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On 19th September, 2019 FUJIFILM Diosynth Biotechnologies (FDB), in partnership with the 
Knowledge Transfer Network (KTN), held a “Science Exchange” event, inviting innovative 
companies to help transform the next generation of biologic drugs manufacture, through the 
application of advanced digital technologies. This was an opportunity for businesses, spin-outs 
and academics to meet key FDB personnel, find out more about the company’s Innovation 
Strategy, and to form collaborations. The event was introduced by Andy Topping (CSO, FDB) and 
Andy Jones (Medicines Manufacturing Industrial Challenge Director). Pitching and information 
sessions were held throughout the day from companies and academics who are leading the way 
in new approaches to digitising the biopharma industry, followed by a panel discussion. The 
following report highlights the presentations, discussions and emerging themes from the day.*

* The event agenda can be found as an appendix to this report.
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1. Getting to Biopharma 4.0
A new industrial revolution of connected machines, automation, advanced analytics, and robotics 
beckons. But how far along the road is the biopharma sector in reaching this industrial nirvana? 
According to Andy Topping, CSO at FUJIFILM Diosynth Biotechnologies – somewhere at the level 
of the first Fiat 500, introduced in the late fifties.

Its modern day incarnation is recognisably similar, but now on board systems are testing hundreds 
of parameters – constantly making adjustments or indicating via a simple visual display when 
things are going wrong. The driver can get help from a cheap off the shelf fault code reader to 
interpret any warning light. 

Today’s manufacturing facilities, he observes, benefit from multi-million pound equipment but 
like the original Fiat 500, it provides little information beyond the equivalent of speed and fuel – 
and certainly can’t make adjustments on the fly.

Why does this matter? Because mega-trends of digitalisation and genomics threaten ‘‘market 
fragmentation and the death of the megabrand.” Andy Jones, Director of the government’s 
Industrial Strategy Medicines Manufacturing Challenge, spells out a scenario where numerous 
smaller clinical trials will be targeted at subsets of the population, where it’s believed therapies 
will work better, but that means the work multiplies. “More products with smaller market share 
means enormous pressure on development and manufacture.”

Speed to market will be critical. Digitalisation and automation promise better quality compliance, 
quicker resolution of problems and faster development time. This means not only using advanced 
analytics, but developing the skills to underpin them. “It’s a massive change management 
exercise,” says Dr Filippo Menolascina at Edinburgh University’s Genome Foundry: “what is 
coming in the next 10-20 years is disruptive - the first company that manages the change will 
have massive market advantage.”

Spot the difference?

1. G
etting to B

iopharm
a 4.0



Data Driven Decision Making for Bioprocessing2

In September, KTN and FUJIFILM Diosynth Biotechnologies brought together academics 
and businesses to discuss what biopharma needs to do to tackle these challenges. Delegates 
discussed tools to address issues of connectivity, and to ease hardware integration. They pitched 
systems and services to pull process data in multiple formats from across multiple sites, as well 
as tools to analyse and visualise the content. Discussion centred on modelling techniques, digital 
twinning and how machine learning could be integrated to make more accurate predictions of 
process and molecule performance. Delegates want collaborations to get access to data that will 
enable further development and verification of models and AI tools.

The challenge is to leverage the vast amounts of data being generated by the  –
biopharma industry to gain insights that will drive innovation. 

Collecting data has become an end in itself, but data should be targeted and  –
evidenced against a defined problem. The quality of the data also matters. 

A combination of data and modelling will be required to get insights into biological  –
processes. 

The bioprocessing sector could learn from other industries such as chemicals;  –
techniques like model predictive control can give advanced warning of problems, 
increase yield and reduce equipment downtime.

There is a scarcity of data skills, with data scientists anticipated to be in short  –
supply in the coming decade. Delegates say a lot more needs to be done by the 
whole community to ensure there is a supply of key skills for the future. Initiatives 
to support skills development – such as apprenticeships – should be expanded and 
built upon. 

Data projects should be seen as change management projects. Delegates identified  –
cultural resistance and company policies and procedures as important barriers to 
the adoption of data driven decision-making.

Summary of Key Points
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Learning from Chips

The challenges of both digitalisation and genomics raise big questions for the industry, according 
to Andy Jones, director of the Medicines Manufacturing Challenge – part of the UK’s Industrial 
Strategy Challenge Fund.

These questions include whether the biopharma sector:

Can digitalise the development data to produce a ‘digital design space’? –

Can create a virtual model of the manufacturing process? –

Can use the process model to define data capture requirements from the manufacturing  –
information? 

Can combine this process data with input material and product quality data to drive process  –
optimisation?

Can combine development and manufacturing data to strengthen the model? –

Can use AI so the process can learn? –

On top of that, can it be done continuously, dynamically, autonomously?

This is the model in silicon chip manufacture. Andy Jones suggests that it had taken 15 - 20 years 
for industry to advance, “but we can learn from what they’ve done. The systems they have in 
place for monitoring are ripe for adoption in pharma. I think we’re looking at 3-5 years, given the 
willingness of industry to adapt,” he suggests.

Jones points to the work of ADDoPT – a four-year industry collaboration using advanced digital 
design to get from molecules to medicines. It has tackled seemingly intractable problems like 
tablet sticking (which leads to manufacturing downtime) and understanding powder flow for 
continuous processing. It’s also used predictive modelling to give early warning of likely problems 
of the crystal morphology of drug candidates. 

Looking at the fourth industrial revolution – so-called Industry 4.0 – and AI, Jones comments that 
it had been suggested that government should invest in AI, as there are few companies working 
on AI in manufacturing. 
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Jones’s response is that “I don’t need AI to tell me how to optimise a reaction, as I understand 
kinetics and thermodynamics.” There might be variability – in which case “think about the data 
based on what you know, then what you know accounts for the control that you have. You’re now 
looking for where the variability is,” he suggests. He adds that companies can spend a lot of time 
creating terabytes of data but if they don’t know what it’s for, it has no purpose.

The government is creating opportunities for companies to explore the benefits of digital 
technologies. £146m has been invested over four years to develop technologies and support 
infrastructure in medicines manufacturing. That investment, says Jones, has mainly gone into 
small molecule development in big pharma, because at the time they were the group best placed 
to define their ask. There was an additional £35m for digital health solutions and Jones wants to 
hear views on what areas need support in the future. 

Major manufacturing innovations and catapult centres are being funded. These include the 
Medicine Manufacturing Innovation Centre in Renfrewshire. The goal is to create a well-networked 
community that can tackle the challenges of new drug delivery approaches and the scale up of 
next generation medicines. They will also address the development of sensors and analytics, and 
the data and AI approaches needed to support growth of the sector. “No other country has this 
breadth,” Jones asserts. 

The latest (third) round of the ICSF Challenges includes ‘Manufacturing Made Smarter’. 
This initiative is designed to put the UK at the forefront of industrial digitalisation to boost 
manufacturing productivity. It stems from a review in 2017 by Siemens UK boss Jürgen Maier. Its 
objectives include increasing cross-sector collaboration in manufacturing to develop common 
digital solutions, and growing the number of digital technology companies providing solutions.
Industrial digitalisation encompasses concepts such as Digital Twinning to boost productivity 
and manufacturing consistency. 

The first call for projects was made in summer 2019, with £30m available for projects of up to 
£10m. The programme aims to support a wide variety of projects from feasibility to demonstrator 
stages. Projects involving SMEs are particularly encouraged.
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Data and the Human Challenge
Nick Martin, FUJIFILM Diosynth Biotechnologies’s Head of Operations, explains his team are 
looking at all the process data – from the making of the medicine to the facility and equipment 
data. “Our mind-set is old school – we’re trying to work out what’s going on.”

“Ultimately, I have to sit with the regulator and explain what went on,” says Martin. Data integrity 
may be the buzzword, but it boils down to knowing that the data you’re looking at is the same as 
the data when the medicine was generated, he explains. It matters because “what we make goes 
into a human being.”

Martin’s complaint is that his lab is full of equipment of different vintages and different 
manufacturers’ equipment doesn’t talk to each other. What he wants is a system that’s reliable 
and easy to use, without endless cabling. His request: “make it simple for us.”

Arghya Barman, the company’s Senior Data Scientist is wrestling with “an ocean of data” that 
represents a global challenge. Some figures give an idea of the scale: mammalian cell line 
development may generate up to 40GB of data each week, with an individual scientist spending 
2-4 hours a week on acquiring data and transforming it into a useful format (a process known as 
wrangling), and 2-3 hours on analysis and visualisation. Downstream processing might generate 
less than 1GB a week, but acquisition and wrangling can take a scientist over 5 hours a week, with 
another day spent on analysis and visualisation. 

Around 90 instruments from over 40 suppliers generate data in multiple formats and outputs. 
As a consequence, the audit trail is not straightforward, and it’s a highly time consuming task to 
track a sample throughout its life or discover what analysis has been done, says Barman.

For that reason the company has set up an in-house data science team. Its four members come 
from a process development background, and have expertise ranging from statistics and data 
analytics to computational chemistry and engineering. Their main aims are to provide a centre of 
excellence in statistics, including Design of Experiments (DoE) and to develop and use the latest 
techniques in data visualisation, analysis, modelling and simulation to support the company’s 
four sites and their clients. 
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Over the next 5-10 years Barman wants to have all the data stored in a structured and standardised 
format in a centralised location. A one-click reporting system would provide access for research 
scientists, customers and data scientists. The strategic benefits include: reduced time spent 
consolidating data; data integrity and traceability; ease of access and use of data to obtain (for 
example) data driven insights into bioprocess development; or to use machine learning to predict 
process outcomes. 

The company is actively looking to collaborate to develop potential solutions. One company 
working with FUJIFILM Diosynth Biotechnologies on connectivity, is industrial computing and 
control firm ITS. 

“Make the data your own – irrespective of where it comes from, make it work for you,” urges 
Managing Director, Malcolm Knott. To provide solutions, ITS has partnered with automation 
software provider Iconics: “It’s the same suite of software for an airport, as for pharma. Everyone 
has exactly the same problems in manufacturing or production,” says Knott.

The main reason ITS has turned to Iconics’s tools is ease of connectivity. The software was 
designed to gather data from different systems, from operational to IT. The data is aggregated, 
not copied. “That’s the clever part,” says Knott. “You’re not replicating data so it’s never out 
of date.” The real time data can be exposed and visualised on the dashboard that’s been put 
together for staff at a plant. There are different means of looking at it: as a spreadsheet or 
fuel gauge for example. Customers use the tools for complex operations and to train staff. “The 
task is to expose the data to make it useful – and start to see patterns we didn’t see before.” He 
believes that the integration of IT systems with operational technology systems (that monitor 
processes and instruments) has “massive potential for positive business disruption.” 

ITS’s work with Scottish Water and paper manufacturer Ahlstrom Munksjo illustrates the impact. 
Scottish Water has replaced 19 systems with just one - allowing the company to analyse weather 
systems and pre-plan for flooding according to the state of reservoirs, pumping stations or 
sewers. Ahlstrom Munksjo are focussing on emission and energy consumption reporting to meet 
reductions targets, and has installed the system in plants around the world.

Labman Automation, by contrast, has taken a custom approach. According to William Hogge, 
Head of Business Development for Labman Software, a system may be designed for thousands 
of different purposes, and different companies, “but is so versatile it becomes challenging for 
your particular task.”

Labman has been working as part of a consortium – including FUJIFILM Diosynth Biotechnologies 
and AkzoNobel, and backed by a grant from Innovate UK - to develop a system to ease hardware 
integration. Because different versions of the same manufacturer’s equipment might produce 
data in slightly different formats, or there might be a proprietary comms protocol, the idea is to 
convert the data structure of each hardware component into a common framework.

One example is Merlin - developed for a major pharmaceutical company that wanted to automate 
CFR compliance – the FDA’s Code of Federal Regulations. For example, each time a new compound 
is used, the chromatography system has to be calibrated – itself a labour intensive process. The 
compliance data is usually captured on paper. 
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Labman’s solution steps the user through the process of creating a sample.  A barcoded compound 
vial is scanned so the system knows the compound; a balance reads the weight and the system 
calculates how much solvent is required, and dispenses the exact amount. All of the data from 
each stage is captured automatically and held in a specially designed database that meets CFR 
requirements. The barcoded vials also enable expiry dates and stock levels to be checked. Where 
it could take 30 minutes to create a sample and complete the paperwork, Merlin cuts that to 2-3 
minutes.

The company has recently begun working with an AI developer on a project to apply simulation 
to cut experimentation time.

In another collaboration, data analytics firm Adatis has been working with FUJIFILM Diosynth 
Biotechnologies, the Centre for Process Innovation (CPI) and Teesside University on automating 
the fermentation process for mammalian and microbial cells. It’s a process that runs across 
multiple machines, producing data in different formats – some in Excel, some imaging, some 
written – precisely the kind of problem Argyha Barman, described earlier. 

“Data scientists were spending all their time cleaning and prepping data, but not analysing it,” 
says Account Director Nick Baladi. Indeed on any project the biggest challenge is ‘”always data 
ingestion – because there are so many variations.”

Using Microsoft’s Azure platform, all the 
various raw data was ingested into a data 
factory using a process known as extract, 
transform, load (ETL). Once formatted and 
stored, the data is only taken to a curated 
level when a user requires it. Movement of 
data is orchestrated by the data factory, and 
there are exploration tools for data scientists 
who want access to raw form data.
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2. Drowning in Data, Thirsty for  
 Information
Keeping the UK at the forefront of medicines manufacturing, means ensuring an advanced skills 
base. The National Innovation Centre for Data at the University of Newcastle has been set up 
to address a huge shortage of data skills. “The constant refrain [we heard] was companies are 
gathering more and more data – orders of magnitude bigger than even 2-3 years ago – and if it 
could be used then they could innovate and develop better products,” says the centre’s Director, 
Steve Caughey. However, companies can’t innovate because “the skills required don’t exist; 
educational establishments haven’t kept pace.”

That’s borne out by a KPMG survey published in 2019: nearly half (44%) of companies who took 
part said they lacked skills in data science and analytics, while 39% said they lacked skills in AI. 

In the second part of KTN and FUJIFILM Diosynth Biotechnologies’s exploration of data driven 
decision making, companies and academics explored skills shortages, cultural ambivalence to 
data projects and the need for collaboration. Many provided case studies to illustrate how a 
particular approach could bring value. 
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Delegates were asked if the UK bioprocessing community is doing enough to meet the demand 
for skills that is anticipated over the next 5 to 10 years: 80% said no. But a lack of skills is not the 
only challenge facing the sector: 38% of delegates see cultural resistance as the biggest obstacle 
to adopting data driven decision making; less than 20% think their organisation is adequately 
mining the data sets required to drive decision making. 
 

One of the ways the government is trying to address skills shortages is through the National 
Innovation Centre for Data. Its Director, Steve Caughey explains that it aims to help organisations 
help themselves. The centre provides the data science skills, while domain specialism comes 
from the companies it works with. A data insight programme provides workshops and seminars 
targeted at management and technical specialists, as well as students and members of the 
public. Caughey explains that “organisations get what they need to obtain ‘actionable insight’ 
by upskilling their own people on their own systems, using their own data.” PhD level staff work 
alongside company personnel to tackle the ‘low hanging fruit’, that proves the value of analysing 
data. “Within 3-6 months a company should have some IP, and a new set of skills it can use,” 
Caughey suggests. 

Cultural resistance is seen as the main obstacle to the adoption of data driven decision  –
making, according to over a third of delegates who took part in an online survey on 
the day. 24% suggest company policies and procedures are the main hurdle.

80% of delegates say the UK bioprocessing community is not doing enough to ensure  –
that the keys skills needed in the next 5 -10 years are going to be available. 

Whilst 67% say the sector is most likely to experience a shortage of data scientists in  –
the next decade. Just 10% think computer programmers will be in short supply.

Decisions should be based on evidence, not data. –

Summary of Key Points

Skilling Up and Managing Change
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A second strand of work is to map out who is in the ecosystem: the companies, the consultants, 
and the students looking for jobs. Caughey wants to encourage SMEs to use the space and to mix 
with larger organisations. Among its clients are AkzoNobel, P&G, the Department for Work and 
Pensions, and the NHS. Getting consultancies and big platform vendors interested will attract in 
SMEs and, in turn, pull in students looking for placements.

Data sets exist everywhere in silos throughout the biopharma lifecycle, from process control 
systems to supplier and clinical trial data, but their value is not being realised, says Siobhan 
Fleming, Business Development Manager at Siemens Ireland.The barriers to using data boil down 
to people and culture. “‘Data projects are really change management projects. You need to get 
the plant management - who are production oriented - to realise it’s a business transformation 
project,” she observes.

The most common barriers are felt most acutely in the biopharmaceutical industry because 
plant management is production-focused, and gaining sponsorship for an exploratory project 
with intangible benefits can be difficult. Processes and data sets are significantly more complex 
than comparable process industries. “You need a team of highly skilled process engineers and 
data scientists – at a time when there are skills shortages across the board.” Fleming agrees with 
Caughey that to demonstrate benefits to management, it is best to start with a well-defined, 
small scale project. 

Matt Coates’s view is that to be useful, data “has to be democratised – and not just for experts.” 
Coates is a Consultant for Statsoft Europe: its 50 staff are specialists in data analysis, data science, 
and augmented intelligence. Its Statistica suite covers everything from data acquisition to final 
reporting. “People don’t really want software they want a solution to problems,” says Coates.

Those views are echoed by Simon Kvistgaard, Co-Founder of Danish data enthusiasts Inviso. 
“When we say becoming data driven - what do we mean?” For Kvistgaard “it’s about bringing 
data to people outside this room.” The important question to ask, he adds is “ ‘what are the 
critical parameters’, otherwise you’re forever collecting more and more information.” 

2.
 D

ro
w

ni
ng

 in
 D

at
a,

 T
hi

rs
ty

 fo
r I

nf
or

m
at

io
n

“Data projects are really change management projects.”

“The more people that see the data the more innovation will come 
out of it.”
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He describes work with Novo Nordisk as an example of the company’s approach. Inviso taught 
staff to use two new tools: Alteryx (for data handling) and Tableau (for data visualisation). Novo 
Nordisk, he said, had tried to get a grip on production line data for 10 years: in six months they 
built infrastructure and real time monitoring of batch systems. Now they can make changes, and 
everyone can see the data - from finance to R&D.

“The more people that see the data the more innovation will come out of it,” suggests 
Kvistgaard.

Statsoft has been working with CSL Behring to develop a platform where all the process data from 
one global product would be available, allowing process performance to be monitored across the 
company’s eight manufacturing sites. CSL originally had 60 different software packages for data 
analysis and statistics. A project that began with one person now has a dedicated Statsoft team 
of five, who’ve implemented a data analytics centre of excellence with over 300 users across the 
world. Thousands of hours a week are saved simply because there’s no longer a requirement to 
copy or email excel files. 
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3. Modelling Processes and  
 Opening Black Boxes
In the final part of the meeting, businesses and academics discussed modeling and deep 
learning approaches to speed up development.

Controlling the process is critical in biopharma. Different modelling techniques,  –
together with machine learning can be deployed to improve processes and get 
ahead of potential problems.

Modelling can enable firms to move away from a trial and improvement approach,  –
to cut development time and reduce materials wastage. 

Companies should use data from failures, rather than ignore it.  –

Collaboration is needed to develop and verify models, and machine learning  –
algorithms.

Summary of Key Points

“Your process really is your product in bio. If you can control that you can control your product,” 
says David Lovett, Managing Director of Perceptive Engineering. To that end, the company 
focuses on applying advanced process control techniques in pharmaceuticals, and other complex 
manufacturing where lots of modelling is required. “We work closely with innovation teams in 
companies to come up with new ideas, and get embedded with research centres around the 
world.” 

One approach is Model Predictive Control that can be used to make small adjustments to 
where you want to be, thereby using less energy. Users, he says, don’t just control the process 
but optimise it – and build that into the business model. “If you make dynamic and predictive 
adjustments to your process … you can end up getting a higher yield.” 

As part of the ADDoPT programme, Perceptive Engineering has built digital twin- a virtual 
model of small molecule processing. The purpose of having a virtual model is to waste less 
energy and materials, by identifying pinch-points, and predicting unwelcome outcomes. Some 
experimentation is still required but once built, the model can be used to explore other materials 
and products. 

Another key area of innovation is predictive maintenance – looking at the whole bioprocessing 
line and identifying faults, to address quality and improve uptime on equipment. 
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Professor Kostantinos Theodoropoulos at the University of Manchester is investigating different 
approaches to modelling bioprocesses. These range from kinetic (black box) models that predict 
process behaviour for a range of conditions, through to white box reaction transport modelling.
Multi-scale modelling mixes models at different levels (cell, metabolic and process), but the 
trick, says Theodoropoulos, is in efficiently connecting the scales. One example of this is linking 
inter-cellular and intra-cellular fluxes to concentrations, which requires model reduction. That 
requires model reduction, he says. Model reduction techniques are especially important in 
bioprocessing because of multiple parameters, and the sheer volume of (often noisy) data. At 
the same time it’s crucial to understand which sets of the data carry the critical information. “We 
can’t do this by eye-balling the data: you may not know what it is that really matters, what carries 
the information you want.” 

Theodoropolous’s team have also developed models that are purely data driven but these, he 
says, lack insight: “if we have a plethora of data and we’re trying to predict a response from data 
without any underlying structure – we don’t learn enough. For me the best way is to have a clever 
combination of biochemical models with data driven approaches. There is merit in trying to use 
the data – but if you do that alone, it undermines the process of understanding.” His aim is to 
team up with industrial partners, using their historic data to develop robust predictive models 
for a range of systems. 

“All bioprocesses have unpredictable behaviour,” says Dr Claudio Angione, a Computer Scientist at 
the University of Teesside. “What’s going on inside the cell is still a black box - no one understands 
exactly why some cells produce some biomolecules…. so the motivation is to predict data and 
to explain why we get the molecules; or the particular amount of molecule; or how it is being 
produced inside the cell.”

Metabolism is now widely recognised as the main contributor to cell behaviours. In trying to 
redirect metabolism towards the production of desired products, ‘what-if’ scenarios can be 
modeled (such as changing nutrients or over-expressing a particular gene) but it’s not easy to 
make predictions. No one variable can’t be handled in isolation. 

Angione’s team is exploring machine learning and in-silico modelling to tackle the complex 
interactions amongst variables with differing degrees of correlation. To illustrate the task, he 
outlined several case studies, including a project with the Centre for Process Innovation (CPI) to 
optimise protein production in Chinese Hamster Ovary (CHO) cell cultures – a hitherto expensive 
and time-consuming task. The researchers took a new approach of combining machine learning 
and metabolic modelling to predict protein production. When the model was trained both on 
gene expression data from cell cultures and metabolic modelling, the predictions were more 
accurate than when machine learning was applied on either gene expression data or only on 
metabolic activity separately. 

3. M
odelling Processes and O

pening B
lack B

oxes

“the best way is to have a clever combination of biochemical models 
with data driven approaches”



Data Driven Decision Making for Bioprocessing14

“Can we do things smarter, [and be] more time efficient?” asks Kamil Tamiola, Founder of Peptone. 
“We believe the answer can be obtained through stringent analysis of evidence…. we leverage 
failed and anomalous experimental data, to generate better leads.”
 
Peptone’s team of 8 physicists work with big pharma clients to bring both their experimental 
expertise and deep learning approaches to protein engineering, to predict issues in production 
and characterisation. 

“What is the effect of a molecule on the protein folding process? We will tell you why you can’t 
scale it – it will have to do with the physics,” asserts Tamiola. Protein engineering is “ridiculously 
complex” - its combinatorial nature makes it difficult to predict and compute outcomes. Peptone’s 
scientists bring their knowledge and experimental expertise in intrinsically disordered proteins 
to bear on the protein folding process.

Understanding the very early stages of protein folding means failure can be modelled – so a 
company looking for a new antibody (for example) can use that to examine billions of combinations 
to identify failures. What’s left will have the promise of success – and that’s where experimental 
effort can be directed. 

Dr Filippo Menolascina describes Edinburgh University’s Genome Foundry as ‘the most automated 
academic facility in the world”, able to do automated DNA assembly at scale. The platform can 
produce 2000 constructs a week. 

Menolascina – who has a control systems engineering background – is taking a Design of 
Experiments (DoE) approach to reduce the experimental burden, coupled with machine learning. 
“When things don’t work – and in biology things don’t work a lot - we don’t leverage on those 
failures. In contrast, the Foundry allows us to use a large amount of failures to learn.”

Inspired by published research, his team designed an oestrogen-responsive transcription factor 
and a corresponding hybrid promotor library that consisted of 10 candidate core promotors, 
1-3 tandem repeats of 4 LexA operator sequences, and 240 possible promotors. Using a DoE 
approach they homed in on 80, and trained a neural network on them. To check how well the 
neural network predicts metrics, it built the other 160 promotors and compared them to what 
was predicted. The 80 selected promotor sequences covered a comparable range of activity 
levels to the full data set, saving effort and resources. 

According to Menolascina, they’ve not developed any new algorithms, but combined those 
already heavily used in statistics, with neural networks. The next steps include scaling up the 
approach to larger combinatorial libraries and T-cell engineering. 

Leveraging Failure and Focussing 
Experimental Time
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One of the challenges of using AI is that techniques require very clean and complete data. But 
experimental and simulation data can be sparse and noisy. The University of Cambridge spin-out, 
Intellegens, is using deep learning algorithms to train models on data as sparse as 0.05%, to help 
companies move away from a time consuming trial and improvement approach. Its system brings 
all the available data together, and uses underlying correlations to predict missing values.
 
The company initially worked on optimising Nickel superalloys for Rolls Royce – designing four 
new alloy families, which have been patented.  Across various clients, its AI optimised approach has 
reduced prototype costs by around 80%, says Commercial Director Jamie Smith. Less materials 
wastage means a reduced environmental impact. “The deep learning approach we’ve developed 
is a data science approach rather than a physics based approach – so it enjoys as much success in 
drugs as in alloys.” It’s possible, says Smith, to ‘tweak’ the model – if experts know, for example, 
that property ‘x’ can’t be influenced by property ‘y’. Clients might not necessarily reduce the 
number of experiments they do, but use the results to guide where the next experiment should 
be. 

A demonstration of its AI engine Alchemite can be found at https://app.intellegens.ai 

Another approach to cutting development time comes from Malvern Panalytical. It set about 
trying to address the question of which molecule from a panel is most likely to be successfully 
formulated into a product with the desired attributes. The goal, says Steve Carrington, its Head 
of Biophysical Characterisation, “is to have recommendations on formulation pathways, backed 
up by science, and which maintain traceability.”

It has developed a prototype data factory framework, that is both physical and digital. It’s built 
around a series of connected sensors targeted at a defined problem, with sensor data and system 
level data brought together in a single infrastructure. Based on its areas of expertise, Malvern 
chose to look at protein stability in solution. It identified a set of sensors; and drew on publicly 
available databases (NIST) to develop its learning model and ran it across multiple conditions. 

“We put the data in front of our scientists – who help customers – and what we found was that 
they take a holistic view.” Their experts looked not just at the output data, but at the raw data 
from the sensors. Characteristics like size and melting point, produced insights into whether a 
protein was stable or not. The exercise enabled Malvern Panalytical to build new smart tools. 
Like others, Carrington now needs data so the system can learn: “We need industry partners – to 
configure the data factory against a real deliverable project.”

A recurring issued raised by delegates is the complexity of bringing data together from different 
sites and coping with different formats. Professor Gavin Thomas and Dr Vicki Springthorpe at the 
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“We put the data in front of our scientists and what we found was 
that they take a holistic view.” 
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University of York are developing a system to bring proteomics, lipidomics and metabolomics 
data together from a number of partner Universities working on a collaborative project.

MORF is “a way of making the collaboration easier - both sharing the data and making sense of 
the data,” says Springthorpe. Although still under development, the MORF viewer offers a simple 
visual means of looking at the genome. Scientists can take a whole genome view, with the ability 
to click on genes and zoom in and out find gene expression and instantly see the time series data 
for each gene.

Data can be analysed globally – in the form of PCA plots, heat maps; and gene by gene. Input 
data is mainly in the form of excel spreadsheets. “We have similar problems to everyone else – 
everyone has their own formats – I have to wrangle it into excel,” says Springthorpe. Analysis is 
done outside the system, and results imported back in. For example, for gene expression - raw 
expression values are imported, and volcano plots are produced from the output results. 

The team now plan to develop the system further using data from a Horizon2020 project, but 
also want to collaborate with others. 
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Time Activity Presenter

08:30 Registration and Coffee

09:00 Welcome Andy Topping, CSO, FUJIFILM Diosynth 
Biotechnologies

09:15 Keynote: Digital and Data Challenges in 
Medicines Manufacturing

Andy Jones, Medicines Manufacturing 
Industrial Strategy Challenge Fund 
Director

Session One: FDB Challenges and our current data initiatives
Chair: Andy Topping

09:45 FDB Data Challenges Arghya Barman, FUJIFILM Diosynth 
Biotechnologies

10:15 End-User Perspective on Digitisation of 
Biomaufacturing

Nick Martin, FUJIFILM Diosynth 
Biotechnologies

10:30
Pitch: Real-Time Data Visualisation and 
analytics: convergence of IT and OT 
datasets

Malcolm Knott, Industrial Technology 
Systems Ltd

10:50
Pitch: User Centric Design in Laboratory 
Data Management Applications and 
Analytical Hardware

William Hogge, Labman Automation

11:05 Break and Networking

Session Two: Dealing with Data and how to make Decisions
Chair: Jonathan Haigh

11:45 Pitch: Some Principals, Some Realities, 
and a Successful Example Cosimo Caforio, Statsoft

12:00
Pitch: Drowning in Data, Thirsty for 
Information - The National Innovation 
Centre for Data Can Help

Steve Caughey, Director of the National 
Innovation Centre for Data

12:15 Pitch: Microsoft Data Platform Nick Baladi, Adatis

Appendix: Event Agenda
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Time Activity Presenter

12:30
Pitch: The Application of Data Driven 
Model Predictive Control in the 
Pharmaceutical Sector

David Lovett, Perspective Engineering

12:45 Data-Driven Systems Engineering for 
Bioprocesses

Kostas Theodoropolous , University of 
Manchester

13:00 Lunch and Networking

Session Three: Automated data interrogation and decision making
Chair: Charlie Heise

13:45
Keynote: Exploiting machine/deep 
learning and in silico mechanistic 
modelling in biotechnology

Claudio Angione, University of Teesside

14:00 Pitch: Advances in Digitalization in 
Biopharma Andrew Whytock, Seimens AG

14:15 Pitch: Democratizing Data - Putting 
Data in the Hands of the Business Simon Kvistgaard, Inviso

14:30

Presentation: Automated Design, 
Directed Evolution, and Developability 
of Protein Therapeutics and Gene 
Therapies

Matt Heberling, Peptone

14:45 Pitch: Optimising Experimental 
Processes with Deep Learning Ben Pellegrini, Intellegens Limited

15:00 MORF: browser-based data analysis for 
bioprocessing

Gavin Thomas and Vicki Springthorpe, 
University of York

15:15 Pitch: Building a Data Solution for the 
Developability of Biologics Steve Carrington, Malvern Panalytical

15:30

A Machine Learning approach to 
automatic synthetic promoter design in 
S. cerevisiae in the Edinburgh Genome 
Found

Filippo Menolascina, University of 
Edinburgh

15:45 Pitch: Ingenza – Your one stop shop for 
bioprocessing needs Alison Arnold, Ingenza
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Time Activity Presenter

16:00 Funding Update: Including ISCF Wave 3 
Funding ‘Made Smarter’ Kevin Hallas, KTN

16:15
FDB Panel Discussion: Next Steps 
for the Bioprocessing Industry in 
Digitalization

Andy Topping, Arghya Barman, Nick 
Martin, Jonathan Haigh

17:00 Networking Drinks

18:00 Close
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