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Abstract

The main challenges faced by small and mid-sized pharmaceutical companies when implementing new digital technologies in
practice are analyzed. The current state of data-driven approaches in science and emerging technologies for data-driven
pharmaceutical supply chain management is discussed. The opportunities and benefits of increased collaboration in
pharmaceutical supply chains, including the exchange and integration of data and management information between its
participants, are considered. A real-life use case for integrated demand forecasting and purchase order generation in the
pharmaceutical supply chain is described. The conceptual framework of the study is presented. A demand forecasting scenario is

applied using a symbolic regression model.
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1. Introduction

Managing the pharmaceutical supply chain is a
complex process as supply and delivery channels to
customers are limited and strictly regulated.
Complexity is considered as one of the major barriers to
improving the productivity and efficiency of the
pharmaceutical supply chain (Lukas and Mencer, 2018;
Kaylor, 2023).

The main challenges faced by the pharmaceutical
supply chain today, such as demand forecasting in
rapidly changing market conditions, high management
costs, and supply chain sustainability, are widely
discussed in the literature. They are also considered
from the perspective of different countries, such as
Ethiopia, India, Jordan, Iraq, e.g., in (Bilal et al., 2014).
In particular, the challenges, new opportunities and the
current state of digital technologies for processing and
managing big pharmaceutical data (HPC, cloud
computing, real-time transactions, etc.) are analyzed

Data-driven technologies;

Demand forecasting; Order planning;

in (Angos-Mediavillaa et al., 2022; Moosivand et al.,
2019; Seyedan and Mafakher, 2020). At the same time,
new pharmaceutical SMEs and start-ups face limited
affordable costs to implement new software and data
tools.

Pharma 4.0, based on Industry 4.0 concepts, provides
a digital framework for adapting digital industrial
technologies and data processing to the
pharmaceutical industry context (Hawkins, 2022). In
particular, it advances pharmaceutical manufacturing
and supply chains using technologies such as
automation, artificial intelligence, augmented reality,
digital twins, and blockchain. This enables automated
analysis of large volumes of both structured and
unstructured data and improve data integrity in
pharmaceutical supply chains, as well as track
transactions in real time, providing supply chain
visibility and making data-driven decisions that will
improve supply chain efficiency.

Data-driven supply chains can bring huge benefits to
companies by providing them with a complete picture
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of their supply chain performance (Yu et al., 2017). As
defined by (McKensey, 2022): “Rapidly accelerating
technology advances, the recognized value of data, and
increasing data literacy are changing what it means to
be “data driven”. It also says that today, organizations
often deploy data-driven approaches sporadically
across the organization without fully benefiting from
data-driven capabilities.

The pharmaceutical industry is known to be one of
the most dynamic and strong in terms of research and
development, yet small and mid-sized pharmaceutical
companies still pay comparatively less attention to
implementing data-driven technologies in their supply
chains. The high profits generated from the sale of
original products have allowed the industry to have
high supply chain costs. However, a significant
increase in the number of competitive pharmaceutical
manufacturers requires the creation of -efficient,
effective and less costly supply chain management
through the use of new data processing technologies.

Today, entering emerging markets requires
expanding supply chains to be more cost-effective than
those operating in developed countries, since the
amount of money spent on medicine in emerging
markets is relatively small (Lucas and Menser, 2018).
The distances between distribution centers (mainly in
Europe and the USA) and emerging markets in Central
Asia are pushing logistics and supply chain to be
forefront. The combination of demand forecasts with
high error rates and long delivery times leads to
oversupply and overstocking. If the distance between
the market and the point of sales is fixed, the demand
forecasting error can be reduced through the use of
more efficient and advanced data-driven techniques,
as well as improved collaboration and seamless data
sharing across the supply chain.

2. State of the art

Data-driven decision making has been around for
many years (Mandinach et al., 2006). A data-driven
approach is not new neither to management nor to
supply chains. Best practices for creating data-driven
supply chains by improving the use of internal data,
incorporating external data, automating data
collection, understanding of unstructured data and
implementing AI/ML techniques are mentioned in
(Lawton, 2022).

Examples of resent successful data-driven project
implementation include supply chain optimization
using predictive analytics, customer service tailoring
using big data analytics, optimizing the delivery
process using last-mile analytics, and supply chain
automation (Data-Driven Supply Chain Success: The
Secret to Your Logistics Projects., 2024). The above-
mentioned data analytics and supply chain applications
remain highly relevant to the pharmaceutical industry.

Pharmaceutical Business Intelligence refers to the
process of collecting, analyzing, merging, and

visualizing data from various digital sources related to
the pharmaceutical industry. It allows to extract more
meaning from available data and automatically gain
insight into market trends and consumer demand,
regulatory changes, competitor activity and patient
behavior. Thus, it provides new knowledge that allows
pharmaceutical professionals and supply chain
managers to make effective and timely decisions as
needed. In the pharmaceutical industry, business
intelligence is also considered 'as a specific type of
technology that combines data warehousing, data
analytics, data mining, data visualization, data tools
and infrastructure, and best practices to help
organizations make more data-driven decisions'
(PharmasScroll, 2023). This can significantly reduce IT
infrastructure costs by extracting data from different
sources and eliminating all types of data that can be
redundant or duplicated. A literature review on
opportunities, challenges, data sources and examples
of data analytics techniques in pharmaceutical supply
chains, is presented in (Nguyeu et al., 2021).

Various Al and data-driven methods and tools (for
example, IoT, data mining, machine learning,
predictive analytics, etc.) are used to identify insights
and derive meaningful information from semi-
structured, unstructured, and drug sales data. The
results are then visualized in dashboards and reports
that are easy to interpret and share across the
pharmaceutical company or supply chain.

Dashboard is considered as one of the effective
business intelligence technological tools. It helps to
understand the details of the pharmaceutical supply
chain performance indicators, visualize data and
process flows, and show their dynamics, enabling real-
time data analysis and fast and effective decision-
making (Patel, 2022). Various programming languages
like SQL, R, Python are used to extract data, and
sophisticated visualization tools like Qlik, Tableau and
Power BI are used to create dashboards.

The value and benefits of sharing data and
management information among supply chain
participants are discussed in (Jain and Malehorn, 2006;
Weller and Crone, 2012). Comparative studies show
that data use may be limited for various reasons:
different data formats; time of data collection and its
relevance; lack of data integration tools and intelligent
techniques for processing pharmaceutical data.

Increased collaboration, which involves the
exchange and integration of data and management
information among various stakeholders, can lead to
more efficient supply chain operations. In particular,
collaborative forecasting and planning allows
companies in the supply chain to optimize inventory
levels and minimize stockouts (Min and Yu, 2008). In
addition, collaborative forecasting allows retailers to
combine their internal sales data and business
intelligence with the knowledge and expertise of
suppliers, providing a more holistic and accurate
approach to predicting consumer demand.



The concept of collaborative business intelligence is
introduced in (Dayal et al., 2008) as a combination of
business intelligence and collaboration technologies
designed to facilitate collaborative decision making in
business and enterprises and to make it even more
automated, real-time and data-driven.

Collaborative dashboards are used in the supply
chains to track team activity and share relevant data
between involved partners, as well as to display
performance indicators against defined goals. Various
ways to collaborate and share data, models and
workplaces are provided by the above-mentioned
visualization tools for creating dashboards (Microsoft,
2024). For example, each party has its own dashboard
and common data that is shared is displayed to all
parties in the same way (Hanebeck, 2023).

Recurrent neural networks, machine learning, and
deep learning methods are also cited as trending data
science technologies that are changing the way
pharmaceutical companies and supply chains operate.
Finally, computer simulation plays an important role in
pharmaceutical research, especially in identifying
causal relationships between control variables, testing
the performance of predictive and other analytical
models, and assessing the impact of specific decisions
on the entire supply chain (Chopra and Meindl, 2019).

3. Usecase

The following use case was implemented to
demonstrate the potential of the selected data
processing technology and the relevance of associated
digital solutions for integrated demand forecasting and
purchase order generation in the Pharma supply chain
(Fig. 1) with data exchange between participants.

The wholesaler, part of the Pharma supply chain,
provides a link between manufacturing companies in
the EU and a distributor in Central Asia. The affiliate
distributor is located in an emerging market and resells
only those products that are available in the market.
While a distributor has direct access to market and sales
data records, a wholesaler has access to data provided
by manufacturers (historical sales data, product
availability, future product changes, shortages,
planned marketing activities, etc.).
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Figure 1. PHARMA supply chain

This distributor is a start-up company that faces
increasing challenges in forecasting demand. On the
one hand, there is a lack of historical data sets since it
operates over a period of less than a year. On the other
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hand, emerging markets are experiencing instability.
As a result, available population data for demand
forecasting have relatively high fluctuations which are
difficult to model and fit into such a short data range.

Currently, purchase orders are generated based on
pharmaceutical demand forecasts by regional
distributors based on sales and inventory data available
on the distribution platform. Demand forecasting is
done by the wholesaler using market sales data
received from the distributor. The weekly forecast is
calculated based on a simple moving average of sales
over the past weeks. In this case, the forecast error can
be about 40% (Chaman et al., 2006). No additional data
is considered, while historical sales of the product
provided by a manufacturer can be very valuable and
can potentially be integrated into demand forecasting
and purchase order planning.

The availability of market data and access to
manufacturer data provide a sufficient basis for making
such forecasts as a joint project of two companies.
Additionally, collaborative demand forecasting allows
to share demand information and jointly produce
demand forecasts that can be taken into account when
making supply chain replenishment decisions.

4. Conceptual framework

Regardless of the management strategy used in the
supply chain, customer demand is the starting point for
all planning activities and execution processes. In the
case of a push strategy: all processes such as supply,
production, transportation, distribution, are carried
out based on future demand and all require demand
forecasts as input. The same is true for a pull supply
chain: actual customer demand should be the starting
point for planning the necessary activities and
inventory. Demand forecasting for pharmaceutical
products depends on their product lifecycle. It varies
significantly between new and already existing (in-
market) products, and forecasting accuracy remains a
challenge in the pharmaceutical industry.

The general algorithm used to forecast a product in
the market involves the following main steps (Cook,
2016): 1) identifying trends in historical data sets to
study the market and product performance; 2) applying
the effects of ex-trend events that occur but are not
reflected in historical data; and 3) converting trend
data into forecast results. In the simplest case,
historical data is analyzed by drawing a projected line
(trend) into the future. Identifying ex-events and
quantifying their impact on the forecast are
challenging tasks for forecasters. Converting trend
data into forecast results allows to integrate supply and
demand data.

The conceptual framework for integrated in-market
product demand forecasting and purchase order
planning based on the steps described above is
presented in Figure2 (Merkurjeva et al, 2019).
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Figure 2. Conceptual framework for integrated in-market product demand forecast and purchase order generation

The functional components of the conceptual
framework define the workflows, ie. selecting
historical sales data and converting it into demand
data, calculating the baseline trend, applying ex-trend
events and quantifying demand for the product. The
result of the last step is used as input to calculating the
purchase order quantity based on the product's current
and transit inventory as well as shelf life constraints.

The shelf life matrix includes the time remaining
until a product expires and the quantity of product that
needs to be ordered, and answers the question of
whether the quantity of product currently in stock, in
transit and on order will be sold on time. The purchase
order logic incorporates the shelf life matrix, current
and in-transit inventories, and calculates the required
quantity for the entire supply pipeline. Because forecast
demand is an input for generating a purchase order, the
demand forecasting and purchase ordering procedures
are integrated.

The use case was implemented based on a real-life
example in a pharmaceutical SME. The results of the
use case experiments are discussed for a specific
pharmaceutical product ACT0002UZ01. The historical
weekly sales product data contains 41 data points. This
pharmaceutical product is not seasonal. Available
historical sales data do not clearly reflect periodic
fluctuations in demand. This dataset is confidential.

Various forecasting methods in pharmaceutical
supply chains, their position and forecast accuracy
indicators are discussed in (Merkuryeva et al., 2019).
The most commonly used demand forecast accuracy
metrics for assessing forecast quality are variations of
the following basic metrics: forecast bias, mean
absolute deviation (MAD), mean squared error (MSE),
and mean absolute percentage error (MAPE). Guidance

on selecting an appropriate accuracy measure, as well
as its use and monitoring, can be found in (Nissi at al,
2018).

There are a few more things that should be
considered when deciding how to measure forecast
errors or accuracy at each level of the supply chain. In
particular, interrelations between accuracy-based
measures and forecast aggregation levels across
products and forecast periods should be considered and
compared with the selected accuracy metrics. In
addition, it is well known that forecast errors depend
on the forecaster's place in the chain. This means that
forecasts created closer to the demand point will be
more accurate, while forecasts created further down
the supply chain will have larger forecast errors. For
upstream organizations, collaborative forecasts based
on sales to end-customers can reduce the forecast error
(Chopra and Meindl, 2019).

Comparative studies of small and mid-sized
pharmaceutical companies show the dominance of
simple forecasting methods performed mainly in Excel
spreadsheets. However, more sophisticated forecasting
methods have emerged, such as system dynamics to
create causal relationships in forecasting models, and
predictive  forecasting by exploring artificial
intelligence and simulation to test forecasting models.
On the other hand, so-called associative forecasts
identify the cause-and-effect relationships between
variables using symbolic regression (Wagner et al.,
2014; Kronberger et al, 2024). The latter can be
thought as a data-driven modeling technique that
allows the underlying interpretable mathematical
expressions to be learned directly from data by
searching for a non-linear mathematical model that
fits the available data.



5.Experimental scenarios

The following three experimental scenarios for
baseline demand forecasting were investigated based
on: 1) simple moving average method, 2) sequential
regression analysis, and 3) symbolic regression
method.

The first scenario, based on the simple moving
average (SMA) method, was introduced as the initial or
current scenario used in practice. Forecast calculations
were performed for a number of periods equal to 4 and
to 13 weeks, taking into account the average frequency
of data fluctuations and following the general practice
used by a manufacturing company operating in an
emerging market.

In both cases, the absolute error was large
compared to the observed total (or aggregate) demand.
For example, the obtained values for the number of
periods equal to 4 weeks were 11960 and 19750,
respectively. With mean absolute deviations (MAD)
over all periods, the estimated standard deviation of
the forecast error was also large compared to the actual
data. Finally, the forecast appears to be biased and
underestimated as the range of tracking signal values
(TS) falls below -6 and reaches its minimum value of -
6.2.

The SMA model refers to adaptive forecasting, which
allows the moving average of demand to be updated
after each observation and therefore responds to recent
changes in demand patterns. Moreover, as mentioned
above, historical sales data is too complex and does not
clearly correspond to periodic demand fluctuations. As
a result, the SMA method in this use case produces
inconsistent and inaccurate sales forecasts.

In the second scenario, two linear regression
expressions were built sequentially using built-in MS
Excel tools. Initially, a regression model was built with
three independent variables such as distributor base
price, discounted selling price, and weekly sales. The
effect of base price was found to be statistically
insignificant and excluded from further consideration.
Thus, a demand regression model with two
independent variables was created.

Compared with the simple moving average method,
regression-based forecast errors were more than 50%
lower. Thus, linear multiple regression performed
better than the SMA model; however, it still lacked the
ability to accurately predict peak demand sales.

In the last scenario, the forecasting model was built
based on the symbolic regression method. Like other
regression methods, the symbolic regression model
allows to predict one or more variables given the known
values of the input variables. However, rather than
simply fitting parameters to a structure, it discovers
the appropriate model structure and its parameters
that best fit a given data set.

The demand forecasting experiments were carried
out using a preconfigured tree-based (Koza-style)
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genetic programming algorithm for producing
symbolic regression models in HeuristicLab software
(Wagner et al., 2014). The data set was the same as that
analyzed using a regression model with two
independent variables.

The symbolic model fit was assessed using the
Pearson R?coefficient. The detailed information on the
design of forecasting experiments based on symbolic
regression is given in (Merkuryeva, 2019).

In the experiments conducted, the best fit was
shown by the symbolic regression obtained in
exponential form with high values of coefficients of R>
=0.934 for the training sample and R> =0.824 for the
test sample. Moreover, the forecast errors were more
than 10% lower than those in the sequential
regression-based forecast.

Thus, the resulting symbolic regression model
showed the best fit across all experimental scenarios
and lower forecast accuracy errors, as well as the ability
to more accurately predict peak demand sales in the use
case. The results and findings from the case were used
to create a team collaboration dashboard for the
company's supply chain stakeholders involved in
forecasting and planning activities and received
positive feedback from experts.

6. Conclusions

The management of the pharmaceutical supply chain is
characterized by high complexity, which is considered
one of the main barriers to improving its efficiency.
Demand forecasts form the basis for all strategic
objectives and planning activities in pharmaceutical
logistics and supply chain management.

The data-driven technologies discussed above open
up new opportunities for pharmaceutical data
management and analysis and, as a result, have high
potential for data-driven digital transformation in the
pharmaceutical supply chain.

The use-case given in the paper is based on a real-
life example in the pharmaceutical field. The
experimental results show that the symbolic
regression-based forecasting model provides the best
fit to historical demand data across all scenarios and
experiments conducted. In future research, to improve
the accuracy of demand forecasting, the author will
consider using other machine learning techniques to
compare or hybridize them with the currently used
symbolic regression method.
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