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MULTI-LEVEL MACHINE LEARNING FOR PREDICTIVE AND PRESCRIPTIVE
APPLICATIONS

TECHNICAL FIELD
[0001] The instant specification generally relates to multi-level machine learning. More
specifically, the instant specification relates to identifying prescriptive actions to alter target

product formation yields of a cell culture.

BACKGROUND

[0002] Cell culture is the process by which cells are grown under controlled conditions,
generally outside their natural environment. After the cells of interest have been isolated from
living tissue, the cells can subsequently be maintained under carefully controlled conditions.
These conditions vary for each cell type, but generally consist of a suitable vessel with a substrate
or medium that supplies the essential nutrients (e.g., amino acids, carbohydrates, vitamins,
minerals), growth factors, hormone, and gases (e.g., COa, O2), and regulates the physio-chemical
environment (pH buffer, osmotic pressure, temperature). Some cells require a surface or an
artificial substrate (e.g., adherent or monolayer culture) whereas others can be grown free floating

in a culture medium (e.g., suspension culture).

SUMMARY

[0003] A method and a system for identifying prescriptive action to alter a target product
output yield of a cell culture of a cell growth system. In some embodiments, the method can
include receiving cell growth data with a current cell culture of a cell growth system. The cell
growth data includes a current cell count of the current cell culture and growth input parameter
values indicative of a growth rate of the current cell culture. The method further includes
identifying, using a first machine learning model, a prescriptive action to alter a yield of a target
product of the current cell culture based on the cell growth data. The prescriptive action modifies
a metabolism rate of the current cell culture. The method further includes performing at least one
of displaying the identified prescriptive on a graphical user interface (GUI) and/or causing the
cell growth system to perform the identified prescriptive action.

[0004] In some embodiments, a method for training a machine learning model to identify a
prescriptive action to be performed by a cell growth system to modify an overall cell metabolism
of a cell culture is performed. The method includes generating training data for the machine
learning model. Generating the training data may include identifying a first training input having

first cell growth data that includes a first cell count and one or more first growth input parameter
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values indicative of a first growth rate of a first cell culture. Generating the training data may
further include identifying a first target output for the first training input. The first target output
may include a first prescriptive action that alters a first yield of a target product of the first cell
culture. The first prescriptive action can modify a first metabolism rate of the first cell culture.
The method may further include providing the training data to train the machine learning model
on (i) a set of training inputs comprising the first training input; and (ii) a set of target outputs
comprising the first target output. The trained machine learning model may receive a new input
having new cell growth data including a new cell count and one or more new growth input
parameter values indicative of a new growth rate of a new cell culture and produce a new output
based on the new input. The new output may indicate a new prescriptive action that alters a new
yield of the target product of the new cell culture. The new prescriptive action can modify a new

metabolism rate of the new cell culture.

BRIEF DESCRIPTION OF THE DRAWINGS

[0005] Aspects and implementations of the present disclosure will be understood more
fully from the detailed description given below and from the accompanying drawings, which are
intended to illustrate aspects and implementations by way of example and not limitation.

[00006] FIG. 1 is a block diagram illustrating an exemplary system architecture in which
implementations of the disclosure may operate.

[0007] FIG. 2 is a block diagram illustrates a multi-level machine learning system
architecture in which implementations of the disclosure may operate.

[0008] FIG. 3 depicts a graph illustrating a growth prediction model, in accordance with
some implementations of the present disclosure.

[0009] FIG. 4 depicts a flow diagram of one example method for processing growth data to
identify prescription action associated with altering a target product yield of a cell culture using a
trained machine learning model, in accordance with some implementation of the present
disclosure.

[0010] FIG. S is an exemplary illustration of a training phase of a machine learning system,
in accordance with some implementation of the present disclosure.

[0011] FIG. 6A-B depict flow diagrams of methods 600A-B associated with determining
measurement accuracy of sensor, according to certain embodiments

[0012] FIG. 7 depicts a block diagram of an example computing device, operating in

accordance with one or more aspects of the present disclosure.
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DETAILED DESCRIPTION

[0013] A cell growth system may involve a variety of growth input parameters or process
parameters that are used to control a growth process of a cell culture. For example, growth input
parameters can include a feeding schedule (e.g., flow rate of a nutrient such as glucose), oxygen
flow rate, air flow rate, agitation parameters (e.g., mixing, stirring, heating, pressurizing, pH
buffer, etc.), and so on. These parameters can be managed through process controllers (e.g.,
feeding valve, oxygen intake, agitation devices, etc.). The growth input parameters at various
combinations with various contribution levels can effect a growth rate (e.g., cell count, cell
density, target product formation, etc.) of a cell culture. For example, growth input factors can
alter an environment in which a cell culture is growing. For example, providing nutrient to the
environment can enable metabolism by the cells. In another example, altering the pressure,
temperature, and/or acidity of the environment can modify the environment to be more conducive
to cell growth. In order for process controllers to perform their function effectively, quick and
accurate turnaround and processing of cell growth data (e.g., data indicative of environmental
conditions of the growing environment) is often needed.

[0014] A cell growth system often uses a wide range of sensors to measure a variety of
environmental parameters to monitor the growing conditions of the growth environment. Various
amounts of growth data is collected throughout the growth process of a cell culture. The
environment data can be used to coordinate prescriptive actions to be taken by the process
controllers to alter growth input parameters and modify the growth environment. For example, a
sensor can measure that the environment is getting to hot and thus should reduce temperature.
However, some process parameters, such as cell density, cell count, target product yield, and the
like are often difficult to measure. For example, methods for measuring process parameters are
commonly measured offline or through a process analytical technology (PAT) sensor. PAT
sensors are commonly used as a mechanism to design, analyze, and control pharmaceutical
manufacturing processes through the measurement of critical process parameters (CPPs) (e.g.,
nutrient density) which can affect critical quality attributes (CQA) (e.g., cell density, cell count,
target product yield, etc.). Thus, there is a need to be able to identify a good operating sensor
(e.g. dependable measurement accuracy) for process control strategies as well as sensor health
for maintenance. Inferring critical parameter using robust mechanistic features combined with
reliable PAT sensor information and existing process data into advanced machine learning
algorithms can be used for prediction/optimization of the cell growth system.

[0015] Aspects and implementations of the present disclosure address these and other

shortcoming of the existing technology by providing integration of existing PAT sensor into
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machine learning algorithms for selection of ideal controlling sensors used in feedback process
control. For example, a linear exponential regression can be used on a novel mechanistic feature
to predict viable cell density. In another example, some embodiments provide PAT sensor data
into staged machine learning algorithms to predict and/or optimize cell growth processes by
prescribing actions and feedback control capability to adapt to process variation in advanced
machine learning control strategies. For example, predicting and/or optimizing and target output
formation of a cell culture.

[0016] In an exemplary embodiment, a processing system can receive cell growth data
associated with a current cell culture of a cell system. The cell growth data can comprise a
current cell count of the current cell culture. The growth input parameters values can be
indicative of a growth rate of the current cell culture. The processing system can identify, using a
machine learning model (or through various stages or multiple machine learning models), a
prescriptive action that modifies a metabolism rate of the current cell culture based on the cell
growth data. The processing system can display the identified prescriptive action on a graphical
user interface (GUI). Alternatively or additionally, the processing system can cause the cell
growth system to perform the identified prescriptive action.

[0017] Aspects of the present disclosure provide various technological advantages and
improvements over conventional systems. As previously outlined, methods for measuring CPPs
can be difficult, lack reliability, and/or generally be inefficient. In some embodiments, a “virtual”
sensor can replace convention sensors that require manual sample measurement and off-line
analysis. In some embodiments, a more consistent understanding of sensor health and control
probe selection can avoid poor process performance and possible batch deviations (e.g., between
different culture of the same growth process). In some embodiments, processing system and
methodology as described herein provide early fault detection for PAT sensors and/or predictive
maintenance capabilities. In some embodiments, processing systems and methodology provide
for early prediction of batch performance and can measure target product yield mid-run as
opposed to offline yield measurements as conventionally performed. In some embodiments,
processing systems and methodology provides for advanced ML optimization of process step
strategies (e.g., feed strategies) within (e.g. while the growth system is online) to maximize yield
through prescriptive actions.

[0018] FIG. 1 is a block diagram illustrating an exemplary system architecture 100 in
which implementations of the disclosure may operate. As shown in FIG. 1, system architecture
100 includes a cell cultivation system 102, a metrology system 110, a client device 150, a data

store 140, a server 120, and a machine learning system 170. The machine learning system 170
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may be part of the server 120. In some embodiments, one or more components of the machine
learning system 170 may be fully or partially integrated into client device 112. The cell
cultivation system 102, the metrology system 110, the client device 150, the data store 140, the
server 120, and the machine learning system 170 can each be hosted by one or more computing
devices including server computers, desktop computers, laptop computers, tablet computers,
notebook computers, personal digital assistants (PDAs), mobile communication devices, cell
phones, hand-held computers, or similar computing devices.

[0019] The cell cultivation system 102, the metrology system 110, client device 150, data
store 140, server 120, and machine learning system 170 may be coupled to each other via a
network 160 (e.g., for performing methodology described herein). In some embodiments,
network 160 is a private network that provides each element of system architecture 100 with
access to each other and other privately available computing devices. Network 160 may include
one or more wide area networks (WANSs), local area networks (LANs), wired network (e.g.,
Ethernet network), wireless networks (e.g., an 802.11 network or a Wi-Fi network), cellular
network (e.g., a Long Term Evolution (LTE) network), routers, hubs, switches, server computers,
and/or any combination thereof. Alternatively or additionally, any of the elements of the system
architecture 100 can be integrated together or otherwise coupled without the use of network 160.
[0020] The client device 150 may be or include any personal computers (PCs), laptops,
mobile phones, tablet computers, netbook computers, network connected televisions (“smart
TV?”), network-connected media players (e.g., Blue-ray player), a set-top-box, over-the-top
(OOT) streaming devices, operator boxes, etc. The client device 150 may include a browser 152,
an application 154, and/or other tools as described and performed by other systems of the system
architecture 100. In some embodiments, the client device 150 may be capable of accessing the
cell cultivation system 102, the metrology system 110, the data store 140, server 120, and/or
machine learning system 170 and communicating (e.g., transmitting and/or receiving) indication
of prescriptive actions, growth parameter data, and/or inputs and outputs of various process tools
(e.g., metrology tool 114, viability prediction tool 122, yield prediction tool 124, yield
optimization tool 126, sensor validation tool 128, and/or model 190) at various stages processing
of the system architecture 100, as described herein.

[0021] As shown in FIG. 1, cell cultivation system 102 includes a cell culture 104 and
cultivation tools 106 that manage growth input parameters and environmental conditions to
facilitate a growing environment for the cell culture 104 within the cell cultivation system 102.
The cell system further includes process controllers 108 that coordinate actions to be performed

by the cultivation tools 106. The coordinated action may be associated with altering a growth
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outcome of the cell culture (e.g., increased viable cell density, increased cell growth, increased
target product formation, etc.) Process controllers 108 may receive input from other features
(e.g., machine learning system 170, server 120 metrology system 110, etc.) of system architecture
100 to manage and control a cell growth process (e.g., to facilitate a specific growth outcome).
[0022] Cultivation tools 106 can include various mechanistic devices that alter various
input and/or outputs as well as environmental condition of a growth environment housing the cell
culture 104. For example, cultivation tools 106 can include, for example, a feeding pump, an air
control valve or pump, an aerator (e.g., a submerged sparge aerator), a thermal jacket, feeding
valves (e.g., nutrient valves), effluent valve, and an agitation system (e.g., mixing or stirring
devices, hearing system, pressure system, pH buffers, etc.), to name a few.

[0023] Process controllers 108 can include devices designed to manage and coordinate the
actions of cultivation tools 106. In some embodiments, process controllers 108 are associated
with a growth recipe or growth process instructions that when applied in a designed manner
result in a desired cell growth outcome of cell culture 104. For example, a process recipe may be
associated with growing the cell culture to produce a target product outcome (e.g., a protein, a
chemical composition, cell mutations, etc.)

[0024] As shown in FIG. 1 metrology system 110 includes metrology tools 114 and data
engineering tools 116. Metrology tools 114 can include a variety of sensors to measure and detect
parameters within the cell cultivation system 102. For example, PAT sensor can be used to
measure a variety of critical process parameters (CCPs) (e.g., cell count, cell density, target
product output) associated with a process recipe and/or action performed by process controllers
108. In another example, the variety of sensors can measure conditions of a growing environment
of the cell culture 104. For example, parameters such as temperature, pressure, acidity, density,
and the like can be measured in association with the growth environment.

[0025] Feature engineering tool 116 may include process methodology to extract features
and/or generate synthetic/engineered data associated with data measured by metrology tools 114.
In some embodiments, feature engineering tool 116 can identify correlations, patterns, and/or
abnormalities of metrology or process performance data. For example, feature engineering tool
116 may perform a feature extraction where data engineering too 1161 uses combinations of
measured data to determine whether a criterion is satisfied. For example, feature engineering tool
116 can analyze multiple data points of an associated parameter (e.g., temperature) to determine
whether rapid changes occurred over a growth stage (e.g., cell division) of a growth cycle of the
cell culture.

[0026] In some embodiments, feature engineering tool 116 can perform one or more of a
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process control analysis, univariate limit violation analysis, or a multivariate limit violation
analysis on metrology data (e.g., obtained by metrology tools 114). For example, feature
engineering tool 116 can perform statistical process control (SPC) by employing statistics based
methodology to monitor and control process controllers 108. For example, SPC can promote
efficiency and accuracy of a growth process (e.g., growth recipe) of the cell cultivation system
(e.g., by identifying data points that falls within and/or outside control limits).

[0027] In some embodiments, the feature engineering tool 116 can perform univariate and
multivariate limit violation analysis to generate various amounts synthetic data (e.g.,
combinations of one or more engineered data points) indicative of various combinations,
correlations, and/or outliers of metrology data. For example, feature engineering tool 116 may
include an SPC database and/or SPC charts associated with metrology data obtained through
metrology tools 114.

[0028] In some embodiments, a cell culture can be measured throughout a growth period.
In some embodiments, increased amounts of metrology data is taken during predetermined
growth stages. For example, during a key growth stage or process (e.g., cell division stages),
additional sensors can be activated and/or currently activated sensor may take additional data. In
some embodiments, process controllers 108 may trigger measurement by metrology tools 114
based on operations to be performed by cultivation tools 106. For example, process controllers
108 can trigger activation of one or more sensors (e.g. of metrology tools 114) responsive to
actuation of a feeding valve (e.g. of cultivation tools 106).

[0029] In some embodiments, the extracted features, generated synthetic/engineered data,
and statistical analysis can be used in association with machine learning system 170 (e.g., to
train, validate, and/or test machine learning model 190). Additionally and/or alternatively, feature
engineering tool 116 can output data to server 120 to be used by any of viability prediction tool
122, yield prediction tool 124, yield optimization tool 126, and/or sensor validation tool 128.
[0030] Data store 140 may be a memory (e.g., random access memory), a drive (e.g., a hard
drive, a flash drive), a database system, or another type of component or device capable of
storing data. Data store 140 may store one or more historical data 142 including old cell growth
data 144 and/or old prescriptive actions 146 of previous cell cultures cultivated in a similar cell
cultivation system (e.g., cell cultivation system 102), growth input parameters, and/or growth
process recipes. In some embodiments, the historical data 142 may be used to train, validate,
and/or test a machine learning model 190 of machine learning system 170 (See e.g., FIG. 5 for
exemplary methodology)

[0031] Server 120 may include one or more computing devices such as a rackmount server,
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a router computer, a server computer, a personal computer, a mainframe computer, a laptop
computer, a tablet computer, a desktop computer, etc. The server 120 can include a viability
prediction tool 122, a yield prediction tool 124, yield optimization tool 126, and a sensor
validation tool 128.

[0032] The viability prediction tool 122 receives metrology data from metrology system
110 and determines a predicted viable cell density of the cell culture 104. In some embodiments,
the viability prediction tool receives raw sensor data from metrology tool 114, in other
embodiments, raw sensor data is combined with synthetic data engineered from feature
engineering tool 116. The viability prediction tool 122 may include a growth prediction model
(e.g., mechanistic model 210 or statistical model 212 of FIG. 2 or graph 300 of growth prediction
model of FIG. 4). The growth prediction model may be generated using historical data 142. For
example, the viability prediction tool can apply a regression (e.g., linear exponential regression,
least square regression, etc.) on the historical data 142 to generate the prediction model.
Generation of the cell prediction model will be discussed further in associated with FIGs. 2 and
5. In some embodiments, the viability prediction tool may use a machine learning model to
receive metrology data and output a predicted viable cell density of the cell culture 104.

[0033] The yield prediction tool 124 determines a predicted yield of a target product
formation of the cell culture 104. As previously described, the target product formation may
include a measurable product formed by the cell as a result of cultivation. For examples, various
proteins are a commonly formed by cells during a cell growth process. In some embodiments, the
yield prediction tool includes a machine learning model that uses metrology data (e.g., sensor
data (e.g., by metrology tools 114), synthetic and/or engineered data (e.g., from feature
engineering tool 116, general process parameter values, growth input parameter values, and/or
general cell growth data) and predicts a future yield of the target product formation. As will be
discussed later, the yield prediction tool 124 can use machine learning system 170 to train the
machine learning model. For example, the machine learning model associated with the yield
prediction too may be trained using supervised learning with the historical data 142. As will be
discussed further in later embodiments, the machine learning model may include a decision tree
such a random forest that evaluates features (e.g., variable, factors, and/or parameters associated
with the cell cultivation system 102 and growth process) to predict a future yield of a product
formation of the cell culture 104.

[0034] The yield optimization tool 126 coordinates with the yield prediction tool to suggest
a prescriptive action (e.g., a change in the growth process, operation of cultivation tools,

adjusting to a growth environment, etc.) that when, performed, alters the yield of a target product
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formation. For example, the prescriptive action may modify an overall cell metabolism of the cell
culture 104 by prescribing an optimal feeding schedule to be performed by the cell cultivation
system. The optimal feeding schedule facilitates cell growth resulting in an increase target
product formation by the cells. As will be discussed further in later embodiments, the yield
optimization tool may include a machine learning model or be a part of the machine learning
model associated with the yield prediction tool 124. For example, the yield optimization tool may
run multiple actions that could be applied to the cell cultivation system against the yield
prediction tool (e.g., as input to a machine learning model) to receive multiple yield predictions
that can be used to determine an optimized action to be taken by the cell cultivation system.
[0035] The sensor validation tool 128 receives metrology data corresponding to various
metrology tools 114 (e.g., PAT sensors) and determines a confidence level of each metrology
tool. For example, two PAT sensors may be measuring CCPs of the cell cultivation system. As
previously mentioned, PAT sensor often suffer from inaccuracy (e.g., from measurement drift
and variability). The sensor validation tool 128 identifies a confidence level associated with each
sensor and recommends one as having the highest confidence level. In some embodiments, the
sensor validation tool 128 uses a trained machine learning model to identify the confidence level
for each sensor. As will be discussed further in other embodiments, the machine learning model
may include a model trained using unsupervised training method such as principal component
analysis or using a feature support vector. (e.g., see FIGs. 6A-B for exemplary methodology)
[00306] As previously described, some embodiments of the viability prediction tool 122,
yield prediction tool 124, yield optimization tool 126, and/or sensor validation tool 128 may
perform their described methodology using a machine learning model. The associated machine
learning models may be generated (e.g., trained, validated, and/or tested) using machine learning
system 170. The following exemplary description of machine learning system 170 will be
described in the context using machine learning system 170 to generate a machine learning
model 190 associated with optimizing the yield prediction tool (e.g., include aspects of both the
yield prediction tool and the yield optimization tool). However, it should be noted that this
description is purely exemplary. Analogous processing hierarchy and methodology can be used
in the generation and execution of machine learning models associated with the viability
prediction tool 122, the yield prediction tool 124, the yield optimization tool 126, and/or the
sensor validation tool 128 individually and/or in combination with each other, as will be
discussed further in association with other embodiments.

[0037] The machine learning system 170 may include one or more computing devices such

as a rackmount server, a router computer, a server computer, a personal computer, a mainframe
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computer, a laptop computer, a tablet computer, a desktop computer, etc. The machine learning
system 170 may include an action prescription component 194. In some embodiments, the action
prescription component 194 may use historical data 142 to prescribe an action that when applied
to the cell cultivation system alters a yield of a target product formation by cell culture 104. In
some embodiments, the action prescription component 194 may use a trained machine learning
model 190 to prescribe an action to be performed by the cell cultivation system 102 to alter a
yield of a target product formation. The trained machine learning model 190 may use historical
data to prescribe the actions to be performed by the cell cultivation system 102.

[0038] In some embodiments, the machine learning system 170 further includes server
machine 172 and server machine 180. The server machine 172 and 180 may be one or more
computing devices (such as a rackmount server, a router computer, a server computer, a personal
computer, a mainframe computer, a laptop computer, a tablet computer, a desktop computer,
etc.), data stores (e.g., hard disks, memories databases), networks, software components, or
hardware components.

[0039] Server machine 172 may include a data set generator 174 that is capable of
generating data sets (e.g., a set of data inputs and a set of target outputs) to train, validate, or test
a machine learning model. The data set generator 174 may partition the historical data 142 into a
training set (e.g., sixty percent of the historical data, or any other portion of the historical data), a
validating set (e.g., twenty percent of the historical data, or some other portion of the historical
data), and a testing set (e.g., twenty percent of the historical data). In some embodiments, the
action prescription component 194 generates multiple sets of training data. For example, one or
more sets of training data may include each of the data sets (e.g., a training set, a validation set,
and a testing set).

[0040] Server machine 180 includes a training engine 182, a validation engine 184, and a
testing engine 186. The training engine 182 may be capable of training a machine learning model
190 using one or more old cell growth data 144 and old prescriptive action 146 of the historical
data 142 (of the data store 140). In some embodiments, the machine learning model 190 may be
trained using one or more outputs of the feature engineering tool 116, the sensor validation tool
128, the yield optimization tool 126, yield prediction tool 124, and/or viability prediction tool
122. For example, the machine learning 190 may be a hybrid machine learning model using cell
growth data and/or mechanistic features such as a feature extraction, mechanistic modeling
and/or statistical modeling (e.g., using feature engineering tool 116, discussed further is
association with feature extractor 208, mechanistic model 210, and/or statistical model 212 in

FIG. 2) The training engine 182 may generate multiple trained machine learning models 190,
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where each trained machine learning model 190 corresponds to a distinct set of features of each
training set.

[0041] The validation engine 184 may determine an accuracy of each of the trained
machine learning models 190 based on a corresponding set of features of each training set. The
validation engine 184 may discard trained machine learning models 190 that have an accuracy
that does not meet a threshold accuracy. The testing engine 186 may determine a trained machine
learning model 190 that has the highest accuracy of all of the trained machine learning models
based on the testing (and, optionally, validation) sets.

[0042] In some embodiments, the training data is provided to train the machine learning
model 190 such that the trained machine learning model is to receive a new input having new cell
growth data comprising a new cell count and one or more new growth input parameter values
indicative of a new growth rate of a new cell culture and to produce a new output based on the
new input, the new output indicating a new prescriptive action that alters a new yield of the target
product of the new cell culture, wherein the new prescriptive action modifies a new metabolism
rate of the new cell culture.

[0043] The machine learning model 190 may refer to the model that is created by the
training engine 182 using a training set that includes data inputs and corresponding target output
(historical results of cell cultures under parameters associated with the target inputs). Patterns in
the data sets can be found that map the data input to the target output (e.g. identifying
connections between portions of the cell growth data and resulting yield of the target product
formation), and the machine learning model 190 is provided mappings that captures these
patterns. The machine learning model 190 may use one or more of logistic regression, syntax
analysis, decision tree, or support vector machine (SVM). The machine learning may be
composed of a single level of linear of non-linear operations (e.g., SVM) and/or may be a neural
network.

[0044] Function identification component 194 may provide current data (e.g., current cell
growth data associated with the current cell culture 104) as input to trained machine learning
model 190 and may run trained machine learning model 190 on the input to obtain one or more
outputs including a prescriptive action to be performed by the cell cultivation system to alter the
yield of a target product formation of the cell culture 104. For example, to optimize (e.g.,
maximize the yield of the target product formation). The action prescription component 194 may
be capable of identifying confidence data from the output that indicates a level of confidence that
one or more prescriptive actions will alter the yield of the target product formation. For example,

the prescriptive action may modify the overall metabolism of the cell culture to increase the yield
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of the target product formation.

[0045] The confidence data may include or indicate a level of confidence of one or more
prescriptive actions that when performed by the cull cultivation system 102 will result in an
altered yield (e.g. increased or maximized) of the target product formation. In one non-limiting
example, the level of confidence is a real number between 0 and 1 inclusive, where O indicates no
confidence of the one or more prescriptive actions and 1 represents absolute confidence in the
prescriptive action.

[0046] For purpose of illustration, rather than limitation, aspects of the disclosure describe
the training of a machine learning model and use of a trained learning model using information
pertaining to historical data 142. In other implementation, a heuristic model or rule-based model
is used to determine a prescriptive action.

[0047] In some embodiments, the functions of client devices 112, server 120, data store
140, and machine learning system 170 may be provided by a fewer number of machines than
shown in FIG. 1. For example, in some embodiments server machines 172 and 180 may be
integrated into a single machine, while in some other embodiments server machine 172, 180, and
192 may be integrated into a single machine. In some embodiments, the machine learning system
170 may be fully or partially provided by server 120.

[0048] In general, functions described in one embodiment as being performed by client
device 150, data store 140, metrology system 110, cell cultivation system 102, and machine
learning system 170 can also be performed on server 120 in other embodiments, if appropriate. In
addition, the functionality attributed to a particular component can be performed by different or
multiple components operating together.

[0049] In embodiments, a “user” may be represented as a single individual. However, other
embodiments of the disclosure encompass a “user” being an entity controlled by multiple users
and/or an automated source. For example, a set of individual users federated as a group of
administrators may be considered a “user.”

[0050] FIG. 2 is a block diagram that illustrates a multi-level machine learning system 200
in which implementations of the disclosure may operate. The multi-level machine learning
system 200 includes a cell cultivation (e.g., cell cultivation system 102 of FIG. 1). The cell
cultivation system may include metrology tools 204 and cell growth data 206 (e.g., acquired
using metrology tools 204). The metrology tools can include PAT sensors, process control
sensors, and the like (e.g., a bio-capacitance sensor). The cell cultivation system cultivates a cell
culture in a growth environment. The cell growth data 206 can include data indicative of

environmental conditions of the growth environment. For example, metrology tools 204 can
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measure and monitor parameters such as temperature, pressure, acidity, capacitance, to name a
few. Additionally the cell growth data may include data indicative of growth input factors such
feeding schedule (e.g., when and how much nutrient is being added to the system), input flow
(e.g., oxygen flow rate, airflow rate, to the system), agitation being applied (e.g., a stirring rate,
or a mixing rate of the cells). Additionally, the cell cultivation system may further include offline
measurement techniques such a measuring cell count, density, and target product formation.
Various type and various combinations of cell growth data 206 can be obtained by metrology
tools 204 and aggregated together for data processing.

[0051] In some embodiments, cell growth data 206 is processed by feature extractor 208.
The feature extractor 208 can receive cell growth data (e.g., raw sensor data) and generate
synthetic data associated with various combinations, correlations, artificial parameters. The
feature extractor 208 can dimensionality reduce the raw sensor data into groups or features. For
example, the feature extractor may generate features that include the rate of change of a
parameter value and/or a collection of parameters value. In some embodiments, feature extractor
208 performs any of partial least squares analysis, principal component analysis, multifactor
dimensionality reduction, nonlinear dimensionality reduction, and/or any combination thereof. In
some embodiments, the feature extractor is designed for edge detection of the cell growth data.
For example, the feature extractor includes methodology that aims at identifying data points that
change sharply and/or that have discontinuities. For example, the slope of a capacitance
measurement of a bio capacitance sensor.

[0052] In some embodiments, cell growth data 206 is processed using a mechanistic model
210. The mechanistic model 210 examines the workings of individual data points of the cell
growth data 206 and the manner to which the individual data points are coupled to determine a
physical/mechanistic representation of the data coupling. In some embodiments, the mechanistic
model 210 may include processing the data to determine a prediction of the cell cultivation
system 202. For example, the mechanistic model 210 may process the cell growth data 206 to
determine a viable cell density prediction of a cell culture of the cull cultivation system 202. The
mechanistic model 210 may be generated using historical data and later used on current data to
determine a prediction.

[0053] In some embodiments, the mechanistic model 210 is determined using data
regression analysis. For example, any of linear regression, nonlinear regression, exponential
regression, least square regression, and/or any combination thereof can be used to generate
mechanistic model 210. In some embodiments, the mechanistic model identifies multiple

physical dependencies between the data and generates various predicted values associated with
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the cell growth data 206 and the physical dependencies. In some embodiments, the model can be
used to output predictions (e.g., a future or expected value and/or a current parameter value
difficult to obtain), updated data values (e.g., calibrate data points), and/or relationships between
the individual data points (e.g., a regression equation and/or trend line).

[0054] In some embodiments, cell growth data is processed using statistical model 212.
Statistical model 212 may be used to process the data based on statistical operations to validate,
predict, and/or transform the cell growth data 206. In some embodiments, the statistical model
212 is generated using statistical process control (SPC) analysis to determine control limits for
data and identify data as being more or less dependable based on those control limits. In some
embodiments, the statistical model 212 is associated with univariate and/or multivariate data
analysis. For example, various parameter can be analyzed using the statistical model 212 to
determine patterns and correlations through statistical processes (e.g., range, minimum,
maximum, quartiles, variance, standard deviation, and so on). In another example, relationships
between multiple variables can be ascertained using regression analysis, path analysis, factor
analysis, multivariate statistical process control (MCSPC) and/or multivariate analysis of
variance (MANOVA).

[0055] In some embodiments, statistical model 212 incorporates a first analysis of variance
(ANOVA) calculated on each growth step and parameter value to identify variation within and
across the various cell cultures (e.g., historical data) associated with the same growth process
(e.g. growth recipe, target output) to compare data cell culture to cell culture. In some
embodiments, a second ANOVA is calculated within and across an individual cell culture to
compare various parameter values, conditions, other data within an individual cell culture. In
some embodiments, a third ANOVA is calculated within and across the entire cell growth data
(e.g., a combination of the first ANOVA and the second ANOVA). The first ANOVA, the
second ANOVA, and the third ANOVA may then be used to generate a sample pattern for cell
growth of a current cell culture.

[0056] In some embodiments, one or more of feature extractor 208, mechanistic model 210,
and/or statistical model 212 are used to generate input for measurement accuracy model 214. As
discussed further in other embodiments, the measurement accuracy model 214 receives input data
(e.g., raw sensor data, synthetic data, outputs of other models, etc.) to determine a measurement
accuracy of one or more metrology tools 204 associated with the cell growth data 206 (e.g.,
acquisition, processing, calibrating, etc.) In some embodiments, the measurement accuracy model
may incorporate a machine learning model (e.g., trained using method 600A and/or implemented

using method 600B). In some embodiments, the measurement accuracy model incorporates
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aspects or features of feature extractor 208, mechanistic model 210, and/or statistical model 212.
For example, measurement accuracy model 214 may determine an accuracy of an individual
sensor using SPC. In another example, measurement accuracy model 214 may receive as output
an indication of sensor accuracy (e.g. a measurement tolerance window).

[0057] In some embodiments, the measurement accuracy model 214 acts as a data filter,
removing data that is associated with a metrology tool that is below a threshold confidence level
associated with measurement accuracy. In another embodiment, the measurement accuracy
model 214 assigns a weight to individual data based on the confidence level of a metrology tool
used in associated with that individual data.

[0058] In some embodiments, raw cell growth data 206 and/or outputs of one or more of
feature extractor 208, mechanistic model 210, statistical model 212, and/or measurement
accuracy model 214 are used as inputs to a target product yield model 216. As discussed further
in other embodiments, the target product yield model 216 receives input and determines a
predicted future yield of a target product formation of a cell culture associated with cell
cultivation system 202. The target product yield model may incorporate use of a machine
learning model (e.g., trained using method 500 of FIG. 5, implemented using method 400 of FIG.
4, using processing architecture of machine learning system 170 of FIG. 1)

[0059] In some embodiments, the target product yield model 216 is combined with and/or
is associated with an optimization model 218. The optimization model 218 may be a trained
model for optimization hyper parameters associated with the target product yield model 216. In
some embodiments, the optimization model is generated and/or implemented using an instance of
the Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm, a conjugate gradient (CG) algorithm,
an instance of the Nelder-Mead algorithm, and/or a model predictive control (MPC) algorithm.
[0060] In some embodiments, the optimization model 218 may receive cell growth data
206 and use the target product yield model 216 to predict a target product formation yield. The
optimization model may alter the data to predict effects of the target product formation from
various changes to the cell data to determine a prescriptive action to be performed by process
controllers 220. The prescriptive action can be applied by process controllers 220 to alter a target
production formation yield of a cell culture associated with the cell cultivation system 202. For
example, the prescriptive action may result in modifying the metabolism rate of cells of the cell
culture (e.g., by altering a feeding schedule).

[0061] Process controllers 220 may provide instructions to the cell cultivation system 202
in carrying out a growth process on a cell culture. The process controllers 220 may provide

instructions associated with prescriptive actions identified by the optimization model 218 and/or
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the target product yield model 216. For example, process controller may provide instruction such
as start feeding in 1 hour, increase temperature of growth environment, increase stirring/mixing
speed of cell culture, and so on.

[0062] FIG. 3 depicts a graph 300 illustrating a growth prediction model, in accordance
with some implementations of the present disclosure. Graph 300 depicts data as received and
process by a growth model (e.g., any of feature extractor 208, mechanistic model 210, statistical
model 212, measurement accuracy model 214, target product yield model 216, and/or
optimization model 218 of FIG. 2) Data series 302 represents an initiation (e.g., start time) of
feeding a cell culture. Data series 304 includes sensor data measured by a first sensor (e.g. a first
bio capacitance sensor). Data series 306 includes sensor data measured by a second sensor (e.g. a
second bio capacitance sensor). Data series 310 includes data associated with an off-line
metrology cell-count measurement. Data series 308 represents a cell count prediction determined
using data processing techniques described herein. In some embodiments, a prescriptive action is
identified and acted upon by the cell cultivation system. For example, the initiation time of feed
(show as the bend in 302) increases the cell growth (shown as increases of step size of data series
310)

[0063] FIGs. 4-7 depict flow diagrams illustrating example methods 400—700 related to
training and/or using machine learning models in association with cell growth data, in accordance
with some implementation of the present disclosure. For simplicity of explanation, methods 400—
700 are depicted and described as a series of acts. However, acts in accordance with this
disclosure can occur in various orders and/or concurrently and with other acts not presented and
described herein. Furthermore, not all illustrated acts may be performed to implement the
methods 400—700 in accordance with the disclosed subject matter. In addition, those skilled in
the art will understand and appreciate that methods 400700 could alternatively be represented as
a series of interrelated states via a state diagram or events.

[0064] FIG. 4 depicts a flow diagram of one example method for processing growth data to
identify a prescription action associated with altering a target product yield of a cell culture using
a trained machine learning model, in accordance with some implementation of the present
disclosure. Method 400 is performed by processing logic that may comprise hardware (circuitry,
dedicated logic, etc.), software (such as is run on a general purpose computer system or a
dedicated machine) or any combination thereof. In one implementation, the method is performed
using the server 120 and the trained machine learning model 190 of FIG. 1, while in some other
implementations, one or more blocks of Fig. 4 may be performed by one or more other machines

not depicted in the figures.
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[0065] Method 400 may include receiving a cell growth data (e.g., associated with a cell
cultivation system such as cell cultivation system of FIG. 1) and processing the cell growth data
using a trained model such as trained machine learning model 190. The trained model may be
configured to generate, based on cell growth data, one or more outputs indicating (i) a
prescriptive action to alter a yield of a target product formation of the culture, and (ii) a level of
confidence that the associated prescriptive action, when performed, alters the yield of the target
product formation.

[0066] At block 401, cell growth data associated with a cell culture of a cell growth system
(e.g., cell culture 104 of cell cultivation system 102 of FIG. 1) is identified. The cell growth data
may include data indicative of growth input parameters such a measurable action being
performed by cultivation tools (e.g., feeding or nutrient flow rate, oxygen flow rate, air flow rate,
agitation rate (e.g., stirring or mixing), applied heat, applied pressure, etc.). The cell growth data
my further include data measured by metrology tools (e.g., by metrology tools 114 of FIG. 1).
For example, a PAT sensor can be used to measure critical process parameters (CPPs) and this
PAT sensor data can be included in the received cell growth data.

[0067] In some embodiments, the cell growth data further includes synthetic data, or data
engineered from raw sensor data. For example, as described in previous embodiments, various
engineering tools can perform a feature extraction and/or create artificial and/or virtual parameter
combinations. A feature extractor (e.g., feature engineering tool 116 of FIG. 1 or feature
extractor 208 of FIG. 2) can create various features by performing variable analysis such as
process control analysis, univariate limit violation analysis, and/or multivariate limit violation
analysis on raw sensor data.

[0068] In some embodiments, the cell growth data includes outputs of other cell growth
data models. For example, cell growth data may include a viable cell density prediction produce
by a prediction model (e.g., using viability prediction tool 122, mechanistic model 210, and/or
statistical model 212). In another embodiments, the cell growth data may refined or filter using a
measurement accuracy model (e.g., measurement accuracy model 214 of FIG. 2 or sensor
validation tool 128 of FIG. 1).

[0069] At block 402, the cell growth data is provided as input to the trained machine
learning model, and at block 403, one or more outputs are obtained from the trained machine
learning model. At block 404, confidence data is extracted from the output(s) obtained at block
404. In one implementation, the confidence data comprises, for each prescriptive action, a level
of confidence that the associated predicted action alters a yield of a target product formation by

the cell culture. In one example, the level of confidence is a real number between 0 and 1
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inclusive. It should be noted that the level of confidence may not be a probability (for example,
the sum of the confidences levels for the prescriptive actions may not equal 1).

[0070] At block 406, the confidence data is used to estimate one or more prescriptive
actions that have a confidence level that satisfies a threshold condition. In one example, N
prescriptive actions that have N highest levels of confidence may be identified as altering the
target product formation of the cell culture. In another example, all prescriptive actions may be
identified as altering the yield of the target product formation that have a level of confidence
above a particular (e.g., predefined) threshold.

[0071] At block 406, the one or more identified prescriptive actions are provided for
presentation on a graphical user interface (GUI) (e.g., for presentation to a user such as a system
operator). In some embodiments, the prescriptive actions are presented to the user in rank order
by confidence level. In some embodiments, the prescriptive actions are presented to the user with
a visual indicator representing the confidence level associated with each prescriptive action. For
example, one or more prescriptive actions with the highest confidence level may be depicted with
first color (e.g., green or gold) and one or more prescriptive actions with a confidence level close
to the threshold level may be depicted with a second color (e.g., yellow or silver). In some
embodiments, the prescriptive actions may be placed in tiers or groups based on the associated
confidence levels.

[0072] In some embodiments, alternatively or in addition to providing for present to a GUI,
method 400 may include causing the prescriptive action to be applied by the cell cultivation
system. In some embodiments after block 406, execution may continue back to 401 for
processing of more cell growth data (e.g., updated sensor data, sensor data measured at a later
time period, and/or cell growth data associated with the cell cultivation system after the identified
prescriptive action has been applied).

[0073] FIG. 5 is an exemplary illustration of a training phase of a machine learning system,
in accordance with some implementation of the present disclosure. Machine learning system 170
may use method 500 to at least one of train, validate, or test a machine learning model, in
accordance with embodiments of the disclosure. In some embodiments, one or more operations
of method 500 may be performed by data set generator 174 of server machine 172, as described
with respect to FIG. 1. It may be noted that components described with respect to FIG. 1 may be
used to illustrate aspects of FIG. 5.

[0074] Referring to FIG. 5, in some embodiments, at block 501 the processing logic
implements method 500 by initializes a training set T to an empty set.

[0075] At block 502, processing logic identifies a first data input (e.g. first training input,
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first validating input) that includes a first cell growth (as described with respect to FIGs. 1-4).
The first data input may include data indicative of an environmental condition of a growth
environment of a previous cell culture. In some embodiments, the first data input may comprise
any growth input parameter values (e.g., actions performed by cultivation tools such as feeding,
providing oxygen and/or air, agitation, etc.). The first target input may be identified from the old
cell growth data 144 of the historical data 142 (e.g., stored in the data store 140).

[0076] At block 503, processing logic identifies a first target output for one or more of the
data inputs (e.g., first data input). The first target output provides an indication of a first
prescriptive action that was applied to the previous cell cultivation and resulting yield of a target
product formation by the previous cell culture. The first target input may be identified from the
old cell growth data 144 of the historical data 142 (of data store 140).

[0077] At block 504, processing logic optionally generates mapping data that is indicative
of an input/output mapping. The input/output mapping (or mapping data) may refer to the data
input (e.g., one or more of the data inputs described herein), the target output for the data input
(e.g. one or more of the data inputs described herein), the target output for the data (e.g. where
the target output identifies an associated prescriptive action), and an association between the data

input(s) and the target output.

[0078] At block 505, processing logic adds the mapping data generated at block 504 to data
set T.
[0079] At block 506, processing logic branches based on whether the data set T is sufficient

for at least one of training, validating, or testing machine learning model 190. If so (“yes”
branch), execution proceeds to block 507, otherwise (“no” branch), execution continues back at
block 502. It should be noted that in some embodiments, the sufficiency of data set T may be
determined based simply on the number of input/output mappings in the data set, while in some
other embodiments, the sufficiency of data set T may be determined based on one or more other
criteria (e.g., a measure of diversity of the data examples, accuracy, etc.) in addition to, or instead
of, the number of input/output mappings.

[0080] At block 507, processing logic provides data set T to train, validate, or test machine
learning model 190. In some embodiments, data set T is a training set and is provided to training
engine 182 of server machine 180 to perform the training. In some embodiments, data set T is a
validation set and is provided to validation engine 184 of server machine 180 to perform the
validating. In some embodiments, data set T is a testing set and is provided to testing engine 186
of server machine 180 to perform the testing. In the case of a neural network, for example, input

values of a given input/output mapping (e.g., numerical values associated with data inputs) are
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input to the neural network, and output values (e.g., numerical values associated with target
outputs) of the input/output mapping are stored in the output nodes of the neural network. The
connection weights in the neural network are then adjusted in accordance with a learning
algorithm (e.g., back propagation, etc.), and the procedure is repeated for the other input/output
mappings in data set T. After block 507, machine learning model (e.g., machine learning model
190) can be at least one of trained using training engine 182 of server machine 180, validated
using validating engine 184 of server machine 180, or tested using testing engine 186 of server
machine 180. The trained machine learning model may be implemented by action prescription
component 194 (of server machine 192) to identify a prescriptive action based on a cell growth
data.

[0081] In some embodiments, a training dataset that was generated is used to train a
machine learning model and/or a physical model. The model may be trained to receive as an
input cell growth data. The model may output a prescriptive action to be performed by a cell
growth system to alter a target output formation by a cell culture associated with the cell growth
data. In embodiments, the model may be agnostic to cell growth chamber and/or to cell growth
recipes. Accordingly, the model may be generated based on training data items generated based
on processes run on a first cell cultivation system or first set of growth recipes, and may then be
used for a second cell cultivation system without performing any transfer learning to tune the
model for the second cell cultivation system.

[0082] In one embodiment, the trained machine learning model is a regression model
trained using regression. Examples of regression models are regression models trained using
linear regression or Gaussian regression. A regression model predicts a value of Y given known
values of X variables. The regression model may be trained using regression analysis, which may
include interpolation and/or extrapolation. In one embodiment, parameters of the regression
model are estimated using least squares. Alternatively, Bayesian linear regression, percentage
regression, leas absolute deviations, nonparametric regression, scenario optimization and/or
distance metric learning may be performed to train the regression model.

[0083] In one embodiment, the trained machine learning model is a decision tree, a random
forest model, a support vector machine, or other type of machine learning model.

[0084] In one embodiment, the trained machine learning model is an artificial neural
network (also referred to simply as a neural network). The artificial neural network may be, for
example, a convolutional neural network (CNN) or a deep neural network. In one embodiment,
processing logic performs supervised machine learning to train the neural network.

[0085] Artificial neural networks generally include a feature representation component with
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a classifier or regression layers that map features to a target output space. A convolutional neural
network (CNN), for example, hosts multiple layers of convolutional filters. Pooling is performed,
and non-linearities may be addressed, at lower layers, on top of which a multi-layer perceptron is
commonly appended, mapping top layer features extracted by the convolutional layers to
decisions (e.g. classification outputs). The neural network may be a deep network with multiple
hidden layers or a shallow network with zero or a few (e.g., 1-2) hidden layers. Deep learning is a
class of machine learning algorithms that use a cascade of multiple layers of nonlinear processing
units for feature extraction and transformation. Each successive layer uses the output from the
previous layer as input. Neural networks may learn in a supervised (e.g., classification) and/or
unsupervised (e.g., pattern analysis) manner. Some neural networks (e.g., such as deep neural
networks) include a hierarchy of layers, where the different layers learn different levels of
representations that correspond to different levels of abstraction. In deep learning, each level
learns to transform its input data into a slightly more abstract and composite representation.
[0086] Training of a neural network may be achieved in a supervised learning manner,
which involves feeding a training dataset consisting of labeled inputs through the network,
observing its outputs, defining an error (by measuring the difference between the outputs and the
label values), and using techniques such as deep gradient descent and backpropagation to tune
the weights of the network across all its layers and nodes such that the error is minimized. In
many applications, repeating this process across the many labeled inputs in the training dataset
yields a network that can produce correct output when presented with inputs that are different
than the ones present in the training dataset. In data volume settings, such as involved cell
cultivation system, this generalization is achieved when a sufficiently large and diverse training
dataset is made available.

[0087] The trained machine learning model may be periodically or continuously retrained
to achieve continuous learning and improvement of the trained machine learning model. The
model may generate an output based on an input, an action may be performed based on the
output, and a result of the action may be measured. In some instances, the result of the action is
measured within seconds or minutes, and in some instances, it takes longer to measure the result
of the action. For example, one or more additional processes may be performed before a result of
the action can be measured. The action and the result of the action may indicate whether the
output was a correct output and/or a difference between what the output should have been and
what the output was. Accordingly, the action and the result of the action may be used to
determine a target output that can be used as a label for the sensor measurements. Once the result

of the action is determined, the input (e.g., cell growth data), the output of the trained machine
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learning model (e.g., prescriptive action), and the target result (e.g., target product formation
yield) actual measured result (e.g., measured product formation yield) may be used to generate a
new training data item. The new training data item may then be used to further train the trained
machine learning model. This retraining process may be performed on-tool on the cell cultivation
system in some embodiments.

[0088] FIG. 6A-B depict flow diagrams of methods 600A-B associated with determining
measurement accuracy of sensors, according to certain embodiments. Methods 600A-B may be
performed by processing logic that may include hardware (e.g., circuitry, dedicated logic,
programmable logic, microcode, processing device, etc.), software (such as instructions run on a
processing device, a general purpose computer system, or a dedicated machine), firmware,
microcode, or a combination thereof. In some embodiments, methods 600A-C may be performed,
in part, by machine learning system 170 (e.g. server machine 172, server machine 180, server
machine 192, sensor accuracy component 196, etc.) Machine learning system 170 may use
method 600A to train a machine learning model, in accordance with embodiments of the
disclosure. Machine learning system 170 may use method 600B to use a trained machine learning
model, in accordance with embodiments of the disclosure. In some embodiments, one or more
operations of methods 600A-B may be performed by sensor accuracy component 196 of server
machine 192 as described with respects to FIG. 1. It may be noted that component 196 described
with response to one or more of FIGs. 1-3 may be used to illustrate aspects of FIGs. 6A-B. In
some embodiments, a non-transitory storage medium stores instruction that when executed by a
process device (e.g., of machine learning system 170) cause the processing device to perform
methods 600A-B.

[0089] Referring to FIG. 6A, method 600A is associated with training a machine learning
model for determining measurement accuracy of a sensor (e.g., a PAT sensor).

[0090] At block 601, processing logic identifies first metrology data measured using a first
sensor (e.g., a first PAT sensor). The first metrology data may include raw measured cell growth
data, as described in associated with other figures. As discussed in FIGs. 1-2, the metrology data
may be engineered data or data that has undergone a feature extraction to create synthetic data.
The sets of metrology data may be historical data corresponding to cell cultures that have
previously been cultivated.

[0091] In some embodiments, at block 602, processing logic identifies accuracy data
corresponding to the first metrology data. In some embodiments, the accuracy data indicates
whether measurements (e.g., environmental condition, critical process parameters, and growth

input parameter values) of the cell cultivation system associated with the metrology data meet
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threshold measurements (e.g., whether they are good or bad).

[0092] At block 603, processing logic trains a machine learning model using data input
including the first metrology data (e.g., and target output including the performance data) to
generate a trained machine learning model configured to generate outputs to cause performance
of a prescriptive action associated with a cell cultivation system.

[0093] In some embodiments, the machine learning model is trained based on data input
(e.g., without target output) to generate an unsupervised trained machine learning model (e.g., to
cluster data). In some embodiments, the machine learning model is trained based on data input
and target output to generate a supervised trained machine learning model. For example the
trained machine learning model may be a model trained using principal component analysis
(PCA) or with support vectors.

[0094] Referring to FIG. 6B, method 600B is associated with using a machine learning
model for determining measurement accuracy of a metrology tool (e.g., a sensor).

[0095] At block 611, processing logic receives current data. In some embodiments, the
current data is metrology data taken by a sensor measuring growth data or a current cell culture
(e.g., for which there is not performance data). In some embodiments, the current data includes
sensor data, metrology data, and/or synthetic data.

[0096] At block 612, processing logic provides the current data (e.g., metrology data) to a
trained machine learning model. The trained machine learning model may be trained by method
600B.

[0097] At block 613, processing logic obtains, from the trained machine learning model,
one or more outputs indicative of measurement accuracy of a sensor associated with the
metrology data used as input to the trained machine learning model. In some embodiments, the
measurement accuracy is predictive performance data (e.g., whether the sensor is good or bad,
whether the data is good or bad) (e.g., result from a supervised machine learning model). In some
embodiments, the measurement accuracy is an indication of similarity between historical data
and the current data (e.g., the historical data and current data are part of the same cluster, the
current data is not clustered with any of the historical data) (e.g., result from an unsupervised
machine learning model).

[0098] At block 614, processing logic determines, based on the measurement accuracy,
whether the sensor meets a threshold criterion. For example, the sensor accuracy may include a
determination that the sensor is the most accurate of sensor in a collection of sensor. In another
example, the sensor accuracy may include a determination that the sensor meets a minimum

accuracy standard.
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[0099] FIG. 7 depicts a block diagram of an example computing device 700, operating in
accordance with one or more aspects of the present disclosure. In various illustrative examples,
various components of the computing device 700 may represent various components of the client
devices 150, metrology system 110, server, 120, data store 140, and machine learning system
170, illustrated in FIG. 1.

[00100] Example computing device 700 may be connected to other computer devices in a
LAN, an intranet, an extranet, and/or the Internet. Computing device 700 may operate in the
capacity of a server in a client-server network environment. Computing device 700 may be a
personal computer (PC), a set-top box (STB), a server, a network router, switch or bridge, or any
device capable of executing a set of instructions (sequential or otherwise) that specify actions to
be taken by that device. Further, while only a single example computing device is illustrated, the
term “computer” shall also be taken to include any collection of computers that individually or
jointly execute a set (or multiple sets) of instructions to perform any one or more of the methods
discussed herein.

[00101] Example computing device 700 may include a processing device 702 (also referred
to as a processor or CPU), a main memory 704 (e.g., read-only memory (ROM), flash memory,
dynamic random access memory (DRAM) such as synchronous DRAM (SDRAM), etc.), a static
memory 706 (e.g., flash memory, static random access memory (SRAM), etc.), and a secondary
memory (e.g., a data storage device 718), which may communicate with each other via a bus 730.
[00102] Processing device 702 represents one or more general-purpose processing devices
such as a microprocessor, central processing unit, or the like. More particularly, processing
device 702 may be a complex instruction set computing (CISC) microprocessor, reduced
instruction set computing (RISC) microprocessor, very long instruction word (VLIW)
microprocessor, processor implementing other instruction sets, or processors implementing a
combination of instruction sets. Processing device 702 may also be one or more special-purpose
processing devices such as an application specific integrated circuit (ASIC), a field
programmable gate array (FPGA), a digital signal processor (DSP), network processor, or the
like. In accordance with one or more aspects of the present disclosure, processing device 702
may be configured to execute instructions implementing methods 400—600A-B illustrated in
FIGs 4-6.

[00103] Example computing device 700 may further comprise a network interface device
708, which may be communicatively coupled to a network 720. Example computing device 700
may further comprise a video display 710 (e.g., a liquid crystal display (LCD), a touch screen, or

a cathode ray tube (CRT)), an alphanumeric input device 712 (e.g., a keyboard), a cursor control
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device 714 (e.g., a mouse), and an acoustic signal generation device 716 (e.g., a speaker).
[00104] Data storage device 718 may include a machine-readable storage medium (or, more
specifically, a non-transitory machine-readable storage medium) 728 on which is stored one or
more sets of executable instructions 722. In accordance with one or more aspects of the present
disclosure, executable instructions 722 may comprise executable instructions associated with
executing methods 400-600A-B illustrated in FIGs. 4-6.

[00105] Executable instructions 722 may also reside, completely or at least partially, within
main memory 704 and/or within processing device 702 during execution thereof by example
computing device 700, main memory 704 and processing device 702 also constituting computer-
readable storage media. Executable instructions 722 may further be transmitted or received over
a network via network interface device 708.

[00106] While the computer-readable storage medium 728 is shown in FIG. 7 as a single
medium, the term “computer-readable storage medium” should be taken to include a single
medium or multiple media (e.g., a centralized or distributed database, and/or associated caches
and servers) that store the one or more sets of operating instructions. The term “computer-
readable storage medium” shall also be taken to include any medium that is capable of storing or
encoding a set of instructions for execution by the machine that cause the machine to perform
any one or more of the methods described herein. The term “computer-readable storage medium”
shall accordingly be taken to include, but not be limited to, solid-state memories, and optical and
magnetic media.

[00107] Some portions of the detailed descriptions above are presented in terms of
algorithms and symbolic representations of operations on data bits within a computer memory.
These algorithmic descriptions and representations are the means used by those skilled in the data
processing arts to most effectively convey the substance of their work to others skilled in the art.
An algorithm is here, and generally, conceived to be a self-consistent sequence of steps leading
to a desired result. The steps are those requiring physical manipulations of physical quantities.
Usually, though not necessarily, these quantities take the form of electrical or magnetic signals
capable of being stored, transferred, combined, compared, and otherwise manipulated. It has
proven convenient at times, principally for reasons of common usage, to refer to these signals as
bits, values, elements, symbols, characters, terms, numbers, or the like.

[00108] It should be borne in mind, however, that all of these and similar terms are to be
associated with the appropriate physical quantities and are merely convenient labels applied to
these quantities. Unless specifically stated otherwise, as apparent from the following discussion,

it is appreciated that throughout the description, discussions utilizing terms such as “identifying,”
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“determining,” “storing,” “adjusting,” “causing,” “returning,” “comparing,” “creating,”

2 e« ERIN43 2

“stopping,” “loading,” “copying,” “throwing,” “replacing,” “performing,” or the like, refer to the
action and processes of a computer system, or similar electronic computing device, that
manipulates and transforms data represented as physical (electronic) quantities within the
computer system's registers and memories into other data similarly represented as physical
quantities within the computer system memories or registers or other such information storage,
transmission or display devices.

[00109] Examples of the present disclosure also relate to an apparatus for performing the
methods described herein. This apparatus may be specially constructed for the required purposes,
or it may be a general purpose computer system selectively programmed by a computer program
stored in the computer system. Such a computer program may be stored in a computer readable
storage medium, such as, but not limited to, any type of disk including optical disks, compact
disc read only memory (CD-ROMs), and magnetic-optical disks, read-only memories (ROMs),
random access memories (RAMs), erasable programmable read-only memory (EPROMs),
electrically erasable programmable read-only memory (EEPROMs), magnetic disk storage
media, optical storage media, flash memory devices, other type of machine-accessible storage
media, or any type of media suitable for storing electronic instructions, each coupled to a
computer system bus.

[00110] The methods and displays presented herein are not inherently related to any
particular computer or other apparatus. Various general purpose systems may be used with
programs in accordance with the teachings herein, or it may prove convenient to construct a more
specialized apparatus to perform the required method steps. The required structure for a variety
of these systems will appear as set forth in the description below. In addition, the scope of the
present disclosure is not limited to any particular programming language. It will be appreciated
that a variety of programming languages may be used to implement the teachings of the present
disclosure.

[00111] It is to be understood that the above description is intended to be illustrative, and not
restrictive. Many other implementation examples will be apparent to those of skill in the art upon
reading and understanding the above description. Although the present disclosure describes
specific examples, it will be recognized that the systems and methods of the present disclosure
are not limited to the examples described herein, but may be practiced with modifications within
the scope of the appended claims. Accordingly, the specification and drawings are to be regarded

in an illustrative sense rather than a restrictive sense. The scope of the present disclosure should,

therefore, be determined with reference to the appended claims, along with the full scope of
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equivalents to which such claims are entitled.
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CLAIMS

What is claimed is:

L. A method, comprising;

receiving cell growth data associated with a current cell culture of a cell growth
system, the cell growth data comprising growth input parameter values indicative of a growth
rate of the current cell culture;

identifying, using a first machine learning model, a prescriptive action to alter a yield
of a target product of the current cell culture based on the cell growth data, wherein the
prescriptive action modifies a metabolism rate of the current cell culture; and

performing at least one of a) displaying the identified prescriptive action on a
graphical user interface (GUI) or b) causing the cell growth system to perform the identified

prescriptive action.

2. The method of claim 1, further comprising:

using the cell growth data as input to the first machine learning model; and

obtaining one or more outputs of the machine learning model, the one or more outputs
indicating (i) the prescriptive action, and (ii) a level of confidence that the prescriptive action,
when performed, alters the yield of the target product; and

determining that the level of confidence for the prescriptive action satisfies a

threshold condition.

3. The method of claim 1, further comprising:

applying a growth prediction model to the cell growth data to generate a predicted cell
density of the current cell culture, wherein the growth prediction model is generated using
one or more cell counts of one or more previous cell cultures in the cell growth system and
one or more historical growth input parameter values indicative of a previous growth rate of
each of the one or more previous cell cultures in the cell growth system; and

using the predicted cell density as input to the first machine learning model.
4, The method of claim 3, wherein the growth prediction model comprises a mechanistic

model generated by performing at least a linear exponential regression using the one or more

historical growth input parameter values.
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5. The method of claim 1 further comprising:
receiving, from a first sensor, first sensor data indicative of an environmental
condition of a growth environment of the current cell culture in the cell growth system; and

using the first sensor data as input to the first machine learning model.

6. The method of claim 5, further comprising processing the first sensor data by
performing one of a process control analysis, univariate limit violation analysis, or a
multivariate limit violation analysis on the first sensor data, wherein the first sensor

comprises a process analytical technology (PAT) sensor.

7. The method of claim 5, further comprising:

receiving, from a second sensor, second sensor data indicative of the environmental
condition of the growth environment of the current cell culture; and

using the first sensor data and the second sensor data as input to a second machine
learning model;

obtaining one or more outputs of the second machine learning model, the one or more
outputs indicating (1) the first sensor, and (ii) a level of confidence that a first measurement
accuracy of the first sensor data is greater than a second accuracy of the second sensor; and

determining that the level of confidence for the first measurement accuracy satisfies a

threshold condition.

8. The method of claim 7, where the second machine learning model comprises a

principal component analysis (PCA) model.

9. The method of claim 1, wherein the one or more growth input parameter values
comprises a value indicative of at least one of a feed flow rate, an airflow rate, or an oxygen

flow rate to the current cell culture.
10. The method of claim 1, wherein the first machine learning model comprises at least

one of a random forest decision tree model, a partial least squares regression (PLS) model, or

a multivariate statistical process control (MVSPC) model.
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11. A method for training a machine learning model to identify a prescriptive action to be
performed by a cell growth system to modify an overall cell metabolism of a cell culture, the
method comprising:
generating training data for the machine learning model, wherein generating the
training data comprises:
identifying a first training input having first cell growth data comprising one
or more first growth input parameter values indicative of a first growth rate of a first
cell culture; and
identifying a first target output for the first training input, wherein the first
target output comprises a first prescriptive action that alters a first yield of a target
product of the first cell culture, wherein the first prescriptive action modifies a first
metabolism rate of the first cell culture; and
providing the training data to train the machine learning model on (i) a set of training
inputs comprising the first training input; and (ii) a set of target outputs comprising the first
target output, wherein the trained machine learning model is to receive a new input having
new cell growth data comprising one or more new growth input parameter values indicative
of a new growth rate of a new cell culture and to produce a new output based on the new
input, the new output indicating a new prescriptive action that alters a new yield of the target
product of the new cell culture, wherein the new prescriptive action modifies a new

metabolism rate of the new cell culture.

12. The method of claim 11, wherein the first cell growth data comprises a viable cell

density prediction of the first cell culture.

13. The method of claim 11, wherein the first cell growth data comprises sensor data

measured by a process analytical technology (PAT) sensor.

14. The method of claim 11, wherein each training input in the set of training inputs is

mapped to a target output in the set of target outputs.
15. A non-transitory machine-readable storage medium comprising instructions that,

when executed by a processing device, cause the processing device to perform operations

comprising:
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receive cell growth data associated with a current cell culture of a cell growth system,
the cell growth data comprising growth input parameter values indicative of a growth rate of
the current cell culture;

identify, using a first machine learning model, a prescriptive action to alter a yield of
a target product of the current cell culture, wherein the prescriptive action modifies a
metabolism rate of the current cell culture based on the cell growth data; and

perform at least one of a) display the identified prescriptive action on a graphical user
interface (GUI) or b) cause the cell growth system to perform the identified prescriptive

action.

16. The non-transitory machine-readable storage medium of claim 15, the operations
further comprising;

use the cell growth data as input to the first machine learning model; and

obtain one or more outputs of the machine learning model, the one or more outputs
indicating (i) the prescriptive action, and (ii) a level of confidence that the prescriptive action,
when performed, alters the yield of the target product; and

determine that the level of confidence for the prescriptive action satisfies a threshold

condition.

17. The non-transitory machine-readable storage medium of claim 15, the operations
further comprising;

apply a growth prediction model to the cell growth data to generate a predicted viable
cell density of the cell culture, wherein the growth prediction model is generated using one or
more cell counts of one or more previous cell cultures in the cell growth system and one or
more historical growth input parameter values indicative of a growth rate of each of the one
or more previous cell cultures in the cell growth system; and

use the predicted cell density as input to the first machine learning model.

18. The non-transitory machine-readable storage medium of claim 15, the operations
further comprising:

receive from a first sensor, first sensor data indicative of an environmental condition
of a growth environment of the current cell culture in the cell growth system; and

use the first sensor data as input to the first machine learning model.

31-



WO 2022/186980 PCT/US2022/016427

19. The non-transitory machine-readable storage medium of claim 18, the operations
further comprising:

process the first sensor data by performing one of a process control analysis,
univariate limit violation analysis, or a multivariate limit violation analysis on the first sensor

data, wherein the first sensor comprises a process analytical technology (PAT) sensor.

20. The non-transitory machine-readable storage medium of claim 18, the operations
further comprising:

receive, from a second sensor, second sensor data indicative of the environmental
condition of the growth environment of the current cell culture; and

use the first sensor data and the second sensor data as input to a second machine
learning model,

obtain one or more outputs of the second machine learning model, the one or more
outputs indicating (i) the first sensor, and (ii) a level of confidence that a first measurement
accuracy of the first sensor data is greater than a second accuracy of the second sensor; and

determine that the level of confidence for the first measurement accuracy satisfies a

threshold condition.
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