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n an industry where precision and efficiency are paramount,

DataHow has emerged as a pioneer in leveraging advanced

machine learning techniques to optimize process development,
manage risks, and support data-driven decision making. Bridging
machine learning from big data to the far smaller bioprocess data,
DataHow's core innovation lies in its hybrid modeling technology,
which combines process data with engineering knowledge to

enhance process development and manufacturing robustness.

In this QEA, two of DataHow’s founders, Chief Executive Officer Alessandro Butté, Ph.D.,
and Chief Operating Officer Michael Sokolov, Ph.D., discuss DataHow's journey from concept
to implementation, highlighting the transformative potential of their solutions in accelerating
process development, reducing errors, and facilitating a more agile response to the dynamic
demands of pharmaceutical production, in a conversation with Pharma’s Alimanac Editor in
Chief David Alvaro, Ph.D.
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David Alvaro (DA): To begin, as two of
DataHow’s four founders, can you give us a
concise history of the company’s origins?

Alessandro Butté (AB): My background is in
academia — I've been in the university envi-
ronment for more than 20 years. At a certain
point, I decided that what I was truly pas-
sionate about was solving practical problems
around what my colleagues called technolo-
gy, and not typically in a nice way. I made a
transition into industry when I entered into
a collaboration with Lonza — one of the larg-
est pharmaceutical CDMOs in the world — to
explore the use of modeling techniques to
support quality by design.

At that point in time, when a CDMO engaged
with a new client to produce product for a
clinical study or commercial phase, they
essentially had to start everything from
scratch — a blank page, as though they had
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never developed such processes and had
no useful data to leverage. I found that very
frustrating, because it was incredibly ineffi-
cient, new learnings were constantly being
completely lost, and there was inherently a
lot of uncertainty surrounding the processes
because they were almost entirely based on
the quality of the scientist in charge of devel-
opment of the project.

To me, the clearest solution to these issues
involved a tool like machine learning, which
could enable processing of a huge amount of
data and finding rational paths that could
be used to support process development
work. At that time, the main challenge was
that machine learning has always been
associated with big data. If you're talking
about statistics, the more relevant data you
have, the more powerful the results. How-
ever, pharma typically involves very small
data. The real challenge lay in determining
how to use such powerful tools with only a
small number of experiments, maybe just 10
to 20 or so in the path from start to manu-
facturing. The answer was hybrid modelling,
which is the core of our technology. Hybrid
models are very complicated mathematical-
ly, but quite simple in concept: they involve
combining two sources of knowledge — in
this case, process data and engineering
process knowledge — and combining mech-
anistic and machine learning models to
reach an outcome that reduces the number
of experiments (or the amount of data) need-
ed to optimize a process, while adapting
to the specifics of the considered process.
Mathematically, this involves constraining
the space of the solutions that a machine
learning tool can find using prior knowl-
edge from equations and adaptive learning
of some components of these equations as a
dynamic non-linear function of the process
control conditions.

Michael Sokolov (MS): To put it another
way, we identified a gap that needed to be
closed. Machine learning was a technique
that was exploding in some other fields that
are spoiled with more data, so our goal was
to figure out how to leverage it in an environ-
ment in which every data point inherently
comes at a very large labor cost, in spite of
the considerable complexity of bioprocess-
es to be solved.

AB: The beginning of DataHow’s journey
was determining whether it was possible
decrease the number of experiments to a
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level that competes with the average number
of experiments used to develop a process
today. Today our journey has transitioned to
following our main vision — supporting phar-
maceutical companies, CMOs, and so on to
improve their manufacturing data, especial-
ly process quality data, to make development
way faster and more robust, to decrease a lot
of the errors and failures in manufacturing,
and to accelerate process development and
allow pharmaceutical companies to han-
dle larger pipelines because they need less
resources to develop a process.

MS: It is important to note that the vision
takes different forms depending on the
processes or the underlying modality being
explored. For well-established bioprocess-
es, such as the production of therapeutic
proteins through platform processes, this
technology is very likely to be of great help
to accelerate programs, reduce costs, and
transform how people are operating on a
two-digit percentage basis: cutting costs
and timelines by maybe 30-70%. However,
in the new modality space, where process-
es are not yet well understood or estab-
lished, we foresee the technology having an
enabling effect — it simply might not be pos-
sible to bring a certain therapy to the market
at all, or at the speed required for patient
needs, without a digital technology playing
an integral role. That applies to things like
cell and gene therapies, but also food tech,
cultivated meat, and so on.

DA: To realize that vision, did you
intentionally build a team with different
expertise and contrasting viewpoints
and priorities?

AB: We have always aimed to bring together
very different points of views on the tech-
nology, and in some cases on our strategy
and tactics. The team comes from a range
of backgrounds: some people are more aca-
demic, others are more industrial, and so
on, and hence also very different personal
experiences. However, we have very much
focused tactically on the key concerns of
the sector in which I was working before,
simply because you have to have a focus. In
that sector, we already had a lot of exper-
tise, not to mention contacts we could speak
with to hash out ideas. When we speak with
clients, we have been able to offer advice
drawn from our experience, our knowledge
of the science and the data, and our under-
standing of the business. We can aggregate

The real challenge lay

in determining how to
use such powerful tools
with only a small number
of experiments, maybe
just 10 to 20 or so in

the path from start to
manufacturing.

all these different perspectives in a coher-
ent strategy to support our clients’ goals.

MS: On the big vision, I think we have
always been very uniquely aligned. Howev-
er, we feel that it is critical to continuously
realign on more incremental details based
on the feedback we receive from clients.
The constant prototyping and exploration
of solutions with clients led us to under-
stand those needs better, especially across
different segments. There is big pharma
versus CDMOs and small biotechs. While
they all converge on bioprocess, they have
different expectations — some are looking
for optimization, and others for enabling
technologies. On the other hand, we had to
understand who the potential users might
be in-house and how we could best help cus-
tomers embrace the technology as part of
their organizational digital transformation.

AB: At the same time, the way we are per-
ceived by customers is continuously chang-
ing. In the beginning, we were more experts
brought in to consult, whereas today we are
solution providers and even software pro-
viders, which is reflected in a radical shift
in the discussions that we have with clients,
who start playing a more active role in that
digital transformation.

DA: I’'m sure we could spend hours on

the nuances of your technology, but could
you give me a concise explanation of

the key principles and theirimportance

in achieving your goals and those of

your customers?

AB: Our technology is based on three main
pillars. The first, as I mentioned earlier, is
hybrid modeling: machine learning for small
data, which unlocks the ability to autono-
mously learn from process data.
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The next pillar is a direct consequence of
the application of machine learning, which
we call transfer learning. In cases where the
end processes for a given drug have been
fully developed and all the data from these
processes are available, machine learning
can allow you to extract common knowledge
from those data that then can be specifically
readopted for the development of a new pro-
cess. In many cases, this means you don’t
have to perform some of the new experi-
ments for that process development because
you can simply transfer what you have seen
in the past and perform experiments only to
create new or verify information.

The third pillar is optimizing design of exper-
iments and other activities to support the end
user in decision making. Today, all the mod-
els are deterministic or, technically, “clas-
sical statistics,” in which you provide input
into the model, and it outputs a number rep-
resenting its best knowledge about that. In
contrast, our work tools are based on Bayes-
ian statistics, which means that every time
that we get a prediction from our models, it is
not only a number but also a probability dis-
tribution. That enables us to integrate risk
considerations into our decisions, depending
on how much data we possess and how ambi-
tious the decision objective is about a given
process under certain conditions.

As a result, a distinctive feature of our
approach to developing processes is that
we typically do so based on utility. We can
aggregate different considerations in our
tools that range from constraints on how
likely it is that we meet all the quality con-
straints or improve the productivity of a
process, how expensive it is to run certain
processes, or how likely a given new exper-
iment is to truly create new knowledge. The
user can combine all these different aspects
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and their corresponding probabilities and
risks to come up with a very efficient way to
develop processes or to simply manage risks
in biomanufacturing.

MS: Another aspect of our value proposi-
tion is that all of this is packaged as a user-
friendly cloud solution, which facilitates col-
laboration and enables a team with only very
limited experience in modeling (or none) to
collaborate on the creation of the predictive
model, which is then the engine to answer all
their practical questions. Additionally, the
tool is fully customized to the needs of the
pharma industry. Having worked with several
tens of different companies, we have a com-
prehensive understanding of the key ques-
tions they would like answered. With our tool,
the final step is not the creation of the mod-
el, which is the case for many other software
solutions — it’s the decision derived from the
model, which follows very practical needs:
get more product, understand the process
better, understand how to design and scale
up the process, and so on.

This collaborative cloud architecture —
combined with the very customized way the
software is established in terms of work-
flow — allows us to democratize the use of
machine learning across an organization
that is conservative and not digital native.
The magic happens in the background, but
the solution is a user-friendly tool that serves
as a bridge to our vision, and machine learn-
ing moves from just being a buzzword to a
technology used every day — a commodity
to create consistent value from the routinely
measured data.

This requires that the technology be cus-
tomized to the problem to be solved and to
the users who need it. If you compare the
current, third version of our software with

the initial zero version, you can see how
much more customer centric it has become.
We began with what we thought the customer
needed but have updated that to what differ-
ent customers have said they need. Beyond
the continuously generalized and diversified
software itself, the added value for the users
has helped us to evolve our perspective.

AB: Ultimately, the definition of key terms
like digital twins can vary significantly from
field to field and even individual background
to background. An engineer probably does
not see a digital twin in the same way a data
scientist would define it. But in the end,
the digital twin is a tool that allows the vast
majority of the stakeholders within a phar-
maceutical company to interact with the pri-
or knowledge about the processes to act on
ongoing process without needing to under-
stand the underlying algorithmic details on
the digital twin.

DA: Canyoudiscuss the process of a
customer adopting your technology and
integrating it into their existing process
development and manufacturing systems?

AB: We could probably discuss this for two
days from 20 different perspectives, but in
short, adoption is currently a relatively long
and painful path. On one hand, we are devel-
oping processes that could not be devel-
oped otherwise. In a sense, especially at the
beginning of a journey, we provide a very
incremental improvement.

We have certain established tools. The chal-
lenge is not that the scientists we engage
with are unable to understand our tools,
but that these tools are not yet well accept-
ed by the broader scientific community,
particularly by regulators. Changing tools
poses challenges for a pharmaceutical com-
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Machine learning has
the potential to radically
change the way we
approach every concept,
from how we develop

a process to how we
manage the quality of
drugs in a broader sense.

pany because they have to restart a lot of
their discussions with regulators, who will
challenge the approach and underlying tools
in depth. With this type of technology, things
often really depend on the first adopter, who
takes up the challenge of clarifying all the
problems for everybody; from that point on,
itis a downhill journey. Five years ago, hybrid
modeling started to become a topic in such
discussions with regulators, and now we see
them becoming a more regular interaction
point alongside other machine learning tech-
niques that are clearly superior to the old way
of using simple statical tools only.

Another challenge is that most of our
customers today are focused on process
development — in other words, short- to
intermediate-term improvements — while
the greatest improvements the technolo-
gy can achieve manifest over the middle to
long term. Ultimately, machine learning has
the potential to radically change the way we
approach every concept, from how we devel-
op a process to how we manage the quality
of drugs in a broader sense. Unfortunately,
this is very much in the future, but as you can
imagine, it is complicating adoption. People
tend to be a bit ultra-focused on what is hap-
pening tomorrow and the next week rather
than what’s over the horizon.

DA: Do you see different responses
depending on the nature of the customer
you are speaking with? I’d imagine that a
small biopharma might be more willing
to take risks than a big pharma company,
but they might also be far more focused
on the near term.

AB: The answer is totally counterintuitive.
You would expect the early adopters to be
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companies really focused on manufactur-
ing, like CMOs, rather than larger pharma
companies where manufacturing is just
one of many activities. Additionally, you'd
expect, as you suggested, that small com-
panies that are more flexible in their proce-
dures would jump on the technology faster
than big companies.

In both cases, however, what we have seen
is the opposite. In the first case, I think that
pharma companies are more interested
than CMOs for two reasons. First, pharma is
much more willing to invest in R&D, whereas
CMOs need to be extremely efficient, with
any innovation activity being perceived as a
waste of time. The second reason is that it is
ultimately difficult for CMOs to adopt inno-
vative technologies without being backed
by pharma, because if their pharma custom-
ers are not interested in using hybrid mod-
els to develop bioprocesses, that's the end
of the discussion.

In the end, the activation energy barrier that
you have to overcome to adopt the technolo-
gy is directly proportional to your degree of
digitalization or your readiness to digitalize.
The more digitalized you are, the faster you
can harvest results from our tools. Larger
companies are way more digitalized than
smaller companies, who value flexibility over
a very standardized way of running things.

MS: In many cases, the key enabler of accep-
tance for a potential customer is an internal
believer in the technology. The believer or
influencer may be someone at C-level, but we
have also had cases where the believer was
a scientist or manager. But in many cases,
the identification of a single champion who
can open doors has been our best means of
acceleration. This believer can be someone
who really gets the technology, but it can also
just be someone who has seen what we have
done for others and become convinced of the
value. Then this believer needs to convince a
critical mass of people — from CEO to the end
users or the other way around — that there is
a business case or a clear need. We are still
learning how best to segment things into dif-
ferent paths and customize our sales cycle
to maximize success regardless of our path
into an organization.

It's also always helpful to have references
and tangible results, which can be something
created for others. As soon as our software
was tangible, discussions became much easi-

er because we can run a demo and show what
is possible. But as a thought leader, that's
generally not the case because you're run-
ning in front of the industry with the origi-
nal vision, which then becomes a prototype,
which then becomes more and more of a solu-
tion. This critical mass of people believing
in the tool and creating a community across
organizations was a key enabler for us along
the way.

That doesn’t apply only to our solution; in
general, companies who embraced a digital
maturity vision combining different digi-
tal solutions as part of their assets already
started to measure a return on investments
last year, whereas the others are following.

DA: Can you expand on how you aim to
make the solutions more accessible and
user-friendly for a much more broad and
potentially data-naive audience who may
want the outputs without understanding
how they were achieved?

AB: In the end, all the stakeholders asso-
ciated with manufacturing or the develop-
ment of manufacturing processes have to
interact. Today, without a tool like a digital
twin, they have to interact from different
perspectives on the processes. The scientist
has a perspective, maybe focused on optimi-
zation and robustness. The technician has
their perspective in terms of organizing the
experiments and the data and collecting the
results in an organic way. But then there is
the QA person, who wants to understand the
risks and the regulatory side of things and
who is running risk analysis, validations,
and so forth. There is the production team
that has to control or simply schedule pro-
cesses. This is the next challenge of our tool:
to address all these stakeholders with a plat-
form solution containing specific features
that are designed to support each of their
individual perspectives.

MS: Another important angle to all of this
is the need for a clear mindset change per-
spective, where we can play an educational
role. We need to have different storylines
ready for someone with a more stubborn or
conservative mindset versus someone who
is very open. We are quite active in teach-
ing — less about only what our tool can do
but rather how new methodologies compare
with old methodologies. Alessandro teaches
at university to prepare young chemical engi-
neers to see the value of machine learning,
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and we run a few courses each year, for which
we have had 250-300 industry participants
from all the major pharma companies. Inde-
pendent of the solution they choose, they can
learn what to expect from the technology and
how to receive answers on practical biopro-
cessing questions.

In addition to this crucial educational com-
ponent, we need to help organizations over-
come an additional barrier: despite the
conviction that it’s the right tool to use, the
ideal users are often too busy in the lab to
have time for adoption. This requires anoth-
er shift to allow experimentally focused
people to be in front of the computer for suf-
ficient time to learn and use the technology
to enable them to improve their work in the
lab. If you want to have a return on invest-
ment on a digital solution, you need to allow
your team to use it at least a certain amount
of hours per week.

DA: In your ongoing R&D efforts, are

you primarily focused on training the
system on new data and creating more
user-specific applications, oris there yet
work to be done to make the fundamental
machine learning technology “smarter?”

AB: That is a very good question, because
we went through several different phases. At
the beginning, we had to learn how to imple-
ment our technology, so we focused on mak-
ing the hybrid models perform increasingly
sophisticated tasks. Today, we are more in
a phase of simplifying things. In a sense,
we are going backwards — not in terms of
results but going back to focus on decreas-
ing the barrier to adoption. For that, the tools
have to be very simple. Ultimately, we aren’t
arguing that we provide the best hybrid of
machine learning; we are essentially the
only company providing that. Instead, we are
contrasting ourselves with the state-of-the-
art technology, which is way less efficient
but widely adopted.

Additionally, we are taking a few concrete
actions, mostly increasing the spectrum of
tools that we provide to pharma in two dimen-
sions: different unit operations to cover the
entire manufacturing process, possibly
including formulation; and modalities, going
from therapeutic proteins to mRNA, cell
therapies, and so on.

We have a few other innovative initiatives in
the works. One is exploring the ability of gen-
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erative Al to aggregate all the historical data
from process development, all the results
and so on, and create an R&D report describ-
ing what has been done, how the process
is running, all the tests, the history, and so
forth, for filing purposes and presentations
of these activities, which can be extremely
time-consuming. We could also standardize
how such reports are created.

DA: Since the company has already
evolved a lot, from a more advisory role
into solution providers, do you foresee
further evolution of DataHow as the
technology evolves and your relationships
deepen over the coming years?

AB: The scalable parts of the company will
always focus on the software. But like many
similar companies, the service part will
play a growing role. For our customers to
get the most out of technology, they have to
be supported.

But the most straightforward direction
where we will be heading is into manufac-
turing. Eventually, all these activities and all
this knowledge will be transferred to manu-
facturing to concretely support the full range
of the activities for drug production, regula-
tory, and so on. We will also be involved in
enabling technology providers to integrate
our technology with what they are producing.
For example, a bioreactor producer could

integrate our base technology into their soft-
ware to support the management of the data
coming from that platform and normal activ-
ities. The same would be true for a company
producing sensors — we could aggregate all
this knowledge together so they could come
up with a package of sensors that are able to
capture knowledge and support manufactur-
ing activities.

MS: We want to become a very established
provider of this technology in the field. Of
course, scalability will come from the soft-
ware. But our entanglement around changes
in mindset and the support of a growing base
will help us to stay in touch with where the
industry is going, and we will have the advan-
tage of being the first mover in that direction.
There are many doors we want to go through
in manufacturing. But maintaining long-term
relations with the customer is a critical goal
for us, and a big part of that will be diversifi-
cation of the software beyond the launch ver-
sion. We want to have a full platform solution
covering small and large scales and all sorts
of unit operations.

Building this platform step by step will allow
us to be a very established provider in that
space with confirmation that other players
are going our way and switching to hybrid
model machine learning. That affirms that
we are on the right track but reminds us that
we need to move quickly and partner smartly.
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