calibration and model maintenance may both be automated, and the time and expense (e.g., material and labor costs) associated
with routine calibrations in conventional systems may be greatly reduced. Moreover, the ability to provide credibility bounds (or
other confidence indicators, such as confidence scores) around model predictions may allow for robust monitoring and control
strategies.
[0010] In some embodiments, Gaussian process models are used for local modeling, within the JITL framework. Gaussian
process models are powerful statistical machine-learning models that can efficiently capture complex nonlinear process
dynamics, and can readily adapt to virtually any process changes. In contrast to PLS, principal component regression (PCR) and
other types of regression models, Gaussian process models are non-parametric methods, and are far more capable of capturing
complex correlations between the Raman spectra and the analytical measurements from limited data sets. Moreover, Gaussian
process models generally do not require pre-processing filtering of the Raman scans. Accordingly, in some embodiments, the
Gaussian process models are instead calibrated on the raw Raman scans (in logarithmic scale), which may save many steps in
the model calibration/maintenance process. Furthermore, Gaussian process models provide credibility bounds around the
predictions, which can be extremely difficult to obtain using PLS or PCR models. Credibility bounds can be particularly useful for
designing optimal sampling strategies for analytical instruments, and/or for implementing closed-loop control (e.g., model-
predictive control, or MPC), for instance, to avoid making changes based on unreliable predictions.
[0011]  Although JITL is a nonlinear modeling framework, and although the approach described above provides some
adaptability by updating the dynamic library with recent analytical measurements, JITL alone may not be sufficiently adaptive to
account for time-varying process conditions (e.g., abrupt changes to the set-point or other process conditions). In particular, local
models that are calibrated using JITL may fail to make use of recent samples. For example, and particularly if there has been a
recent and abrupt change in process conditions, the recent samples may fail to satisfy a similarity criterion that is based purely on
“spatial” similarity (e.g., similarity of the Raman scans). Modified JITL techniques that can better leverage the information offered
by recent samples (irrespective of spatial similarity), and therefore can better adapt to time-varying process changes, are also
described herein. In particular, “adaptive” JITL (A-JITL) and “spatiotemporal” JITL (ST-JITL) techniques for model calibration and
maintenance are described herein.
[0012] Real-time model maintenance, in which local models can learn from the latest analytical measurements and thereby
adapt quickly to time-varying conditions, can be important to the success of JITL techniques. However, frequent access to
analytical instruments/measurements (e.g., analyzing offline samples) tends to be highly resource-intensive. To minimize such
resource usage, without overly degrading model performance, a performance-based model maintenance protocol may be
implemented in which the system schedules/triggers an analytical measurement in response to determining that the current
model performance is unacceptable/unreliable.
[0012a] According to a first aspect of the present invention, there is provided a computer-implemented method for monitoring
and/or controlling a biopharmaceutical process, the method comprising:

determining, by one or more processors, a query point associated with scanning of the biopharmaceutical process by a
spectroscopy system;

querying, by the one or more processors, an observation database containing a plurality of observation data sets
associated with past observations of biopharmaceutical processes, wherein each of the observation data sets includes spectral
data and a corresponding actual analytical measurement, and wherein querying the observation database includes selecting as
training data, from among the plurality of observation data sets, observation data sets that satisfy one or more relevancy criteria

with respect to the query point;
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calibrating, by the one or more processors and using the selected training data, a local model specific to the
biopharmaceutical process, the local model being a Gaussian process machine-learning model trained to predict analytical
measurements based on spectral data inputs;
predicting, by the one or more processors, an analytical measurement of the biopharmaceutical process, wherein
predicting the analytical measurement of the biopharmaceutical process includes using the local model to analyze spectral data
that the spectroscopy system generated when scanning the biopharmaceutical process; and
using the local model to determine a confidence indicator associated with the predicted analytical measurement of the
biopharmaceutical process.
[0012b] According to a second aspect of the present invention, there is provided a bioreactor system comprising:
a bioreactor chamber configured for containing a biopharmaceutical process;
one or more spectroscopy probes collectively configured to (i) deliver source electromagnetic radiation to the
biopharmaceutical process and (ii) collect electromagnetic radiation while the source electromagnetic radiation is delivered to the
biopharmaceutical process;
one or more memories collectively storing an observation database containing a plurality of observation data sets
associated with past observations of biopharmaceutical processes, wherein each of the observation data sets includes spectral
data and a corresponding actual analytical measurement; and
one or more processors configured to
determine a query point associated with scanning of the biopharmaceutical process by the spectroscopy
system,
query the observation database, at least by selecting as training data, from among the plurality of observation
data sets, observation data sets that satisfy one or more relevancy criteria with respect to the query point,
calibrate, using the selected training data, a local model specific to the biopharmaceutical process, the local
model being a Gaussian process machine-learning model trained to predict analytical measurements based on spectral data
inputs,
predict an analytical measurement of the biopharmaceutical process, at least by using the local model to
analyze spectral data that the spectroscopy system generated when scanning the biopharmaceutical process with the one or
more spectroscopy probes; and
using the local model to determine a confidence indicator associated with the predicted analytical

measurement of the biopharmaceutical process.

BRIEF DESCRIPTION OF THE DRAWINGS

[0013] The skilled artisan will understand that the figures, described herein, are included for purposes of illustration and are
not limiting on the present disclosure. The drawings are not necessarily to scale, emphasis instead being placed upon illustrating
the principles of the present disclosure. It is to be understood that, in some instances, various aspects of the described
implementations may be shown exaggerated or enlarged to facilitate an understanding of the described implementations. In the
drawings, like reference characters throughout the various drawings generally refer to functionally similar and/or structurally
similar components.

[0014] FIG. 1is a simplified block diagram of an example Raman spectroscopy system that may be used to predict analytical

measurements of biopharmaceutical processes.
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WHAT IS CLAIMED:

1. A computer-implemented method for monitoring and/or controlling a biopharmaceutical process, the method
comprising:

determining, by one or more processors, a query point associated with scanning of the biopharmaceutical process by a
spectroscopy system;

querying, by the one or more processors, an observation database containing a plurality of observation data sets
associated with past observations of biopharmaceutical processes, wherein each of the observation data sets includes spectral
data and a corresponding actual analytical measurement, and wherein querying the observation database includes selecting as
training data, from among the plurality of observation data sets, observation data sets that satisfy one or more relevancy criteria
with respect to the query point;

calibrating, by the one or more processors and using the selected training data, a local model specific to the
biopharmaceutical process, the local model being a Gaussian process machine-learning model trained to predict analytical
measurements based on spectral data inputs;

predicting, by the one or more processors, an analytical measurement of the biopharmaceutical process, wherein
predicting the analytical measurement of the biopharmaceutical process includes using the local model to analyze spectral data
that the spectroscopy system generated when scanning the biopharmaceutical process; and

using the local model to determine a confidence indicator associated with the predicted analytical measurement of the

biopharmaceutical process.

2. The computer-implemented method of claim 1, wherein the spectroscopy system is a Raman spectroscopy

system.

3. The computer-implemented method of claim 1 or 2, wherein:

determining a query point includes determining the query point based at least in part on a spectral scan vector, the
spectral scan vector being generated by the spectroscopy system when scanning the biopharmaceutical process; and

selecting as training data the observation data sets that satisfy one or more relevancy criteria with respect to the query
point includes comparing the spectral scan vector on which determination of the query point was based to spectral scan vectors

associated with the past observations of the biopharmaceutical processes.

4, The computer-implemented method of claim 3, wherein:

determining a query point further includes determining the query point based on a sample number associated with the
spectral scan vector; and

selecting as training data the observation data sets that satisfy one or more relevancy criteria with respect to the query
point includes (i) comparing the spectral scan vector on which determination of the query point was based to spectral scan
vectors associated with the past observations of the biopharmaceutical processes, and (ii) comparing the sample number

associated with the query point to sample numbers associated with the past observations of the biopharmaceutical processes.

5. The computer-implemented method of claim 4, wherein selecting as training data the observation data sets
that satisfy one or more relevancy criteria with respect to the query point includes:

selecting the most recent k observation data sets for inclusion in the training data.
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6. The computer-implemented method of any one of claims 3 through 5, wherein predicting the analytical
measurement of the biopharmaceutical process includes:

using the local model to analyze the spectral scan vector on which determination of the query point was based.

7. The computer-implemented method of any one of claims 3 through 6, wherein selecting as training data the
observation data sets that satisfy one or more relevancy criteria with respect to the query point includes:

calculating distances between (i) the spectral scan vector on which determination of the query point was based and ((ii)
the spectral scan vectors associated with the past observations of the biopharmaceutical processes; and

selecting as the training data any of the spectral scan vectors associated with the past observations that are within a

threshold distance of the spectral scan vector on which determination of the query point was based.

8. The computer-implemented method of any one of claims 1 through 7, wherein determining a query point
includes:
determining the query point based at least in part on one or both of (i) a media profile associated with the

biopharmaceutical process, and (i) one or more operating conditions under which the biopharmaceutical process is analyzed.

9. The computer-implemented method of any one of claims 1 through 8, wherein calibrating a local model
specific to the biopharmaceutical process includes:

calibrating a model that is a function of both spectral data and sample number of a given observation data set.

10. The computer-implemented method of any one of claims 1 through 9, further comprising:
controlling, by the one or more processors and based at least in part on the predicted analytical measurement of the

biopharmaceutical process, at least one parameter of the biopharmaceutical process.

1. The computer-implemented method of any one of claims 1 through 10, wherein the predicted analytical
measurement of the biopharmaceutical process is

1) a media component concentration, a media state, a viable cell density, a titer, a critical quality attribute, or a cell
state;

2) a concentration of glucose, lactate, glutamate, glutamine, ammonia, amino acids, Na*, or K*; or

3) pH, pCO2, pO2, temperature, or osmolality.

12. The computer-implemented method of any one of claims 1 through 11, further comprising:

obtaining, by an analytical instrument, an actual analytical measurement of the biopharmaceutical process; and

causing, by the one or more processors, (i) spectral data that the spectroscopy system generated when the actual
analytical measurement was obtained, and (i) the actual analytical measurement of the biopharmaceutical process, to be added

to the observation database.

13. The computer-implemented method of claim 12, further comprising:

determining, by the one or more processors, that at least the predicted analytical measurement does not satisfy one or
more model performance criteria,

wherein obtaining the actual analytical measurement is performed in response to determining that at least the predicted

analytical measurement does not satisfy the one or more model performance criteria.
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14. The computer-implemented method of claim 13, wherein determining that at least the predicted analytical
measurement does not satisfy the one or more model performance criteria includes:
generating a credibility interval associated with the predicted analytical measurement; and

comparing the credibility interval to a pre-defined threshold.

15. The computer-implemented method of any one of claims 1 through 14, wherein the biopharmaceutical

process is a cell culture process.

16. A non-transitory computer-readable medium storing instructions for monitoring and/or controlling a
biopharmaceutical process, wherein the instructions, when executed by one or more processors, cause the one or more processors

to perform the method of any one of claims 1 through 15.

17. A bioreactor system comprising:
a bioreactor chamber configured for containing a biopharmaceutical process;
one or more spectroscopy probes collectively configured to (i) deliver source electromagnetic radiation to the
biopharmaceutical process and (ii) collect electromagnetic radiation while the source electromagnetic radiation is delivered to the
biopharmaceutical process;
one or more memories collectively storing an observation database containing a plurality of observation data sets
associated with past observations of biopharmaceutical processes, wherein each of the observation data sets includes spectral
data and a corresponding actual analytical measurement; and
one or more processors configured to
determine a query point associated with scanning of the biopharmaceutical process by the spectroscopy
system,
query the observation database, at least by selecting as training data, from among the plurality of observation
data sets, observation data sets that satisfy one or more relevancy criteria with respect to the query point,
calibrate, using the selected training data, a local model specific to the biopharmaceutical process, the local
model being a Gaussian process machine-learning model trained to predict analytical measurements based on spectral
data inputs,
predict an analytical measurement of the biopharmaceutical process, at least by using the local model to
analyze spectral data that the spectroscopy system generated when scanning the biopharmaceutical process with the
one or more spectroscopy probes; and
using the local model to determine a confidence indicator associated with the predicted analytical

measurement of the biopharmaceutical process.

18. The bioreactor system of claim 17, wherein the one or more processors are configured to:

determine the query point based at least in part on a spectral scan vector, the spectral scan vector being generated
when scanning the biopharmaceutical process via the one or more spectroscopy probes; and

select the training data at least by comparing the spectral scan vector on which determination of the query point was

based to spectral scan vectors associated with the past observations of the biopharmaceutical processes.

19. The bioreactor system of claim 18, wherein the one or more processors are configured to:
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determine the query point based in part on a sample number associated with the spectral scan vector; and

select as training data the observation data sets that satisfy one or more relevancy criteria with respect to the query
point in part by (i) comparing the spectral scan vector on which determination of the query point was based to spectral scan
vectors associated with the past observations of the biopharmaceutical processes, and (i) comparing the sample number

associated with the query point to sample numbers associated with the past observations of the biopharmaceutical processes.

20. The bioreactor system of any one of claims 17 to 19, wherein the local model is a function of both spectral

data and sample number of a given observation data set.

21. The bioreactor system of any one of claims 17 to 20, wherein the one or more processors are further
configured to:
control, based at least in part on the predicted analytical measurement of the biopharmaceutical process, at least one

parameter of the biopharmaceutical process.

22. The bioreactor system of any one of claims 17 to 21, wherein the predicted analytical measurement of the
biopharmaceutical process is

1) a media component concentration, a media state, a viable cell density, a titer, a critical quality attribute, or a cell
state,

2) a concentration of glucose, lactate, glutamate, glutamine, ammonia, amino acids, Na*, or K*, or

3) pH, pCOz, pO2, temperature, or osmolality.

23. The bioreactor system of any one of claims 17 to 22, further comprising:

an analytical instrument configured to obtain an actual analytical measurement of the biopharmaceutical process,

wherein the one or more processors are further configured to cause (i) spectral data that the spectroscopy system
generated when the actual analytical measurement was obtained, and (i) the actual analytical measurement of the

biopharmaceutical process, to be added to the observation database.

24, The bioreactor system of claim 23, wherein the one or more processors are further configured to:

determine that at least the predicted analytical measurement does not satisfy one or more model performance criteria;
and

obtain the actual analytical measurement from the analytical instrument in response to determining that at least the

predicted analytical measurement does not satisfy the one or more model performance criteria.

25. The bioreactor system of claim 24, wherein the one or more processors are configured to determine that at
least the predicted analytical measurement does not satisfy the one or more model performance criteria at least by:
generating a credibility interval associated with the predicted analytical measurement; and

comparing the credibility interval to a pre-defined threshold.



