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An experimental nanoparticle preparation process by solvent displacement in passive mixers is considered. The problem
under investigation is to estimate the operating conditions in a target device (Mixer B) in order to obtain a product of
assigned properties that has already been manufactured in a source device of different geometry (Mixer A). A large his-
torical database is available for Mixer A, whereas a limited historical database is available for Mixer B. The difference
in device geometries causes a different mixing performance within the devices, which is very difficult to capture using
mechanistic models. The problem is further complicated by the fact that Mixer B can only be run under an experimental
setup that is different from the one under which the available historical dataset was obtained. A joint-Y projection to
latent structures (JY-PLS) model inversion approach is used to transfer the nanoparticle product from Mixer A to Mixer
B. The Mixer B operating conditions estimated by the model are tested experimentally and confirm the model predic-
tions within the experimental uncertainty. Since the inversion of the JY-PLS model generates an infinite number of solu-
tions that all lie in the so-called null space, experiments are carried out to provide (to the authors’ knowledge) the first
experimental validation of the theoretical concept of null space. Finally, by interpreting the JY-PLS model parameters
from first principles, the understanding of the system physics is improved. VC 2013 American Institute of Chemical Engi-

neers AIChE J, 60: 123–135, 2014
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Introduction

In this study, an experimental nanoparticle production pro-
cess by solvent displacement in passive mixers is consid-
ered.1–3 This process is widely used in the pharmaceutical
industry to manufacture polymer nanoparticles that can be
used as drug carriers for controlled drug delivery. The problem
under investigation is that of product transfer, and requires to
estimate the operating conditions in a target device (Mixer B)
in order to obtain a product of assigned properties that has
already been manufactured in a source device of different
geometry (Mixer A). A large historical database of experi-
ments previously carried out in Mixer A is available, whereas
a limited historical database is available for Mixer B. The
transfer is complicated by the fact that Mixer B can only be
run under an experimental setup that is different from the one

used when the historical dataset was obtained. This is a fre-
quent occurrence in the industrial practice, because the data-
sets available for the product transfer exercise may have been
collected much earlier than the time at which the transfer is
actually carried out. Hence, the equipment setup may have
slightly changed in the meantime, for example due to mainte-
nance operations or technological upgrade.

Due to the different design, Mixer B results in smaller pres-
sure drop (and therefore cheaper operating costs) than Mixer
A. For this reason, the transfer from Mixer A to Mixer B can
significantly reduce the pressure drop and operating costs for
the same productivity, or can lead to a productivity increase
thanks to the larger amount of material that can be processed
at the same pressure drop and operating costs.4 However, the
difference in device geometries causes very different mixing
performance within the devices, resulting in different charac-
teristics of the nanoparticles produced. Although this different
mixing behavior can be described with computational fluid
dynamics models,5 its impact on the final nanoparticle charac-
teristics is very difficult to capture using mechanistic models.6
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Criteria to scale or transfer the production from one device to
the other have been suggested based on dimensionless num-
bers (such as the Reynolds number and the Damkh€oler num-
ber7), or on the estimation of multi-scale mixing times4,8–11.
Although in many cases, definitive conclusions are difficult to
draw due to the complexity of the phenomena involved and to
the inherent experimental uncertainties, it seems that the Reyn-
olds numbers of the inlet jets can be used for scale-up only
when the device geometry and size ratios are maintained
through the devices. On the other hand, relying on multi-scale
mixing time principles requires the estimation of the character-
istic time-scales involved in the process, which may be quite
complicated if appropriate modeling tools are not available
(e.g., computational fluid dynamics4,5). Therefore, the com-
plexity of the physical phenomena occurring in the devices
and the limitations to their predictability in different devices
suggest the use of a data-based approach to guide the product
transfer exercise. Additionally, despite some recent advance-
ments,12–14 also the lack of a fully predictive model points to
the use of a data-based approach, not only for product transfer
but also for better process understanding.

Data-based approaches to guide technology transfer activ-
ities have been proposed to transfer analytical methods and
calibration models between different instruments.15 Contribu-
tions have been provided to assist the transfer of soft sensors
and models between different plants to predict the final prod-
uct properties based on process similarity.16–18 Other studies
have focused on the transfer of models for process monitor-
ing purposes,19,20 and on the use of multi-variate charts to
monitor the quality of products manufactured in different
plants with different production targets21 or to establish
multi-variate specifications for incoming raw materials
employed in plants of different scales.22

One effective data-based strategy to tackle the product
transfer problem is to exploit the historical datasets that
are usually available in product and process development envi-
ronments, for example from screening experiments or from
studies on products already manufactured. Jaeckle and Mac-
Gregor23 pioneered the use of historical databases of products
already manufactured in a target plant and in a source plant to
guide the experimentation in order to simplify and accelerate
the transfer of a new product to the target plant. They related
the datasets of the process conditions in each plant through the
data of the historical common products manufactured therein,
and used latent variable regression model (LVRM) inversion24

to estimate the process conditions for the target plant to manu-
facture a new product of assigned properties. This strategy has
been further refined by Garc�ıa-Mu~noz et al.,25 who proposed a
novel LVRM method to relate data from different plants,
which they called joint-Y projection to latent structures (JY-
PLS). Assuming that the correlation between the properties of
the historical products manufactured in different plants is simi-
lar, JY-PLS exploits the latent space generated by the joint
dataset of the product properties to relate the corresponding
process data. The model can be inverted to estimate the opti-
mal process conditions that, according to the model, ensure
the achievement of the desired product in the target plant. Liu
et al.26 used JY-PLS and model inversion to support the scale-
up of a pharmaceutical dry granulation process. An application
of latent variable modeling to support process scale-up has
been reported by Muteki et al.,27 who combined PLS modeling
and inversion to estimate the end point for a high-shear wet
granulation process in the target plant on the basis of the data
acquired from past batches and of the drug lot properties.

In this study, we use the JY-PLS model inversion
approach proposed by Garc�ıa-Mu~noz et al.25 to address the
nanoparticle product transfer problem described earlier. This
approach is coupled to a general framework for LVRM
inversion28 to invert the JY-PLS model built on the historical
datasets available for the source and target plants. The inver-
sion of the LVRM generates an infinite number of solutions,
i.e., there is an infinite number of combinations of the pro-
cess inputs that generate a product with the desired quality.
These solutions lie in the so-called null space,24 and one
additional purpose of this study is to provide what (to the
authors’ knowledge) is the first experimental validation of
the existence of the null space in a real case study.

By using a set of experiments purposely designed and car-
ried out for this study, the desired product will be transferred
from Mixer A to Mixer B under the new experimental setup
for two typical problems involving the preparation of nanopar-
ticles of desired characteristics. Furthermore, it will be shown
how multivariate latent variable modeling can provide a better
understanding of the nanoparticle formation mechanisms,
which in turn can provide useful insights for the development
or refinement of a detailed mechanistic process model.

Process and Datasets

An experimental precipitation process to manufacture pharma-
ceutical nanoparticles through solvent displacement is consid-
ered. This process is used to manufacture polymer nanoparticles
that are used for drug delivery and controlled drug release. It
consists of a dissolution phase (in which the drug is dissolved in
a solvent together with a polymer and other additives), a mixing
phase (in which the prepared solution is mixed with an antisol-
vent, usually water, in a mixing chamber), and a solvent elimina-
tion phase to give the final product.1 The process is operated
continuously in passive mixers, where the solution of the drug
and polymer and the antisolvent are injected through separate
inlets, and mixed. As soon as the two solutions mix, nanopar-
ticles are formed and then collected at the mixer output. One of
the most important issues related to this process is to control the
nanoparticle size. In fact, depending on the administration route,
the potential of nanoparticles as drug delivery systems depends
on their particle-size distribution. For parenteral administration,
in order to avoid negative interactions with the reticulo-
endothelial system, particles must have an assigned dimension
(or range of dimensions), which guarantee an adequate life in the
blood stream and a continuous and controlled drug release.29,30

In the case study considered in this article, the process
occurs in confined impinging jets mixers (CIJMs). The objec-
tive is to manufacture nanoparticles of desired size in a target
device B (CIJM-d2), by exploiting the data available from
experiments performed on a source device A of different size
(CIJM-d1) and from experiments performed on the device B
itself, but under a different overall experimental setup. The
mixers are schematically shown in Figure 1 and differ for the
size of the inlet pipes: CIJM-d1 is characterized by a mixing
chamber diameter of about 5 mm and inlet pipes inner diame-
ter of 1 mm, whereas CIJM-d2 has the same chamber geome-
try and dimension and the same pipe length as CIJM-d1, but
inlet pipes inner diameter of 2 mm. Although the difference in
the geometries of the two mixers may seem negligible, being
the process highly mixing sensitive, the geometry has a drastic
impact on the final nanoparticle characteristics. There are sev-
eral reasons justifying the investigation of these two different
geometrical configurations. As an example, two of them are

124 DOI 10.1002/aic Published on behalf of the AIChE January 2014 Vol. 60, No. 1 AIChE Journal



pressure drop optimization (clearly device B is characterized
by smaller pressure drops than device A) and the requirement
of improving process performances with respect to fouling or
flow instability.

Materials and methods

Data are available from historical experiments carried out
earlier in both devices to study the influence of the process
parameters on the nanoparticle size. Part of the available

datasets refer to the actual chemical systems used in real
applications, namely an active pharmaceutical ingredient used

for breast cancer treatment (doxorubicin) and different poly-

mers, including a PEGylated polymer that forms stealth nano-

particles (i.e., poly(methoxypolyethyleneglycolcyanoacrylate-
co-hexadecylcyanoacrylate)).31 However, a subset of the

available data was considered in this study. In fact, as the final

drug loading is often relatively low, in many cases the overall
particle formation process is controlled by the polymer nano-

particle formation process (i.e., polymer molecules self-

assembly into nanoparticles). For this reason, the analysis was
limited to the subset for which the largest historical database

was already available. Therefore, the selected experiments

involved the manipulation of four variables: the polymer con-
centration in the initial solution (cpol), the inlet water flow rate

(FR), the antisolvent-to-solvent flow rate ratio (W/A) and the

polymer type (Type). All experiments were performed using
poly-e-caprolactone (PCL) as a polymer, but considering two

lots of polymers of different molecular weight (MW). These

lots are named PCL14 for the lot with low MW (MW514,000
kg/kmol) and PCL80 for the lot having higher MW

(MW580,000 kg/kmol). Accordingly, the variable Type indi-

cating the polymer lot is binary (Type 5 0 for PCL14 and
Type 5 1 for PCL80). As mentioned above, all experiments

were carried out with no drug in the polymer solution, and

using acetone (HPLC grade by Sigma Aldrich) as the polymer
solvent, whereas deionized and micro filtrated water (Milli-

pore System, Milli-Q RG, millipackVR R 4.0 sterile pack,

0.22:m, Holliston, MA) was used as the antisolvent. The
mean particle size (dp) was the only property considered for

the characterization of the nanoparticles obtained from the

experiments.
The experiments were performed according to the following

protocol.4 The polymer solution in acetone and bidistilled
water were fed into the mixers by means of a syringe pump
(KDS200 syringe pump; KD Scientific, MA); 2 mL of water
feed were generally employed for each test. The outlet stream
was then collected in a small volume (10 mL) of distilled-
microfiltered water under gentle stirring and then sampled for
particle size measurements. This dilution quenched the par-
ticles and prevented the occurrence of secondary processes
(e.g., aggregation) after the stream left the mixer. Experiments
were typically repeated three times and the mean particle size
(dp) was then measured through dynamic light scattering (Zeta-
sizer Nanoseries ZS90, Malvern Instruments, Worchestershire,
UK). It is useful to remark that the instrument actually meas-
ures the time evolution of the scattered laser light at 90� with
respect to the source of laser light. From this measurement, an
auto-correlation function is derived, from which in turn two
parameters are calculated: the mean particle size (which is a
mean hydrodynamic diameter) and the polydispersity index
(indicating the spread of the distribution). The particle-size dis-
tribution is then generally fitted with a Gaussian distribution to
provide users with a continuous function, that is, however,
reconstructed from two integral properties (mean size and pol-
ydispersity index, exactly). For this reason, rather than focus-
ing on the reconstructed distribution we preferred to use the
integral quantities actually measured. Furthermore, as it was
observed that the polydispersity index does not change much
in CIJMs, only the mean particle size was selected as the main
parameter to characterize the nanoparticles.

The system under investigation can be unstable, hence it
was not easy to ensure perfect repeatability across the

Figure 1. Sketch of the different mixers considered in
this work for the product transfer problem.

(a) Device A: CIJM-d1. (b) Device B: CIJM-d2 (adapted

from Lince and coworkers4). All dimensions are in

millimeters.

AIChE Journal January 2014 Vol. 60, No. 1 Published on behalf of the AIChE DOI 10.1002/aic 125



experiments. Taking also into account the uncertainties in
the preparation of the solutions, in the characteristics of the
syringes, in the feeding rate of the pumping system and in
the dp measurements, variations in the mean nanoparticle
size from repeated runs are considered acceptable if they
range within 15% of the average value.

Dataset organization

The data available from the experiments have been organ-
ized in three datasets.
� Dataset A. XA (348 3 4) and YA (348 3 1) refer to

the experimental campaign performed on device A
(CIJM-d1). XA includes the operating conditions of 348
experimental runs, whereas YA collects the mean diam-
eters dp measured for the nanoparticles obtained.
Experiments did not follow a structured experiment
design campaign. Three process settings (cpol, FR, W/A)
were partially manipulated according to a one-factor-at-
a-time strategy, but not all of the experiments were
repeated with both available polymers. The extended
experimental campaign on device A was carried out
over a time window of about 24 months.

� Dataset B. XB (39 3 4) and YB (39 3 1) refer to the
experimental campaign originally performed on device B
(CIJM-d2). XB includes the operating conditions of 39
experimental runs, whereas YB collects the mean diame-
ters dp measured for the nanoparticles obtained. As for
device A, three process settings (cpol, FR, W/A) were par-
tially manipulated according to a one-factor-at-a-time
strategy, but on a smaller number of polymer concentra-
tion levels. Furthermore (and unfortunately), the polymer
type was changed according to the cpol level, thus con-
founding its effect on dp. This introduced an artificial col-
linearity between these two operating variables. The
original experimental campaign on device B was carried
out over a time window of 12 months.

� Dataset C. XC (17 3 4) and YC (17 3 1) refer to a
new experimental campaign purposely designed and
performed on device B under a new experimental setup.
This campaign was justified by the fact that some
changes had occurred in Mixer B since dataset B was
obtained, which determined slight differences in the
experimental setup (in terms of syringes used, pumping
procedure, and involved operators). In order to assess
the impact of this technological upgrade on the manu-
factured product, a set of nine experiments was carried
out initially in Mixer B under experimental conditions
that had already been explored in dataset B. These

experiments were located close to the center of the his-
torical experimental design space for device B. As
noticeable differences were observed in the diameters
of the nanoparticles obtained, eight additional experi-
ments were designed and carried out on device B,
according to a screening fractional factorial design in
which the four available operating parameters were
manipulated. These additional runs, which covered the
whole historical design space explored in the experi-
ments included in dataset B, introduced orthogonality
between the operating parameters, allowing for a better
interpretation of their effect on dp under the new exper-
imental setup. In summary, 9 1 8 5 17 experiments
were performed on device B under the new experimen-
tal setup, and they were included in matrix XC. Matrix
YC collects the mean diameters dp measured for the
nanoparticles obtained in each of these 17 experiments.

Table 1 reports the type and level of the operating parame-
ters used in the experiments, and the ranges of particle diame-
ters that were obtained. As can be seen, the number of levels
assigned to the operating parameters in dataset A is signifi-
cantly larger than the one in dataset B (especially for cpol).

Product Transfer Methodology

As stated previously, the objective of this work is to
obtain nanoparticles of desired mean size dp in device B
under the new experimental setup, by exploiting the histori-
cal data available from experiments in device A and device
B, as well as new experiments performed in device B under
the new experimental setting. The nanoparticle size differen-
ces observed in the two sets of experiments carried out in
device B complicate the understanding and the quantification
of the effect of the operating parameters on the mean nano-
particle size in this device. Therefore, the dataset obtained
from the target device operated under the new experimental
setup was analyzed separately from the other ones, as if it
came from a different device.

In light of the above, a procedure to jointly analyze all the
available data to draw information for product transfer is
used. The procedure is based on the transfer technique steps
first proposed by Garc�ıa-Mu~noz et al.25 which, for the sake
of conciseness, we summarize in the following in two main
steps. In the first step, a multi-site JY-PLS model25 is built
considering the three operating parameter datasets (XA, XB,
and XC) separately, and joining them through the common
space generated by the nanoparticle diameter datasets (YA,
YB, and YC). In the second step, the JY-PLS model is used
within an LVRM inversion framework in order to estimate

Table 1. Operating Parameters Manipulated in the Experiments, with the Levels Assigned for Each Operating Parameter on

Each Experimental Campaign

Level

Parameter XA(34834) YA(34831) XB(3934) YB(3931) XC(1734) YC(1731)

cpol [mg/mL] 0.026, 0.21, 0.22, 0.42,
0.82, 1.39, 1.47, 2.28,
2.65, 3.66, 5.04, 5.05,
6.17, 10.46, 15.07,
24.83

– 1.47, 5.04 – 1.47, 3.25, 5.04 –

FR [mL/min] 3, 20, 40, 60, 80, 120 – 3, 40, 60, 80, 120 – 3, 40, 60, 67, 80, 120 –
W/A 1, 1.83, 2.88, 6.08, 8.06 – 1, 1.83, 2.88, 8.06 – 1, 1.92, 2.84, 2.94, 5.18 –
Type PCL14 (5 0), PCL80 (5 1) – PCL14 (5 0), PCL80 (5 1) – PCL14 (5 0), PCL80 (5 1) –
dp range [nm] 2 [98.921194] 2 [181.22587.7] 2 [144.82437.5]
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the optimal operating conditions to be used in device B in
order to manufacture nanoparticles of desired mean size.

Multi-site JY-PLS Modeling

In order to optimally exploit the information available
from the different devices and from experiments carried out
under a different experimental setup, a technique that consid-
ers all the datasets in a whole modeling framework is
needed. To this end, JY-PLS25 can be used.

JY-PLS is a latent variable regression modeling technique that
allows relating datasets of regressors (e.g., raw material proper-
ties and processing conditions) from different sources through
the latent space generated by the response variables, which usu-
ally account for the product quality. The basic assumption of JY-
PLS is that, if similar products are produced in different plants
(i.e., devices) exploiting the same chemical and physical process,
the product properties should share a common correlation struc-
ture, represented by their latent variables. Assuming that the
regressors are correlated with the product quality within each
plant (within-plant correlation), the latent spaces of the regressor
datasets will span a common region, represented by the latent
space of the product properties (or a subset of it). This latent
space can therefore be used to relate regressor datasets from dif-
ferent sources (between-plant correlation).

In the system under investigation, the product quality space
is univariate, because it is represented only by the mean parti-
cle size dp. This variable identifies the only direction along
which the latent structures of the regressor datasets of differ-
ent devices should be aligned in order to be related. Consider-
ing the issues mentioned earlier, the three available datasets
should be analyzed separately to explore the latent structures
typical of each device/experimental setup.

The three datasets were therefore organized as in Figure 2,
and a multi-site JY-PLS strategy was implemented to model
the relationships between them.25 Accordingly, multi-site
JY-PLS decomposes the datasets into their latent structures
and overlap them with the direction identified by the matrix
YJ of the joint mean nanoparticle size datasets

YJ5

YA

YB

YC

2
664

3
7755

TA

TB

TC

2
664

3
775QT

J 1EYJ
(1)

XA5TAPT
A1EXA

(2)

XB5TBPT
B1EXB

(3)

XC5TCPT
C1EXC

(4)

TA5XAW�
A (5)

TB5XBW�
B (6)

TC5XCW�
C (7)

In Eqs. 1–7, QJ represents the (13A) matrix of loadings
defining the common latent space of YJ, A being the number
of LVs used to build the model; TA, TB, and TC are, respec-
tively, the (3483A), (393A), and (173A) score matrices;
PA, PB, and PC represent, respectively, the (43A) loading
matrices, whereas W�

A, W�
B, and W�

C the (43A) transformed
weight matrices of the model. Finally, EYJ

, EXA
, EXB

, and
EXC

are the residual matrices accounting for the model mis-
match in the original datasets reconstruction.

The JY-PLS model parameters can be found through a
modified NIPALS algorithm, which has been demonstrated

to converge to the eigenvector–eigenvalue decomposition
of the joint cross-covariance matrix of the considered data-
sets if the datasets are appropriately preprocessed. This
requires to autoscale each matrix and then divide the
regressor matrices (the Xs) for the squared root of the
number of their elements, and the response matrices (the
Ys) for the squared root of the number of rows in each
of them.25

It must be emphasized that the JY-PLS modeling
approach has been shown to be particularly useful for trans-
fer activities compared to other statistical methodologies,
especially when the latent structures of the target site/plant/
device are not fully observable from the available data (e.g.,
because the number of available data is not adequate to
describe it) or the LVs effect is different in the modeled
sites.32 This can be due to differences in the process param-
eters between the plants or to the different effect the process
parameters may have on the LVs (and on the response vari-
ables), if the same parameters are considered in the different
plants.26

For the system under investigation, previous studies have
demonstrated the different importance of the operating
parameters on the different devices used.1,4 This considera-
tion, together with the known differences in the experimental
setup between old and recent experimental campaigns and
the reduced number of data available from the experiments
in the target device, further justifies the use of JY-PLS to
support the transfer over other methodologies.

JY-PLS inversion for product transfer

Once the JY-PLS model has been built between the differ-
ent datasets, it can be used to support product transfer,
namely to estimate the process conditions xNEW

C (431) for
device B that, according to the model, provide nanoparticles
of desired mean size dp. To this purpose, model inversion
can be applied. As indicated by Garc�ıa-Mu~noz et al.,25 the

Figure 2. Schematic of the JY-PLS approach applied
for the product transfer problem considered
in this study.

[Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com]

AIChE Journal January 2014 Vol. 60, No. 1 Published on behalf of the AIChE DOI 10.1002/aic 127

wileyonlinelibrary.com


JY-PLS model can be inverted using a direct model inver-
sion or via a constrained optimization problem.33,34

Assuming that yDES (K31) is a generic set of K desired
product properties and that values are assigned to all the K
elements of yDES (i.e., only equality constraints are set on
yDES ), the direct inversion of the JY-PLS model can be per-
formed as follows24:

tDES 5 QT
J QJ

� �21
QT

J yDES (8)

x̂NEW
C 5PCtDES ; (9)

being tDES the (A31) score vector of the solution x̂NEW
C .

Direct model inversion does not always provide a viable

solution, for example when constraints are set for the solu-

tion xNEW
C or when inequality constraints are assigned to the

elements of yDES . Furthermore, it is known that LVRM

inversion has an infinite number of solutions, if the latent

space generated by the LVs needed to describe the system-

atic variability in the regressor datasets does not completely

overlap with the LVs needed to describe the joint response

variable dataset. These latent directions form the so-called

null space24,33, namely the locus of the regressor projections

that correspond to the same product quality. In the presence

of a null space, the model inversion solution can be moved

along it without affecting the desired product quality yDES .
The presence of the null space and of constraints either in

the regressor or in the product quality space requires solving

the JY-PLS inversion problem within an optimization frame-

work.25 In particular, in this study the general framework for

LVRM inversion proposed by Tomba et al.28 has been

extended to consider the inversion of a JY-PLS model.

Namely, the most general scenario of the framework (Sce-

nario 4 in the original article) was used and it was adapted

to the present case study:

min
x

NEW

C

g1 �
XA

a51

t2
a

s2
a

 !
1g2 � SPE xNEW

C

" #

subject to :

ŷNEW
C 5yDES or ŷNEW

C � b

ŷNEW
C 5QJt

x̂NEW
C 5PCt

t5W�
C

TxNEW
C

SPE xNEW
C

5 x̂NEW
C 2xNEW

C

� �T
x̂NEW

C 2xNEW
C

� �
� g3 � SPE

XC;95% lim

xNEW
r; C 5cr

xNEW
t; C � dt

lby � ŷNEW
C � uby lbx

l � xNEW
l; C � ubx

l :

(10)

Since the objective of the transfer is the estimation of the
process conditions for the target device in the new experimen-
tal setup, only the relevant model parameters appear in the
inversion problem (W�

C, PC). Furthermore, in Eq. 10 ŷNEW
C

represents the mean particle size corresponding, according to
the model, to the solution xNEW

C , t is the solution score vector,
composed by A ta elements, s2

a is the variance of the ath col-
umn of the dataset C score matrix, and SPE xNEW

C
is the squared

prediction error of the solution, accounting for its model mis-

match. The first term of the objective function represents the
Hotelling’s T2 of the solution. The inclusion of a soft con-
straint for this statistic allows moving the solution along the
null space (if one is present) by adjusting the weights g1 and
g2. Weight g3 instead is used to lower the value of the 95%
confidence limit for SPE xNEW

C
ðSPE

XNEW
C ;95%lim Þ within its rel-

evant inequality constraint. cr and dt are the values assigned,
respectively, to the equality and inequality constraints on the
r-th and t-th elements of xNEW

C (xNEW
r;C and xNEW

t;C ). Finally, lby

and uby are the lower and upper bounds of the domain for
ŷNEW

C , whereas lbx
l and ubx

l are the lower and upper bounds for
the lth element of xNEW

C (xNEW
l;C ).

Note that the optimization problem in Eq. 10 sets a hard
constraint on ŷNEW

C . If an assigned value is desired for the
mean particle size, the hard constraint is an equality con-
straint ŷNEW

C 5yDES
� �

; alternatively, if the mean particle size
is required to be lower than an assigned threshold b, the
hard constraint is an inequality constraint ŷNEW

C � b
� �

.

Results and Discussion

This section reports the results of the application of the
product transfer methodology to the nanoparticle production
process described in section “Process and Datasets”. First,
the JY-PLS model built on the available datasets is pre-
sented, together with its diagnostics and parameter interpre-
tation. The model is then inverted to design the process
conditions of device B in the new experimental setup for
two different problems. In the first problem, the objective is
to obtain in device B nanoparticles of an assigned mean size
dp (i.e., an equality constraint is set for it). As the existence
of a null space can be postulated, different operating condi-
tions are estimated and tested in order to experimentally val-
idate its existence. In the second problem, the objective is to
obtain in device B nanoparticles whose diameter is below an
assigned threshold, for their final application as carriers.

Model design, diagnostics and interpretation

The first step of the procedure is to build the JY-PLS model
on the available datasets. The model calibration diagnostics is
shown in Table 2, which presents the explained variance (R2)
and the cumulative explained variance R2

CUM

� �
per LV and

per dataset considered in model design. As can be seen, for the
response variable matrices (Ys) the variances explained after
the first LV are not significant. Differently, from the analysis
of the variances explained for the regressor datasets, it can be
noted that at least three LVs are needed to adequately describe
the systematic variability in the XA and XC datasets, whereas
the XB dataset variability is fully described with three LVs,
due to the artificial collinearity introduced by experimentation
between the polymer concentration and the polymer type vari-
ables. These results indicate that a null space is present, due to
the different rank (i.e., number of LVs) of the regressor and of
the response variable matrices.

To get a better indication of the number of LVs to use in
order to build the JY-PLS model, cross-validation has been
applied with a jackknife approach.35 In Table 3, the diagnos-
tics of the model in cross-validation per LV and per dataset
are reported. Namely, the explained variance in cross valida-
tion for the regressor dataset (P2)28 and for the response
dataset (Q2) are reported together with their relevant cumula-
tive explained variance values (P2

CUM and Q2
CUM).

The analysis of the results reported in Table 3 confirms
what was observed from the model calibration diagnostics.
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Given that the objective of the product transfer is the estima-
tion of the process conditions for device B in the new exper-
imental setup, it is important to select a number of LVs that
allows to adequately describe the variability of the XC and
YC datasets. On the basis of the P2 values (and in particular
the value of P2XC), three LVs were selected to build the JY-
PLS model. Given that the YJ space is univariate, this means
that there exists a bidimensional null space that has to be
considered in the inversion of the model, to estimate the pro-
cess conditions for device B.

In Figure 3, the weights of the JY-PLS model per LV are
reported as bar plots together with the joint loadings for the
response variable dp (QJ) for device A (Figure 3a), device B
in the old experimental setup (Figure 3b), and device B in
the new experimental setup (Figure 3c). Both the weights
and the loadings have been reported per LV and weighted
according to the variance explained by each LV of the
model per regressor R2

pvx

� �
and response R2

pvy

� �
variable.

The joint loadings QJ are of course the same in each plot,
even if they appear different because of plot scaling. To
assess the significance of the different operating variables on
different LVs, approximate 95% confidence intervals
obtained through a jackknife procedure have also been
reported for each weight bar.

The plots in Figure 3 are particularly useful to gain under-
standing on the physics of the system and on the effect of
the different process parameters on the mean nanoparticle
size in the different devices and settings. Figure 3 clarifies
that the impact of the operating parameters is quite different
in the different devices, although the general trend is the
same. To understand the effects on dp, especially the weights
of the variables on LV1 have to be considered (see the R2

Y

values in Table 2). As can be seen, the main variables affect-
ing the nanoparticle mean size are the polymer concentration
(cpol) and the water flow rate (FR). In particular, the higher
the polymer concentration, the larger the mean nanoparticle
size is expected to be. This can be inferred from the positive
weight cpol has on LV1 in all the bar plots of Figure 3,
which is concordant with the joint loading of dp on LV1
(meaning that there is a positive correlation between them).
The effect of FR is the opposite instead: in all plots, FR has
a negative weight on LV1, which is opposite to the dp joint
loading on LV1. This means that larger nanoparticles are
obtained at lower flow rates. The effects of the polymer type
(Type) and of the antisolvent/solvent ratio (W/A) generally

seem to be less significant on LV1, being their weights on
LV1 much lower (shorter bars). The reliability of these con-
clusions is also demonstrated by the tight estimated confi-
dence intervals for each variable weight on LV1.

While this analysis provides an idea of the general effect
of the operating variables on dp, from a detailed analysis of
each plot it can also be concluded that the importance of the
operating variables in each device is very different. Figure
3a suggests that the dominant driving force in device A is
due to cpol, and that FR has a lower impact on dp. Addition-
ally, an indication on the effect of the polymer type can be
drawn. In fact, from the value of the weight of Type it
appears that, when this variable assumes a “low” value (a
negative bar length means Type 5 0, i.e., PCL14 is used), the
nanoparticles obtained in device A are larger. The weights
on LV2 explain the variability in the data due to Type and
FR. Whereas the effect of FR is the same as described for
LV1, the weight of Type seems to give contrasting informa-
tion compared to what was concluded from LV1. However,
it must be noted that the LV weights are orthogonal. There-
fore, the weights on LV2 are not providing conflicting infor-
mation to those on LV1, but are indicating a second driving
force, which explains the second highest part of the variabili-
ty in the data. This is mainly due to the combination of the
polymer type and FR: a (very little) part of the variability in
dp (on LV2; 6.2%, Table 2) is due to the experiments per-
formed with PCL80 (Type 5 1) and low FR, which provide
nanoparticles of size larger than the historical mean. The
weights on LV3 accounts for a third part of variability,
which is mainly in the regressor dataset, being LV3 not sig-
nificant at all for dp (0.1%, Table 2).

From Figure 3b, it can be seen that the most important
variables for the process in device B with the original exper-
imental setup are cpol and the type of polymer used. How-
ever, it must be noted that, as mentioned above, a
collinearity between these two variables was forced in the
historical data from device B, due to the way in which the
experiments were carried out. This collinearity is described
by the weights of cpol and Type on LV1 in Figure 3b (which
are opposite, meaning inverse correlation between them). As
a consequence, the effect of these two variables on dp is con-
founded, even if it is likely that the cpol effect is prevailing.
The variability due to FR is described mainly by LV2 and it
looks less important than cpol. It is also interesting to note
that W/A shows a significant weight on LV3, which is

Table 2. Diagnostics of the JY-PLS Model

LV R2XA R2
CUM XA R2YA R2

CUM YA R2XB R2
CUM XB R2YB R2

CUM YB R2XC R2
CUM XC R2YC R2

CUM YC

1 0.293 0.293 0.548 0.548 0.465 0.465 0.712 0.712 0.232 0.232 0.658 0.658
2 0.261 0.554 0.062 0.610 0.288 0.754 0.056 0.768 0.217 0.449 0.032 0.690
3 0.196 0.750 0.001 0.611 0.246 1.000 �0 0.768 0.364 0.813 7.1e24 0.691
4 0.250 1.000 �0 0.611 0 1.000 �0 0.768 0.187 1.000 �0 0.691

Explained variance (R2) and cumulative explained R2
CUM

� �
variance of the considered datasets per LV in model calibration.

Table 3. Diagnostics of the JY-PLS Model

LV P2XA P2
CUM XA Q2YA Q2

CUM YA P2XB P2
CUM XB Q2YB Q2

CUM YB P2XC P2
CUM XC Q2YC Q2

CUM YC

1 0.282 0.282 0.520 0.520 0.435 0.435 0.679 0.679 0.098 0.098 0.413 0.413
2 0.261 0.543 0.075 0.595 0.295 0.730 0.079 0.758 0.327 0.425 0.150 0.563
3 0.207 0.750 0.008 0.603 0.270 1.000 20.012 0.745 0.422 0.847 0.120 0.683
4 0.250 1.000 20.003 0.600 0 1.000 0.022 0.767 0.153 1.00 0.008 0.691

Explained variance and cumulative explained variance of the regressor (P2, P2
CUM ) and the response (Q2, Q2

CUM ) datasets per LV in model cross-validation.
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however not significant to describe dp (see Table 2), as also
demonstrated by the large confidence intervals estimated for
the variable weights. In this case, LV3 is useful only to
describe the variability in XB.

Furthermore, from Figure 3c it can be noted that the latent
structure of XC (i.e., of the data from device B in the new
experimental setup) is quite different both from the one of
XA and (especially) from that of XB. This justifies the sepa-
rate analysis of the datasets B and C, and the use of the JY-
PLS model. The first important thing to note is that the most
important variable on LV1 is the water flow rate (FR), dif-
ferently from the other datasets. Note that the dependence of
dp from FR is known to be strong at low water flow rates,
whereas dp and FR are substantially unrelated at high flow
rates.4 Due to the different inlet diameters (and therefore to
the different inlet jet velocities), the increased importance of
FR in device B (with the new experimental setup) may be
caused by the fact that in this device the relationship
between FR and dp is strong on a wider range of flow rates
than in device A. This could not be seen from the analysis
of the XB dataset only, as LV1 was biased by the artificially
introduced collinearity between cpol and Type.

Finally, in Figure 3c W/A is found to have an impact on
LV1 (hence on dp), whereas cpol is poorly described by LV1.
The effect of FR and cpol follows the trend observed earlier,
but it is interesting to note that W/A is found to be inversely
related to dp. This means that the nanoparticle mean size is

expected to decrease at higher W/A values; in fact, under
these conditions less solvent is mixed with the same amount
of antisolvent, probably inducing the formation of smaller
nanoparticles. However, it should be mentioned that the
effect of W/A on these systems has not been completely
clarified on a physical basis4,7, as for W/A 6¼ 1 poor mixing
conditions are generally obtained, resulting in complicated
effects of the final nanoparticle size. Nonetheless, the effect
of W/A should be read in light of the polymer concentration:
at high polymer concentration, the nanoparticle size
decreases at higher W/A, probably due to the achievement of
supersaturation conditions, which are favored if less solvent
and more concentrated solutions are introduced as already
mentioned; at very low polymer concentration the role of the
mixing efficiency may prevail. This would explain the pat-
tern of the weights on LV1 in Figure 3c and its relation to
the joint loadings of dp. At the same time, the weights on
LV2 account for the second (although minor; R2YC 53:2%
for LV2, Table 2) driving force in the data, which is due to
the variability in cpol and W/A. Finally, LV3 describes
mainly the variability associated to the polymer type, that
seems to be not significant for dp in this dataset.

In the following, the JY-PLS model described in this sec-
tion is inverted to design the process conditions in Mixer B
to produce nanoparticles of a desired assigned mean size
(Problem 1) or with a size below an assigned threshold of
interest (Problem 2).

Figure 3. JY-PLS model weights and joint-Y loadings QJ per LV (a) for device A, (b) for device B in the old experi-
mental setup, and (c) for device B in the new experimental setup.

Approximate 95% confidence intervals are reported for each weight bar. [Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com]
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Problem 1: transfer results and null space validation

The objective is to manufacture nanoparticles of mean
size yDES 5280 nm in device B under the new experimental
setup. Nanoparticles of this size were already obtained in the
experimental campaigns performed in device A, as well as
in device B with the old experimental setup (datasets A and
B, respectively). The desired size is well within the ranges
of the historical data (Table 1), and the JY-PLS model can
be feasibly used to support the design of the process condi-
tions to obtain the nanoparticles.

Table 4 reports the results obtained by directly inverting
the JY-PLS model through Eqs. 8 and 9. The direct inver-
sion solution provides realistic results for cpol and FR, but
the value of the variable Type is meaningless (this variable
is binary). Therefore, the value of this variable has to be
assigned (or a mixed-integer optimization approach should
be used). Furthermore, due to limitations of the experimental
apparatus, W/A can only take specific values (see the column
related to XC in Table 1). This provides an additional con-
straint to the problem, which the direct inversion solution in
Table 4 cannot satisfy. Table 4 reports also the T2 and SPE
values for the solution, from which it can be concluded that
the solution lies onto the space of the LVs of the model
(SPE 5 0) and is quite close to the mean of the nanoparticle
sizes included in dataset YC (T2 5 0.62).

In addition to the issue on constraints, the existence of a
bidimensional null space should be considered in the inver-
sion. Due to the null space, the model inversion problem has
an infinite number of solutions, all of which (according to
the model) correspond to the same yDES . To calculate the
optimal set of process conditions xNEW

C along the null space
(i.e., those minimizing the objective function and satisfying
at the same time all constraints), the optimization problem
10 was solved.

The very existence of the null space was validated experi-
mentally. This was done by evaluating different solutions to
the JY-PLS model inversion problem along the null space,
and performing in device B the experiments suggested by
these solutions. To move the solutions along the null space,
problem 10 was solved by setting equality constraints to var-
iables Type and W/A (i.e., by assigning the polymer and the
antisolvent/solvent ratio to be used in the experiments), and
changing the constraint values in order to generate a set of
solutions. Furthermore, g1 5 0 was set, in order to prevent
the optimizer from moving the solutions toward the origin of
the historical data score space. The following boundaries
(inequality constraints) were set for the other variables:
� polymer concentration: 0.026< cpol< cpol,max;
� water flow rate: 3<FR< 120 mL/min.
These ranges represent the experimental domain defined

by the physical limits of the experimental apparatus (for FR)
and by the historical data range (cpol,max 5 6.17 mg/mL for
PCL80, and cpol,max 5 24.83 mg/mL for PCL14,).

Four different operating conditions sets xNEW
C were then

calculated using this strategy. Figure 4 shows the representa-
tion of the null space, as calculated from the QJ loadings
through singular value decomposition.37 Namely, Figure 4a
shows the representation of the bidimensional null space in
the three-dimensional score space of the JY-PLS model. The
projections of the points estimated by optimization along the
null space are reported (•), together with the scores of the
direct inversion solution (�), and of the historical data used
to build the model and included in XA (w), XB (~), and

XC (�). For the sake of clarity, Figure 4b reports the score
space on the first two LVs of the model. The meaning of the
symbols is the same as in Figure 4a, but the null space is
represented by the thick line, which represents the intersec-
tion between the bidimensional null space and the plane of
the first two LV scores. The relevant 95% confidence limits
for the null space are reported as thin lines. These limits
have been calculated through a bootstrapping algorithm, fol-
lowing the procedure described by Tomba et al.28

Table 5 reports the four different process operating condi-
tions sets estimated along the null space through the JY-PLS
model inversion. As can be seen, a reasonably wide region
of the null space could be explored by simply changing the
equality constraints for W/A and for the polymer type. This
can be observed also from the projections of the solution
sets into the score space and from the solution Hotelling’s T2

in Table 5. Furthermore, despite the constraints assigned to
some of the variables, the solution SPEs are very low, mean-
ing that the solutions are quite close to the LV model space,
thus improving their reliability.

To validate the existence of the null space and to verify
that the desired nanoparticle size was actually obtained, the
operating conditions estimated by JY-PLS model inversion
were actually implemented in a series of experiments on
device B under the new experimental setup (i.e., the same
used to obtain the data included in datasets XC and YC).
The new experimental results are reported in the last two
columns of Table 5, in terms of mean size of the obtained
nanoparticles dEXP

p

� �
and of percentage error compared to

the desired value yDES 5280 nm . As can be seen, the
obtained nanoparticles have a mean size very close to the
target one, especially for the experiments performed with
PCL80; slightly larger errors are observed when using
PCL14. However, the observed errors are well within the
repeatability threshold (15%). Hence, it can be concluded
that particles of roughly the same size are obtained by run-
ning device B at very different operating conditions. These
five sets of operating conditions (which include those
obtained from direct model inversion) all lie on the same
subspace of the score space (the null space), as Figure 4b
clearly shows.

Note that the errors for PCL80 are both negative, whereas
for PCL14 they are both positive. Although the number of
experimental runs is not sufficient to draw general conclu-
sions, this seems to indicate that a polymer effect does exist,
but it is not completely captured by the model. Notwith-
standing this, the general trend observed in the data, accord-
ing to which PCL14 is associated with smaller nanoparticles
compared to PCL80, is captured. Also note that the largest

Table 4. Problem 1

cpol (mg/mL) FR (mL/min) W/A Type T2 SPE

x̂NEW
C 3.2 53 2.27 0.58 0.62 0

Operating conditions in device B determined by direct inversion of the JY-
PLS model to obtain nanoparticles of mean size yDES 5 280 nm. The 95%
confidence limits are: T2

lim 5 11.46; SPElim 5 4.37e22.
The confidence limits for the T2 and SPE have been calculated as in Nomi-
kos and MacGregor.36 The limits are based on the latent structure of dataset
C, as this is the target plant for the transfer exercise. Note that these limits
should be considered with caution when few samples are available to build
the JY-PLS model. In this case, a valid alternative would be to set a thresh-
old value based on the values of the relevant statistics for the historical
samples.28
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error between experimental and expected values is observed
in Run 4, when the largest water flow rate FR value was
used. As mentioned earlier, from first-principles knowledge
on the process it is known that the dependence of dp from
the water flow rate is stronger at low values of FR, whereas
at higher values the effect is less significant. The FR value
used in Run 4 (68 mL/min) is an intermediate value (see
Table 1), which is representative of a transition zone in the
relationship between FR and dp. This may justify the
increased error observed for this run. As the JY-PLS model-
ing technique is linear, a solution to this issue may consist in
the use of a nonlinear transformation for the FR variable.
Alternatively, an iterative approach could be used, by
designing the model after new experiments have been carried
out, and performing the inversion with the updated model,
until convergence on the desired mean nanoparticle size is
reached.25 Local modeling approaches38 may also be used to
cope with possible nonlinearities.

To the authors’ knowledge, these results provide the first
experimental validation of the existence of a null space.
They clearly show that different operating conditions along
it can indeed provide the same desired mean particle size.
This can be useful in defining the so-called design space of
the process, namely the space of conditions inside which the
process settings can be moved without affecting the obtained
product properties.39 This has very important implications in
pharmaceutical engineering, where the desired product is

often defined within very narrow characteristic property
windows.

Problem 2: transfer results and validation

Manufacturing nanoparticles whose dimension is smaller
than an assigned threshold is a typical requirement when the
particles are to be used as drug carriers. To test the proposed
methodology for the solution of this problem, the JY-PLS
model inversion approach was applied with the objective of
manufacturing nanoparticles of mean size dp< 190 nm in
device B under the new experimental setup. The optimiza-
tion problem 10 was solved by setting an inequality con-
straint for ŷNEW

C , and by assigning b 5 190 nm as the
constraint value. As in Problem 1, the polymer type and the
antisolvent/solvent ratio values were assigned and set as
equality constraints in the optimization.

In Table 6, three different sets of operating conditions
determined by inversion of the JY-PLS model at different
values of W/A and Type are reported, together with the rele-
vant T2 and SPE statistics and with the values of the mean
nanoparticle size predicted by the model for the calculated
solution sets d̂p

� �
. The experimental conditions obtained by

optimization present high values of FR and (relatively) low
values of cpol. This is not surprising, as the optimizer is
asked to find operating conditions suitable to manufacture
nanoparticles with small size compared to the historical data.
Therefore, to satisfy the constraints, the optimizer is forced

Figure 4. Problem 1: null space validation.

Representation of the null space for yDES 5 280 nm, and of the projections (•) on the score space of the JY-PLS model of the oper-

ating conditions in device B as estimated by model inversion along the null space: (a) score space of the 3 LVs of the model and

(b) score space of first 2 LVs of the model. In each plot, the scores of the data in XA (w), XB (~), and XC (�) are reported

together with the scores of the direct inversion solution (�). The null space is represented in (a) by the gray plane and in (b) by

the thick line with the relevant 95% confidence limits (thin lines). [Color figure can be viewed in the online issue, which is avail-

able at wileyonlinelibrary.com]

Table 5. Problem 1: Null Space Validation

Run no. cpol (mg/mL) FR (mL/min) W/A Type T2 SPE dEXP
p nmð Þ Error (%)

1 1.5 3 1.00 PCL80 3.16 2.45e24 289.5 23.4
2 2.9 24 2.94 PCL80 1.56 4.63e26 287.4 22.6
3 4.1 53 1.00 PCL14 2.33 3.13e24 268.6 14.1
4 5.0 68 2.84 PCL14 2.40 4.72e24 247.9 111.5

Operating conditions in device B determined by inversion of the JY-PLS model to obtain nanoparticles with yDES 5 280 nm, and comparison with the mean
diameters obtained experimentally. Variables W/A and Type assigned as equality constraints. The 95% confidence limits are: T2

lim 5 11.46; SPElim 5 4.37e–2.
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to find solutions near the boundaries of the operating vari-
able domain. In fact, in Runs 1 and 3 the calculated value
for FR hits its upper bound. As a consequence, the values of
the SPE statistic are larger than in Problem 1 (although still
acceptable), indicating that in order to satisfy the constraints,
the solution has to be moved out of the LV model space.

As in Problem 1, the operating conditions calculated by
inversion of the JY-PLS model were implemented on device
B, under the new experimental setup, to experimentally vali-
date the results. The last two columns of Table 6 report the
value of the mean size of the nanoparticles obtained experi-
mentally dEXP

p

� �
, together with the error accounting for the

difference between model predictions and experimental val-
ues. For Run 1 and Run 3, the experimental values of the
nanoparticle mean size satisfy the inequality constraint
assigned in the inversion problem dp � 190 nm

� �
. For Run

2, the experimental value does not satisfy the constraint, but
the obtained value for the nanoparticle size (192.4 nm) is
very close to the threshold. Nonetheless, the errors between
experimental and predicted values are very small. It should
be emphasized that at the high FR values used in Runs 1
and 3, the behavior of the system is more easily predicted by
the model, as data at similar flow rates were obtained also
from the historical experiments.

Figure 5 represents the projections of the operating condi-
tion sets reported in Table 6 in the space of the scores on
the first two LVs of the JY-PLS model. The meaning of the
symbols is the same as in Figure 4. It can be observed that
the estimated process conditions project in the region of neg-
ative scores for both LV1 and LV2, which, by considering
the weights in Figure 3c, corresponds to the region of high
FR, low cpol, and high W/A values. The (relatively) small
values of the constraints assigned to W/A to estimate the sets
of Table 6 tend, therefore, to pull the solution projections to
the center of the model latent space.

Conclusions

The problem of the transfer of a product between different
devices (mixers) has been considered for a nanoparticle
preparation process. The objective was to produce nanopar-
ticles of desired size in a target device, by exploiting histori-
cal data available from a device of smaller size (source
device) as well as from the target device itself. As a reliable
mechanistic model is under investigation but is not available
for this process currently, a data-based approach based on
the inversion of a latent variable regression model (namely,
joint-Y PLS) was used. The product transfer problem was
complicated by the fact that the target device could only be
run under a setup that was different from that under which
the available historical dataset had been obtained. For this
reason, a third dataset of limited size was built ad hoc by
carrying out the experiments under the new setup, and the

relevant data were modeled as if they came from an addi-
tional plant.

Two product transfer problems were studied, which are typ-
ical in the industrial manufacturing of nanoparticles for phar-
maceutical applications. In the first one, the objective was to
estimate the operating conditions in the target device in order
to manufacture nanoparticles of assigned mean size. A bidi-
mensional null space had to be considered in the model inver-
sion, and different operating conditions were estimated along
the null space and tested experimentally. The experiments
provided the first experimental validation of the existence of
the null space, and showed how different process settings
were indeed able to provide the same desired mean nanopar-
ticle size, within the experimental uncertainty.

In the second problem, JY-PLS inversion was used to
design experiments in order to obtain nanoparticles with
mean size below an assigned threshold. Experiments con-
firmed the effectiveness of the model inversion procedure in
designing the target device operating conditions in such a
way as to obtain nanoparticles of assigned size range.

JY-PLS modeling provided the additional benefit of
improving the understanding of the system physics. The
model parameters were interpreted from first-principles, con-
firming some issues that were known only partially from pre-
vious studies and providing useful insights on the main
factors determining the different physical behavior of the
devices. This new piece of information can be used to
improve the mechanistic description of the system.

Table 6. Problem 2

Run no. cpol (mg/mL) FR (mL/min) W/A Type T2 SPE d̂p nmð Þ dEXP
p nmð Þ Error (%)

1 3.0 120 1.00 PCL80 1.2 3.28e22 185.4 183.4 11.1
2 1.5 83 2.94 PCL80 1.5 7.93e25 183.1 192.4 25.1
3 2.4 120 2.94 PCL14 2.8 5.30e23 161.4 165.8 22.7

Operating Conditions in Device B Determined by Inversion of the JY-PLS Model to Obtain Nanoparticles with yDES< 190 nm, and Comparison with the Mean
Diameters Obtained Experimentally. Variables W/A and Type assigned as equality constraints. The 95% confidence limits are: T2

lim 5 11.46; SPElim 5 4.37e–2.

Figure 5. Problem 2.

Projections (•) on the score space of the first two LVs

of the JY-PLS model of the operating conditions in

device B as estimated by model inversion to obtain nano-

particles with dp < 190 nm. The scores of the data in XA

(w), XB (~), and XC (�) are reported as well. [Color

figure can be viewed in the online issue, which is avail-

able at wileyonlinelibrary.com]
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Notation
A = source device (CIJM-d1)
A = number of latent variables selected to build the

JY-PLS model
B = target device (CIJM-d2)
b = value of the assigned threshold for the nanoparticle

size
cpol = polymer concentration in the initial solution

cr = value of the equality constraint on the r-th element
of xNEW

C

dp = mean particle size

d̂p = mean particle size predicted by the model for the
calculated solution set

dEXP
p = mean size of the nanoparticles obtained

experimentally
dt = value of the inequality constraint on the t-th ele-

ment of xNEW
C

EYJ
;EXA

;EXB
;EXC

= residuals matrix for YJ, XA, XB, XC

FR = inlet water flow rate
g1,2 = weights for soft constraints, to move the solution

along the null space
g3 = weight for lower the value of the 95% confidence

limit for SPE
xNEW

C

within its inequality constraints

lbx = lower bound of the domain of xNEW
C

lby = lower bound of the domain of ŷNEW
C

PA;PB;PC = loadings matrix for XA, XB, XC

P2 = explained variance in cross validation for the
regressor dataset

P2
CUM = cumulative explained variance in cross validation

for the regressor dataset
QJ = loadings matrix defining the common latent space

for YJ

Q2 = explained variance in cross validation for the
response dataset

Q2
CUM = cumulative explained variance in cross validation

for the response dataset
R2 = explained variance by JY-PLS model

R2
CUM = cumulative explained variance by JY-PLS model

R2
pvx = variance explained by each LV per regressor variable

R2
pvy = variance explained by each LV per response variable

s2
a = variance of the a-th column of TC

SPE
xNEW

C

= squared prediction error of the solution xNEW
C

TA;TB;TC = score matrix for XA, XB, XC

T2 = Hotelling’s T2

t = score vector of the solution xNEW
C

tDES = score vector of the solution x̂NEW
C

ta = ath element of t

Type = polymer type
ubx = upper bound of the domain of xNEW

C

uby = upper bound of the domain of ŷNEW
C

XA,XB = matrix that includes historical samples performed
in device A and B

XC = matrix that includes new samples performed in
device B

xNEW
C = solution of the optimization problem 10

x̂NEW
C = solution of the model inversion problems 8 and 9

YA, YB, YC = matrices collecting the mean size of the nanopar-
ticles manufactured in the operating conditions of
XA, XB, XC

YJ = joint mean nanoparticle size datasets

yDES = generic set of desired product properties

ŷNEW
C = mean particle size corresponding to the solution

xNEW
C

W�
A;W

�
B;W

�
C = transformed weight matrices of the model for XA,

XB, XC

W/A = antisolvent-to-solvent flow rate ratio
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