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A large virtual combinatorial library of polymethacrylates was, for the first time, designed for computer-
aided prediction of biorelevant and material properties and focused polymer synthesis. The dis-
tinguishing features of this virtual library include its size (about 40000 compounds), its explicit
representation of relatively long polymer chains, and its accounting for different compositions in the case
of copolymers and terpolymers. A subset of 79 polymers taken from a representative sub-library of 2000
polymethacrylates was employed to build initial QSPR-based polynomial neural network models, which

gzyr:fiﬁ:onal chemist were then deployed to predict cell attachment, cell growth, and fibrinogen adsorption on polymer
Biomaterials v surfaces for these 2000 polymethacrylates. The agreement between predicted and experimentally

measured property values for the 50 polymethacrylate copolymers within this virtual polymer space
encourages further pursuit of polymethacrylate-based biomaterials, and justifies more extensive de-
ployment of computational models derived from larger experimental data sets for the rational design of

Computer modeling

biorelevant polymers endowed with targeted performance properties.

© 2008 Elsevier Ltd. All rights reserved.

1. Introduction

Utilization of computational molecular modeling methodolo-
gies has led to significant accomplishments in a wide variety of
fields of research and development. Computational approaches and
tools employed successfully in pharmaceutical drug discovery, such
as molecular diversity/similarity, virtual screening, and quantita-
tive structure-performance relationship (QSPR) models, have be-
come essential technologies over the past decade due to their
scalability, robustness and predictability. Recent advances in QSPR
models derived from machine-learning algorithms, together with
the advent of affordable high-performance computer hardware and
software, now invites extension of these methodologies to larger
and more complex systems such as biomaterials. Nevertheless,
computational modeling and prediction of bioresponse phenom-
ena for polymeric biomaterials remains a significant challenge.

The first combinatorial library of polymers [1] consisted of 112
strictly alternating polyarylate copolymers, and beginning in 1999
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[2], has served as the source of data for building an array of pre-
dictive QSPR (surrogate or semi-empirical) models that differed
with respect to their theoretical basis and computational com-
plexity. Statistically robust QSPR models were constructed and
validated to predict diverse physicochemical and biological prop-
erties such as glass transition temperature (Tg), air-water contact
angle (AWCA), fibrinogen adsorption onto polymer surfaces [3,4],
and cellular attachment and growth of fibroblast-like cells from
mouse embryo on flat surfaces of the selected polyarylates [5].
Several computational techniques, such as multiple linear re-
gression (MLR), partial least square analysis (PLS) [5] and artificial
neural networks (ANN) [3,6], have been employed and compared
with respect to their statistical quality and predictability. Despite
some qualitative differences in their predictability, all of these
models were reasonably successful in predicting the properties of
the “external” set of polymers, i.e., the polymers, which were not
involved in generating the QSPR models. These previous compu-
tational efforts employed various strategies to select molecular
structure-based descriptors. Among these approaches, the decision
tree algorithm, the Monte Carlo variation procedure, and principal
component analysis (PCA) [4,6] were successful in selecting mo-
lecular descriptors that correlated most strongly with experimen-
tally determined performance properties. While early models
included experimental values of T, and AWCA as descriptors for
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building QSPR models [3], more recent work has shown that highly
predictive QSPR models could be derived solely from computa-
tionally generated descriptors [4,5]. Physical interpretation of the
most significant descriptors enabled these researches to establish
structure-performance relationships among polyarylates and to
formulate principles for guiding optimal polymer design. The suc-
cess of these past efforts confirmed the advantages in integrating
experimental and computational methods toward the rational
design of polymers for specific applications.

Where QSPR models have been constructed, the ANN algorithm
has been the tool of choice in the majority of cases [5-9]. In con-
trast, the present study employs a distinct type of neural network
called the polynomial neural network (PNN) [10]. Despite their
similar composition in terms of multi-layered interconnectivity of
neurons (nodes), the ANN and PNN differ fundamentally with re-
spect to their dynamic nature. The ANN requires the user to specify
the architecture, i.e. the precise number of neurons in the input,
output and hidden layers, as well as a number of hidden layers. In
contrast PNN assembles the architecture in response to features of
the data [11]. It can generate both linear and non-linear regression
equations of any order and automatically produces any number of
QSPR equations that best correlate the inputs (molecular de-
scriptors) and outputs (target properties) and sorts them in order of
their predictive ability. Furthermore, the PNN is specifically
designed to process both very small data sets and very large
(>5000 compounds) data sets, even when the data are “noisy” or
contain irrelevant values (outliers). These features make PNN an
invaluable tool for QSPR studies of large and diverse combinatorial
libraries of polymers.

The goal of this communication is threefold: (a) to introduce
the major advantages of automated parallel synthesis of poly-
methacrylates using the reversible addition-fragmentation chain
transfer polymerization technique; (b) to present the design of
a large virtual combinatorial library of polymethacrylates where
each compound is represented by an explicit chain of repeat units
assembled to reproduce several polymeric compositions; and (c) to
report initial PNN models for the polymethacrylates that show
promise for predicting of the bioresponse of large and diverse
combinatorial libraries of polymers. The present study illustrates
a rational strategy for screening and selection of the most prom-
ising candidates for focused parallel synthesis.

2. Methods
2.1. Automated synthesis

From the perspective of combinatorial polymer synthesis poly-
methacrylates present an attractive choice due to the broad range
of structural diversity in the pendant ester group of commercially
available monomers (see Table S1 in Supplemental materials).
Additionally, these monomers are predominantly liquids, which
make them amenable to the superb liquid handling of the
automated synthesizer [12]. The polymers were synthesized as
homopolymers, copolymers, and terpolymers using reversible
addition-fragmentation chain transfer (RAFT) polymerization in
order to obtain well-defined polymers (Fig. 1). RAFT polymerization
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is a robust technique, which is amenable to many monomers and
solvents [13]. Since the control of the polymerization relied heavily
on the RAFT chain transfer agent, 2-cyanoprop-2-yl dithiobenzoate
was used to this end and it exhibited good control for the synthesis
of various methacrylate monomers [12,14]. In a second step, the
RAFT end group was exchanged for an isobutyronitrile end group by
reaction with an excess of azobisisobutyronitrile (AIBN) [15,16].
Automated synthesis allowed for rapid optimization of reaction
conditions, including solvent, concentration, and ratio of RAFT
chain transfer reagent to free radical initiator (Fig. 1). In total 79
polymers from the combinatorial library of polymethacrylates were
synthesized; their thermal and biological properties were de-
termined and these polymers comprised the training set for
subsequent computational modeling. To our knowledge, the syn-
thesized subset of polymethacrylates is the first polymer library
obtained using automated synthesis with the aim to generate the
structure-activity relationships necessary to tune the properties of
biomaterials.

2.2. Biological characterization

The advent of combinatorial parallel synthesis of biomaterials
prompted the need to develop efficient rapid-screening assays to
investigate the diversity of responses when biological systems (i.e.,
macromolecules, cells, organs, whole organisms) are exposed to the
polymeric material. A rapid-screening immuno-fluorescence assay
(IFA) for the detection of fibrinogen adsorption onto polymer sur-
faces developed by Weber et al. [17] was validated on poly-
methacrylates and employed in the present study. An established
procedure [18] was utilized to culture NIH3T3 (fibroblast-like cells
from mouse embryo) on flat surfaces of the selected poly-
methacrylates. Metabolic activity represented by cell attachment
and cell growth was estimated using a commercially available MTS
assay (CellTiter96®, Promega, Madison, WI). Altogether three dif-
ferent types of bioresponses, specifically, fibrinogen adsorption
(FA), cell attachment (CA), and cell growth (CG) on the polymer
surfaces were measured for the selected subset of polymers. The
resulting set of experimental data, together with the calculated
molecular descriptors, was employed to build QSPR models using
PNN.

2.3. Polynomial neural network

The PNN is a powerful machine-learning algorithm [10] that
generates both linear and non-linear QSPR regression models in
parametric form. By virtue of its ability to handle either sparse or
large datasets, the PNN was chosen to build predictive models for
this virtual combinatorial library of polymethacrylates. This unique
feature of the PNN was deemed especially useful in the present
study, which sought to predict the bioresponse for a large (up to
2000) and diverse data set of polymethacrylates based on QSPR
models built using experimental measurements for the data set
that consisted of 79 polymers. Only polymers whose experimen-
tally measured standard deviation was within 25% of their mean
value were selected for model construction. To avoid the problem of
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Fig. 1. Polymethacrylate library: reversible addition-fragmentation transfer (RAFT) polymerization.
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model over-fitting, each PNN-based QSPR model was restricted to
a maximum of five descriptors from the pool of 184 descriptors.

3. Results and discussion
3.1. Design of virtual combinatorial library

To introduce structural diversity into our combinatorial design,
33 building blocks (side chains) from a family of methacrylates
were chosen as candidates for “computational combinatorial syn-
thesis”. A length of the common structural skeleton (polymer
backbone) was built to accommodate 12 repeat units to encompass
variations in both copolymers and terpolymer compositions. The
molecular operating environment (MOE) molecular modeling
package [19] was used to generate a virtual library of about 40 000
polymers, where the building blocks were randomly combined to
reproduce 50/50, 25/75, 75/25, and 33/33/33 percent compositions
for copolymers and terpolymers. The entire combinatorial virtual
library included all possible permutations and comprised three
sub-libraries: (a) homopolymers of 33 polymers; (b) copolymers
of 3267 (33 x33) polymers and (c) terpolymers of 35937
(33 x 33 x 33) structures. Schematic representation of this virtual
library is shown in Fig. 2. The binomial coefficient [20] was used to
select unique polymers by reducing the total number of copolymer
structures from 1089 to 528 for each of the 50/50, 25/75 and 75/25
percent compositions (total 1584 compounds). Similarly, the 35937
terpolymers were reduced to 5456 unique structures and the data
set of 330 terpolymers was employed in modeling part of this study
(see Fig. 2). Exceptionally large size, structural diversity, and ex-
plicit representation of polymer compositions make this virtual
library of polymethacrylates an ideal test case for computer-aided
prediction of biorelevant and material properties.

The MMEFF force-field [21] was used to generate energy-mini-
mized structures of each polymer under consideration. The MMFF
contained a complete set of force-field parameters for all the atoms
present in monomers of polymethacrylates chosen to build the
library (Table S1). Two-dimensional descriptors that encode for
molecular connectivity (184 descriptors altogether for each poly-
mer) were computed using the MOE software. It has been pre-
viously shown that these descriptors are capable of successfully
predicting similar types of bioresponse for the library of bio-
degradable polyarylates [3,5].
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Fig. 2. Schematic representation of the virtual library of polymethacrylates.

Table 1

Values of the correlation coefficient (R?) and mean absolute error (MAE) from the
PNN models generated for all copolymers from the virtual combinatorial library of
polymethacrylates

Cell attachment Cell growth Fibrinogen
adsorption
Total number of polymers 22 20 22
Split of 17/5 16/4 18/4
training and test sets

R? (training set) model I 0.80 0.95 0.86
R? (combined) model II 0.78 0.95 0.78
MAE (training set) model I 14.67 8.01 10.50
MAE (combined) model II 17.90 10.94 15.46

3.2. PNN models

To build PNN models for copolymers the three experimental
data sets generated for separate compositions (i.e., 50/50, 75/25,
25/75) were combined into a single data set, which provided
a sufficient number of data points to build a statistically robust
model and, at the same time, to cull a representative test set of
copolymers for model validation (Table 1, Fig. 3).

Two linear regression models, specifically, model I based solely
on the training-set compounds and model Il based on the combi-
nation of training and test sets, were generated (Table 1). Model II
was subsequently employed to predict the bioresponse for each
polymer in the entire virtual library of ~2000 polymethacrylates.
Values of the correlation coefficient (R?) for all training-set models
were of the order of 0.80 or higher. Agreement between the model
predicted and experimentally measured values was excellent for
the test set polymers, aside from the cell attachment data. However,
exclusion of just one compound from the test set substantially
improved the predictive ability of this model (Table 2). Further
prediction was made for the selected combinatorial library of poly-
methacrylates comprising 33 homopolymers, 1584 copolymers at
50/50, 25/75 and 75/25 percent compositions and a representative
subset of 330 terpolymers at 33/33/33 percent. Those polymers
with favorable bioresponse values were selected as potential can-
didates for subsequent chemical synthesis and biological evalua-
tion. In view of the positive results obtained for the copolymers,
future work will expand the paradigm to the entire library of
terpolymers.

Analysis of the molecular descriptors selected by PNN revealed
that hydrophobic/hydrophilic features of the polymers correlated
strongly with their biological behavior. Descriptors related to the
octanol/water partition coefficient (log P) contributed significantly
to the QSPR model for all three types of bioresponses. Two addi-
tional descriptors selected by PNN for cell attachment where
electrostatic interactions are crucial for the attraction of cells were
the number of nitrogen atoms and the net charge of the polymer.
The salient descriptors for the cell growth model, in addition to the
contribution from log P-related descriptors, included a shape co-
efficient and selected electron donor groups; the latter probably
plays a role in locking growing cells to the polymer surface over
time. Among the top five descriptors selected by PNN for the fi-
brinogen adsorption model was the number of rotatable bonds,
suggesting that the conformational flexibility of the polymers is
vital for interactions with protein.

4. Conclusions

We report here the computational combinatorial design of
a large virtual library of polymethacrylates together with initial
PNN models, which were built to predict clinically relevant bio-
responses for diverse polymer designs including copolymers and
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Fig. 3. Model II-type PNN models for a set of 22 polymethacrylates: (A) cell attachment; (B) cell growth; (C) fibrinogen adsorption. Correlation coefficients are shown for training

sets.

terpolymers. The results obtained offer guidance for the rational
design of polymethacrylate-based biomaterials, and promote fur-
ther development and application of computational models based
on more extensive experimental data sets for this family of poly-
methacrylates. Although the number of experimental data points
for model generation was rather sparse, the resulting models

Table 2
Validation results for the linear regression PNN model

Cell attachment® (% of Cell growth® (% of Fibrinogen adsorptionb

control) control) (% of control)
Experiment Prediction Experiment Prediction Experiment Prediction
93.7 54.8 137.0 154.5 164.3 160.8

98.8 89.9 74.2 719 104.1 117.50
52.5 59.0 149.2 138.8 154.5 160.9

64.1 61.1 62.1 78.8 116.7 136.4

69.2 60.4 - - - -

Experimentally measured and predicted values of cell attachment, cell growth and
fibrinogen adsorption are shown for test sets of 5, 4 and 4 polymethacrylates,
respectively; compound depicted in bold was excluded from the test set.

2 Relative to tissue culture polystyrene (TCPS) [5].

b Relative to polypropylene control [17].

demonstrated good quality correlations and allowed quantitative
performance prediction for the much larger set of about 2000
representative polymethacrylates. The polymers identified by
combined regression models as “active” have been selected for
synthesis and biological characterization to enable further valida-
tion of the initial PNN models.
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Appendix. Supplementary data

List of polymethacrylate monomers used to build virtual
combinatorial library is provided in Supplementary data.
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Supplementary data associated with this article can be found in the
online version, at doi:10.1016/j.polymer.2008.03.032.
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