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Teaser This contribution reviews the current state of data science in biopharmaceutical
environments and outlines a roadmap towards more powerful and flexible biopharma life
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‘Multiple obstacles are driving the digital transformation of the
biopharmaceutical industry. Novel digital techniques, often marketed as
‘Pharma 4.0/, are thought to solve some long-existing obstacles in the
biopharma life cycle. Pharma 4.0 concepts, such as cyberphysical systems
and dark factories, require data science tools as technological core
components. Here, we review current data science applications at various
stages of the bioprocess life cycle, including their scopes and data sources,
Weare convinced that the scope and usefulness of these tools are currently
limited by technical and nontechnical problems experienced during their
- development and deployment. We suggest that the establishment of
development opportunity mind- and toolsets could improve this situation
and would be-essential cornerstones in the further development of Pharma

4.0 systems,

Introduction
New techniqites developed in the fields of information technology and data seience are currently
disrupting the: manufacturing industry. Industry 4.0 is considered to be the fourth Industtial
revolution, after, the first; [mechanical {:)roducl'ion facilities (starting at the end of the 18th
century)], the second [electricity, assembly lines and mass production (1870s)], and the third
revolutions jautomation, computers and electronics (during the 1970s)]. The term ‘Industry 4.0/
originates from a German initiative named ‘Industrie 4.0’ from 2011 that had the goal to improve
the competitiveness of the manufacturing industry in Germany |1]. Two years later, in 2013, the
German Government started to support the idea and published recommendations for its
implementation [2].
‘Although the phrase ‘Industry 4.0 lacks an exact and generally valid definition, most researchers
agree that Industry 4.0 is about the implementation of cybetphysical systems (CPS), the Internet of
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Things (IoT), and smart factories. According to CyPhERS, a CPS
comptises computation, communication, and control components
tightly combined with physical processes of different natute {e.g.,
mechanical, electrical, and chemical) [3]. Smart Pactories are a
specific example of a CPS and of high interest in biopharmaceutical
manufacturing. 1o7T is often considered as a subset of CPS, inter-
connecting ‘real’ and ‘digital’ components through the use of em-
bedded chips, sensors, and networks [4], However, the exact
meaning of these terms differs between market segments,

Over the past few years, the pharmaceutical industry has begun
to show interest in the adoption of Industry 4.0 concepts. This is
surprising, given the pharmaceutical industry is still very focused
on. Its precursor, the digital transformation, Many processes that
are now state of the art in pharma originated from old, paper-based
concepts, However, Pharma 4.0 s a hot topic because Industry 4.0
concepts have the potential to solve some of the biggest obstacles
currently facing the industry (Fable 1).

- The defined goal of the International Council for Harmonisa-
-tion of Technical Requirements for Pharmaceuticals for Human
Use (ICH) is “to ensure that safe, effective, and high quality
medicines are developed and registered in the most resource-
efficient manner’. Although most would agree that current phar-
maceuticals are safe, effective, and high quality, there exists seri-
ous doubt whether the life cycle of pharmaceutical development,
manufacturing, -and registration is resource efficient. Multiple
studies have attempted to estimate the total costs of development
for a new pharmaceutical product. The numbers vary widely, given
that differentestimates start with different assumptions: However,
the estimates of total development costs until approval range from
US$161 million (2009) to US$2.87 billion (2013) [5-7). Even more
crucial, the time span between preclinical studies and the approvai
of a drug is, on average, 12 years [8].

Additionally, big pharmaceutical companies encounter an in-
creasing need for competitive, optimized processes as their current
fain saurces of income, patent-protected products, run out. This
will Jead to higher competition with generic products (i.e., biosi-
tnitars), Wherecas the past decades allowed high profit margins
without optimal product conditions, this could change as soon as
mote competitors push into the market, Another driver for
Pharma 4.0 is the Quality by Design (QbD) initiative of the US
Food and Drug Administration (FDA), demanding data- and

TABLE 1

risk-based approaches for the development and manufacturing
of pharmaceuticals. Many concepts of Pharma 4.0 are considered
to have the potentlal to solve some of these issues.

Here, we focus on a small but central part of Pharma 4.0,
reviewing currently applied data science tools and methods and
showing where they are applied today, where and how they can be
implemented in the future, and which benefits could be expected
from them. To hlghlight the importance of data sctence in Tndus-
try 4.0, we explain what Industry 4.0 implies. [t is not only about
the automation and digitalization of processes (which has alteady
happened), but also about the automation of decisions, Cyber-
physical systems (ie, interconnected systems of physical
machines that are controlled by software and algorithms) are likely
to become autonomous units, being able to function without
manual interventions, and delivering quality by design, Algo-
rithms will be likely to take over many of the decisions currently
made by slow and error-prone humans, and make them in real
time, using all the available data, Therefore, it is crucial to under-
stanid where we are currently, at which points in the biopharma-
ceutical life sclences algotithms already help, and how this could
evolve. Thus, we review state-of-the-art data science methods,
considering their data sources and scopes along the product life
cycle, from process development, through process valldation,
routine manufacturing, and product life cycle management. Fur-
thermore, we investigate which directions data science methods
and implementation techniques need to be developed in to allow
its incorporation as a central part of Pharma 4.0 in the biophat-
macecutical product life cycle, We also highlight challenges that
need to be solved and how the knowledge and experlence from 06
other industries can help to solve these,

Data science challenges because of biopharma
particularities

Data scientists in the biopharmaceutical industry have to conquer
different obstacles. To understand those difficulties, we discuss the
nature of the bloprocesses and their life cycle, because they directly
impact the requirements for data management and analysis. Here,
we show the context and present the difficulties and specialties of
data science for biopharma, whereas later we present commonly
used data science tools in detail and categorize them based on their
use during the bioprocess life cycle.

Q1 Current obstacles in the biopharmaceutical manufacturing industry and how data science could solve them

Current obstacle

Possible solution

Development and approval of new pharmaceuticals. is too expensive, and
the time to ¢linic is too long
" . Processes are not transparent

Routine manufacturing processes are not efficient, run suboptimally, or
result in falled batches

. Effect of multidimensional changes in process parameters, as they occur
along process vajue chain, on CQAs is unknown
People with the correct set of skills are rare and, therefore, expensive and
limited in their time
People have limited capacity for analyzing and Interpreting high-
dimensional data sets

Simplified application of data science tools for smart experimental design,
data-driven decision-making. and optimization of processes

Difficult or Impossible-to-measure varlables can be estimated Indirectly
using predictive tools

Optimize performance of already established processes by applying
optimization methods; implement improvements by consldering ICH Q12
guidelines for product life-cycle management

Apply process modeling to obtain data-drven estimates of parameters
changes, considering whole process value chain

Algorithms can take over decislons that are currently based on manual
analysis of data

Algorithms can be set up to take over data Interpretation
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Bioprocesses are mostly batch based

First, we discuss a typical, exemplary production process. Al-
though continuous processes are well established in many indus-
tries, biopharmaceutical manufacturing relies significantly on
batch processes, Such a process can be split into serially performed
unit operations (UOs) [9] (Fig. 1). The number of unit operations,
as well as the splitting and pooling steps within such a process, are
product dependent. Usually, the two main categorties for unit
operations in biopharma are upstream processing (USP) and down-
stream processing (DSP). The aim of USP is to generate the desired
product in a certaln concentration, whercas DSP results in its
separation, purification, and polishing [10], Variations in one of
the Critical Process Parameters (CPPs) of one unit operation can
have change the process conditions and product quality attributes
in one of the subsequent steps [11].

Processes can split and merge

Fig. 1 shows that, at a certain point, the process splits from a serial
process to a parallel one. Two pooling steps follow this split before
the product is finally purified. One reason for such a complex
process, splitting and pooling, is often the limitation in working

Chromatographic steps and the columns used in particular are
limited in the working volume [12]. To make data science possible,
the data sources and data management systems need to consider
these difficulties and allow both the structured storage of data and
the simple retrieval of all related data.

The main goal is risk reductlon

Although the main geal of data science in many Industries is to
improve productivity or reduce production costs, this usually is not
the main aim of data sclence in biophaema. Given the regulatory
envitonment, few experiments involved, high costs for falled batches,
and extremely high risks of products being developed but not success-
fully commercialized, the main focus for data science in biopharma is
process transparency and process robustness. The fArst aim is risk
reduction, after which companics start to think about productivity
[1.3], This strongly impacts the applied tools and methods used,

There are too few experiments

Fast process development, rapid clinical trials, high production
costs of complex processes, as well as the risk of failed batches
tesult in one of the major issues when it comes to statistics and
data sctence: the n<<p problem [14]. ‘n’ is the number of observa-
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The ideal process flow of a batch-based production process in biopharma: The entire process is generally divided into upstream processing (USP) and
downstream processing (USP), USP aims to produce the active pharmaceutical ingredient (APl), whereas DSP handles all the separation and purification steps. In
this example, USP has two distinct steps, a smaller seed reactor (A) followed by a larger main fermentation (B). DSP usually starts with separation (C) followed by a
filtration {D). For the first step of the purification, the filtered product is split into multiple chromatographic columns (E,1-E.4), Pooling steps between the
different chromatographic purifications are possible (F.1-F.2). Finally, a diafiltration step (G) removes the remalning Impurities.
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tions and ‘p’ the number of variables per observation; alowr is the
standard case in biopharmaceutical statistics. The n<<p problem
Is a statistician’s nightmare because frequent statistical assump-
tions (normality and homogeneity of variances, independence of
errors, etc.) are hard, if not impossible, to assess [15]. This
‘problem’ needs to be considered during the statistical analysis,
because statistical good practice demands to have more obsetva-
tions than variables {(#>>p) and most available statistical methods
have this prerequisite, Nevertheless, special techniques have been
developed to deal with such data sets, Cutrently, the most promi-
nent techniques are shrinkage methods, such as Least Absolute
Shrinkage and Selection Operator (LASSO), ridge regression, and
elastic net [16,17}.

Tasks and tools during the bioprocess life cycle

Here, we present various data science methods and how they are
applied through the blophanmaceutical life cycle. The methods
and tools are categorized depending on their application in a
biopharmaceutical process life cycle into four categories: (i)
process development and scale-up; (ii) process wvalidation and
characterization; (iil) routine manufacturing; and (iv) life-cycling,
including Q12 and Continued Process Verification (CPV). For each
category, we discuss: {i) the scope and expected results of the data
science tools (i.e., which problems should data science solve) and
(ii) the used data sources (i.e., in which formats and from which
interfaces the data can be consumed); and (i) provide a
description about the actual tools.

We do not discuss the huge amount of data science applications
used for chemometrics, such as chromatography or spectroscopy.
Even though these systems are an integral part of Process
Analytical Technology (PAT) and Pharma 4.0, they are outside
the scope of this publication. Chemometrics ate already well
described elsewhere [15].

Process development and scale-up
Although the market price of pharmaceuticals appears to be
independent of their development costs [19], the development
- of new pharmaceutical products is expensive and, because of the
low success rates (most products never get approved), is a risky
- venture. Pharmaceutical companies try fo reduce these risks by
analyzing all of the available data to assess the potential of thelr
future possible products. Recently, the pharmaceutical industry
began to think about collaborative research and development
(R&D) to reduce the cost of failures and to increase success rates
[20)]. Increased collaboration in this field would further increase
the need for data science tools and additionally require more
stralghtforward implementation and use, compared with curtent
possibilities,
Scope and expected results
The aim of process development is to establish a robust and
scalable process, to optimize already developed processes, and/
ot to accelerate new processes. The optimized process [21] should
fulfill the regulator requirements of the authority in any perfor-
mance mode and should save production time and costs.
Additionally, in the case of complex bioprocesses, the
identification or improvement of operation ranges [22], as well
as the improvement and refinement of process knowledge and
anderstanding [23,24], are vital.

Data sources

We have beent wotking on data science applications for many
years, sometimes together with small biotech start-ups and some-
times with big international companies, Mostly, the data sources
for the data science were, simply put, a big mess. The data collec-
tion and cleansing phase were always a major part of the whole
project and the main results were sometimes not an insightful
model but a well-structured and cleaned-up data set,

At this stage of the bioprocess life cycle, many different data
sources exist. Generally, the use of Excel and sitmilar spreadsheets
is widespread, and some data arc even available just as handwritten
notes in lab notebooks, Other data sources are printouts from
stand-alone devices (e.g., analytical measurement devices), These
manual notes and printed data sheets have to manually transferred
into an electronic format to make computational data analysis
possible, We also encountered data simply stored inside of Matlab
programming scripts, mixed up with analysis code, and hardly
identifiable as raw data,

In more sophisticated cases, data are stored in commerclally
available databases, such as in Laboratory Information Manage-
ment Systems (LIMS) or in database systems set up and managed
by the companies themselves, In case of high-frequency time- -
series data, also known as online measurements, multiple systems
éxist. Multibioreactor systems store the recorded data in internal

_ databases, with the ability to export the data as Excel or CSV files

125,261, Although there exists no commeon data format between
the different compantes, most vendors usually stick to the same
file formats for many years.

Methods

‘The diversity of data sources and the different process develop-
ment aims require flexibility in data analysis methods. One Factor
At a Time (OFAT) experiments for the optimization of processes
was the standard method for a long time [27]. The pharmaceutical
industry required more time compared with other industries for
the adoption of experimental planning supported by multivariate
statistics [i.e. the DESIGN OF EXPERIMENTS (DoE)]. Dok uses
statistical models for the efficient planning of experiments and
is currently one of the most commonly used tools [21]. Less-known
alternatives to multivariate statistical methods are optimizer-
based approaches (e.g., by applying a simplex algorithm)
[22,28]. Both DokFs and optimizer-based approaches often result
in response surface diagrams that are used for the identification of
process operation ranges. A more advanced tool is the use of-
model-based experimental design, which combines mechanistic
process modeling [29] with statistical analysis [30,31]. Additional-
Ly, a DoE combined with priot knowledge [23] as well as hybrid
models [e.g., the combination of artificial neuronal networks
(ANNs) and Multivariate Data Analysls (MVDA)] [32] are tools
used in the process developmert.

Besides experimental design methods, root-cause or cause-and-
effect analyses are widely used in the industry to generate new
process knowledge [24,33]. For scale-up, standard MVDA data
analysis tools have been applied for some years [34]. Recently, a
combination of different MVDA methods with genetic algorithms
for the prediction of scale-up variables was investigated [25],
Combined factor screening and characterization definitive
screening design [26] are sophisticated analytical methods
currently applied in process development,
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Process validation and characterization

According to the FDDA, process validation should provide scientific
evidence for the safety, efficacy, and quality of the product. These
criteria cannot be achieved by in-process controls or final product
testing, but must be implemented into the process [35],

Scope and expected results

As part of the process validation, pharmaceutical companies use
process characterization studies to provide the requested scientific
evidence for process understanding and robust process control
[36]. For the characterization of biopharmaceutical processes,
mainly data from process development are used. This includes
data from small to pilot-scale studies.

Given various economic and practical reasons, performing the
process characterization studies on manufacturing scale is unfea-
sible. Therefore, scaled-down models of large-scale manufacturing
runs are developed and qualified. During these steps, 1tis the goal
to prove that there is no significant difference between the small-
scale ¢xperiments and the large-scale runs and, therefore, that
more process characterization experlments need not be run on a
manufacturing scale [37],

Data sources

The data sources from these studies are similar to those discussed
elsewhere in this article, However, the data sources mentioned In
relation to r()utim. manufacturing also have an important role
here.

Methods
One of the main goals during process validation is to increase the

understanding of a process, Therefore, process madeling methods
are applied [38]. They focus on single process steps (e.g., one unit
aperation) or a complete process chain (e.g., through an inte-
grated process model) [11]. It is the goal of the process character-
ization study to understand what happens if multiple CPPs are
near their control limits, Furthermore, it is possible to use the
ottcomes of process characterization studies to decrease the
likelihood of out of specification events and make the process
-~ more robust in general [11].

Proving statistical significance might sound like an easy task,
but most statistical tools are good to show differences, not equali-
ty. For example, a two-sample f-test has a null hypothesis of
equality; the analyst must show that the two samples are different
to show inequality. This is a problem, because discarding the null
hypothesis -might not be possible when the precision or the
number s low. The two one-sided test (’IOSl) is a univariate
equivalence test that starts with a null hypethesis and appropri-
ately handles cases with poor precisions or low numbers of samples
[39,40]. For multivariate equivalence testing, the Generalized
Mahalanobts Distance (GMD) approach is applied [41,42],

Routine manufacturing _

During the phase of routine manufacturing, fully developed and
validated processes are applied on a large scale. Given that the
costs for one of these runs are immense, the matn goal is to ensure
that the processes run within the ranges specified during the
process development and wvalidation phase, preventing out of
specification evenits and failed batches, Given high regulatory
restrictions, possible improvements to the processes cannot be
applied without re-running the previous validation phases, which
mostly results in ‘frozen’ processes once they have been approved,

Scope and expected results

The main scope of data science in routine manufacturing is the
process momnitoring (l.e, to confirm that all CPPs lie within the
expected ranges or early fault detection) [43]. Other possible
applications are the mining of process data to discover high-
productivity charactetistics {44], or the online state and pararmeter
estimation and real-time control with or without models, enabling
Advanced Process Control (APC) strategies [45],

Data sources

Some of the most important data sources in routine manufactur-
ing are manufacturing exccution systems (MES). These systems arc
used to control and document the manufacturing processes, In
particuat, process variables measured in real time with online or at-
line sensots or devices directly end up in these systems,

LIMS systems are important data sources when it comes to
analytical measurement results, Fxcel files are also used; the
GMP validation, in this case, is challenging but possible [46}.
Other data sources are paper-based or electronic batch records,
Yor various reasons (e.g., misunderstood regulatory guidelines
[47]), the transition from paper-based to electronic batch records
remains ongoing, which is a significant issue. The manual extrac-
tion of data from documents that are hundreds of pages long isa
time-consuming and error-prone task and, therefore, often not

‘executed. However, for some data, batch records are the only

source, Electronlc batch records, often integrated into the MES

systeuﬁ, allow the stralghtforward use of manufacturing data for

data science purposes.
Mecthods

One of the simplest approaches to monitor a process and detect
autliers is to monitor each single measured variable by its own and .

assign lower and upper control limits. If one of the variables
exceeds those limits, an out of specification (O0S) event is fired.

This method has several drawbacks, especially when thenamber of.

variables increases,
Therefore, multivariate statistlcal approaches are used. These

are especially convenient when many variables need to be moni-.-

tored, because they stay easy to interpret. They also have an
advantage if the criteria for the boundaries are more complex.

Forinstance, a batch might be OOS although none of the variables -
per se is out of Its single range. However, a certain combination of -

variables within a multidimensional space can be a clear indicator
of a fault, even though the single variables do not show this
information [48]. Possible multivariate tools applied are principal
component analysis (PCA) [49], partial least squares (PLS) [50], and
derived values, such as squared prediction errors (SPE), Q statistics,
or Hotelling’s T% [51].

Soft-sensors estimate varlables that cannot be measured d]rect—
ly. Soft-sensors, or software sensors, are typically based on physical
or chemical laws (e.g., by using Grst principle assumptions) [52,53]
or are data driven [43]. Previously, they have been applied for the
control of bioprocesses based on physiological rates {52,54]. In
addition, ANNs were applied for the determination of unmeasus-
able media components {biomass, recombinant proteln, etc.) or
for the [55)].

Life-cycling, including Q12 and continued process verification
Life-cycling in this context describes a holistic view of the process
development and manufacturing phases of a pharmaceutical pro-
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cess. In contrast to the phases described earlier, this process phase
is never over or finished. It starts with the process development
phase and continues after the wmanufacturing phase has
begun [56],

Scope and expected results

The main goal of life-cycling is to set up a quality and process
control environment that guarantees a high quality of the pro-
ducts even though the process itsell needs to be changed. Changes
in manufacturing runs should not enforce a complete revalidation
of the process. The processes should already be defined in a way
that they can be changed and optimized during thelr life cycle,
without compromising quality and an increased risk for the
patients. The possible advantages of postapproval changes are
higher productivities, shorter times to market, and more secure
products, [tis expected that Pharma 4.0 and its components will be
indispensable for achieving these goals.

The ICH Q12 guideline aims to make postapproval chemistry,
manufacturing and controls (CMC) changes more predictable,
leading to continuous improvements and higher efficiency. it
should allow adjustments and prevent frozen, suboptimal process-
es because of regulatory burdens that are too high {56]. Compared
with traditional process monitoring, its main goal is to be proac-
tive through predictive monitoring (e.g., by early detection of
small drifts in the manufacturing processes).

Real-time release testing reduces the number of end-product
tests by making use of fully automated and integrated manufactur-
ing and testing. It uses real-time in-process tools to continuously
monitorand control the pharmaceutical manufacturing process
[57]. However, In biopharma, real-time release testing is in its early
stages,

Personalized medicines require a completely new concept of
process control and monitoring. If the manufacturing of a drog is
maodified based on the needs of individual patients, the quality and
process control tools need to adapt to this fact.

Data sources

Tor the implementation of life-cycling approaches, more so than
in the previous sections, complete, well-structured, and immedi-
ately available.data are required. It is not enough to look at single
unit opefations or substeps of the manufacturing, but is instead
necessary to look at the whole process in both directions (i.e.,
between undt operations and along the process development life
- eycle)

large commercial providers of data historian solutions started
to market their solution by using the Industry 4.0 buzz phrase
[58,59]. Alternative solutions also come from smaller software
providers and are sometimes set up by the companies themselves,
Data historians might be the main data sources for the purpose of
life-cycling, because they collect, store, and provide data for
centuries. Al the same time, commercial historians have their
most significant advantage in the efficient storing of data with
the best compression algorithms, By contrast, others are of the
opinion that data historians are no longer appropriate, seeing
major problems in their pricing models (pay per tag), which makes
their use expensive for highly variable data types. Additionally,
hard drive space is currently very cheap [60],

Methods
The dala science methods described tn the previous sections are
tools, applied in small, well-defined areas, for clearly defined use

cases during specific phases of the bloprocess life cycle, Methods
for life-cycling are more general, and, because of their higher
complexity, some are ongoing developments. All use cases
discussed here require the long-term storage and simple reuse of
once-generated knowledge.

Knowledge management tools organize the acquisition, storage,
analysis, and dissemination of knowledge during the bioprocess
life cycle [61], Theoretical constructs for knowledge management
systems have been around for many years and numerous publica-
tions have already discuissed the proposed concepts. However, the
practical implementation of these concepts in the real world is
lagging behind [62].

Although it is currently relatively simple to store large
amounts of data, it is more complex to store large amounts
of knowledge in a form that allows simple reuse and recombi-
nation, Specifically, the knowledge that was generated during
the process development and process validation phase should
be reused for manufacturing. Feedback loops between these
interconnected steps should; for example, if manufacturing
runs show new variations that were not in the valldation phase,
the reasons (e.g., other raw material or equipment faults) should
be investigated.

Models are a highly condensed form of knowledge. Compre-
hensive models, often referred to as digital twins [63,64], should

-allow one to estimate whether and how changes to an existing
process affect other stepsin the process chain. Digital twins should
learn from newly generated data (e.g., also using the Input of PAT
devices). Updated knowledge could lead to changes in the
addition, change, or removal of CQAs or CPPs,

Discussion

. Here, we summarize the chailenges for data science in a Pharma

4.0 environment and discuss which technologies and processes

might help to solve these challenges in the future.
Development and deployment of data science tools
Currently, technical and nontechnical burdens cause multi-

ple obstacles during the development and deployment of data

science tools (Table 2). The actual tasks of algorithm develop- .

ment and deployment strongly rely on data access, the presence
of test environments, and fast deployment with short feedback
cycles, However, the current situation in the industry is entirely
different, Data access is highly restricted, for example because of
intellectual property (IP) protection (the company shares as
many data as required) or technical reasons (the interfaces
are not in place or difficult to use) [65,66]. Test envitonments
with simulated manuofacturing sites and simulated real-time
modes are often not good enough, which makes the develop-
ment of an algorithm even more difficult. Often, algorithms
need to be developed based on file exports. In other cases,
virtual machines are available to do the development and first
tests in pseudo-real-time modes. The deployment to production
is also a complex process full of issues. First, the operational

environments and manufactoring software are usually not de..

veloped with data science and algorithms in mind [67].
Furthermore, applying any changes in an already validated
environment s difficult, if not impossible [56]. Finally, it takes
much time, often months or even years, until a developed
algorithm can finally run on production data.
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TABLE 2
Current obstacies in the development, deployment, and testing of data science tools in the biopharmaceutical industry®
Obstacle Technical burden Nontechnical burden Refs
Data access Data access Is either not possible or difficult because Data access is highly restricted because of IP protection [65,66)
of nonstandardized or nonavallable interfaces; too
many different data sources exist {see also Table 3 in
the main text)
Development Data science tools that Integrate Inte the whole Conservative mindsets and long update cycles do not allow fast [67}
process chain are Impossible to develop and test development with short feedback cycles
hecause proper virtual environments for development
and testing are not avallable
Deployment .Algorithms cannot be deployed because the software ~ Tools cannot be set up and used because significant changes [56,67]
environments currently in production facilitles were require revalldation of the whole process
not designed with data science applications in mind
Knowledge it Is not trivial to store developed models, tools, test Many algorithms are developed in academic environments, but [61,62]

results, and so on In a way that others can reuse the
algorithms

academia has not enough knowfedge of the day-to-day
problems in the industry; by contrast, the industry knows the
problems but dees not have time, money, or required skilled
people to develop and deploy necessary algorithms

 These issues become even mare important if the required tools become more complex, as they are supposed to do in the Pharma 4.0 context,

Many different data sources

A significant issue on. its own is the vast amounts of different data
sources, Table 3 provides an overview of the most important data
sources present during the bioprocess life cycele. Some of the data
sources (file-based exports) are simple to set up and use, but have
some drawbacks during the analysis (e.g., because of inconsistent
formats and an increased effort required for data cleansing and

restructuring). Other sources {e.g., data from data warehouses or

data historians) have already been structured and standardized
during the set-up phase of the systems, Here, the initial set-up
effort of the systems itself is higher, although is easier to access and
use the data for data science purposes,

With the current systemns and mindsets, Pharma 4.0 is not going
to happen
The complexity of biopharmaceutical processes as well as re-
-strictive 1T/OT environtnents in pharmaceutical companies are
a significant burden for the implementation of data science
tools. We think that the current feedback cycles for the devel-
opment and deployment of such algorithmsg are too long. The
data science applications used currently, as discussed eatlier, arc
mostly passive in nature and used for monitoring or analytical
“purposes. Rarely, algorithms are part of real-time control loops
and are rately solely responsible for crucial, proactive decisions.
- Industry today Is still far away from Pharma 4.0 and outcomes
such as self-learnning factories and production of personalized
medicines.

How to make Pharma 4.0 possible

Many of the obstacles discussed earlier are not limited to data
science in pharma. It is generally difficult to find the correct
compromise between operational stability and fast development.,
Other industries, such as software development and operations
industries, had and have the same challenges. They have devel-
oped tools and cultures to overcome these obstacles, As we discuss
here, some of these tools and cultures might help to move the
pharmaceutical industry to a technological {evel at which more
powerful data science applications become realistic.

DevOps culture and technology

We are convinced that development and feedback cycles can be
shortened by adapting strategics from software development
environments. Agile development, continuous integration, auto-

" mated tests, and deployment strategies have been used in this field
for many years and are state of the art in most projects. These.

principles can be adapted to the biopharmaceutical manufactur-
ing industty and data science applications.

Tor instance, dala scientists need sandbox environments where
they have access to the data they need. Sandbox environments are
‘playgrounds’ strictly separated from production environments

that allow the straightforward development and test of new tools-

without the risk of breaking the production systems.

For the implementation of such tools, virtual environments are -

desirable. Given the complexity of real production systems, it will
not be possible to implement virtual clones of them in the near
future. However, the developments of these virtual environments

could start with the virtualization of single compartments and, at

some point, link these together to become fully virtual representa-
tions of the production facilities. Virtual clones of production
facilities would be valuable tools for the fast development, imple-
mentation, and testing of new data science applications. The
deployment of these applications should be standardized and,
at any point (even in the production environment), the whole
code stack should be able to roll back to a previous version.

‘Table 4 details what such a deployment strategy could look like, -

It is similar to state.of-the-art strategies for the deployment of
complex software proeducts and environments,

Opern standards and interfaces for data and
knowledge

It would be wrong to say that there are no standards for data
formats and interfaces: the problem 1s that there are too many, For

various technical and historical reasons, the number of possible

data sources is extremnely high and causes significant amounts of

work for data scientists, The industry needs to move towards . .

powerful, standardized interfaces, because this is a clear bottleneck
of current development. These obstacles will become even more
important within the coming years, given that the amount of
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TABLE 3 e e
Overview of data sources
Category Examples Advantages Disadvantages Fast set-up Data science  Rafs
and low [F/OT  value and
costs ‘usability’
Tabular files £sv,, bxt files, Excel, Easy to set up and use; Too many different +Ht++ b [24,46]
LibreOffice, DASGIP. or portable file format, variants and
ambr exports which does not require a  [nconsistencies because
automatically or complex IT envirenment  of manual file changes
manually generated lead to signlficant effort
retquired for data
collection and cleansing
when a large number of
files need to be analyzed
Hand-written Paper-hased laboratory No IT requlred No automated data o+t + [69,70]
laboratory results notebook analysis possible; data
need to be transferred
into another systern first
Direct interface to OPC (UA, HDA, DA), setial Simple set-up if open Most of metadata is +++ ++ [711
Q2 analytical device or ports, field bus interface is used; direct missing; only simple
sensor access to data in rea algorithms can be used
time; most direct way to without any further
implement smart sensors  additional data sources
if all data are avallable {e.g., through user input
ar additional data
_-source} -
Distributed control Emerson Delta-V, Real-time connection to Main purpose is ++ ++ [7273]
systems Siemens Simatic PCS7 connected systemns automation, not data
delivery; therefore, often
“difficult to access
. {historical) data
SCADA/MES systems Sartorius MFCS, Infors Structured data formats Needs set up and bt +++ [25,26]
Eve, Applikon BloXpert and access through availability of interface;
standardized interfaces; often, metadata to the
many process data are process itself are missing
available for analysis {but required for the
analysis)
LIMS systems LabWare, LabVantage, Standardized data Requires additional meta  + +H+ [74}
Starlims, McKesson Lab source for analysis results data to align these data
from laboratory with process data from
other systems
Data warehouse Amazon Redshift, Developed for simplified  Significant effort to set + ++t+ [75]
Microsoft SQL Server, and fast access for up systems
SAS Data Managernent, analytical purposes;
Oracle Database holds data from different
departments and origins
Data historians sl Pi, Wonderware ‘Developed and used to Significant. effort to set + ++ 4t 58,59
store large amounts of up and maintain systems
mostly time-series
. process data; usually
- offers different APIs to
allow data access (e.g.
SQL, REST)
Data lakes Distributed file systems, Developed and used to As data are unstructured,  #++ ++ [76]
{e.y, Apache Hadoop, make saving and storage data science algorithms
Azure Data Lake, of structured and need to prepare data
Amazon 53) unstructured data easy; before analysis
no data cleansing and
pteparation necessary to
store data
Extremely high effort for 444 + [771

" Paper-based batch
records

Extremaly valuable data
that cannot be found
anywhere else, {e.g.,
holding times,
exceptions, or out-of-
specification events)

data collection and
cleansing
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TABLE 3 (Continued )}

Category Examples Advantages Disadvantages Fast set-up Data science Refs
and low IT/OT  value and
costs ‘usability’
Electronic batch Emerson Syncade, Same as paper-based Huge amount of data, + +4+ 78]
records amplelogic eMBR batch records, but less still need much manual
effort required for data work and inferpretation
) collection and cleansing
Others pdf. docx),. odt Huge amounts of data Data are often bt ++ (74}
documents, images available in these unstructured and require
formats {e.g., already- much manual work to
interpreted data in form miake them usable for
of reports, or raw datain  data sclence
form of Images)
TABLE 4
Deployment scenarios for the implementation of data science components in pharmaceutical manufacturing environments®,
Environment Description Virtual '
Development and sandbox environments Data scientist works on new algorithrn; developers and IT integrators work [3
on implementation
Testing and integration environment Algorithm and implementation are tested in test environments; unit and B]
integration tests are set up and automatically applied
Staging environment in virtual facility Staging enviranment is virtual clone of production facility; same historical £
data as in the production environment are available; [T section is equal to
that at the production facility, whereas the physical components are
simulated, as well as the processes thermselves
Production environment in real facllity New functional increment is deployed to production facility; it is possible to X

revert deployment and rellback to a previous version

* The code, at avery stage, Is versioned and deterministically describes the behavior of the system This allaws version rolthacks and fast feedback loops. Infrastructure as Code (lasC)

elements might be vital to reach these goals [80)

. generated . process and analytics data is growing continuously

(e.g., such as our ability to apply ‘near online’ measurements of
LC-MS systems during biopharmaceutical manufacturing [68]),
However, is not solely about standards for data or interfaces
{Table 3); it is also about standards to enable knowledge manage-
ment, given that this needs to move from theory to real-live
implementations and support the Pharma 4.0 visions,

‘Concluding remarks

Data science is a core component of many Pharma 4.0 ideas.
Without algorithms that take over decisions and control the
processes on their own, ideas such as personalized medicines or
dark factories will not become a reality any time soon.

* As shown in this review, most of the data science tools applied
in thedndustry are stili relatively basic and, most of the time, focus
on subpatts of the whole process flow and product life cycle.
Currently, biopharma is a challenging environment for data scien-
tists. The lack of proper data formats and standardized intexfaces,
the low number of experiments, consérvative I'I/O1 environ-
ments, and regulatory restrictions currently prevent the develop-
ment, deployment, and use of more powerful tools.

Another problem is the general mindset. Biopharmaceutical
companies spend large amounts of money on their I'T/0T infra-
structure, firewalls, and other securlty-related systems to protect
thelr data. Sadly, this Is a double-edged sword, The more restric-
tive, conservative, and closed these systems become, the more
difficult it is for data scientists and engineers to extract the hidden
value fromn the data, Data and knowledge are thought to be the

main capital of this industry, but they are not properly used
currently.

Nevertheless, we are convinced that the essential technologies
for data science in a Pharma 4.0 environment are already available.
Multivariate tools and statistical procedures that combine process
knowledge with statistics (e.g., used in process development,
validation, and manufacturing) are well established and widely
known in industry and academia. The bottleneck that prevents
their more powerful use is their limited scope because of the
absence of interconnections, forming autonomous systems
through the combination of physical machines and algorithms.

DevOps techniques and a DevOps mindset are vital, because
data science algorithms require a life-cycle approach; they must be
written, deployed, sometimes reverted, reworked, deployed again,
tested, and in general, continuously improved, without gigantic
deployment, test, or validation overheads. Although DevOps is
successfully applied currently, especially for software as a service
deployment, it is not yet fully established for 1T/0OT environments
in pharmaceutical companies.

We are convinced that the following tasks are integral parts of
evolving Pharma 4.0 tools: (i) set-up systems that allow proper testing
of sophisticated tools {e.g., by developing virtual clones of production
facilities, virtualizing notonly the data flow, butalso the physiological
part of the processes); (i) implement frameworks to define the data
science infrastructure in the form of versionable code, allowing fast
feedback cycles through easily patchable and revertible systems; (ili)
use open, interoperable formals. Nothing hinders data sclentists more
than data that carmot be used, because of either their proprietary
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format or inconsistency; and (iv) establish knowledge management
tools that work In practice, allowing researchers 10 store and access
knowledge as models, algorithms, or documents,

To make Pharma 4.0 possible, technical and nontechnical
changes need to happen, Data scientists and process engineers

'References
§ 1 Hermann, M, et al. (2016} Design principles for Industrie 4.0 scenarios. In 2076 491
Hawadl Intergational Couferenice on Systemr Sclences (HICSS) (XX XX, eds), pp. 3928
3947, IREE.
2 BMBE, Industrie 4.0; wyw.bmbf de/de/zukunttsprojekt-industrte-4-0-848.himl
(accessed June 10, 2019},
3 CyPhERS (2013} Characteristics, Capabilities, Potential Applications of Cyber-Physical
Syskeins: o Prelinitiary Arcdysis. CyPhERS
4 Jeschke, 8. of al, (2017) Industrial internet of things and cyber manufacturing
systemns, In fadustrial Iiternet of Things Ueschke, 8, ef al, eds), pp. 3-19, Springes
5 Sertkaya,-A. et al. (2016) Key cost drlvers of pharmaceutical clinical trials in the
United States, Clin, Triafs 13, 117-126
6 Morgan, S, ¢f af. (2011} The cost of drug development: a systematic review. Health
Pol. 100, 4-17
7 DiMasl, A, et el. (2016) Innovation in the pharmaceatical industey: new estimates
of R&D costs, J. Health Beon, 47, 20-33
8§ VanNorman; G.A. (2016) Drugs, devices, and the FDA: Part 1, JACC Basic Transt. Sci.
1, 170-179
9 Starratt, P.N. (1997) Chemicals manufacture by batch processes. In Hamdbook of
Baeteh Process Destgnt (Sharratt, PN, ed., pp. 1-23, Springer
10 Kumara Lehera, B, and Yarma, A, (2017) Downstream processing. Tn Microbial
Biomass Proxess Techuologles aml Management (XXXX, eds), pp. 109-214, Springer.
11 Zahel, T. et af, {2037} Integrated process modeling—a process vatidation Dfe cycle
companion, Bicengineering 4, 86
12 Coskun, O, (2016) Separation techniques: chromatography. North. Clin, Istanb. 3,
156-160
13 Kannt, A, and'Wieland, T, (2016) Manapghog ks In drug discovery: reproducibility
of published findings. Nawnyn Scheiedebergs Arch, Pharmacol, 389, 353-360
14 BloProcess International (2016) Adedressing the Challenges of Developing
Blopharmacentical Drugs. BloProcess International
15 Zahel, T. ef af. (2017) Workflow for criticality assessment applied In
blopharmaceatical process valldation stage 1. Bloemginecring 4, 85
16 Rasmussen, MA, and Bro, R, (2012) A trtordal on the Lasso approach to spatse
modeltng. Cheomet. fnfell, Lab, Syst, 119, 21-.31
17 Ferrelra, AP, of al, (2018) XXXXXX. In Multivarkite Anilysts in the Pharnacentical
Industry (XXX, eds), pp. 297-301, Elsevier Sclence,
18 Lourenge, NUY, ef @l (2012) Biorcactor monitoring with spectroscopy and
chemometiics: a review. Amwl, Biounal, Cliem, 404, 12111237
Qo 19 1o, C, (2018} Assessing pharmaceutical research and development costs.
20 Llalson Technologles (2037) The Pharmacentical R&D Procesy @t the Inherent Dake
Challenges, Liaison Techrologies
- 21 ‘Wechselberger, P. et al. {2012) Eftictent feeding profile optimization for
recombinant proteln production using physiologlcal Information, Bioprocess,
-Biosyst. fg. 35, 16371649
22 Konstantinidis, 8. et al, 2012} The hybrid experimerital simplex algorithm « an
alternative method for ‘sweet spot’ identification Ln early bioprocess development:
case studies in ion exchange chromatography.. Amal, Chim, Acto 743, 19-32
23 Wang, Z. and Georgakls, C, {2017} An in sifico evaluation of data-delven
optimization of biopharmaceutical processes., AICHE ], 63, 2796-2805
24 Borchert, D. et al. (201%) Comparison of data science workflows for root cause
analysis of bloprocesses, Bloprocess Blospst Eng, 42, 245-256
25 Sokolov, M. el di. (2018) Sequentinl multivarate cell culture modelng at multiple
seales supports systematic shtaping of a monoclonal antibody toward # quality
targed. Biofechnol, J. 13, 1700461
26 Tai, M. ef gl. (20135) Efficicnt high-throughput biologlcal process characterlzatlon:
definltive screeaing design with the Ambr250 bioreactor system, Blofechnol, Prog.
31, 13881395
27 Polltis, 8.N. et al: (2017) Design of expetiments (DoE) in phapmaceutical
- development, Lirug Dev. Indust, Pharmacy 43, 889-901
28 Chhatre, 5. ef af. (2001} The simplex algorithum for the rapid identification of
operating conditions during early tloprocess development: case studies 1n PAbY
precipiation and multimedal chromatography. Biotechnol, Biceng. 108, 2162-2170

need better aceess to data, standardized interfaces, and fast release
cycles of new data science tools. Production environments need 1o
hecome ready for a connected world and, as the complexity
increases, proper development and deployment. strategies need
to become a core part of new facilities and production lines,

29 Kroll, . et al. (2017} Workflow to set up substantial farget-odented mechanistlc
process models in bloprocess engineering, Process Blochem. 62, 24-36

3 Franceschind, G, and Macchletto, 5, (20081 Model-based design of experdments for
parameter precision: State of the art, Chem, Eng. $ci, 63, 48464872

31 Moars, L. ef al. (2017} Mechanistic fermeniation models for process design,
monitoring, and control. Trends Blofechnol, 35, 914-924

32 von Stosch, M. et ol (2016) Hybrid modeling as a QbIYPAT tool In process
development: an Industefal B, coli case study, Bioprocess Biosyst. Eng. 39, 773-784

33 Gomes, J, et al. (2015) Integratlng systers analysis and conteol for implementing
process analytica] technology in bloprocess development: integrating systems
analysis and control, [, Chem, Technol, Blotechnol, %0, 583-589

34 Ahufa, 5. et ak. (2015) Application of multivariate analysis and mass transfer
principles for refinement of a 3-L bioreactor scale-down model-when shake flasks
miuké 15,000-L boreactors better, Biotechnol, Progress 31, 1370-1380

35 BDA {2011) Process Validation: Genieral Pringlples and Practices. FDA

36 Little, T.A, (2027) Process Characterfzation Bssentiols, Muodel Optimization, and
Controlling the Process. BloPharm International

37 43, F.etal. (2006) A systematic approach for scale<down model development and -

characterization of commercial cell culture processes, Biotechnol. Progress 22,
696703

3B Kroll, P. ef al. (2017) Model-based methods in the blopharmaceuticat process
lifecycle, Plarm, Res, 34, 2596-2613

39 Limentand, G.B. et al. (2005) Beyond the ttest; statistical equivalence testing. Anal.
Chenr, 77, 221A-226A

40 Ahlstrom, B. et al. (2009) Analysis of Stabifity Data with Eguivalence Testing for
Compraring New and Historical Processes under Varlons Treatment Conditions, AMGEN

41 Cao, Y. et al. (2018) Evaluating manufacturing process profile comparability with
multivarlate equivalence testing: case study of vell-culture simall scale model
transfer, Biotechnol, Prag. 34, 187-195

42 Hoffelder, T, &f al. {2015) Multivariate L-quiva]enm tests for use in pharmaceutical
development. . Blopharor. Stat, 25, 417-437

43 Kudlee, P, ef al. (2009) Data-driven soff sensors in the process Industey. Comput,
Chem, Eng, 33, 795-814

44 Charaniya, S, ef al. (2010) Mining manufacturing data for dlscovery of high
productivity process characteristics. [ Blotechnol, 147, 186197

45 Ramero-Torres, S, ¢f l, (2018) Blopharmaceutical process model evolutlon-
engbling process Knowledge continuum from an advanced process control
perspective. Am. Pharm, Rev, (July),

46 BCA Academy (2014) What are the BU GMP Reqrirements for the Vafidation of Excel
Spregdsheets? BCA Academy

47 FDA (2003) Guidance for Industry - Part 11, Electronic Records; Electronic Signatures
Scope amd Application, FDA

48 Albert, 8. and Kinley, R.D. {2001) Multivariate statistical monitoring of batch
processes: an industrial case study of fermentation supervision, Trends Blotechnol.
19, §3-62

49 Ayech, N. et al. (2012) Noew adaptive moving window PCA for process monttoring,
IFAC Proc. 43, 606-611

50 Kodureti, T, e al, (1995} Analysis, monitoring and fault diagnosis of batch processes
using multiblock and multiway PLS. J. Process Control 5, 277-284

§1 Steinwandter, V. efal. (2018) Muliivarlate analytics of chromatographic data: visuat
computing based on moving window fackor models. [ Chromatogr, B 1092, 179-190

52 Wechselberger, P, ¢t al. {2012) Real-time estimation of biomass and specific growth
rate in physiologically varlable recombinant fed-batch processes. Bluprocess Biosyst.
Eng. 36, 1205-1218

53 Sagmueister, V. ef al, (20113) Soft sensor assisted dynamde bioprocess control: Tiiclent
tools for bioprocess development. Chen, Eug, Scl. 96, 190-198

54 Ly, F. et al, (2013) Automated dynamic fed-batch process and media optimization
for high productivity cell culture process devalopment., Biofechiol, Biceng. 110, 191-
205

14

535 Catamibad, M. and Severi, 1. (2013) Bloprocess modeling and control. In Blopass Q11

Now - Sustainale Growth and Use (Matovic, MDD, ed.), pp. XXX-YYY, InTech.

10 www.dregdlicoverytoday.com

' Picase cite this ariCIe Tn priss: as; Sicimwanaier V. i




Drug Discovery Today * Volume 00, Number 00+ June 2019

AR RS AT

[FESRIEETE

REVIEWS

56 1CH (2017) Yechnical and Regulatory Constderations for Phamnacentical Product Lifecyete
Management - Q12 (Dreaft Version}, YCH

57 Bang, M. et al, (2017) Opportunities and chaltenges of reak-ttme relense testing in
biopharmaceutical manufacturing, Blotechnol, Bloeng, 114, 2445-2456

58 OSIsoft (20163 The PI Syster and ndusirle 4.0. OSlsoft

58 Koumoutsakis, J. (2018) Industry 4.0 Looking Beyond the Buzz. dspen Technology

60 Matthew, 1. (2015) Will the Txata Historfan IMe In a Wave of TleT Disraption?
Tewdustrigl Transformation Blog

61 Herwlg, C. et af. (2015) Knowledge management tn the Qb paradigm:
manutfacturing of blotech therapeutics, Tronds Blofechnol, 33, 381-387

G2 Ragab, M.AE and Arisha, A. (2013) Knowledge management and measurement: a
critical review, J. Knowledge Manage, 17, B73-901

63 Hong, M.S. ¢t al. (2018) Challenges and opportunities in biophanmaceatics]
manufacturing control. Compat, Chem, Eng. 110, 106114

64 Geris, L. ¢t al. (2018) The futare is digltah: In silico tissue englneering, Curr, Opin,
Blomed, Bng, 6, 92-98 '

65 OPC Poundation (2008) Undfied Architecture, OPC Toundation

66 Davies, N. (2017} Cyber Attacks: fHuw Prepared fs Pharna? The Pharma Letter

67 Harp, B, and Gregory-Brown, B, (2017) 11T Convergence - Bridging thre Divide.
NexDefense

68 Dang, I, et al, (2016) High-througbput, autbmated protein a purficativn platform
with multiattribute LC-M$ analysis for advanced cell culture process monitoring,
Anal. Chem. 88, 86738679

69 Faggella, D, (2018) Al In the life sciences: six applications, Genet, Eug, Biotechnol,
News 38, 1011

70 Petrone,-). (2018) Roche pays $1.9 billion for Flatiron's army of clectrenic health
record curators, Nat, Biotechnol 36, 289-290

71 Lifgren, A, ebal. (2018) Destgning anautonomous Integrated downstream seguence
from a batch separation process —an industrial case study, Biotechnol, J, 13, 1700691

72 Besenhard, MO, ef al. (2018) A mudltivatate process monitoring strategy and controt
concept for a sinall-scale fermenterin a PAT ervironment, J, tutell, Minedit, 29, 1501514

73 Dumarey, M. ef ol (2018) Advances in continuous active pharmaceutical ingsedient
(AP} manufacturing: real-time monitoring using multivariate tools. £, Mharm, Funov,
2018 . http//dx.dolorg/10.1007/512247.018-9348-7 Pubilshed onfine October 28

74 Katz, L. ef al. (2018) Syathetic biclogy advances and applications in the
biotechnology industry: a perspective, J. fndust. Microbiol, Blotechnol. 45, 449461

75 Tolsys, M. ef al. (2018) The preeminence of multivariate data analysis as a statistical
data analysls technique in pharmaceutical R&D and manufactuting, \n Multivariate
Arzalpsls In the Plarmocentical Indusery (XXX, eds), pp. 3-12, Elsevier.

76 Mondal, 5, and Khatua, 5. (2019) Accelerating palowise sequence alignment
algorithm by mapreduce technique for next-generation sequencing (NGS) data
analysls, In Bmerging Technelogies in Date Mining and Information Security (Abzaham,
A eral, eds), pp. 213229, Springer

77 Lopez-Lucas, M. ef af. (2018) Production via good manufacturing practice of
exofucosylated human mesenchyimal stromal cells for clinical applications,
Cytotherapy 20, 1110-1123 '

78 Corawall, P. et al, (2018) Route design, the foundation of successful chemical
developraent, Bioory, Med, Chem, 26, 43364347

79 Yee, W. ¢t al. (2018) Inclusion of 2-mercaptocthanol in lysls buffer could Interfere
with lsolation of high molecutar weight DNA from (reshwater microalgae, Tdlas 1.
Microbiol, 58, 109113

B0 Artac, M, g pl. (2057) DevOps: Introducing infrastructure-as-code, In 2017 IEEE/
ACM 39th International Conference on Software Englneeriog Compantion (ICSE-C) (XXX,
eds), pp. 497448, 1K,

www.drugdlscovargtoday.com 11

[E R s I Gl 1 Pl as: Stclrvaraieh, Ve et al

|

=
o
o
e
5
=
&
Q
=
2
=
1]
o0




