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The porogen effect on the complexation step of
trinitrotoluene–methacrylic acid: towards efficient
imprinted polymer sensors†
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The development of sensors capable of efficient 2,4,6-trinitrotoluene detection is evolving into an important research field due to mounting threats to public safety. Molecularly imprinted polymers are receiving
intensifying attention as potential recognition elements. Currently, there is limited understanding as to how
the solvent impacts the crucial complexation stage in imprinted polymer production. Here, we investigate
whether solvent interactions during the complexation stage should be considered in the optimal design of
such sensors. The approach adopted uses molecular dynamics to simulate the interactions between all relevant molecules in the pre-polymerization mixture with different porogenic solvents: pure acetonitrile, diReceived 2nd September 2017,
Accepted 13th October 2017

methyl sulfoxide, water, and binary mixtures at different compositions of the former two. Molecular dynamics provides an excellent opportunity to gain an accurate insight into the behaviour of the porogen
molecules with the target molecule and functional monomers. The results showed conclusive evidence to-
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wards solvent interactions impacting the complex's quality in the studied system. A porogen mixture, acetonitrile : dimethyl sulfoxide, of 75 : 25 molar ratio is suggested for optimal trinitrotoluene and methacrylic
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acid complexation.

Design, System, Application
Molecularly imprinted polymers (MIPs) can be designed as a recognition element for a target molecule on a given sensor, promising to advance
substantially the detection level. However, it is vital to understand how the different components in the MIP's pre-polymerization mixture interact. Here,
we bring to the design table information about the impact of various solvents on the crucial complexation stage of these systems, via a molecular dynamics
approach. A comprehensive critical appraisal of the current TNT detection techniques using MIPs set the case study. We predicted that an optimal complexation stage could be obtained by manipulating the solvent composition for this application. Additionally, the presented methodology could be easily customized for the study of other MIP systems.

Introduction
2,4,6-Trinitrotoluene (TNT) is a widely used explosive and an
environmentally damaging toxic substance, arousing great
concern for public safety and health. TNT is a preferred explosive due to its insensitivity to shock and friction; however,
for those very same handy reasons, it poses a threat through
potential terrorist activity. Currently, due to its widespread
military use in the first and second World Wars, TNT contaminates vast areas of soil and groundwater on a global
scale. Through the 20th century, there were more than 17 000
documented cases of TNT poisoning resulting in over 475 faDepartment of Chemical Engineering, University of Bath, Claverton Down, Bath,
Somerset BA2 7AY, UK. E-mail: c.e.herdes.moreno@bath.ac.uk
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talities.1 The need for effective TNT detection is unmistakable and the required recognition technology must be able to
function quickly at on-site testing (e.g. crowded public venues
and/or remote countryside locations).
Gas chromatography is the usual technique used for TNT
detection, but it is not suitable for on-site recognition due to
its poor specificity and long testing cycles. Spectroscopic
techniques such as fluorescence, infrared and luminescence,
as well as immunochemistry and electrochemistry have been
used as alternative methods for TNT identification.2 None of
these technologies provide the sensitivity or the speed of detection required. This poses a challenge for design and engineering in its key role within public health and safety.
Employing coatings made of molecularly imprinted polymers (MIPs) is a way to increase both the sensitivity and the
detection speed of existing sensors.3–6 Ideally, MIPs operate
identically to biological sensors, exhibiting the same selective
characteristics. Additionally, as polymeric man-made
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receptors,7 MIPs provide essential advantages over biosensors
such as low cost, high stability, and reusability.
Imprinting (shown in Fig. 1) is the process of using a template or target molecule (TM) and functional and crosslinking monomers (FMs and CLs) to produce a porous material containing cavities with preferential binding for the TM.
The polymerization is carried out in a porogenic solvent
(SOL) and an initiator could also be required depending on
the selected polymerization route.7
After the polymerization, the TM and the SOL are washed
out; what remains is a polymeric porous network with accessible cavities exhibiting preferential selectivity towards the
TM used during its synthesis; however, and very frequently, it
also shows affinity to other molecules similar to the TM. To
design sites with 100% selectivity towards an individual compound, enzyme-like selectivity and rational understanding of
the different stages of the process must be gained.8–16
Combining MIPs (as the enhancing recognition element)
with surface plasmon resonance (SPR) has shown potential
for quick TNT on-site detection.2,17 An SPR sensor reads
changes in the local surface environment and converts them
into an observable optical signal. SPR sensors are very sensitive and therefore can be used to characterise molecular interactions occurring at surfaces. Commonly, SPR detection of
small molecules involves reactions to produce molecules that
are large enough to gain observable signals. The MIP is
designed to interact with TNT, pulling the molecule close to
the SPR sensor, which then provides an optical response
allowing for identification of the molecule. TNT detection
was observed at limits as low as 10−8 mol L−1, which is at a
comparable level to that of electrochemical sensors.2 Overcoming the need for reactions, a detection limit of 50 μM has
been attained,18 which is in the order of 103 times greater
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than the lower detection limit previously achieved.2 The differences in the detection limits in these works2,17,18 are attributed to the differences in the MIP preparations.
Voltammetric-MIP sensors for TNT detection have shown
high sensitivity and moderate selectivity, via chemically modified electrodes.19 These sensors were capable of observing
TNT at limits as low as 1.5 × 10−9 mol L−1.19 Electrochemical
biosensors are an option that provides high selectivity but
are expensive and exhibit poor stability.
Integration of surface-enhanced Raman scattering (SERS)
with MIPs and xerogels for TNT detection has also been
suggested,20 but so far with limited selectivity. The xerogel
matrix includes 3-aminopropyltriethoxysilane, which acts as
the FM, forming strong bonds with the electron-deficient ring
of the TNT molecule. The xerogel–MIPs were deposited on
the SERS-active surface so that the recognition sites would
concentrate TNT, enhancing its specific molecular fingerprint. The sensor successfully responded to TNT at levels as
low as 3 μM while showing good stability and a selectivity factor of 1.63 for TNT to 2,4-dinitrotoluene (DNT).20 Selectivity is
an important characteristic of detection systems, and
imprinted polyvinyl alcohol microspheres have been
synthesised to produce an exceptional selectivity coefficient
of 12.44, relative to 2,4-DNT.21
Another technique worth mentioning, which offers the capability for TNT detection, is the combination of MIPs and
metal organic frameworks (MOFs). MOFs are metal complexes with organic linkers and can exist in one-, two- or
three-dimensional structures. One of the MIP–MOFs that
have recently drawn attention is based on bisanilinecrosslinked gold nanoparticles (AuNPs). AuNPs can be
functionalised with p-aminothiophenol and then electropolymerised in the presence of the TM. The template can

Fig. 1 Sketch of the different components and stages in the imprinting process.
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then be extracted, leaving recognition sites. MIP–MOFs can
be combined with an electrochemical sensor as well as with
optical and mass transducers.5
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Importance of the porogen in the
complexation stage
In MIP production, the reactants are initially blended in the
so-called pre-polymerization mixture. Our main focus is the
crucial TM–FM complexation step at this first stage. In the
second stage, the polymerization itself consists of three further steps: initiation, propagation and termination. The details of this process are not discussed here as it is beyond the
scope of this study; clear and comprehensive details for each
component at all stages of MIP synthesis are given somewhere else;22 however, a few remarks follow. The current consensus on the role of the SOL is that it generates a homogeneous system to facilitate the complexation stage and
controls the porosity of the MIP.7,22 SOLs are currently selected based on their impacts on the morphology and total
volume of the polymer. A good SOL is viewed as producing a
polymer with a well-developed pore structure and a high surface area. The FM serves to interact with the TM, producing a
complex prior to the polymerization of the MIP. These TM–
FM interactions are fundamental to the selectivity of the MIP
and often form the basis of FM selection;22–25 however, the
influence of the SOL in the complexation stage of TNT–MIP
is yet to be researched in depth.
A previous computational study specifically investigated
TNT–FM interactions, based on ab initio density functional
theory calculations providing information on a single-site.26
Here, the TM–SOL and FM–SOL interactions in the prepolymerization mixture will be investigated to further our understanding of the factors affecting the production of a TNT–
MIP sensor. Improving the prediction of the quality of the
complexation stage will advance the selectivity of such an
MIP, further refining its recognition ability. Molecular dynamics (MD) is used to simulate the complexation of TNT
(the TM) with methacrylic acid (MAA, the FM) in three different pure solvents, water, acetonitrile (ACN), and dimethyl
sulfoxide (DMSO), and binary mixtures of ACN and DMSO.
Since the complexation relies on TNT and MAA interaction,
the TNT–SOL and MAA–SOL interactions will significantly
screen this complexation. Analysis including radial distribution functions (RDFs, gĲr)), Kirkwood–Buff integrals (KBI) and
cluster size will be used to study the simulation results. Systems with water as solvent express relevance towards TNT–
MIP for aqueous applications, rather than the synthesis of
the polymers in water.
A gĲr) is defined as the ratio between the average number
density at any given distance, r, from any atom and the density at the same distance, r, from an atom in an ideal gas,
with the same overall density. By definition gĲr) = 1 for an
ideal gas, for all r. Any change in this value is due to intermolecular interactions since the ideal gas theory states that
interactions are negligible.27
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The Kirkwood–Buff solution theory28 relates molecular interactions to macroscopic properties. This theory describes
structural thermodynamics over the complete range of compositions for solvents using RDFs. The KBI (eqn (1)) can be
related to many physical properties, including the interaction/binding energies of atoms.28 The KBI represents the volume per number of atoms and allows a quantitative comparison between the RDFs for the various interactions and is
therefore deemed a satisfactory analysis tool.

(1)

Eqn (1) shows the relationship between the KBI and RDF
where r is the distance, between the atoms i and j in an open
system, which can be approximated and applied to closed
systems with R being the cut-off distance.

Computational methodology
Here, a general strategy implemented for the simulation of
MIPs is followed,8 only mimicking the pre-polymerization
stage of the synthesis. In this particular case and in order to
capture the solvent effect on the complexation step, we manipulated the composition of commonly used porogens in
MIP synthesis.
Molecular models
For this work, TNT, MAA, ACN and DMSO were modelled
with a common force field, specifically OPLS-AA (optimised
parameters for liquid simulations, all atoms).29 For the molecular description of water molecules, the SPC/E force field
was chosen.30 It has been shown that OPLS-AA force field
partial charges for nitro functional groups are too large, leading to over-predictions of thermodynamic properties (e.g.
densities, hydration free energies, etc.).31–33 Hence, the TNT
density charge distribution at atom level definition was calculated. The preliminary geometry optimizations were run at
the PM3 level of theory using the Arguslab software. Partial
charges, bond lengths and angles were optimized at the DFT/
R-B3LYP/6-311G** level of theory. The geometry convergence
tolerance was set to 10−6 Hartree and the SCF convergence at
10−7, and a vibrational (force matrix) analysis was performed
in order to ensure that the obtained geometries rest at the
minimum of the potential energy surface. All calculations
were run with the GAMESS-US package. The charge distributions along with the force field parameters for all species are
given in the ESI.†
Simulation details
MD simulations were performed under the NVT and NpT ensembles for i) the pure porogens, ii) binary mixtures of TNT
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and MAA,‡ iii) ternary systems involving TNT : MAA : SOL, and
iv) quaternary systems with TNT : MAA : ACN : DMSO; all under common laboratory conditions, 1 atm and 298.15 K, unless specified otherwise. Pressure and temperature were
maintained via a Berendsen barostat and thermostat, respectively. The number of molecules in pure systems was set to
300. The TNT : MAA equimolar binary mixture was simulated
using 600 molecules. For the ternary mixtures, 50 TNT molecules were used along with 300 MAA and 300 porogen molecules. In the quaternary systems, the same TM : FM ratio was
kept within ACN : DMSO binary molar compositions of 25 :
75, 50 : 50 and 75 : 25. All the MD simulations were carried
out using GROMACS v5.1.34 Periodic boundary conditions
were applied to the simulation cells. A simple cutoff radius
corresponding to 1.2 nm was applied. Long-range interactions were calculated by the standard PME method. The
SHAKE algorithm was employed to constrain the molecular
bonds. The time resolution of the equations of motion was
set to 2 fs. The different systems were monitored until the
relevant properties (e.g. density, total energy, etc.) attained
equilibrium (this part of the MD trajectory was discarded). Afterwards, production runs were extended to 10 ns for the
reported averages.

Results and discussion
Pure porogen sanity checks
Density, self-diffusion coefficient and RDF calculations were
performed for each pure solvent. The comparison between
simulated results and available experimental density values is
shown in Table 1. All models presented good agreement with
the experimental density values, with absolute errors below 5%.
Self-diffusion coefficients were calculated from the mean
square displacement (msd) of the pure solvent molecules,
using the post-processing function g_msd in Gromacs;34 the
predictions are shown in Table 2. Good agreement is found
between the predicted and experimental values for ACN and
water. The error for DMSO is magnified by its low diffusivity;
its absolute error is only 0.171 × 10−9 m2 s−1, compared to
0.202 × 10−9 m2 s−1 for ACN. Therefore, the DMSO model is
far more accurate than indicated by the calculated percentage
error. It is worth noticing that an available united atom
model for DMSO36 reported a diffusivity coefficient of 1.1 ×
10−9 m2 s−1 (+37.5% error), significantly less accurate than
the one calculated here via the selected all-atom model.

Table 2 Simulated and experimental diffusion coefficients for the pure
solvents

Diffusion coefficient
(×10−9) [m2 s−1]
Porogen

Simulation

Experimental

Error
[%]

Water
ACN
DMSO

2.46
4.09
0.629

2.57
4.28
0.800

−4.13
−4.72
−21.4

Experimental values for water,37 ACN38 and DMSO.39

RDFs for each solvent were obtained using the postprocessing function gmx rdf in Gromacs34 and are shown in
Fig. 2. The first coordination shell produced by water, at
0.176 nm, is at a significantly shorter distance than the other
solvents.
The second coordination shell for water appears at a
shorter distance, 0.324 nm, than the first coordination shell
for ACN at 0.4 nm and about the same distance as that of the
first coordination shell for DMSO, but in both cases with
lower intensity than the other solvents. This is due to water
being the smallest porogen and exhibiting strong intermolecular interaction via hydrogen bonding. Fig. 2 is
constructed with the strongest atom–atom pair interaction
within each solvent molecule, i.e. hydrogen–oxygen in the water molecule, methyl carbon–nitrogen in ACN and, oxygen–
carbon in DMSO. RDF results are in excellent agreement with
previous studies.40–42 Overall, the unique force field selected
to model the porogens has been shown to reproduce experimental and other simulated results accurately.
TNT, MAA and porogen interactions
Carboxylic acids have been the preferred functional monomer
for TNT–MIP production.2,17–21,26,43,44
Here, understanding how the porogen interacts with TNT
and MAA is crucial to calculate the quality of the TNT–MAA
complex and ultimately predict the TNT–MIP rebinding capabilities. An ideal TNT–MAA complex structure can be seen in
Fig. 3.

Table 1 Simulated and experimental densities for the pure solvents

Porogen

Sim. density [kg m−3]

Exp. density [kg m−3]

Error [%]

Water
ACN
DMSO

990.04
743.96
1147.7

997.05
776.60
1095.4

−0.703
−4.20
+4.77

Experimental densities obtained from the NIST webbook.35
‡ Analysis for all binary systems can be found in the ESI accompanying this
work.

92 | Mol. Syst. Des. Eng., 2018, 3, 89–95

Fig. 2 RDFs for the pure solvents, water (black □), DMSO (blue ○) and
ACN (red ×).
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Table 3 MAA cluster size analysis in pure MAA and binary TNT/MAA
systems

System
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Pure MAA
Binary
TNT/MAA

Maximum cluster size
[—]

Average cluster size
[—]

28
26

4.51
4.41

The cluster size represents the number of MAA atoms in a cut off
distance of 0.35 nm, deemed appropriate based on the interaction
distances seen in Fig. 2 and 4. The maximum cluster size suggests
that the largest MAA aggregate includes more than two molecules.
The average cluster size is 4.51 for pure MAA. The cluster analysis of
the binary system reinforces the point that the desired TNT–MAA
interaction is not achieved in the binary system. An MD snapshot in
Fig. 5 better illustrates this behaviour.
Fig. 3 2D schematic showing the ideal TNT–MAA complex in a MIP
structure.

However, short carboxylic acids exhibit a remarkable tendency to aggregate.29 Hence, a prime structure such as the
one in Fig. 3 will only be attained in the presence of an optimal porogen, which disrupts the tendency of MAA to form
clusters while promoting the TNT–MAA interactions.
MAA–MAA RDFs are produced for binary TNT : MAA and
pure MAA systems as shown in Fig. 4.
In Fig. 4, the pure MAA RDF has been shifted by 0.1 nm
for the sake of clarity. The influence of the TNT molecules in
the binary mixture on the MAA–MAA interaction peak is negligible. The results of a cluster size analysis in both systems
are found in Table 3.

Fig. 5 Selected MD snapshot showing ten MAA molecules and one
TNT molecule. The TNT molecule is stabilized in between two MAA
rings, one of 6 and another of 4 members, left and right, respectively.
Hydrogen bonds are depicted with red dashed lines.

Disruptive porogen influence
The computational task ahead is to find out whether and
how different solvents would disrupt the tendency of MAA to
form aggregates while maximizing the probability for TNT–
MAA complexation in the pre-polymerization mixture.
Table 4 summarizes the calculated KBI values for the
TNT–MAA complex at different compositions for the binary

porogen ACN : DMSO; the associated RDFs are not shown
here for the sake of brevity but are available in the ESI† accompanying this work.
The average cluster size analysis around the MAA atoms
on the above systems provides a more accurate representation of the MAA–MAA interactions, as can be seen in Table 5.
The largest MAA clusters are formed in pure ACN hence it
provides the least disruption. The cluster size decreases by
5.56% between pure ACN and the binary porogen with a molar composition of 75 : 25. This decrease in MAA cluster size
means that there are more available MAA molecules that can
interact with the TNT molecules.

Table 4 KBI and RDF maximum peak for the TNT–MAA complex at different compositions for the binary porogen ACN : DMSO

Fig. 4 MAA–MAA RDFs produced for binary TNT : MAA (black □) and
pure MAA (red ×) systems.
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ACN : DMSO porogen composition

KBI [nm3]

RDF maximum

0 : 100
25 : 75
50 : 50
75 : 25
100 : 0

0.0281
0.0184
0.0466
0.285
0.164

1.09
1.10
1.19
1.34
1.23

Details of KBI calculations can be found in the original work.28
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Table 5 Average and maximum MAA cluster sizes at different compositions for the binary porogen ACN : DMSO

ACN : DMSO porogen
composition

Average cluster
size

Maximum cluster
size

0 : 100
25 : 75
50 : 50
75 : 25
100 : 0

2.19
2.20
2.28
2.38
2.52

7
7
10
10
13

TNT–MAA water influence
The interactions between water and MAA (FM) are relevant to
the functionality of TNT–MIP in ground water TNT detection.
An analogous RDF, KBI and cluster size analysis was
performed on this ternary system. A considerable drop in
MAA aggregation was found, due to hydrogen bonding. The
MAA–MAA RDF intensity halved to 5.30, with respect to the
pure MAA system. Likewise, the KBI decreased from 0.090
nm3 to 0.040 nm3. The maximum MAA cluster size decreased
from 26 atoms to 16 atoms when water was added; meanwhile, the average cluster size decreased to 3.21. These results indicate that the MIP-based TNT detection sensitivity in
water could be significantly reduced because of multiple and
strong MAA–water interactions. Hence, water molecules could
disguise the presence of TNT in ground water.

Conclusions
The main objective of this work was to explore the role of different solvents in the complexation of TNT and MAA, towards
a more effective TNT–MIP sensor. Calculated KBI and MAA
cluster size analysis has helped to quantify the impact that
the porogen would have on the TNT–MAA complex. The KBI
displays a clear relationship between the intensity of MAA–
SOL interaction and disruption to MAA cluster size. Combining the results summarized in Tables 4 and 5, the ACN :
DMSO binary porogen at 75 : 25 molar composition is
suggested for the synthesis of a more efficient TNT–MIP. Regarding the TNT : MAA : water analysis, a better FM than MAA
should be selected for TNT detection in aqueous media; the
MD methodology and analysis tool presented here are suitable for such a task.
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