology, including our simulation model, its 

assumptions and its implementation, as well as the hospital data motivating our assumptions. 

Section 3 motivates our choice of different service level metrics and reports the impact of 

imperfect recording on these metrics, as well as results of our sensitivity analyses and a 

comparison with an existing analytical model. Section 4 reports on the measurement bias 

introduced by imperfect recording. Section 5 concludes by exploring the managerial implications 

of this problem and offers suggestions for further research. 

 

2. Research method 

We use discrete-event simulation as our modeling tool. This methodology was chosen to reflect 

the stochastic nature of the inputs, as well as provide flexibility in exploring the effect of 

different ordering and counting policies that are quite complex to analyze in closed form. As 
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mentioned by Riddalls, Bennett and Tipi (2000), these conditions often lead researchers to use 

simulation models. While such simulation does not allow for determination of an “optimal 

policy”, it does allow for testing of various competing supply chain configurations and policies 

under relatively realistic scenarios. 

2.1. Research site and data 

In order to keep our model assumptions realistic, we engaged a 300-bed New-England area 

hospital to collect qualitative and quantitative supply chain data. Semi-structured interviews with 

hospital materials managers were used to map the processes surrounding the distribution of 

medical and surgical supplies in the hospital. This hospital has deployed a network of 100 

Automated Dispensing Machines across different wards. Each machine, or station, is comprised 

of one or multiple closed door cabinets and drawers storing supplies.  To retrieve supplies, a 

nurse or replenishment technician can log into a login console, using a password or biometric 

identification. Additionally, some products are available on open shelves, and their use can be 

recorded by pressing a radio-frequency button that is linked to the station.  

Transaction-level demand, replenishment, inventory policy, inventory audit as well as cost data 

at the Station-SKU level covering a period of 15 months were extracted from the Automated 

Dispensing Machines (ADMs) database. This dataset consisted of 3.6 million transaction records 

containing multiple fields: a unique identifier for the Station, the SKU number, identifiers of the 

drawer in the cabinet where the SKU is stored, the type of transaction (Demand, Return, 

Replenishment or Count), the quantity involved in the transaction, the expected inventory prior 
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to the transaction, the actual inventory at the beginning of the transaction3, the inventory at the 

end of the transaction, the reorder point, the order-up-to level. In addition, we had access to a 

copy of the Item Master File which linked the SKU number with different product 

characteristics, including name, category (function), unit cost, and manufacturer.  We used the 

data to determine base case values for the negative binomial demand parameters, reorder point 

and order-up-to level as well as plausible ranges for recording accuracy and count periodicity. 

2.2. Model structure 

We consider the case of a single item with periodic review, and therefore assume no interactions 

between products, such as substitution effects during stock-outs. The model maintains two 

inventory views in parallel: the “physical view” and the “book view”. The physical view 

indicates the inventory quantity physically available, and the book view indicates the inventory 

quantity recorded in the system, thus reflecting only recorded transactions. Four concurrent 

processes drive the simulation: Demand, Review, Replenishment and Count, and each of these 

processes requires specific assumptions as described below. Each process may increment or 

decrement either the physical or the book view inventory levels according to its specifications. 

Inaccuracies in the book view can only be introduced through unrecorded Demand transactions, 

and can only be corrected through the Count process. 

                                                 
3 Which only differs from the actual inventory on-hand if a discrepancy between the physical and book inventory is 

detected during the transaction, an event which mostly occurs during Count transactions. 
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2.3. Key processes 

Our model is based on four key processes that represent logistical activities (Figure 1). Every 

two hours, the Demand process is called and generates the number of units of demand by 

sampling from a negative binomial distribution.  If this quantity is positive, a demand transaction 

is defined and the physical view inventory level is decremented by the quantity withdrawn. As a 

simplifying assumption, we consider the recording of the demand as a binary outcome (e.g. we 

do not consider errors in the demand quantity). According to hospital data records, at least 70% 

of demand transactions were unit-sized, and this pattern was consistent across over 70% of 

SKUs, which suggests that this is a reasonable approximation for most products4. This binary 

outcome is determined by a Bernoulli trial with probability equal to an input parameter 

representing recording accuracy. If the outcome is positive, the book view inventory level is 

decremented by the quantity withdrawn (for instance, five units if the demand was five units and 

five units were physically available). If the quantity demanded is greater than the physical 

inventory level, the demand will be only partially satisfied by whatever quantity is in the 

physical inventory level. That quantity, the “sales” in SimPy, is subtracted from the physical 

inventory level and may be subtracted from the book view inventory level if the demand 

transaction is recorded. Any demand that is not satisfied by the physical inventory available will 

be recorded as “lost sales”.  

                                                 
4 Again, the recorded usage data from the hospital is biased, so it is possible that the number of unit-sized 

transactions is overestimated if clinicians only press the button once when they take multiple products at a time. 

However, most products, by the nature of their function, are only used in unit-sized quantities on a given patient. 
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Demand Review Count

Replenish

 

Figure 1: Key processes used in the simulation. The clock signifies periodicity. 

The Review process is called at specific times throughout the week, which in our base case 

correspond to one review per day.  Orders can only be placed during a Review. Orders are placed 

according to an (s,S) policy, i.e. an order is placed if the current book inventory level plus the 

sum of the order quantities of any unfilled orders is less than or equal to the reorder point, and 

the order size equals the order-up-to point minus the current book inventory level minus the sum 

of the order quantities of any unfilled orders. In this simulation, we consider a fixed 

replenishment lead time. Although the model is structured to allow for daily variation in time 

between reviews and replenishment lead times (for instance on weekends), this paper reports 

results with constant time between reviews and replenishment lead times. This choice is 

motivated by our desire to keep the model relatively simple and conservative, i.e. avoid 

compounding the effects of inventory inaccuracy with variance in the lead time5. 

After the lead time has passed, the Replenishment process increments the physical and book 

view inventory levels by the order quantity. Furthermore, eighteen months after introducing 

                                                 
5 When we run our model based on a real hospital replenishment schedule, implying extended replenishment lead 

times on weekends, we find increased stock-outs frequencies and lower fill rate relative to this base case. This is not 

surprising as both the expected lead time increases and the variance of the lead time increases as well (Opolon, 

2009). 
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ADMs to manage its medical and surgical process, the hospital started training replenishment 

technicians to perform counts prior to replenishing this machine. This option of activating Count 

process during calls to the Replenishment process is signified by the dashed line in Figure 1. We 

will discuss the implications of this policy, which we call “Count on Replenishment” in section 

4.3. Furthermore, the model takes as an input the probability of performing a count on a 

replenishment event, allowing the analyst to explore the effect of partial compliance with this 

policy by replenishment technicians. 

The Count process corresponds to the audit process and adjusts the book view inventory level to 

the physical view inventory level at the conclusion of each Count transaction. We assume perfect 

audits. The Count process is called according to a periodic schedule, e.g. every 14 days.  

2.4. Implementation 

In our model, events may occur at any time during the day, and the simulation uses a next-event 

time advance approach (Law (2007)). The model is implemented in Python, using the open-

source discrete-event simulation package SimPy described by Muller (2004).  Simulation outputs 

are written to a MySQL database and analyzed with the R statistical environment as explained in 

Team (2004). For each alternative configuration, the model is exercised for 200 runs, each with a 

run length of 364 days (52 weeks). We experimented and increased the run length until the 

means of different performance metrics approximately reached a steady state. The number of 

runs was gradually increased to achieve sufficiently narrow confidence intervals on the 

difference between alternative configurations and the perfect recording case. Consistent with the 

Common Random Numbers variance reduction technique, each randomly generated variable in 

the simulation has its own random stream, and a unique seed which depends only on the trial 
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number. This facilitates comparisons between alternate configurations. Different performance 

metrics are computed over the entire length of the run (364 days) and averaged across trials, 

which provide estimates of the steady-state behavior of those metrics. 

2.5. Base case 

The base case represents a medium-to-fast moving medical/surgical item such as a catheter for 

use in an operating room; we set the parameters for the base case based on point-of-use demand 

data from a New England area hospital. The mean daily demand follows a negative binomial 

distribution, with a mean of one item per day and a variance-to-mean ratio of 1.667.  There are 

no returns.  Weekends are treated the same as weekdays. We schedule a Review at 3 pm every 

day6.  When an order is placed during a Review, the shipment will arrive at the station 19 hrs 

later at 10 am the next day. This short lead time reflects the proximity of the distributor’s 

warehouse, which is located less than 50 miles away from the hospital.  All Replenishment 

transactions are recorded, and no counts take place upon replenishment in the base case.  The 

reorder point is set to 4 units, the order-up-to level is set to 10 units, and the initial inventory is 

set to 7 units, consistent with the inventory policy parameters in place at the hospital for similar 

items. The effect of count periodicity and imperfect recording are explored through a full 

factorial design. The probability of accurately recording each demand takes values between 0.65 

and 1.00, in 0.05 increments. Count transactions are performed with a constant periodicity, 

which can be 7, 14, or 21 days, which corresponds to the range of count periodicities observed at 

                                                 
6 See previous footnote. 
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the New England-area hospital7. This results in 24 alternative configurations being simulated.  

The different input parameters and their respective base-case values are summarized in Table 2. 

Recording accuracy 0.65 – 1.00 
Count periodicity 7,14, or 21 days 
  
Initial inventory level 7 units 
Reorder point 4 units 
Order-up-to level 10 units 
Review event periodicity Daily, 3 pm daily 
Lead time 
 

19 hours 
(delivery at 10:00 am next day) 

  
Probability of performing a count 
on replenishment event 

0 or 1 
 

Mean demand 
(Negative Binomial distribution) 

1 unit / day 
 

Variance to mean ratio 
(Negative Binomial distribution) 

1.667 units 
 

Simulation Run Length 364 days  
Trials 200 

 

Table 2: Summary of input parameters and base case values 

 

3. Effect of imperfect recording on service level metrics 

In this section, we seek to understand the effect of imperfect recording on physical service level 

metrics. In the next section, we investigate whether imperfect recording introduces bias in 

service level metrics calculated from “book” (and hence potentially inaccurate) records. 

                                                 
7 We tested the sensitivity of the model by exercising it at periodicities of 4, 10, 28, 35, 42, or 56 days, resulting in a 

total of 72 configurations. The results did not differ qualitatively from the effects presented in this paper. 
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We consider multiple potential service level metrics to use in order to explore these hypotheses. 

In order to choose service level metrics for the point-of-use availability of supplies, it is 

important to keep in mind the context and specificities of the hospital environment. Because 

unfilled demand is typically not backlogged8, the fill rate metric is particularly aligned with the 

experience of clinicians, who we consider as customers of this particular supply chain. However, 

Automated Dispensing Machines (ADMs) only record product withdrawals from the station, 

rather than actual demand, making the calculation of the fill rate from ADM data a difficult 

problem. Agrawal and Smith (1996) propose a methodology for estimating the negative binomial 

demand in the presence of unobservable lost sales, which could be used to derive estimates of the 

fill rate. However, under imperfect demand recording we face the compounding of two effects: 

both sales and lost sales are not known accurately. In this paper, we focus on the average in-

stock probability over the course of a simulation run, which corresponds to the probability that 

the product is in-stock at a random point in time. This metric reflects the probability that a nurse 

will have to perform additional tasks in order to obtain the product. Because of this and the fact 

that, in the absence of inventory inaccuracies, it can be computed from ADM data, the in-stock 

probability is a potential candidate as a level-of-service (LOS) metric. Another potential 

candidate is the stock-out frequency, which the New England-area hospital is currently using; it 

is reported by the Automated Dispensing Machine information system. This LOS metric is 

defined as the number of stock-out events (defined as instances when the recorded inventory 

                                                 
8 The question of what happens during stock-outs is highly dependent on the medical context generating the product 

need, as well as product categories and local hospital policies. Depending on the situation, the product may be 

obtained from another hospital ward, from a nearby hospital, express-shipped from the vendor, a substitute may be 

used, or more rarely, a procedure may be rescheduled. 
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level reaches zero) per period, usually a week or a month. While it is imperfect in that it does not 

account for the duration of stock-out events and therefore does not directly reflect the end-user 

experience, we believe it is important to investigate its usefulness because it is often the only 

metric available to hospital inventory managers. 

By definition, the Type I service level is equal to the probability of stocking out during a 

replenishment cycle. Therefore, it is equal to the average stock-out frequency divided by the 

average replenishment frequency, and can be estimated through our simulation. Because its value 

depends on the replenishment frequency, it is not comparable across products with different 

replenishment frequencies. Moreover, for a single product, imperfect demand recording delays 

the triggering of replenishments and lowers the replenishment frequency, making the Type I 

service level a less valid metric. We consider it in order to compare our results to the existing 

literature. 

In subsection 3.1, we report the effect of imperfect recording on the physical in-stock 

probability; the effect on the physical stock-out frequency is reported in 3.2. We compare the 

results of our analysis to those of Morey (1985) in 3.3.  

3.1. Results of the simulation model: Fill rate and Physical In-Stock 

Probability 

When imperfect recording is introduced, discrepancies arise between the physical view and book 

view inventory levels. The book view inventory is always greater than or equal to the physical 

view inventory because we assume that there are no returns, that replenishments are always 

recorded, and that the non-recording of demand is the only source of inventory inaccuracies. 
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As the recording accuracy increases, the in-stock probability increases, as shown in Figure 2, as 

well as the fill rate (Table 3). This effect is not only statistically significant, as shown in Table 3, 

but it has practical significance.  For example, at a count periodicity of 14 days, increasing the 

recording accuracy from 80% to 100%, increases the in-stock probability from 91% to 98.2%. 

We quantify the size of this effect by constructing confidence intervals on the difference of the 

in-stock probability between the current configuration and the configuration corresponding to 

perfect recording accuracy, using the non-parametric paired Wilcoxon signed-rank test (each test 

was conducted on 2 * 200 trial observations). These bounds are also depicted in Table 3. 

This analysis suggests that unless mitigated by frequent inventory counts, lack of recording 

accuracy has severe detrimental effects on service levels as measured by the in-stock probability. 
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Figure 2: In-Stock Probability as a function of Recording Accuracy, for count periodicities 

of 7, 14, and 21 days 
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95% Confidence Interval on 

the In-stock Probability 

Difference with the Perfect 

Recording Accuracy case 

Time 

Between 

Counts 

(days) 

Recording 

Accuracy 
Fill Rate 

Physical In-

stock 

Probability 

Lower 

Bound 

Upper 

Bound 
p-value 

7 

0.650 0.935 (0.024) 0.942 (0.017) -0.042 -0.038 <0.0001 

0.700 0.944 (0.022) 0.950 (0.016) -0.034 -0.030 <0.0001 

0.750 0.952 (0.019) 0.957 (0.013) -0.027 -0.023 <0.0001 

0.800 0.958 (0.017) 0.963 (0.012) -0.020 -0.017 <0.0001 

0.850 0.965 (0.015) 0.969 (0.010) -0.014 -0.011 <0.0001 

0.900 0.971 (0.014) 0.974 (0.009) -0.009 -0.007 <0.0001 

0.950 0.978 (0.012) 0.979 (0.007) -0.004 -0.003 <0.0001 

1.000 0.982 (0.011) 0.982 (0.005) NA NA NA 

14 

0.650 0.834 (0.042) 0.844 (0.039) -0.142 -0.132 <0.0001 

0.700 0.862 (0.039) 0.871 (0.035) -0.115 -0.105 <0.0001 

0.750 0.886 (0.037) 0.894 (0.030) -0.092 -0.083 <0.0001 

0.800 0.908 (0.033) 0.917 (0.027) -0.068 -0.060 <0.0001 

0.850 0.932 (0.028) 0.939 (0.023) -0.045 -0.039 <0.0001 

0.900 0.954 (0.023) 0.959 (0.018) -0.024 -0.020 <0.0001 

0.950 0.971 (0.016) 0.973 (0.011) -0.009 -0.006 <0.0001 

1.000 0.982 (0.011) 0.982 (0.005) NA NA NA 

21 

0.650 0.712 (0.054) 0.721 (0.056) -0.268 -0.252 <0.0001 

0.700 0.759 (0.051) 0.768 (0.056) -0.221 -0.205 <0.0001 

0.750 0.805 (0.050) 0.812 (0.050) -0.176 -0.162 <0.0001 

0.800 0.850 (0.045) 0.860 (0.044) -0.127 -0.114 <0.0001 

0.850 0.894 (0.041) 0.903 (0.037) -0.082 -0.072 <0.0001 

0.900 0.934 (0.032) 0.940 (0.028) -0.043 -0.036 <0.0001 

0.950 0.964 (0.020) 0.966 (0.016) -0.016 -0.011 <0.0001 

1.000 0.982 (0.011) 0.982 (0.005) NA NA NA 

 

Table 3: Fill Rate and Physical In-stock Probability for different values of the Recording Accuracy and 

Count Periodicity 

Standard errors in parentheses. 95% confidence intervals on the In-stock Probability difference with the 

Perfect Recording Accuracy configuration estimate the service level degradation due to imperfect recording 

accuracy 
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3.2. Results of the simulation model: Physical Stock-out Frequency 

A similar effect on the stock-out frequency is observed in Table 4 which depicts the physical 

stock-out frequency as a function of the recording frequency and count periodicity: the physical 

stock-out frequency increases as the recording accuracy decreases. When counts are infrequent, 

the Physical Stock-out Frequency metric is problematic because it does not vary strictly 

monotonically with the fill rate, in-stock probability or recording accuracy. For instance, for a 

count periodicity of 21 days, while the recording accuracy decreases from 70% to 65%, the 

physical stock-out frequency stays virtually unchanged at 0.403 stock-outs / week. This is due to 

the fact that additional stock-out events cannot take place once the physical inventory has already 

reached zero. Furthermore, the fill rate and in-stock probability are in fact deteriorating due to 

increasing stock-out duration. This increase in stock-out duration is due to the late detection of 

stock-outs. 

3.3. Results of the simulation model: Type I Service Level 

We obtain the Type I Service Level from the simulation by dividing the Physical Stock-out 

Frequency with the Replenishment Frequency for every run of the simulation, and then average 

this value across simulation runs, as displayed in Table 5. We compare this value with that 

obtained for the corresponding set of parameters using the analytical formula given in Morey 

(1985). Our simulation model results in type I service levels 9%-22% lower than estimated using 

Morey’s model. Even when there are no inventory inaccuracies, our simulation model results  in 

a Type I service level that is 12% lower, which suggests that this difference is at least partially 

explained by our choice of a negative binomial demand distribution. The Type I Service Level is 

the percentile of the lead time demand distribution corresponding to a value equal to the reorder 
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point. For low demand items, a negative binomial distribution will have a lower corresponding 

percentile relative to a normal distribution of identical mean and variance. Another factor that 

may contribute to the gap when imperfect recording is present is the fact that in our model the 

physical inventory can never exceed the book inventory, i.e. inventory errors can never improve 

the service level by adding excess inventory, whereas Morey’s model assumes that the 

distribution of errors is symmetric. 

Overall, this analysis shows that while Morey’s model strives to be conservative through the use 

of a lower bound, in a hospital context the effects of imperfect recording are more severe than 

previously suggested. 
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95% Confidence Interval on 

the Physical View Stock-out 

Frequency Difference with the 

Perfect Recording Accuracy 

case 

Time Between 

Counts (days) 

Recording 

Accuracy 

Physical View 

Stock-out 

Frequency (# stock-

outs / week) 

Lower Bound Upper Bound p-value 

7 

0.650 0.281 (0.065)  0.135 0.154 <0.0001 

0.700 0.263 (0.069)  0.125 0.135 <0.0001 

0.750 0.243 (0.063)  0.096 0.115 <0.0001 

0.800 0.220 (0.060)  0.077 0.096 <0.0001 

0.850 0.197 (0.056)  0.058 0.077 <0.0001 

0.900 0.176 (0.051)  0.038 0.048 <0.0001 

0.950 0.155 (0.048)  0.019 0.029 <0.0001 

1.000 0.135 (0.046)  NA NA NA 

14 

0.650 0.391 (0.059)  0.250 0.269 <0.0001 

0.700 0.367 (0.067)  0.221 0.240 <0.0001 

0.750 0.343 (0.063)  0.202 0.212 <0.0001 

0.800 0.304 (0.061)  0.154 0.173 <0.0001 

0.850 0.267 (0.056)  0.125 0.135 <0.0001 

0.900 0.223 (0.061)  0.077 0.096 <0.0001 

0.950 0.177 (0.056)  0.038 0.048 <0.0001 

1.000 0.135 (0.046)  NA NA NA 

21 

0.650 0.404 (0.057)  0.260 0.279 <0.0001 

0.700 0.403 (0.060)  0.260 0.279 <0.0001 

0.750 0.384 (0.064)  0.240 0.260 <0.0001 

0.800 0.359 (0.067)  0.212 0.231 <0.0001 

0.850 0.321 (0.061)  0.173 0.192 <0.0001 

0.900 0.269 (0.063)  0.125 0.144 <0.0001 

0.950 0.200 (0.058)  0.067 0.077 <0.0001 

1.000 0.135 (0.046)  NA NA NA 

 

Table 4: Physical View Stock-out Frequency (# stock-outs / week) for different values of the Recording 

Accuracy and Count Periodicity 

Standard errors in parentheses. 95% confidence intervals on the Physical View Stock-out Frequency 

difference with the Perfect Recording Accuracy configuration estimate the increase in stock-out events due to 

imperfect recording accuracy
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95% Confidence Interval on the 

difference between the simulated 

and analytical service level 

Count 

Periodicity 

Recording 

Compliance 

Physical Stock-out 

Frequency (# stock-

outs / week) 

Replenishment Stock-

out Frequency (# 

stock-outs / week) 

Simulated 

Type I Service 

Level 

Analytical 

Type I Service 

Level 

Delta (min) Delta (max) 

7 

0.650 0.281 (0.065) 0.913 (0.051) 0.692 (0.070) 0.799 -0.117 -0.097 

0.700 0.263 (0.069) 0.934 (0.050) 0.718 (0.072) 0.823 -0.116 -0.094 

0.750 0.243 (0.063) 0.952 (0.053) 0.745 (0.064) 0.849 -0.113 -0.094 

0.800 0.220 (0.060) 0.970 (0.052) 0.774 (0.059) 0.876 -0.111 -0.094 

0.850 0.197 (0.056) 0.983 (0.053) 0.800 (0.056) 0.905 -0.114 -0.097 

0.900 0.176 (0.051) 0.994 (0.054) 0.823 (0.050) 0.935 -0.120 -0.106 

0.950 0.155 (0.048) 1.003 (0.058) 0.846 (0.047) 0.965 -0.125 -0.112 

1.000 0.135 (0.046) 1.008 (0.059) 0.866 (0.044) 0.990 -0.131 -0.118 

14 

0.650 0.391 (0.059) 0.771 (0.054) 0.491 (0.083) 0.671 -0.191 -0.169 

0.700 0.367 (0.067) 0.819 (0.053) 0.551 (0.083) 0.702 -0.163 -0.139 

0.750 0.343 (0.063) 0.861 (0.056) 0.601 (0.073) 0.737 -0.146 -0.126 

0.800 0.304 (0.061) 0.901 (0.057) 0.663 (0.067) 0.777 -0.126 -0.107 

0.850 0.267 (0.056) 0.941 (0.057) 0.716 (0.059) 0.823 -0.116 -0.100 

0.900 0.223 (0.061) 0.973 (0.055) 0.771 (0.061) 0.876 -0.115 -0.097 

0.950 0.177 (0.056) 0.996 (0.058) 0.822 (0.055) 0.935 -0.121 -0.105 

1.000 0.135 (0.046) 1.008 (0.059) 0.866 (0.044) 0.990 -0.131 -0.118 

21 

0.650 0.404 (0.057) 0.639 (0.061) 0.365 (0.084) 0.589 -0.238 -0.213 

0.700 0.403 (0.060) 0.703 (0.062) 0.423 (0.085) 0.620 -0.210 -0.186 

0.750 0.384 (0.064) 0.769 (0.063) 0.498 (0.083) 0.657 -0.171 -0.148 

0.800 0.359 (0.067) 0.832 (0.062) 0.568 (0.083) 0.702 -0.144 -0.121 

0.850 0.321 (0.061) 0.895 (0.059) 0.641 (0.067) 0.756 -0.125 -0.105 

0.900 0.269 (0.063) 0.950 (0.059) 0.716 (0.066) 0.823 -0.117 -0.097 

0.950 0.200 (0.058) 0.988 (0.059) 0.797 (0.057) 0.905 -0.116 -0.100 

1.000 0.135 (0.046) 1.008 (0.059) 0.866 (0.044) 0.990 -0.131 -0.118 

Table 5: Simulated Type I Service Level (Probability of stock-out in a replenishment cycle) for different values of the Recording Accuracy and Count Periodicity, as well 

as predicted Type I Service Levels according to Morey (1985) model. 

Standard errors in parentheses. 95% confidence intervals on the difference between the Simulated Type I Service Level and the Analytical Type I Service Level derived 

from the model described in Morey (1985)  
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4. Bias in service level metrics 

In this section we are interested in the effect of recording accuracy on the “book view” service 

level metrics, which are calculated based on the data from the ADM inventory system. Because 

these data are inaccurate and overstate inventory levels under imperfect recording, it is likely that 

these metrics are biased. By maintaining parallel “physical” and “book” inventory records, our 

simulation framework allows us to test this hypothesis and quantify this bias. 

4.1. Bias in the Book View In-Stock Probability 

Table 6 shows how the “book view” in-stock probability varies under the different scenarios, as 

well as a confidence interval on the bias of this metric relative to the “physical” in-stock 

probability. The analysis shows that the physical in-stock probability can degrade materially 

while the book in-stock probability shows only a modest decline. For instance, at a count 

periodicity of 14 days and a recording accuracy of 65%, the physical in-stock probability is 

84.4% and the book in-stock probability is 96.9%, implying a 12.5% bias. As shown by the 

confidence intervals of Table 6, this bias effect is statistically and materially significant, and 

increases as the physical in-stock probability decreases. Therefore, the book in-stock probability 

is severely misleading and will cause inventory managers relying on it to overestimate the 

service levels provided to end-users when recording accuracy is imperfect. 
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95% Confidence 

Interval on the metric 

bias 

Count 

Periodicity 

Recording 

Accuracy 

Physical In-stock 

Probability 

Book In-stock 

Probability 

Delta 

(min) 

Delta 

(max) 

7 

0.650 0.942 (0.017) 0.978 (0.006) 0.034 0.038 

0.700 0.950 (0.016) 0.980 (0.006) 0.029 0.032 

0.750 0.957 (0.013) 0.982 (0.005) 0.023 0.026 

0.800 0.963 (0.012) 0.983 (0.005) 0.019 0.021 

0.850 0.969 (0.010) 0.984 (0.005) 0.014 0.016 

0.900 0.974 (0.009) 0.984 (0.005) 0.009 0.010 

0.950 0.979 (0.007) 0.983 (0.005) 0.004 0.005 

1.000 0.982 (0.005) 0.982 (0.005) 0.000 0.000 

14 

0.650 0.844 (0.039) 0.969 (0.007) 0.119 0.129 

0.700 0.871 (0.035) 0.973 (0.006) 0.097 0.106 

0.750 0.894 (0.030) 0.977 (0.006) 0.078 0.086 

0.800 0.917 (0.027) 0.980 (0.005) 0.059 0.066 

0.850 0.939 (0.023) 0.983 (0.005) 0.041 0.047 

0.900 0.959 (0.018) 0.985 (0.005) 0.022 0.027 

0.950 0.973 (0.011) 0.984 (0.005) 0.009 0.011 

1.000 0.982 (0.005) 0.982 (0.005) 0.000 0.000 

21 

0.650 0.721 (0.056) 0.965 (0.005) 0.235 0.250 

0.700 0.768 (0.056) 0.969 (0.005) 0.192 0.207 

0.750 0.812 (0.050) 0.973 (0.005) 0.153 0.167 

0.800 0.860 (0.044) 0.978 (0.005) 0.111 0.122 

0.850 0.903 (0.037) 0.982 (0.005) 0.072 0.081 

0.900 0.940 (0.028) 0.984 (0.005) 0.038 0.046 

0.950 0.966 (0.016) 0.985 (0.005) 0.015 0.018 

1.000 0.982 (0.005) 0.982 (0.005) 0.000 0.000 

 

Table 6: Physical and Book View In-stock Probability for different values of the Recording Accuracy and 

Count Periodicity 

Standard errors in parentheses. 95% confidence intervals on the metric bias, i.e. the difference between Book 

and Physical in-stock probabilities, are provided. 
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4.2. Bias in the Book View Stock-out Frequency 

Our analysis shows that under periodic counts, the book view underestimates stock-out events 

and therefore also introduces significant bias in the stock-out frequency metric. Figure 3 shows 

an example of this bias at a count periodicity of 14 days. If replenishment occurs after a physical 

stock-out event but before the book view inventory level reaches zero (either through recorded 

demand or a count), the book view inventory record is increased, and a stock-out event has been 

missed. 

 

Figure 3: Physical and Book Stock-out Frequencies as a function of Recording Accuracy, at a Count 

Periodicity of 14 days 
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Furthermore, as shown in Figure 3, the book stock-out frequency is not a monotonic function of 

recording accuracy. For instance, at a count periodicity of 14 days, for high recording accuracy 

(e.g. 95%) the book stock-out frequency is relatively low and close to the physical stock-out 

frequency. As the recording accuracy level decreases towards 90%, the book stock-out frequency 

decreases towards its minimum. As the recording accuracy decreases further below 90%, the 

book stock-out frequency increases again. This result is robust across different count 

periodicities, as shown in Table 7. 

To understand this pattern, it is useful to recognize the book stock-out frequency (BSOF) as the 

product of the physical stock-out frequency (PSOF) and the stock-out detection rate (SDR). 

BSOF = PSOF * SDR 

In order to qualitatively understand how the book stock-out frequency is affected by changes in 

recording accuracy, we focus on the behavior of the stock-out detection rate as recording 

accuracy changes9. We recall that physical stock-outs can be detected and recorded as book 

stock-outs either (A) when the physical stock-out takes place (i.e. when there are no errors in the 

inventory record), or, (B) after the physical stock-out takes place, through a periodic count, or 

(C), not at all. When (C) occurs, a stock-out takes place, stays undetected, and replenishment 

brings the physical view inventory back to a positive value before the periodic count. In other 

words, we have: 

                                                 
9 The physical stock-out frequency increases as recording accuracy decreases, so it is not sufficient to focus on the 

stock-out detection rate to fully conclude on the behavior of the function. In most cases, the relative changes in the 

stock-out detection rate dominate the changes in the physical stock-out frequency. More importantly, our intent is to 

present insight into the effect presented rather than a mathematical proof of the simulated results. 
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SDR = 1 – P(C) = P(A) + P(B) 

If recording accuracy is perfect, we have P(A) = 1. In fact, the probability of detecting the stock-

out exactly as it occurs, as a function of recording accuracy, follows a power law: 

P(A) = Prob(No Inventory Error) 

P(A) = (Recording Accuracy)^(Product usage between the last count event and the physical stock-out) 

When recording accuracy is high, but not perfect (e.g. 95%), P(A), the probability of detecting a 

stock-out as it takes place decreases sharply relative to the perfect recording case. Meanwhile, 

P(B), the probability of detecting a stock-out during a periodic count is low because stock-out 

durations are small relative to the periodicity of counts. Therefore, the stock-out detection rate 

(SDR) decreases relative sharply relative to the perfect recording case. On the other hand, when 

the recording accuracy is low (e.g. 65%), the probability of detecting a stock-out as it occurs (A) 

is negligible, but the stock-out duration is much higher relative to the previous case. The stock-

out duration is higher because the reorder point is triggered based on the book inventory, which 

is depleted based on recorded demand, and therefore will be triggered later than it should. 

Therefore P(B), the probability that a stock-out will be detected through a periodic count 

becomes larger, and so does the stock-out detection rate (SDR). This explains why the stock-out 

detection rate is not a monotonic function of the recording accuracy. Because the variations in 

the stock-out detection rate (SDR) often dominate the change in the physical stock-out frequency 

(PSOF), the book stock-out frequency (BSOF) is often not a monotonic function of the recording 

accuracy. 
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The fact that the book stock-out frequency is not a monotonic function of the recording accuracy 

(or the physical stock-out frequency) implies that it is not a reliable indicator of relative 

performance over time (i.e. is this month’s service level better or worse than last month’s?). 

The previous analysis shows that a periodic count policy, while mitigating the effect of imperfect 

recording by removing inventory errors periodically, leaves both the in-stock probability and 

stock-out frequency metrics severely inaccurate and misleading for managers. 
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95% Confidence Interval on 

the metric bias 

Count 

Periodicity 

Recording 

Accuracy 

Physical View 

Stock-out 

Frequency (# 

stock-outs / 

week) 

Book View 

Stock-out 

Frequency (# 

stock-outs / 

week) 

Delta (min) Delta (max) 

7 

0.650 0.281 (0.065) 0.136 (0.047) -0.154 -0.135 

0.700 0.263 (0.069) 0.125 (0.047) -0.144 -0.135 

0.750 0.243 (0.063) 0.116 (0.046) -0.135 -0.115 

0.800 0.220 (0.060) 0.106 (0.043) -0.115 -0.106 

0.850 0.197 (0.056) 0.103 (0.043) -0.096 -0.087 

0.900 0.176 (0.051) 0.108 (0.042) -0.067 -0.067 

0.950 0.155 (0.048) 0.120 (0.043) -0.038 -0.038 

1.000 0.135 (0.046) 0.135 (0.046) 0.000 0.000 

14 

0.650 0.391 (0.059) 0.194 (0.048) -0.202 -0.192 

0.700 0.367 (0.067) 0.166 (0.045) -0.202 -0.192 

0.750 0.343 (0.063) 0.143 (0.042) -0.202 -0.192 

0.800 0.304 (0.061) 0.119 (0.042) -0.192 -0.173 

0.850 0.267 (0.056) 0.100 (0.039) -0.173 -0.154 

0.900 0.223 (0.061) 0.095 (0.041) -0.135 -0.125 

0.950 0.177 (0.056) 0.105 (0.044) -0.077 -0.067 

1.000 0.135 (0.046) 0.135 (0.046) 0.000 0.000 

21 

0.650 0.404 (0.057) 0.223 (0.035) -0.192 -0.173 

0.700 0.403 (0.060) 0.196 (0.040) -0.212 -0.192 

0.750 0.384 (0.064) 0.165 (0.036) -0.231 -0.212 

0.800 0.359 (0.067) 0.136 (0.039) -0.231 -0.212 

0.850 0.321 (0.061) 0.110 (0.038) -0.221 -0.202 

0.900 0.269 (0.063) 0.095 (0.039) -0.183 -0.163 

0.950 0.200 (0.058) 0.098 (0.038) -0.106 -0.096 

1.000 0.135 (0.046) 0.135 (0.046) 0.000 0.000 

 

Table 7: Physical and Book View Stock-out Frequency (# stock-outs / week) for different values of the 

Recording Accuracy and Count Periodicity 

Standard errors in parentheses. 95% confidence intervals on the metric bias, i.e. the difference between Book 

and Physical stock-out frequencies, are provided. 
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4.3. Counting on replenishment policy 

In this section, we explore the effect of a simple count policy change implemented by the 

hospital. It consists in counting the inventory prior to every replenishment transaction, in 

addition to periodic counts. For instance, the inventory is counted every other Monday at 4pm 

(14 days periodicity). As replenishment takes place on Thursday morning, the technician counts 

the inventory just prior to adding the delivered quantity, and adjusts the book inventory record if 

a discrepancy is found. If the physical inventory is found to be equal to zero, a book stock-out 

event is recorded. 

The hospital introduced this change in order to systematize inventory counts, as periodic counts 

were executed to a varying extent depending on the station and replenishment technicians. To 

our knowledge, hospital managers were not focused on the problem of undetected stock-out 

events.  

Figure 4 compares the scenario of section 4.2 with this suggested policy. As expected, because 

the average count frequency is increased, the number of physical stock-out events diminishes, 

and the gap between the book and physical stock-out frequencies is eliminated. However, while 

in steady state no stock-out events are missed, a (variable) delay subsists between the time at 

which the stock-out event takes place and when it is detected. For instance, consider the case of a 

stock-out taking place on July 25th. It is detected as a book view stock-out during the next 

periodic count on August 4th, and therefore is attributed to the month of August. 
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Figure 4: Physical and Book Stock-out Frequencies as a function of Recording Accuracy, with periodic counts 

every 14 days, under two scenarios: no counting on replenishment and always counting on replenishment. 

Therefore, when calculated every month (or at any periodic interval), the book stock-out 

frequency metric may reflect stock-out events that occurred the previous month, and omit some 

stock-outs that took place during the period. 
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5. Discussion 

The findings of this paper are two-fold. First, we have shown that imperfect recording, unless 

mitigated by frequent counts, can cause severe degradation of service levels. This stems from the 

fact that imperfect recording implies that inventory errors have a non-zero mean. Among the 

models handling the case of non-zero mean errors, Morey (1985) aims to be very conservative by 

estimating a lower bound on the Type I service level, i.e. the probability of stocking out during a 

replenishment cycle.  As discussed in 3.3., our model results in Type I service levels 9-22% 

lower than predicted by Morey’s for demand, recording accuracy and count periodicities values 

representative of the hospital context, Moreover, we surmise that under imperfect recording the 

type I service level is an inappropriate metric, because the length of the replenishment cycle 

increases as recording accuracy decreases. Using both a stochastic simulation and a deterministic 

analytical model, Kang and Gershwin (2005) report a metric analogous to the in-stock 

probability and show dramatic detrimental effects of shrinkage, but only consider the effect of 

increasing the count frequency by a factor of two. Our results suggest that when executed 

perfectly, frequent counts are effective at mitigating the detrimental effect of imperfect recording 

on stock-outs. In the context of the hospital supply chain, this problem and the possible 

countermeasures are particularly relevant due the lack of recording accuracy that we have 

observed in real-world data from hospital Automated Dispensing Machines. Addressing this 

problem will require additional research in three areas: Prevention, Correction and Integration 

(DeHoratius et. al, 2008). Our model estimates the tradeoff between Prevention and Correction 

in terms of service level improvements (the costs of prevention measures and physical counts are 

not examined), and can be adapted to evaluate improved policies combining these aspects. For 
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instance, instead of increasing the frequency of periodic counts, audits could be triggered based 

on the recorded demand data and the time since the last count.  

Second, our model demonstrates that many service level metrics become inaccurate under 

imperfect recording, even when relatively frequent periodic counts are implemented as a 

countermeasure. This may in fact give a false sense of security to inventory managers. Our 

experience interacting with hospital inventory managers suggests that this is particularly 

problematic, as they tend to evaluate the success of a particular initiative mostly, although not 

exclusively, based on service level metrics computed by the Automated Dispensing Machines 

reporting system. It also limits continuous improvement activities to increase recording accuracy 

and/or monitor the effects of different count policies and other managerial changes. Therefore, 

we believe it is necessary to establish robust metrics of service levels that take into account 

imperfect recording, and more generally, information about inventory record inaccuracy gained 

during inventory counts.  

Finally, further research is required to assess the sensitivity of recommended policies to the 

compliance of end-users and technicians with the recommended processes, which can be 

explored using discrete-event simulation. In a case study of a large distribution organization, 

Millet (1994) reports how poor quality of execution of periodic inventory audits undermined 

their effectiveness at removing inventory inaccuracies. He identified workforce motivation for 

inventory audits as the bottleneck. In response, he offered to partially or entirely waive periodic 

audits if their ex-post (verified) accuracy was above a critical value, resulting in an increase in 

average accuracy from 64% to 96%. In this paper, we showed how counting on replenishment 

removes the bias in the book stock-out frequency, which was the metric available to hospital 

inventory managers from the Automated Dispensing Machine system. Because our model is 
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probabilistic, it can be exercised to explore how the bias is reduced when compliance with this 

policy of counting on replenishment is partial, as suggested by hospital inventory managers.  

Such behavioral effects and feedback loops should be considered and analyzed before 

implementing policy changes and are another opportunity for future research. 
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