
ORIGINAL ARTICLE

Advances in Continuous Active Pharmaceutical Ingredient (API)
Manufacturing: Real-time Monitoring Using Multivariate Tools

Melanie Dumarey1 & Martin Hermanto2
& Christian Airiau3

& Peter Shapland1
& Hannah Robinson1

& Peter Hamilton1
&

Malcolm Berry1

# Springer Science+Business Media, LLC, part of Springer Nature 2018

Abstract
Purpose The implementation of continuous processing technologies for pharmaceutical manufacturing has increased due to its
potential to enhance supply chain flexibility, reduce the footprint of the manufacturing facility, and deliver more consistent
quality. Additionally, it facilitates extensive, real-time monitoring by sensors and process analytical technology (PAT) tools
without perturbing the process. In the presented case study, the use of multivariate tools for the real-time monitoring and
retrospective review of a continuous active pharmaceutical ingredient (API) synthesis was evaluated from process development
through to commercialization.
Method A multivariate statistical process monitoring (MSPM) approach summarizing variability in both quality critical (con-
trolled flow rates, temperatures) and non-quality critical parameters (pressures, pump speeds, conductivity) was used to monitor
three telescoped chemistry stages of a continuous API synthesis. Four different modeling strategies were presented addressing
specific monitoring and analysis requirements during the pharmaceutical development lifecycle.
Results During development (R&D and commercial facility), the implemented multivariate monitoring resulted in the identifi-
cation of potential failure modes, a deeper understanding of the natural process variability and accelerated root cause analysis for
a recurrent reagent blockage. Duringmanufacturing (commercial facility), the multivariate tool confirmed potential for predictive
maintenance and early fault detection.
Conclusions While the implemented control strategy based on parametric control and offline analytical testing provided the
required quality assurance, the multivariate trends provided additional information on process performance. More specifically,
they enabled more detailed process understanding during the development of the continuous API synthesis following quality by
design (QbD) principles and demonstrated the potential for enhanced process performance during commercial manufacturing.

Keywords Multivariate statistical process monitoring . MSPM . Continuous manufacturing . PAT . Process monitoring .

Multivariate analysis

Introduction

The pursuit of increased efficiency to produce high quality
medicines for patients has driven the implementation of contin-
uous processes for active pharmaceutical ingredient (API) and
drug product manufacturing [1–3]. The low volume equipment
enables high throughput of materials and does not require the
storage of intermediate materials between consecutive unit op-
erations. The spatial footprint of continuous manufacturing can
therefore be smaller than of traditional batch manufacturing.
Continuous processes are also considered more environmental-
ly friendly and economical, because they consume less solvent,
consume less energy during extreme temperature processes,
and achieve higher yields when an appropriate control system
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is in place [4]. These benefits are supplemented by a more
consistent quality achieved by efficient mass and heat transfer,
which reduces process heterogeneity. Finally, continuous pro-
cesses enable manufacturing tailored to demand as batch size is
no longer constrained to a given vessel size. All these major
advantages make continuous processing a fast progressing in-
novation within the pharmaceutical world, despite some initial
challenges (e.g., little regulatory precedents) [5, 6]. The
International Council for Harmonization of Technical
Requirements for Pharmaceuticals for Human Use (ICH) re-
cently announced to support the introduction of continuous
manufacturing into the pharmaceutical industry with a new
ICH guideline: continuous manufacturing (Q13) [7].

In pharmaceutical industry, product quality and process
performance are ensured by the implementation of a suitable
control strategy as defined by the ICH Q8 and Q11 guidelines
[8, 9]. Parametric, attribute, and/or procedural controls are
designed based on product and process understanding and
aim to control critical quality attributes within their specifica-
tion limits [8, 9]. For continuous processes, this is typically
achieved by the integration of feedback or feedforward loops,
which control selected parameters and attributes by tuning
manipulated variables (actuators) in real time. Additionally,
the control strategy applied for continuous processes may pre-
vent the collection of material generated outside the accepted
ranges by the integration of divert to waste valve(s) at relevant
positions within the equipment [10]. Typically, the last step of
the control strategy for pharmaceutical products consists of
release testing using offline analytical methods [8, 9].

A continuous process under a state-of-control exhibits con-
stant key characteristics over time at every position within the
equipment (static profile). Process consistency can therefore
easily be monitored in real time [6] by a variety of tools
[10–12]: from simple process sensors (e.g., flow rate, temper-
ature, and pressure, [10]) to process analytical technology
(PAT) such as online near-infrared (NIR) or infrared (IR) spec-
troscopy, focused beam reflectance measurement (FBRM)
[11, 12], or online HPLC [13]. The resulting trends can then
constitute an essential component of a control strategy in the
manufacturing environment [6–9]. Additionally, the wealth of
data generated is commonly used to increase process under-
standing supporting quality by design (QbD) [14].

A multivariate monitoring approach enables monitoring
continuous process performance in a holistic way by summa-
rizing the variability of multiple process parameters and/or at-
tributes in a few trends [15] based on the collinear features of
the investigated process data. This method is very sensitive to
subtle changes in correlation patterns between the sensor read-
ings, which are difficult or even impossible to detect when
studying univariate trends only. The use of MSPM for real-
time monitoring, diagnosis, or control of process performance
is well established across a range of industries, e.g., in biotech-
nology for the supervision of a fermentation process [16], in the

paper industry for fault detection for a paper board manufactur-
ing process [17], in the petrochemical industry for fault detec-
tion and diagnostics [18], in the soft drink industry for process
control [19], or in the polymer industry [20]. Similar applica-
tions within the pharmaceutical industry, however, are rarely
described in literature. Machin M et al. discussed the use of
multivariate statistical process control technology to monitor
and control a granulation process [21], while an unsupervised
monitoring application (i.e., the multivariate model does not
use process output information) for drug product manufactur-
ing was investigated by Zomer S et al. [22].

The slower uptake, mainly of unsupervised MSPM, in
pharmaceutical manufacturing might be caused by the added
complexity of rigid quality management systems and high
regulatory scrutiny: (1) no precedent for the use of unsuper-
vised models, (2) unclear position in the control strategy as
multivariate trends implemented for process performance
monitoring also highlight process changes not affecting prod-
uct quality, (3) requires additional resource at the manufactur-
ing site for model maintenance, and (4) provides little added
benefit for quality assurance within the current ways of work-
ing heavily reliant on analytical testing. Additionally, API
process data is often scarce at the start of commercial manu-
facture and insufficient to build a robust multivariate model
for monitoring.

The case study presented in this paper, evaluates the use of
multivariate monitoring as a complementary tool to the formal
control strategy (i.e., a combination of parametric process
control and offline analytical testing) applied during continu-
ous API manufacturing. While the traditional control strategy
focusses on quality assurance, the multivariate monitoring
aims to increase process understanding during development
and process performance during manufacturing. For this pur-
pose, a generic MSPM methodology based on principal com-
ponent analysis (PCA [23]) was evaluated from early devel-
opment, when little process experience was available, until the
start of commercial manufacture. Four implementation modes
were discussed targeting different requirements during the
pharmaceutical development lifecycle: (1) understand natural
process variability at state-of-control (i.e., common cause var-
iability) with respect to the implemented control limits, (2)
identify failure modes and increase process understanding,
(3) ad hoc root cause analysis, and (4) real-time monitoring
of process performance and fault diagnosis during flexible
commercial manufacturing.

Methods

Process Set up

The continuous API synthesis consisted of five chemical
transformations. Two consecutive transformations in the stage
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1 reactor (reactor 1) were followed by the removal of excess
gas (reagent 2) in the stripping column. The resulting material
was collected in a buffer pot and then pumped through reac-
tors 2–3 for the next three chemical transformations. Note that
the selectivity of the last reaction was controlled by the low
jacket temperature (approximately − 5 °C) in reactor 3, while
the increased jacket temperature (approximately 30 °C) in
reactor 4 ensured completion of the reaction. The crude API
was collected in a holding tank before it was crystallized as a
batch process. The complete API synthesis process scheme is
presented in Fig. 1. Note that two separate valves enabled the
diversion to waste of non-conforming material during the pro-
cess: one in stage 1 before the stripping column and one after
reactor 4 before the material was collected in the holding tank
(Fig. 1).

Process Sensors

In the R&D facility, the process as presented in Fig. 1 was
monitored by a large variety of sensors (29 sensors for stage 1
and 40 sensors for stages 2 and 3, see Table 1 in Appendix):

– Temperature was monitored by multiple sensors in the
reactors (Fig. 1). Note that sensor redundancy was built
in to enable the differentiation between sensor failures
and real process disruptions [24].

– The heat transfer fluid (HTF) temperature (Fig. 2) was
measured at the reactor supply and return. The supply
temperature was used to maintain the temperature at set
point and as an action limit (univariate) for divert to waste
events as defined in the control strategy (BProcess
Control^ section).

– Sensors measuring flow rate and pump speed were used
to maintain a constant flow rate (Fig. 2). The flow rate
measurements were also used to trigger diversion to
waste in case of excursions exceeding the action limit as
defined in the control strategy (BProcess Control^
section).

– Pressure sensors in the pumps protected equipment from
pressure damage via feedback loops and univariate
alarms (Fig. 2). Additionally, the pressure in each reactor
was monitored.

– Pressure in the gas stripping column was measured at the
inlet and outlet (Fig. 1).

– Conductivity sensors after each chemical transformation
and at the inlet of reactor 1 provided a highly sensitive,
but not selective indication of process consistency
(Fig. 1).

The sensor set up in the commercial equipment followed
the same principles, but small modifications were made reduc-
ing redundancy and optimizing information captured by the

sensor readings (e.g., target biggest potential temperature and
conductivity changes):

– For all pumps, the pressure and filter inlet, outlet and
differential pressures were monitored instead of suction
and discharge pressures

– In stage 1, conductivity was only measured at the outlet
(no inlet and content conductivity), while in stage 2, an
additional conductivity probe was placed at the reactor 2
inlet

– The number of temperature sensors was reduced but still
provided redundancy (2 fewer in reactor 1, 1 fewer in
reactor 2)

– Sensors monitoring reagent 6 flow control output, reactor
2 outlet pressure and reactor 4 back pressure were added

Process Control

For the discussed case study, a state-of-control was declared
when all controlled process parameters had remained within
the predefined ranges for a predefined time. These ranges and
timings were based on process understanding (e.g., kinetics
and residence time distribution) and risk assessment activities
linking process variability to quality as part of the control
strategy definition. Similarly, action limits to divert non-
confirming material to waste after chemistry stages 1 and 3
were defined considering both the magnitude and the duration
of a process parameter disturbance (Fig. 1).

The process was maintained at state-of-control by feedback
loops manipulating the appropriate actuators (e.g., pump
speed) to control selected process parameters (i.e., flow rate,
pump pressure, and temperature of the HTF at supply) as
visualized in Fig. 2. At the R&D site, this was achieved with
single input—single output proportional-integral-derivative
(PID) controllers, while at the manufacturing site, a ratio con-
trol for flow rate was implemented within a cascade set up
(i.e., the reagent flows were controlled relative to the main
flow).

At both facilities, the output material was monitored by an
online HPLCmethod, which could separate all process related
impurities. Eventually, the API was released downstream, i.e.,
after the crystallization step (batch), against specifications as
described in the control strategy (e.g., assay, impurity level, ID
test, and solvent content)

Multivariate Monitoring Approach

Selection of Representative Process Data

Model sensitivity is critical for a multivariate monitoring ap-
proach to ensure that all relevant process drift or changes (i.e.
special cause variability) are detected. Therefore, the
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calibration data used to build the PCA model excluded all
process sensor readings obtained at a time when the process
was not under a state-of-control, i.e., during start up, during
shut down and prior to or during a disturbance (as defined in
the BProcess Control^ section). Such observations would in-
troduce additional variability widening the model limits and
reduce sensitivity to process changes.

A multivariate monitoring model also needs to be robust to
small, natural process variability (common cause variability)
in order to minimize false alarms as these would require un-
necessary interventions by operators. Therefore, the calibra-
tion model should include all expected common cause vari-
ability. However, during some of the development campaigns
presented in this paper, the processes were run only for a short
duration at each experimental condition and therefore the cal-
ibration sets were based on the largest representative data set
available at the time (i.e., from 2 until 192 h).

Preprocessing

Preprocessing is critical to ensure that a multivariate model
captures the relevant trends and correlation patterns in the
data, while filtering out noise. At the start of process

development, little information was available on failure
modes and process variability. Therefore, all process sensor
readings were given equal weight by scaling them to unit
variance (i.e., division by the observed standard deviation
for the process sensor). As required for PCA modeling, all
process sensor readings were also mean centered.

Model Development

A standard MSPM model, which summarizes multiple, col-
linear process sensor readings in fewer dimensions by princi-
pal component analysis (PCA), was implemented for real-
time monitoring [23, 25]. A PCA model projects the calibra-
tion data in a lower dimensional space maximizing the vari-
ance captured in the newly calculated latent variables, i.e.,
principal components (Fig. 3a). Mathematically, this is
achieved by a singular value decomposition producing one
matrix of scores T (i.e., the projections of the observations in
the space defined by the principal components) and one ma-
trix of loadings P (i.e., the weight of the process sensors for all
selected principal components) as shown in Eq. 1.

X ¼ T PT þ E; ð1Þ

Fig. 2 Overview of temperature, pressure, and flow rate control for one
reactor. PI, pressure indicator; FIC, flow indicator controller; F, flow
meter; and TIC, temperature indicator controller. Note that HTF

supplied to the reactor was running through a recycling loop managed
by the temperature control unit

Fig. 1 Overview of continuous API synthesis with marked sensors and divert to waste (DTW) valves (excluding feedback loops and pump sensors)
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where X is the (m × n) data matrix containing all sensor
readings (n) over several time points (m), T is the (m x k) score
matrix, P is the (n × k) loading matrix, and E is the model
residual. T denotes transposal of the matrix and k is the number
of selected principal components in the model.

A separate PCA model was built for stage 1 and stages 2–3
based on the selected, pre-processed data as described above
using Simca v13.0 (Umetrics, Umeå, Sweden), because the
physical separation introduced by the buffer pot (Fig. 1) broke
the correlation patterns between the sensor readings. The num-
ber of model components was selected based on cross
validation. However, due to the correlated nature of the
time series data describing continuous processes, it was
easy to predict scores for sensor readings close in time,
which resulted in over fitting models. Therefore, a heu-
ristic approach was taken to exclude the last compo-
nent(s) selected by cross validation if the explained var-
iability was below 1%. This fit for purpose approach enabled

the fast processing of large data sets within a validated
environment.

Monitoring

The calibration models as constructed in the BModel
Development^ section were used to calculate two multivariate
monitoring diagnostics in real time: Hotelling’s T2 and DModX.
Hotelling’s T2 (Fig. 3c) is the generalized distance of the predict-
ed score from the mean score of the historical calibration set [26,
27]. It detects variability greater than historically observed com-
mon cause variability. The statistical control limit for Hotelling’s
T2 was calculated from the calibration data (BModel
Development^ section) at a 95% significance level assuming a
beta distribution [26, 27]. The DModX (aka the Q residual,
Fig. 3d) is the distance of the real-time sensor measurements
from the PCA model space [26] and detects new variability
patterns, which were not captured by the PCA model.

Fig. 3 Multivariate monitoring process for a continuous API synthesis
displaying symptoms of a pump blockage which resulted in a flow rate
disturbance and a pump switch at 13:52: the operational space projected
on principal components 1 and 2 defined by the stages 2–3 sensor data
from 02FEB2016 10:45 till 02FEB2016 12:16 (a); the corresponding
loading plot (b); Hotelling’s T2 trend based on three principal
components with the 99 and 95% statistical limit marked by the red and

orange dotted line (c); the DModX trend based on three principal
components with the critical limit marked by the red dotted line (d);
contribution plot based on the increase of Hotelling’s T2 trend at 12:50
(e); univariate trend of reactor 2 feed pump speed with three times
standard deviation marked in red and average trend in green (f); and
univariate trend of reactor 2 feed flow rate with proposed accepted
ranges marked in red (g)
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When an unexpected process trend or excursion outside the
control limit was observed for one of the multivariate diagnos-
tics, a contribution plot (Fig. 3e) was generated in real time to
investigate the root cause. The contribution of one process sen-
sor reflects the difference between its value at the time of excur-
sion and its historical average as calculated in Eq. 2a and 2b [26].

Contribution Hotelling’s T2
� � ¼ ΔX � weight ð2aÞ

Contribution DModXð Þ ¼ ek � weight ð2bÞ

where the weight is the square root of the explained sum of
squares for each variable, ΔX is the difference between the
sensor reading at excursion and its historical average, and ek
represents the residual of the variable. As a consequence, the
magnitude of the bars in the plot is proportional to the contri-
bution of the process sensor to the changing process trend,
while the direction of the bar indicates whether the con-
tribution is positive or negative. The process sensors
with the largest bars were then investigated in more
detail by visualizing their individual trends (Fig. 3f). It
should be noted that flexible, real-time data visualization is
critical to ensure fast information review during manufactur-
ing by non-experts.

Informatics Set up

Process sensor readings were recorded by a process control
system, i.e., Labview (National Instruments Corporation,
Austin, USA) in R&D or Delta V (Emerson, St. Louis,
USA) at the manufacturing site, and collected by a SIPAT
collector station (SIMATIC SIPAT v4.1, Munich, Germany),
which sent the data to the data base server. The calibration data
were extracted from this server via the data miner of the SIPAT
client and then imported to SIMCA for offline PCA model
construction. Once the model was finalized, it was uploaded
to SIMCA-online v13.3 (Umetrics), where the Hotelling’s T2

and DModX values were calculated from sensor readings in
real time. SIMCA-online directly receives the sensor readings
from the SIPATcollector station at the programmed frequency,
which was 20 s for the discussed application. This setting was
supported by statistical analysis, which confirmed that no in-
formation was lost reducing the frequency from every second
(equipment capability) to every 20 s (minimizing the required
data base space on the server): the mean, standard deviation
and area under the curve for each process sensor was
not significantly different between 1 and 20 s frequency
data at and outside state-of-control. Additionally, a re-
view of multivariate models acquired at different fre-
quency demonstrated that the trends were similar and
detected the same process changes, because the process
changes leading to process disturbances (as defined in the
BProcess Control^ section) were not instantaneous and took
minutes rather than seconds.

Results and Discussion

Explore Common Cause Variability at State-of-Control

The MSPM methodology as described in the BMethods^ sec-
tion was initially implemented during early process develop-
ment to gain more insight in the common cause variability
inherent to the continuous process.

From multivariate trends (not shown), it was ob-
served that not all common cause variability was ran-
dom for the studied continuous API synthesis: the pres-
sure sensors monitoring the feed pumps exhibited con-
tinuously decreasing readings as the fill level of the
feed vessel dropped and a step change was observed
when the feed vessel was replaced (Fig. 4). This non-
random variability was very small (approximately 0.02
barg for the sensor shown in Fig. 4) and did not affect
process performance, but did raise an excursion from
the statistical control limit.

Secondly, it was observed that small, irrelevant tem-
perature changes (0.01 °C) caused false alarms in
Hotelling’s T2 plot (Fig. 5a). This is caused by the fact
that the implemented feedback loops controlled temper-
ature and flow rate very tightly, and consequently the
observed variability at state- of-control was much small-
er than the ranges conferring acceptable product quality.
This resulted in an overly tight control limit calculated
from the multivariate model, when based on a limited
amount of process data.

Lastly, it was observed that most of the common
cause variability was random within the well-controlled
manufacturing process, which was confirmed by the low
amount of variance captured by the supporting PCA
models, e.g., the model presented in Fig. 3a contained
three principal components explaining 10, 4, and 3% of
the total process variability. These low values are indic-
ative of the lack of structured changes (special cause
variability) in process parameters compared to batch
processes, where process parameters change over time
following certain correlation patterns [26]. However,
the correlation structures identified in the loading plot
of the model (Fig. 3b), were considered scientifically
relevant: high correlation between system and upstream
pressure for reagent 6, correlation of all stage 2 and 3
conductivity measurements (all located in the same
quadrant), etc. Moreover, during extensive monitoring
activities over extended time frames (i.e., external vali-
dation), it was observed that models capturing only a
low amount of variability were still able to detect rele-
vant process disruptions during process development. It
should also be noted that new variability patterns not
captured by the PCA model are captured by the
DModX diagnostic.
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Increase Process Understanding and Identify Failure
Modes

During an extensive development campaign at the R&D facility
spanning a 4-month period, the process settings were stretched in
a multivariate way to assess their impact on API quality. The
MSPM models based on common cause variability only were
rebuilt for each process setting to target simplicity and maximal
sensitivity. The modeling strategy was adjusted based on the
knowledge gained during the exploration activities as described
in the BExplore Common Cause Variability at State-of-Control^
section. Ideally, a full cycle for each feed vessel (i.e., approxi-
mately 24 h) was included in the calibration model to avoid false
alarms by natural pressure drift or feed vessel changes. However,
this was practically impossible as most settings were only run for
one day. Secondly, the temperature and flow rate sensor readings
were custom scaled to address the limited variability experienced
during early development. Therefore, all flow rate and tempera-
ture sensors (italicized in Table 1) were down-weighted in the
model by dividing the readings by the accepted standard devia-
tion (SD), i.e., one fourth of the one-sided accepted range assum-
ing normal distribution (Eq. 3), instead of the observed standard
deviation.

Acceptable SD ¼ defined upper limit–set pointð Þ=4 ð3Þ

The custom scaling eliminated the excursion from the
Hotelling’s T2 trend (Fig. 5b) and increased the sensitivity to
pressure changes as reflected by the appearance of short
spikes caused by online HPLC sampling and short pressure
disruptions. These short spikes would be easier to manage by

fine tuning the alarm settings (e.g., only trigger an alarm after
three consecutive trend excursions) than extended multivari-
ate trend excursions caused by small temperature or
flow rates shifts. The custom scaling thus enabled mon-
itoring failure modes related to flow (e.g., pump block-
age) and temperature (e.g., leak in the HTF pipes) con-
trol, while avoiding false alarms caused by small shifts
in these process parameters.

Although the models included limited processing time
frames (typically 2–4 h), they still provided detailed process
insights for the development team and detected meaningful
process changes in real time. More specifically, several failure
modes were identified during early development at a time of
limited operation experience: two types of pump blockages
and one recurrent blockage of a reagent supply.

Note that during this development campaign, no actions
were taken based on the multivariate trends as the methodol-
ogy was still under evaluation. This approach delivered the
advantage that the effect of a detected process change could be
investigated over a longer time to confirm the initial interpre-
tation of the multivariate trend change. As such, these data are
critical for model validation or verification purposes, when
implementing multivariate monitoring for predictive mainte-
nance in a good manufacturing practice (GMP) environment
at a later stage.

As expected, the models based on limited time frames did
result in multiple false alarms, i.e., the multivariate trend
(Hotelling’s T2 or DModX) exceeding the statistical test limits
without any process implication (e.g., Fig. 3d). In a develop-
ment environment, this was not considered as an issue as no
decisions were based on the multivariate trends. Moreover,

Fig. 4 Natural drift of reagent 1 pump suction pressure observed as the feed vessel was emptied followed by a step change around 14.00 when the feed
vessel was replaced
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high model sensitivity for maximal information extraction is
considered more important than model robustness at this stage
of the pharmaceutical development life cycle.

One example of a failure mode detected during the R&D
campaign was the blockage of the pump feeding the material
from the buffer pot to reactor 2. A PCA model (built as de-
scribed above) summarizing natural variability in process sen-
sor readings in stages 2–3 for 1.5 h was used to monitor the
continuous synthesis in real time from 12:16 onwards.
Although the system was not pronounced as under a state-of-
control at this point following the definition in the BProcess
Control^ section, the process sensor readings were stable with-
in the operational space defined by three principal components
of the model (Fig. 3a). The DModX trend soon exceeded the
statistical limit (Fig. 3d), but the contribution plot (not shown)
did not reveal any meaningful changes in sensor trends.
Therefore, it was decided that these small, initial excursions
were false alarms caused by a lack of model robustness as
explained earlier. From 12:40 onwards, a larger trend change
was observed for DModX and also a departure from the normal

operating space was observed in Hotelling’s T2 trend from
12:50 onwards (Fig. 3c). The contribution plot (Fig. 3e) trend
revealed that an increase in stage 2 feed pump speed (Fig. 3f)
caused the drift of the Hotelling’s T2 trend. This root cause was
confirmed by the contribution plot for the DModX trend (not
shown). A higher pump speed was thus needed to maintain the
flow rate at the set point by an integrated feedback loop, which
indicates a blockage. In Fig. 3g, the flow rate was confirmed to
be still within the accepted ranges (red lines) at the time of the
multivariate alarm, but the noisier signal did indicate some
disturbance of the reagent flow. At 13:52, a large flow rate
excursion was observed, which triggered the pump alarm and
confirmed the pump blockage hypothesis. The engineers then
switched from the duty to the standby pump to maintain appro-
priate delivery of feed solution to the stage 2 reaction and
diverted the product to waste for a predefined time (as defined
in the BProcess Control^ section) ensuring no compromised
material ended up in the API.

In this example, the multivariate monitoring approach de-
tected the upcoming pump failure approximately 1 h before

Fig. 5 Hotelling’s T2 trend
summarizing stage 2–3 process
sensor variability over
approximately 2.5 h based on data
scaled to unit variance (a) and
custom scaled data (b). The blue
box indicates the time frame of
the small, insignificant
temperature change
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the univariate pump flow alarm, which would have provided
sufficient time to perform corrective actions avoiding the con-
trolled process parameter to exceed the accepted ranges and
triggering divert to waste.

The described MSPM approach was later applied during
continuous synthesis of the sameAPI as part of a development
campaign at themanufacturing plant, which exhibited a slight-
ly different process sensor set up (see the BProcess Set up^
section). Therefore, a new model was constructed at the start
of the campaign and when process settings were adjusted.
This resulted in similar observations as before: (1) small con-
tinuous drift in pump sensors (pressure and speed) over time,
(2) a full feed vessel cycle needed to be included in the model
to ensure robustness (i.e., avoid false alarms), and (3) the
multivariate trends successfully detected process changes.
Note that again the multivariate monitoring was under evalu-
ation and no actions were taken based on the multivariate
trend observations. This enabled a fair comparison with the
current manufacturing process monitored by univariate alarms
for flow rate and temperature only and provided data for fur-
ther model verification activities.

In three instances, an upcoming blockage of reagent 2 sup-
ply (gas) was detected 1 to 23 h before the flow rate alarm was
activated. Another two upcoming process failures, i.e., pump
blockages were detected using multivariate monitoring ap-
proximately 20 min before the flow rate exceeded the accept-
ed ranges. The root causes for the detected process changes
were fluctuations in the flow rate and increased filter pressure
in one of the reagent pumps. Finally, a process disruption
caused by reagent depletion was also detected using multivar-
iate monitoring 13min before the flow rate exceeded accepted
ranges, and a decrease in reagent supply pressure was correct-
ly identified as the root cause.

All these observations confirmed the value of multivariate
tools for the monitoring of process performance in real time.
Firstly, the increased process understanding could be used to
optimize the control strategy definition and inform the selec-
tion of relevant statistical process control charts (SPC).
Secondly, the early fault detection highlighted their potential
for predictive maintenance during routine manufacturing.
These benefits could be exploited to achieve increased process
performance for API manufacture.

Event Root Cause Analysis

The implemented informatics set up also proved useful
as a data source for a detailed root cause analysis of a
recurrent reagent blockage, which was flagged by mul-
tivariate monitoring. Therefore, the regions before seven
different spikes observed in Hotelling’s T2 (Fig. 6) were
selected from a time point where the trend was stable to
the time point before the actual spike (2–16 min de-
pending on the spike), and a new PCA model was built

to identify trends and correlation patterns for all process
sensors. Note that for this application, the set up dif-
fered from the earlier approach: the PCA model is used
to identify structured variability (i.e., trends or outliers)
within the selected data set in a retrospective manner
instead of comparing it to historical data in real time.
This approach ensured the model detects new correla-
tion patterns, which were not captured by the historical
model based on common cause variability, in the most
sensitive way.

The resulting score plot (Fig. 7a) revealed that for most
instances, little process variability was observed prior to the
spike as most observations are clustered around the center,
except for the first spike appearing at 01:57. The correspond-
ing loading (p) plot (Fig. 7b) revealed that the largest variabil-
ity before the spike at 01:57 was observed for the pressure
sensors located in the reagent supply (reagent 2 downstream
pressure) and the degassing column (change of 0.02 atmo-
spheric bar considered irrelevant) as they are located at the
outskirts of the plot. This implied that the blockage was not
originating from the main flow path of the reactors: low var-
iability in reactor pressures confirmed by their central location
in the loading plot. The score plots based on principal com-
ponents 3–5 were investigated in an analogous way (not
shown), but did not reveal additional trends. This multivariate
analysis thus reduced the number of investigations needed to
drill down to the actual root cause, which was finally identi-
fied as a local mixing effect at the point of reagent 2 addition.
This was permanently addressed by a small equipment mod-
ification at the manufacturing site, which successfully
prevented the blockage of reagent 2 supply in all further
manufacturing runs to date.

Real-Time Fault Diagnosis and Monitoring of Process
Performance

During the first commercial campaign, the process was run at
different productivity rates enabling maximum production
flexibility. This was achieved by independently varying the
main feed flow rates of stage 1 and stages 2–3 maintaining a
constant fill level in the buffer pot. Note that the ratio between
the main feed and reagent flow was kept constant at all times.

The described multivariate monitoring methodology was
not practical to monitor this flexible processing mode as a
model update would be required at every productivity change
adjusting for the changed flow rates and correlated parame-
ters. While flow rates could be monitored as a deviation from
their set point to avoid model excursions when changing the
process productivity, it was impossible to correct other sensor
readings, because there is no quantitativemodel describing the
effect of flow rate change on pump speed, pressure, and heat
exchange. The option of progressively building an all-
encompassing MSPM model was deemed impractical, as no
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monitoring would be feasible until sufficient information is
gathered at each newly tested productivity rate. Therefore, it
was decided to model the difference between the current time
point and the previous time point for each sensor instead of the
actual sensor readings, i.e., focusing on process variability
instead of absolute process sensor readings. The supporting
models explained only a small fraction of common cause var-
iability as was observed for the multivariate monitoring during
development (BExplore Common Cause Variability at State-
of-Control^ section). The adjusted monitoring approach suc-
cessfully delivered conforming multivariate trends while at
state-of-control regardless of the applied productivity rate
(Fig. 8). Additionally, the observed drift in pump pressures
as feed bottles were emptying and small temperature or flow
rate changes (BExplore CommonCause Variability at State-of-

Control^ section) did not cause continued excursions in the
multivariate trends. This removed the need for custom scaling
and the inclusion of a whole feed bottle cycle as applied dur-
ing the process development stage of the product lifecycle. A
feed or productivity change did cause a temporary spike
(Fig. 8) in the multivariate trend and therefore monitoring
was paused during these specific events.

While this methodology was fit for purpose during routine
manufacturing, it would have been less informative for real-
time process insights as targeted during the development cam-
paigns. This is caused by the fact that the model captures
relations between sensor variabilities instead of actual sensor
values, which complicates the interpretation of the sensor con-
tributions and reduces the sensitivity to small, continued pro-
cess drift.

Fig. 7 Score (a) and loading (b) plot of the PCA summarizing stage 1
sensor variability during selected time frames before observed spikes
(Fig. 6) in reagent flow. In the score plot, observations are colored by

the time when the spike in reagent flow occurred, while in the loading
plot, the process sensors exhibiting highest variability prior to reagent 2
blockage (most extreme locations in the plot) are marked in red.

Fig. 6 Spikes in Hotelling’s T2

trend caused by blockage of the
reagent 2 supply in stage 1
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Other Advantages of Multivariate Monitoring

During all described development and commercial campaigns,
multivariate monitoring was implemented by specialized
chemometricans as part of an evaluation exercise. Chemists
and engineers were closely involved in the selection of relevant
process sensors and data, and linked detected changes in mul-
tivariate trends to observed changes in the process. The ad-
vanced visualization interface available to the whole matrix
team enabled both a process overview based on multivariate
summary trends and an interactive drill down to evaluate indi-
vidual sensor readings. This encouraged chemists, engineers,
and operators to monitor the process more closely and resulted
in more real-time, data-driven process understanding activities
during process development. More specifically, recurrent pro-
cess sensor patterns or disruptions detected by multivariate
trends were investigated that may have previously been ig-
nored, e.g., pump flow rate was more variable as the feed vessel
emptied or a reagent 2 cylinder change introduced bubbles to
the system affecting both pressure and conductivity sensors.

Discussion

It was shown that multivariate monitoring adds value from
early development of continuous API synthesis processes un-
til commercial manufacturing and provides the flexibility to
create fit for purpose methodologies for the various stages of
the development life cycle. Although the potential for predic-
tive maintenance preventing divert to waste or forced shut
down during commercial manufacturing was demonstrated
by many observations (i.e., external test sets), more work is
needed to enable routine implementation by operators.

Firstly, alarm settings and corresponding decision trees
must be developed such that the operator can make an unam-
biguous decision to act upon a changing multivariate trend.

Hereby, it is important to minimize false alarms and unneces-
sary actions by the operator, as these would complicate oper-
ations and increase the risk of human error.

Secondly, routine implementation within the operational
control room requires model verification and maintenance fol-
lowing GMP standards. The supporting procedures will differ
from the approaches for established PAT predictive models,
e.g., models to predict tablet assay fromNIR spectra. Firstly, a
quantitative estimation of accuracy and precision is not possi-
ble as there are no reference measurements available.
Secondly, PATmodels are typically built around an intentional
stretch of process conditions across a predefined range, where-
as the models described in this paper are based on variability
around the target conditions. The main implication of the
resulting higher model sensitivity is the increased likelihood
of frequent model updates for multivariate monitoring to in-
clude changed variability patterns within the design space,
e.g., after a pump change, change of input materials, change
of weather conditions, and therefore requiring a novel model
maintenance approach compared to established PAT applica-
tions. It is expected that the frequency of required updates will
reduce over time as the model captures more and more com-
mon cause variability.

All the models described in the paper would be classified as
Blow impact^ models as per ICH Q8/Q9/Q10 definition [28],
because they were not used as an indicator of quality. As the
supporting models were based on common cause variability
observed at fixed set points rather than on accepted variability
within the defined design space, they typically flag different
types of process changes.

Conclusions

Multivariate trends summarizing many collinear process sen-
sor readings by PCA enabled real-time monitoring of the

Fig. 8 Hotelling’s T2 trend of one
commercial stage 1 process with
three peaks occurring during the
performed productivity decrease
(i.e., decrease in flow rate set
points in three steps) from
08:41 am till 08:51 am on 29th of
November 2017
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continuous synthesis of API during development and com-
mercial manufacturing activities. The flexibility of well-
established MSPM tools enabled designing a low resource,
fit for purpose implementation mode for each stage of the
product development life cycle despite a limited amount of
process experience.

While the implemented control strategy based on parametric
control and offline analytical testing provided the required qual-
ity assurance, the multivariate trends provided additional infor-
mation on process performance. During development, this re-
sulted in the identification of potential failure modes, a deeper
understanding of the natural process variability and accelerated
root cause analysis for a recurrent reagent blockage. During
manufacturing, the multivariate tool demonstrated a potential
for predictive maintenance as it flagged upcoming process dis-
turbances 10 min to few hours before the controlled parameters
(i.e., flow rate or temperature) exceeded their accepted ranges.
This time frame would enable corrective interventions (e.g.,
pump switch) to avoid a divert to waste event and/or forced shut
down of the process. More representative data is required to

develop a robust implementation strategy for routinemonitoring
focusing on meaningful alarm limits and unambiguous decision
trees for the supporting operators.

Finally, it was also demonstrated that multivariate models
based on real-time process analytics provided an increased
scrutiny on the quality of the manufactured products by max-
imizing the use of all relevant data generated on the line. This
drove the reduction of process variability and the increase of
process robustness ensuring continued delivery of product
quality for the patients. Although the current applications were
focused on process understanding, predictive maintenance,
and continuous process improvement, the long-term objective
should be real time, automated process optimization, and con-
trol. This could further enhance the quality of material gener-
ated by continuous processes, while enabling the highest level
of manufacturing efficiency and flexibility.
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Appendix

Table 1 Overview of sensor set up for the monitoring of a continuous API synthesis at the R&D pilot plant listing the applied scaling factor. Controlled
parameters are marked in italics. The accepted SD was calculated using Eq. 3

Stage 1 Stage 2–3

Sensor description Scaling Sensor description Scaling

Reactor 1 inlet conductivity SD Reactor 2 feed discharge p SD

Starting material discharge pressure SD Reactor 2 feed flow Accepted SD

Starting material feed flow Accepted SD Reactor 2 feed speed SD

Starting material pump speed SD Reactor 2 feed suction p SD

Starting material suction pressure SD Reagent 3 feed discharge p SD

Reagent 1 discharge pressure SD Reagent 3 feed flow Accepted SD

Reagent 1 feed flow Accepted SD Reagent 3 feed speed SD

Reagent 1 pump speed SD Reagent 3 feed suction p SD

Reagent 1 suction pressure SD Reagent 4 feed discharge p SD

Reactor 1 content temperature a Accepted SD Reagent 4 feed flow Accepted SD

Reactor 1 content temperature b Accepted SD Reagent 4 feed speed SD

Reactor 1 content conductivity SD Reagent 4 feed suction p SD

Reagent 2 feed flow Accepted SD Reactor 2 content conductivity SD

Reagent 2 upstream pressure SD Reagent 5 feed discharge p SD

Reagent 2 downstream pressure SD Reagent 5 feed flow Accepted SD

Reactor 1 content temperature c Accepted SD Reagent 5 feed speed SD

Reactor 1 content temperature d Accepted SD Reagent 5 feed suction p SD

Reactor 1 content temperature e Accepted SD Reactor 2 temperature a Accepted SD

Reactor 1 discharge pressure SD Reactor 2 temperature b Accepted SD

Reactor 1 outlet pressure a SD Reactor 2 temperature c Accepted SD

Reactor 1 outlet pressure b SD Reactor 2 temperature d Accepted SD
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