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Abstract: Increasing regulatory demands are forcing the pharmaceutical industry to invest its avail-
able resources carefully. This is especially challenging for small- and middle-sized companies.
Computer simulation software like FlexSim allows one to explore variations in production processes
without the need to interrupt the running process. Here, we applied a discrete-event simulation
to two approved film-coated tablet production processes. The simulations were performed with
FlexSim (FlexSim Deutschland—Ingenieurbüro für Simulationsdienstleistung Ralf Gruber, Kirch-
lengern, Germany). Process visualization was done using Cmap Tools (Florida Institute for Human
and Machine Cognition, Pensacola, FL, USA), and statistical analysis used MiniTab® (Minitab GmbH,
Munich, Germany). The most critical elements identified during model building were the model
logic, operating schedule, and processing times. These factors were graphically and statistically
verified. To optimize the utilization of employees, three different shift systems were simulated,
thereby revealing the advantages of two-shift and one-and-a-half-shift systems compared to a one-
shift system. Without the need to interrupt any currently running production processes, we found
that changing the shift system could save 50–53% of the campaign duration and 9–14% of the labor
costs. In summary, we demonstrated that FlexSim, which is mainly used in logistics, can also be
advantageously implemented for modeling and optimizing pharmaceutical production processes.

Keywords: 3D simulation modeling and analysis; model implementation; bottleneck analysis;
production costs; resource conservation

1. Introduction

The pharmaceutical industry is known to be prosperous but inflexible. Regulatory
authorities expect increasing standards for medicinal products, e.g., during clinical trials
or production [1–3], which makes the industry less prosperous and even more inflexible.
Multinational pharmaceutical companies react with various strategies, such as outsourcing
or mergers and acquisitions [4], while small- and middle-sized companies need to com-
pensate for their losses differently. For both, the strategy of addressing production costs is
promising because of this strategy’s generally low equipment utilization [5] and because
of production’s high costs (production makes up to 30% of the overall costs) [6]. Instead
of real-world experiments and tests, computer simulations enable one to test different
scenarios without any interruptions or threats to daily business.

The chosen processes for this case study involve the production of two film-coated
tablets for the treatment of tuberculosis. As of 2020, about one-quarter of the world’s
population is infected with latent tuberculosis. Ending this epidemic by 2030 is one of
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the health targets of the United Nations Sustainable Development Goals, so the incidence
of the disease is decreasing by 2% each year. This disease is mainly caused by acid-fast
rod-like Mycobacterium tuberculosis. Most patients suffer from a curable lung infection
that is treated with a combination of different agents [7]. According to the World Health
Organization, isoniazid, rifampicin, pyrazinamide, and ethambutol are the most essential
first-line anti-tuberculosis drugs [8]. The main active pharmaceutical ingredients of the two
investigated products are isoniazid and ethambutol; thus, the products are abbreviated as
PINA and PEMB.

Background information about simulations can be found in Banks (2005), who defined
them as the “imitation of the operation of a real-world process or system over time” [9],
while a model can be described as a “representation of a [ . . . ] process intended to enhance
our ability to understand, predict, or control its behavior” [10]. The link between both is
that “the exercise or use of a model to produce a result” is a simulation [11]. Simulating
different scenarios, thereby changing the parameters in a model and running it, enables one
to test and evaluate the effects of certain parameters. Hence, diverse fields of application are
possible in a pharmaceutical context. These applications could support decision making for
pipeline management [12–14] and optimize supply chain management [15–17]. Simulations
of production processes are also of interest. They can be divided into simulations of single
process steps, such as computational fluid dynamics for mixing steps [18], and simulations
of multiple production steps [19] or even of entire continuous production processes [20].
The models of Sundaramoorthy et al. [16] and Matsunami et al. [21] were used to investigate
a mixture of the abovementioned factors. Their prospective models targeted the planning
of production capacities when a product is still in its developmental stage. Matsunami
et al. compared a batch with continuous production considering various uncertainties,
prices, and market demands for one product. Sundaramoorthy et al., however, address the
production capacities of multiple products. Habibifar et al. recently published a study on
the optimization of an existing production line, including a sensitivity analysis, the design
of multiple scenarios, and a data envelopment analysis. Other comparable work was also
examined intensively—11 references from 2007–2019 were investigated and compared [5].
The applied techniques (simulations, mathematical modeling, and statistical techniques)
differed, as did the focuses of the studies. Some papers concentrated on the optimization
of specific process steps [22], while others pursued a more holistic approach [23]. The high
variability in this small population demonstrates that there are many different approaches
and even more available software solutions for optimizing pharmaceutical production.
One described attempt involved a discrete-event simulation, in which the variables of a
model changed due to defined events. Recent work on discrete-event simulation addressed
room occupancies in a hospital [24], a flow shop [25], and manufacturing scheduling [26].

In contrast to the above-mentioned studies (i.e., prospective simulations for future
medicinal products), this study addressed two already existing production processes. The
motivation of this work was to optimize the validated and approved production processes
of PINA and PEMB via discrete-event simulations without the need to interrupt or interfere
with the continuing production processes themselves. Initially, it was investigated whether
it is possible to establish a discrete-event simulation approach with limited resources and
simulation knowhow. Meanwhile, the three most critical steps in model building (imple-
menting model logic, operating schedule, and processing times) were determined, verified,
and partly validated. Based on the generated as-is models of the PINA and PEMB production
processes, bottlenecks in the production process were identified and different production
scenarios designed to find the optimal one under existing conditions. The optimizations
focused on process efficiency, not pharmaceutical or validation questions. The market
authorization of these products limited the possible changes to only organizational ones.
Therefore, the shift systems of the created as-is models for PINA and PEMB were changed
from the existing one-shift system to a one-and-a-half shift system and a two-shift system
to optimize employee utilization. The campaign duration, labor costs, and used resources
were calculated to generate comparable outcomes.



Processes 2021, 9, 67 3 of 18

2. Materials and Methods

For discrete event simulation of these pharmaceutical production processes, the soft-
ware package FlexSim was chosen since it is easy to use and already widely implemented in
various industrial sectors for logistics or production, as well as in national institutions. To
the best of our knowledge, this is the first time that FlexSim has been used to optimize phar-
maceutical bulk production in its entirety. This report suggests a possible implementation
path for a batch production. It starts in a semi-automated facility to obtain data, continues
with the creation of a representing simulation model and ends with a case study optimizing
the capacity utilization of the investigated batch production. Where the available FlexSim
software was not sufficient, additional software, such as Cmap Tools (Florida Institute for
Human and Machine Cognition, Pensacola, FL, USA), Microsoft® Excel (Microsoft, Seattle,
WA, USA) and Minitab® (Minitab GmbH, Munich, Germany), was used.

Since our literature research yielded few standards for creating a discrete-event simu-
lation in the context of pharmaceutical processes, an intuitive attempt was pursued and
implemented. At the beginning, basic decisions about the model were made for model
description. Afterwards, information about the investigated production processes was
collected. All information was clustered into numerical and logical information. The
numerical information covers the collection of historical processing times, their analysis
as well as the selection of the most representative distribution for each process step. The
logical information was used for model building. The most meaningful information sources
were historical batch data, official validation and qualification data of the process owner,
instruction manuals, on site observations, and work experiences. The gathered process
information was firstly depicted in a flow chart and afterwards transferred to a simulation
model. These elements of the methodological approach were addressed separately, but
simultaneously. Together, they resulted in an as-is model of the production process, which
was later verified and partly validated. It furthermore served as a process analysis and
optimizing tool. This methodological approach is depicted in Figure 1.

1 
 

 
Figure 1. Methodological approach of this case study: Seven steps (blue boxes) were implemented from
model description until its application as optimizing tool. The according sub-steps are listed underneath
and include further information, such as applied software and cross references to other figures and tables.
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2.1. Employed Software

Different software was used during this case study on a Windows (Microsoft, Seattle,
WA, USA)-based laptop equipped with 12.0 GB RAM and a 64-bit processor. Initially,
the historical processing times and their deviations, as well as the new data for model
verification and application, were collected in Microsoft® Excel. Moreover, the basic
questions were analyzed statistically, such as the calculations of standard deviations and
the minimum and maximum values.

An extensive flow chart was created in Cmap Tools, which is freely available from the
Florida Institute for Human and Machine Cognition (Pensacola, FL, USA), to understand
and take stock of the entire process. This program is ideal for creating flow charts or
visualizing logical relations and features easy drag and drop handling. The knowledge
gained from the program facilitates the steps for later model building in FlexSim [27].

Further statistical analyses were performed using Minitab® (Minitab GmbH, Munich,
Germany, version 18.0), a commercial statistics package that is widely used in Lean Six
Sigma projects [28]. Some basic Lean Six Sigma approaches were integrated into the
data handling of this case study. Data analysis, such as hypothesis tests, and graphical
evaluations, such as boxplots or individual moving range charts, can be easily performed
in Minitab®.

Discrete-event simulations were conducted in FlexSim (FlexSim Deutschland—Ingeni
eurbüro für Simulationsdienstleistung Ralf Gruber, Kirchlengern, Germany), a commer-
cially available 3D simulation software designed for modeling production and logistic
processes. FlexSim provides discrete-event simulations that are object-oriented, which
means to implement all components as objects, to assign specific attributes and methods
to them for their characterization as well as for manipulating the overall system. In ad-
dition to a graphical 3D click-and-drag simulation environment, programming in C++
is offered. The user can choose between different views and methods for representing
data [9]. The applied, non-configured student version is FlexSim 19.0.0. Here, dynamic
process flows can be captured on a functional level, plainly visualized, and extensively
analyzed. This program gives decision makers the opportunity to forecast the outcomes of
possible changes in their processes, such as changes in product flow, resource utilization
(staff, money, and machinery), or plant design.

The production processes were captured by implementing and connecting all single
components of the system by their procedural functions and attributes. Additional critical
parameters (set-up times, staff) and logic (priorities, random events) made the models
as close to reality as possible. The 3D visualization of the process provided an intuitive
understanding of the current state of the system and future possibilities. The results of
the simulations were analyzed via performance and output statistics. Capacity utilization,
transport time, and state statistics are examples of the metrics of interest.

2.2. Production Processes

Two approved coated tablet production processes were selected for this case study
because they were similar but different in their ingredients and product properties, such
as tablet size. Their obviously different punches require different processes and cleaning
times, but their other equipment and operations are similar. Since both processes are
comparable, comparable results were expected. Comparable results would enable the
transfer of optimizations to other processes and thereby increase the impact of this study.
The processes consisted of 47 sub-steps that were merged to the following 13 super-
ordered steps:

• Setting up the scales
• Weighing the granule and granulation liquid
• Dissolution of the solid components to finish the granulation liquid
• Compulsory mixing
• Fluid bed granulation
• In-process controls
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• Sieving
• Tumble blending
• Compaction
• Weighing the coating
• Dissolution of the solid components to finish the coating
• Coating
• Bulk packaging

Most machines (in FlexSim referred to as “processors”) are about 25 years old and
largely still operated manually. The two products, PINA and PEMB, are produced batch-
wise in variable campaign sizes from three to 18 batches. The simulations were chosen
to represent the average campaign sizes to identify bottlenecks and increase productiv-
ity. Therefore, simulations for PINA covered four batches and those for PEMB covered
ten batches.

Since the intention of this work was to describe standard production campaigns of
these products, deviations as machine breakdowns, personnel shortages, and other human
failures were excluded. During data preparation, we assessed whether the observed
deviations influenced any of the historical processing times. In addition, outlier tests were
performed to exclude deviating historical batch data, so the resulting data pool solely
represented standard processing times. Further excluded data are product-dependent
cleaning times as well as times for setting up. The cleaning and set-up efforts before a
product campaign vary widely, since the production of analogous products containing the
same APIs at different doses lowers the necessary effort dramatically. Thus, this study only
includes product-independent daily routine cleaning times, as well as the daily times for
setting up the machines.

2.3. Statistical Data Processing

The processing times are the most important since the campaign duration endpoint
in this study influences a second endpoint: the labor costs. Therefore, the collection and
handling of processing times are of great importance. We distinguished between the
initial historical batch data and the FlexSim-generated verification data. The collection of
historical batch data strongly depends on the production equipment. While data is easily
available in automated production lines, most semiautomated production plants do not
have automated tracking and data generation. For these two production processes, no
digitally workable data were available. Hence, the processing times of each process step
were collected manually and batch-wise before they were transferred into digital files. The
overall statistical data process is depicted in Figure 2.

During data preparation, we investigated in Minitab® whether the data were under
statistical control with individual moving range charts (I-MR chart). Even though I-MR
charts are, strictly speaking, only to be used for normally distributed data, they nevertheless
indicate shifts, trends, and process variations. Therefore, the first impressions of the process
stability were obtained. Secondly, we tested if the data were normally distributed using
probability plots for further data handling. Additional statistical tests for the outliers, data
pooling possibilities, and visualization were also performed in Minitab®.

FlexSim contains a tool named ExpertFit, which helps to find the best fit distribution
based on raw data. FlexSim distinguishes two main types of probability distributions:
discrete and continuous distributions. Continuous distributions are subdivided into non-
negative, unbounded, and bounded distributions. Historical batch data were entered as raw
data in ExpertFit during model building. The results were extracted, and the suitability of all
distributions were evaluated. Afterwards, several graphical comparisons between different
distributions were performed to select the best-fitting distribution. The last step in ExpertFit
was to transfer the selected distribution and its parameters into the according process step
in the FlexSim model. If none of the available distributions provided a satisfying evaluation,
the usage of an empirical table was recommended and implemented. The results of this
analysis can be found in the Supplementary Materials (Table S1). Interestingly, even though
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some data were earlier shown to be normally distributed, ExpertFit never evaluated a
normal distribution as the best choice.

Figure 2. Chronological workflow of statistical data processing: Minitab® was used during data preparation and model
verification to analyze the historical batch data and to later compare it to the FlexSim-generated data. The ExpertFit
tool of FlexSim performed the automated fitting of the historical batch data to over 20 distributions to identify the best
representation for each process step during model building.

During model verification, the FlexSim-generated data were compared to the historical
batch data. Since the probability tests during data preparation proved that most processing
times were not normally distributed, Mann–Whitney tests were performed in Minitab®.

Choosing the best way of model validation was challenging. Initially, a face validity
was made. The head of production investigated the models, their behavior, and logics. For
a historical data validation, the data pool of historical processing times was statistically too
small. Therefore, an additional, predictive validation was attempted. Therefore, FlexSim-
generated data were compared to processing times of new campaigns.

3. Results
3.1. Model Development: Design and Building

Model design started with the creation of a detailed flow chart in Cmap tools, resulting
in a conceptual model. The flow chart includes all production steps and sub-steps, the
operators, the average historical processing times, and the relevant machines. Connections
and cross references in the overall process become evident here. Information on merging
multiple process steps, the elimination or integration of process steps, and the required
model logic was collected. The correctness of the flow chart was approved by the process
owner—the head of production. Altogether, this step of model design ensured deep
process knowledge and identified all the dependencies and necessary components for the
subsequent FlexSim models. Since the manufacturing process is confidential, this process
flow chart cannot be shown. However, the complexity of such production processes makes
it highly recommendable to start with such depiction and its approval by the head of
production.

After the basic information was determined, model building in FlexSim began (Figure 3)
following the common guiding idea to include only crucial attributes in the model and to
keep the model as simple as possible [29]. Additionally, in the models, we assumed that no
machine breakdowns or other major deviations would occur.
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Figure 3. Steps for building a process model using FlexSim: In the first third, simple facts established
the foundation of the model. After inserting the model logic, the working schedule and the processing
times became more complex and included the most critical attributes of the model to be verified
(colored blue).

Initially, the floor plan (step 1) and the machines (step 2) were transferred out of official
documents into FlexSim (Figure 4). The machines are represented as so-called processors.
There are three processor types: one to process the item, one to combine multiple items,
and one to separate an item into multiple items.

Figure 4. Simplified floor plan in FlexSim: The production area is depicted, including processors (blue boxes: number
represent the chronological order of the process steps) and further details (grey boxes). Brown bars represent areas that are
not used for the production of the investigated products.

The employees (step 3) are called operators. The headcount in the model, symbolized
with the four males on the left, corresponds to the headcount of the original process.

Inserting the model logic (step 4) is one of the most complex parts in building the
simulation model. Its basis is the batch documentation, which gives the order of the process
steps. Some steps can be connected easily. More complex sequences occur when certain
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events condition other steps, e.g., the weighing of a new batch cannot start until certain
steps of the previous batch are finished, even if the scales and operators are not occupied.
Such conditions are considered in the model by triggers like opening and closing the
processor ports, sending messages, or placing certain information on the items. It must be
determined which and how many operators fulfill a process step.

Next, the operating schedule (step 5) and the times off are entered. Working hours
are from 7:00 a.m. to 3:45 p.m., with a breakfast break from 9:15 to 9:30 a.m. and a lunch
break from 12:15 to 12:45 a.m. For some processors, it must be guaranteed that the entire
process can be finished at once. Therefore, the operating schedules of the processors must
be considered as well.

Processing times (step 6) are then established as described in the statistical data
processing. If a pairwise comparison revealed no statistical significance (Mann–Whitney
test), the times for the different process steps of the two products, PINA and PEMB, were
pooled (see Table S1 in Supplementary Materials: Weighing granulation liquid on the table
and on the floor scale, dissolution of granulation liquid, mixing in a tumble blender, and
weighing the coating on the table and on a floor scale).

Some working steps and times are not explicitly part of the batch documentation,
which only provides the daily routine. These times are instead based on employees’
experiences and were also implemented in the model. As these times do not vary depending
on the product, the implemented times were identical in all models (Table S2 in the
Supplementary Material).

Not all process steps have the same importance. Some process steps can be stopped,
while others cannot. Only some of the process steps require the attendance of an operator
for the entire processing time. Therefore, the priorities (step 7) have to be defined.

Additionally, the scope (step 8) of the production must be implemented. The prevalent
conditions are the campaign production with a certain number of batches. FlexSim also
offers the implementation of actual dates.

In this case study, the most important model parameters to verify were the processing
times, model logic, and operating schedules. Model verification is unique and strongly
depends on the model itself. Thus, finished components are rarely available. Sometimes,
additional checkpoints and workarounds, such as labeling the so-called flow items with
informational stickers, had to be implemented. FlexSim offers different statistical analysis
modules that must be transformed to enable the verification of these parameters. Some of
these analysis modules can be added via drag-and-drop and do not need further changes.
To track the processed flow items and operators, each must be individually in C++. The
implementation of these elements for model verification is the last step of model building.

Testing of the models (step 9) can now be performed in single runs that are started and
stopped manually. Alternatively, it is possible to use the FlexSim module Experimenter.
Experimenter offers the opportunity to predefine the amount of replications (runs), the
statistics for evaluation, and the variables to compare, as well as subsequently perform the
necessary replications.

3.2. Model Verification

The blue colored boxes (steps 4–6) in Figure 3 highlight the most important parameters
to verify, including simple but productive model logic, an accurate operating schedule
for operators and processors, and the correct processing times for each process step. To
establish a sound foundation for the FlexSim-generated data, the Experimenter module
was used. The amount of model replications was determined as identical to the amount
of historical batch data (PINA: 25 runs; PEMB: 45 runs). While using the Experimenter,
FlexSim accesses the deposited statistical distribution of each process step and thereby
generates different processing times for each run. Afterwards, an interactive report and a
performance measure report can be exported. This interactive report includes data on the
model logic in item-trace Gantt charts and all data on the working schedules in state charts.
These charts are produced replication-wise. The performance measure report includes a
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statistical summary, a replication plot, a frequency histogram, and the single values of all
replications for each process step.

3.2.1. Model Logic

Verification of the model logic is complex to integrate. The goal of this step is to prove
that all process steps run in the correct order and that the conditions and dependencies
between different process steps are correctly implemented.

Therefore, all items run through the model are tagged, and triggers are programmed
for all processors to leave information on these tags. This type of information is best
captured using item-trace Gantt charts. Figure 5 shows a schematic item-trace Gantt chart
for one batch. One batch consists of six items, with two each for the granule, the granulation
liquid, and the coating. The items are pictured as one bar. Each process step is represented
as one colored square of the bar. Following from top to bottom and left to right, the process
order and dependencies of the different process steps become evident. As an example,
the processing step for coating (light blue squares) is provided. This process requires the
previously formed tablets (green square) and the newly dissolved coating (light yellow
squares). Coating then combines these two items on one bar for the coated tablets, which
are packed in the subsequent step (light pink). Hence, the process order and processor type
of the coater, a combiner, are verified. During model building, a trigger was set to withhold
weighing the coating until compaction is almost finished to prevent long holding times
for the liquid parts of the coating. This chart verifies the implementation of this trigger
since weighing (purple) starts shortly before the end of compaction (green). Overall, the
item-trace Gantt charts were able to verify the overall model logic. Additionally, the overall
processing time became evident, which is important for the subsequent comparison of
different optimization scenarios.

Figure 5. Example of the FlexSim-generated item-trace Gantt chart for model verification: This chart represents the
production of one batch including the most important process steps. The granule, granulation liquid, and coating are
necessary to produce film-coated tablets. Floor and table scales are used for each of these components, as different mass
ranges are weighted. One bar symbolizes one of these components depending on the initially used scale. Hence, one batch
consists of six bars. The different colored subdivisions of the bars show the finished process steps of each component. This
type of item-trace Gantt chart allows to (i) control the correct logical order of the process steps; (ii) check if the dependencies
are correct (e.g., the weighing of coating can only start shortly before the end of the compaction to avoid long holding times);
and (iii) determine the total campaign duration.
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3.2.2. Operating Schedules

The operating schedules are pictured in the state charts for the operators and pro-
cessors. Each operator and each processor is represented by one bar, which is divided
into several states, including utilize, idle, or scheduled down. The x-coordinate shows the
duration in days.

Figure 6 shows a schematic state operator chart (top) and a schematic processor
chart (bottom). These charts enable the modeler to verify break times (duration and fixed
moments). Moreover, the capacity utilization of each operator and processor becomes
evident in this chart. The process steps are arranged in chronological order. This way,
one can follow a batch by starting with the utilized part of the first process step and
continue watching it work downstream through the processors. The purple parts indicate
processing times at which the process becomes stuck because of too few operators, while
the light-yellow sections indicate blocked processors. FlexSim can export processing times
and states in a table form. This way, export for further data analysis is easy to handle. An
evaluation of the state charts verified the break times and process order.

Figure 6. Example of the FlexSim-generated state operator chart (top) and state processor chart (bottom): The production
of two work days is depicted, including the most important states for the six operators and the most important states for
the last process steps. Each operator is symbolized by one bar. The different-colored subdivisions of the bars represent
the operators’ states over time. The processors are also represented by bars divided into different-colored states. The
major outcomes of both charts include verification of break, lunch, and after-work hours, as well as capacity utilization
(idle/utilize). This enables one to i) test the model (chronological order) and to identify bottlenecks (capacity utilization of
operators and processors).
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3.2.3. Processing Times

The last parameter to verify is the processing time. For this purpose, the performance
measure report was used. Single FlexSim-generated values were transferred into Minitab®

where these values were compared to the processing times of the historical batch data.
Mann–Whitney tests with a confidence interval of 0.95 were performed, as most data
are not normally distributed. None of the generated processing times were significantly
different to the historical processing times (Table 1).

Table 1. Statistical analysis: Results of the probability plots of each process step and of the Mann–
Whitney tests comparing historical batch data to the FlexSim-generated data for the products PINA

and PEMB. There was no significant difference (p < 0.05) between the historical batch and FlexSim-
generated data.

Process Step Normally Distributed? p-Value

PINA PEMB PINA PEMB

Dissolution of granulation liquid Yes No 0.760 0.243

Compulsory mixer Yes No 0.594 0.479

Fluid Bed Granulation No No 0.993 0.127

IPC Moisture Analysis No No 0.806 0.527

Sieving No Yes 0.767 0.602

Tumble blender No No 0.319 0.110

Compaction Yes No 0.331 0.107

Dissolution of coating Yes No 0.399 0.561

Coating Yes Yes 0.679 0.246

Packaging No Yes 0.886 0.086

3.3. Model Validation

To prove the reproducibility of the simulation models, a model validation was con-
ducted. There are different options to validate computer models. Initially, it was chosen to
prove the correctness and reasonability of our models by face validity. Also, a predictive
validation was added for which future production campaigns of PINA and PEMB were
picked and specifications about the process flow, processing times, and campaign durations
were defined. The campaigns, covering four batches for PINA and ten for PEMB, were
run under normal conditions. Non-standard conditions, changes, and deviations were
additionally monitored and documented. Afterwards, the relevant data was collected from
batch documentation, transferred into Minitab®, and compared to FlexSim-generated data.
Analyzing the new data showed a valid process flow. The other parameters, the processing
times and the campaign duration, however did not meet the specifications caused by severe
deviations during both campaigns. Due to confidential issues, detailed explanations are
limited. Some of the deviations, such as machine breakdowns, were intentionally excluded
during model description and therefore not considered in the FlexSim-generated data.
Another very influential deviation was personnel shortage; for none of the production
days, the full head count was available. On top, urgent, non-campaign work cut the already
minimized work capacities. Besides these issues, the predictive model validation gathered
additional important information for the process owner and validated the model logic. The
fact that not meeting the specifications was at least partly caused by a lack of the necessary
personnel which, however, at least indirectly validates the models.

3.4. Model Application: Optimization and Evaluation of Fictive Shift Systems

After the successful verification and partly validation of the as-is model, realistic and
meaningful changes in the real production processes were discussed with the head of
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production. As Figure 6 (bottom) illustrates, processors have long idle times with little
utilization. This raised the question whether the system could run more profitably under
different shift systems. Profitability was investigated as the total duration for one campaign
and the labor costs. Labor costs included not only the salaries of the employees but also
the costs for the machine’s run times.

3.4.1. Establishment of Models with Different Shift Systems

The shift systems of interest were one-shift (OS), one-and-a-half-shift (OHS), and
two-shift (TS). The related operating schedules can be found in Table 2.

Table 2. Operating schedules: Operating schedules of the optimization scenarios classified into the
shift models of one-shift (OS), one-and-a-half-shift (OHS), and two-shift (TS) systems. The working
hours for the one-shift system were adjusted according to an in-company agreement. * Different
weekly hours for some operators in the past.

One-Shift * One-and-a-Half-Shifts Two-Shifts

Operating
schedule

07:00
a.m.–03:15/03:45 p.m.

06:00 a.m.–02:15 p.m.
09:15 a.m.–05:30 p.m.

06:00 a.m.–02:15 p.m.
02:00 p.m.–10:15 p.m.

The different parameters between the different scenarios were operating schedule,
product type, and the number of operators. These variations were implemented manually
without any optimization algorithm. In addition to simply changing the schedules and
headcounts, other aspects must be considered. The campaign duration strongly depends
on the weighing operations of the different batches. Therefore, it is important to identify
the best times after the start of the campaign for each batch. This is done by supervising
and evaluating the interactive report of the Experimenter module. The shift system and
number of operators for the OS system of PINA influence these times. The impact of this
parameter on the overall campaign duration is visualized in Figure 7. The campaign of
PINA includes four batches (left side), and the campaign of PEMB includes ten batches (right
side). The last batch of PINA can be weighted in after 8 h under a TS system compared to
48 h using an OS system. For PEMB, the time could be reduced from 9 d to only 3 d after
campaign start. Hence, a significant reduction in campaign duration was already expected
when building the optimization scenarios.

Figure 7. Summary of the optimal starts for weighing the granules of all batches after campaign start for PINA (left side) and
PEMB (right side): The cylinders represent batches, the numbers indicate the batch number in the campaign. Therefore, the
campaign of PINA includes four numbered cylinders and the one of PEMB includes ten cylinders. The start depends on the
applied shift system and (only for the one-shift system of PINA) also on the number of operators. This indicates that the processors
limit the weighing strategies for all other cases. The start times have a significant influence on the overall campaign time.
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3.4.2. Results of the Shift Systems

The implemented shift systems were evaluated by the number of successful replica-
tions, the utilization degree of the operators, and the campaign duration. A well-established
model with suitable logic and processing times can complete the replication. Therefore, the
presence of several successful replications indicates a harmonious model that can be used
to evaluate model optimization. The predefined number of replications aligns with the
replications used during model verification and thus to the number of available historical
batch documents. As already mentioned, the schematic operator state charts (Figure 6,
top) visualize the utilization degree of the operators. The mean campaign duration and
headcounts were used as the basis for the labor cost calculations.

Originally, the overall headcount of the case study was always four operators. Hence,
in the first step, the optimization scenarios for both products with OS, OHS, and TS systems
were built. The four operators worked simultaneously in the OS system and at staggered
intervals for the OHS and TS systems. For some combinations, some replications did not
finish (Table 3). It was also impossible to build a running TS model with four operators
for PEMB, since only two operators were available for monitoring up to four simultaneous
running processors. Obviously, such real-life limits of this process were also reflected by
the computational models. The operator and processor state charts also indicated that too
many processors needed an operator at the same time. As a result, alternative models
were built featuring an increased headcount of six, with three operators always working
simultaneously. A summary of the results for PINA and PEMB can be found in Table 3.

Table 3. Results of the different shift models for PINA and PEMB: Generally, the campaigns of PINA consisted of four batches, and the
campaigns for PEMB consisted of ten batches, yielding the resulting model scope. The number of successful replications indicates
whether the model is stable. The arrows symbolize the utilization degree of the operators (↓ = some idleness, ↓↓ = much idleness, ↓↓↓
= operator is barely working, and ↑↑↑ = work overload, 4 =appropriate work load). Additional metrics of interest are the campaign
duration, including the standard error of the mean, and labor costs. The best scenarios are highlighted with grey boxes.

One-Shift (OS) One-and-a-Half-Shift (OHS) Two-Shift (TS)

PINA

Operators total 4 6 4 6 4 6
Replications 30/30 30/30 30/30 30/30 28/30 30/30

Operator Utilization 4 Op5 + Op6 ↓↓ 4 Op6 ↓↓ ↑↑↑ 4

Duration mean [d] 3.2 ± 0.00 3.2 ± 0.00 2.4 ± 0.02 2.3 ± 0.00 2.3 ± 0.02 1.6 ± 0.02
Labor costs [€] 7488 8928 7128 7866 8798 6840

PEMB

Operators total 4 6 4 6 4 6
Replications 41/45 41/45 45/45 44/45 –/45 42/45

Operator
Utilization 4

Op4 − Op6
↓↓ 4 Op1 − Op6 ↓ ↑↑↑ 4

Duration mean [d] 9.4 ± 0.01 9.4 ± 0.01 7.2 ± 0.01 6.1 ± 0.02 – 4.4 ± 0.01
Labor costs [€] 21,996 26,226 21,384 20,862 – 18,810

The production processes of PINA and PEMB are comparable; however, the number of
batches per campaign for PEMB is 2.5 times larger than that for PINA. This makes the PEMB
models both more susceptible and more relevant for choosing the optimal shift system.

The combination of six operators working in a TS yielded the lowest duration (PINA:
−50%; PEMB: −53%) and the lowest labor costs (PINA: −9%; PEMB: −14%) for both
products compared to the initial scenario. This is not initially surprising, as both duration
and headcount seem to correlate, as duration is one parameter of labor cost calculations. As
shown in Table 3, the durations of OHS with four and six operators differs slightly for PINA
due to its different capacity utilizations. There was also no difference in the duration of the
TS with four operators. Ultimately, having six operators in a TS decreased the duration
by about 30% compared to having four operators in a TS or six operators in an OHS. This
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decreased labor costs by 4% (OHS, four operators) and 13% (OHS, six operators) for the TS
with the six operators. This noteworthy difference in labor costs highlighted PINA in the
OHS as the second-best option for PINA.

For PEMB, the TS with six operators was found to be 28% faster and 10% cheaper
than the second-best option. This OHS used six operators, as it was significantly different
(15%) to the OHS with four operators in the campaign duration. This extra production day
produced only minimally higher labor costs (2%).

As previously mentioned, the obtained results indicate that production with six
operators in a TS is superior to all types of production with four operators for both
products. Here, only four operators were fully qualified. Therefore, the best option under a
headcount of four is of great importance. For PINA and PEMB, OHS is the best option due
to its faster production (PINA: 25%; PEMB: 23%) and lower labor costs (PINA: 5%; PEMB: 3%)
compared to the prevailing OS system. The head of production confirmed the superiority
of OHS compared to OS post-hoc based on his own experiences.

4. Discussion

Computer simulations enable testing and evaluating different production scenarios
by changing relevant parameters in the according model and running it. In this way,
the best possible scenarios were found in this case study. The prevailing conditions of a
small headcount and limited resources led to a user-friendly, practice-oriented simulation
approach for optimizing two approved pharmaceutical production processes. The majority
of computer simulation studies in pharmaceutical supply chain and manufacturing, as
reported in the introduction [5,16,19,24] concerned with planning or conducting the com-
plex issue of a whole production process, were performed by experts in modelling and
process design. In contrast, this study was conducted by non-computer experts, but experts
in pharmaceutical technology and production. We have deliberately modeled an already
established process to show that there is still a lot of untapped optimization potential. Our
determined potential savings of 50% campaign duration, and of up to 14% labor costs,
highlight the significance of this approach. Other less complex optimization attempts,
as published by Bähner et al., who evaluated the machine utilization, benefit from the
fact, that the time-consuming modeling is not required [30]. However, only the processor
utilization is mapped and the operator utilization is disregarded. With modeling, especially
having a small amount of historical data, one has a problem with a formal proof of validity,
but on the other hand, after implementation, one has more application possibilities. With
the still feasible efforts, our simulations intend to close the gap of published industrial
case studies.

4.1. Case Study Limitations

While a case study allows to obtain detailed and usually well-protected information
on specific production processes, it is also limited to it. The deliberate exclusion of extraor-
dinary events, such as breakdowns or process times with deviations, in the very beginning,
defined the simulations to represent standard processes without any incidence. Also, data
collection and analysis highlighted two challenges in this case study. Time recording was
performed manually minute-wise. This was disadvantageous for short processing times.
Setting up of scales takes 8 min on average, which is only 3% of the compaction time. How-
ever, the time resolution for both process steps is the same. Additionally, each process step
was started, and sometimes stopped, manually. Therefore, the processing times strongly
depend on the availability of an operator. This produces high relative standard deviations
for short processing times (PINA: 5–115%; PEMB: 6–75%), although the production process
is still within the necessary specifications. As an example, the process step of compulsory
mixing takes 11–20 min in the historical batch documentation for PINA. This time must be
split into the actual mixing time (10 min, fix) and the manual setting up/starting/stopping
time (1–10 min, operator dependent). Here, a waiting time of 10 min has a stronger impact
on the relative standard deviation than the same waiting time has on a compaction process
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with a mean duration of 269 min. The impact of these limitations on the significance of this
case study are, despite everything, acceptable. Even though FlexSim offers the integration
of breakdowns, a substantiated analysis of past quality issues would have been necessary
and was beyond the scope of this work. Nevertheless, relevant assumptions can be made.
The investigated solid production processes have a linear structure. A total breakdown of
one processor stops the production of all subsequent batches. Moreover, the start of some
batches will additionally be delayed since intermediate products have limited shelf lives in
the validated processes. Such factors prolong the campaign duration but do not influence
the processing times of single process steps. The effects of the unprecise time recording
and low time resolution on the overall model are also not critical, as short processing times
have only a small impact on the duration of the entire campaign. The dependency on
available operators also has small impact on the campaign duration, but great impact on
the model logic. This factum is negligible since all employees are well trained to prioritize
between different steps and since those priorities are implemented in the models as well.

4.2. Case Study Outcomes

In addition to the main aim of this paper (the optimization of existing processes by
discrete-event simulations), the implementation of this intuitive process can be evaluated.
Initially, the steps of data collection up to model verification were very time-intensive
but gave precious insight into the production processes. The as-is states of the actual
production processes were scrutinized more intensively than those during daily routines.
The obtained results challenged the workflow and the dependencies between different
working steps. During data analysis, process steps with significant economic potential were
identified; thus, analyses were performed, and possible improvements were developed.
Even without actually running any discrete-event simulations, significant knowledge was
gained. Therefore, it can be assumed that process owners already profit from such case
studies regardless of the simulation outcomes.

Knowledge of the relevant processes and regulations (e.g., GMP, quality management,
galenics, and marketing authorization) is important for successful model development in
a pharmaceutical production setting. Model implementation is manageable and worth
the effort, as the present case study demonstrates. Most elements of model building are
performed using simple drag and drop options, apart from the implementation of complex
logic. Creating possibilities to track processing times and process flow requires more
complex logic and, therefore, requires low-level programming. It is, however, possible
to overcome these obstacles, especially after gaining some experience. Consequently, the
necessary efforts during model building and verification strongly decrease for any other
comparable production process. The next step of model validation is already described as
being a crucial point for model-based debottlenecking approaches. Irregular or unsteady
production steps are known to complicate or even preclude a successful model valida-
tion [30]. Unfortunately, unfavorable circumstances also led to a failed predictive model
validation. It is therefore of great importance to choose the best validation strategy. The
efforts for a historical data validation or a predictive validation are easily manageable, since
the data handling identical to the one during model verification. Establishing optimization
scenarios, is less time-intensive and challenging, even though the optimization module
in FlexSim is not part of the applied student version. This means that all optimization
scenarios had to be developed and implemented from scratch. While the results are clear
on the superiority of six compared to four operators, more factors need to be considered.
The examined work only covers bulk production, which is only one part of the entire
production process and strongly depends on other departments, such as warehousing and
quality control. Whenever warehousing and quality control work in an OS system, suffi-
cient cooperation with the bulk production working in the OS or OHS system is granted.
Modifications and adjustments must only be made when a TS system is established. The
establishment of a TS system in bulk production can also produce a more rigid structure,
decrease spontaneity, and increase the headcount. The necessary financial and work inputs
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needed to qualify two more operators for the production of about 20 products must also be
taken into consideration. The impact of these disadvantages could be tested with the pilot
run of a TS system. It could also be further explored whether an increased headcount in
other departments should be mandatory, and whether the pressure on the involved staff
is bearable.

Besides analysis of the effects of different shift systems, further simulations could
examine more extensive questions, such as a change of the process layout. The simulated
processes are based on a long-established production site. Hence, the layout and conse-
quently the equipment localization depend on the floor plan and the structural conditions,
such as media supply systems and electrical equipment. As shown in Figure 4, the current
floor plan does not allow a lean production flow; an according spaghetti diagram would
reveal inefficient transportation and employee movements. A re-layout including a rebuild-
ing of the manufacturing premises of the site would enable an efficient and continuous
workflow with significantly reduced non-value-added time (NVA), such as work in process
inventory (WIP) or repeating pathways. Simulations could test the benefits of a re-layout
and thereby also substantiate such far-reaching considerations.

5. Conclusions

Due to stiff regulations and a large operational complexity in multi-product, batch-
operated sites, pharmaceutical companies sometimes operate in suboptimal conditions.
Optimizing such pharmaceutical production processes via computer simulations not only
appears to be practical but is also highly recommendable, even for relatively small com-
panies. This paper demonstrates that discrete-event simulations of pharmaceutical pro-
ductions (i) are feasible with FlexSim, (ii) can be conducted by non-computer experts,
and iii) may significantly improve the production performance. Modeling of the entire
production process does mean some effort at first. However, by considering the entire
process, this model can be applied with more flexibility compared to other bottleneck
identification methods focusing only on the technical equipment. In this case study, the
entire process simulation was conducted by one person and it was possible to reduce
the campaign duration by 50% for both products. If more resources were available, the
benefits would likely improve and be determined more quickly. From a user perspective,
more easily applicable tools and possibilities to effortlessly standardize modeling are de-
sirable, especially for data acquisition and model verification. However, this process is
only compelling for software developers if the demand is high enough. A widespread use
of discrete-event simulations in pharmaceutical companies may, therefore, potentiate the
present possibilities of such simulations.
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