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The theoretical design of a metalloporphyrin-based fluorescence sensor was developed
for the discrimination of volatile organic compounds (VOCs). Molecular models of cobalt
tetraphenylporphine (CoTPP) with small VOCs were investigated by the density functional
theory (DFT) method at the Becke, 3-parameter, Lee—Yang—Parr (B3LYP) and LAN2DZ level.
The relative energies of CoTPP and its complexes were calculated at three spin states (low,
intermediate, and high) to obtain their optimized geometry structures. Singlets were found to
be the most stable states for ColPP and its complexes, except for ColPP-oxygen and CoTPP-
propanol at triplets. The binding performance was represented by the binding energy (BE),
which showed the following order based on the most stable states: propane (L3) < oxygen (O)
< propanol (L2) < hydrogen sulfide (H,S) < propionaldehyde (L6) < nitrogen (N5) < butanone
(L5) < ethyl acetate (L4) < trimethylamine (L1). We suggest that the CoTPP-based fluorescence
sensor is sensitive to trimethylamine and ethyl acetate, and avoids the interference from propane
and oxygen.

1. Introduction

Volatile organic compounds (VOCs) are one of the most important indicators of food quality
attributes obtained from the processing, storage, and consumption of food.("?) They indicate
the degrees of various chemical, physical, microbiological, and biochemical changes in food.®™>
Conventionally, the discrimination of VOCs has always been carried out by traditional
component-by-component analysis (i.e., gas chromatography).(3’6) This method gives reliable
results on food quality and can be applied to the quality control and quality assurance of food
and beverages. However, gas chromatography is time-consuming and requires professional
operations, such as preprocessing, preconcentration, column separation, detection, and data
analysis. Therefore, a rapid and simple detection method is extremely important both to
consumers and industry for quality control and assurance.
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Over the past decades, various sensor-based methods have been developed to detect and
discriminate VOCs for the analysis of food quality. The generalized discrimination of VOCs
is always related to the sensor-based technology (i.c., electronic nose),"® which adsorbs and
detects analytes using a set of heated metal oxides or polymers. This sensor-based method

©10) and consists of a series

is inspired by the mammalian olfactory and gustatory systems,
of chemical-sensitive sensors that produce an electrochemical response to discriminate one
analyte from another. In comparison with the traditional component-by-component methods
(i.e., liquid and gas chromatographies), the advantages of the sensor-based technology are
that it is potentially rapid, time-saving, and less expensive. Despite some successes of the
electronic nose in the quality control and assurance of food, the discrimination of analytes at
low concentrations and the interference of humidity changes are challenges for this traditional
sensor-based method.(!*?

According to previous studies,!*!') the selectivity and sensitivity of sensor-based methods
are based on the molecular interactions between sensors and analytes, such as acid-base
interactions, m-m molecular complexation, dipolar and multipolar interactions, hydrogen
bonding, bond formation, and last and least, physical adsorption and van der Waals interaction.
We present extensions of our colorimetric sensor array and explore its application to the
determination of chemical vapors. Here, we present the development of our fluorescent
sensor and investigate the design strategy for the detection and discrimination of VOCs. The
theoretical design of the fluorescent sensor is related to two fundamental requirements: (1)
the fluorescent sensor must have an interaction center to strongly react with analytes and (2)
the fluorescent sensor before and after reacting with analytes must produce a strong change
in the fluorescence spectrum. These two requirements indicate that the fluorescent sensor
must involve stronger chemical interactions (i.e., Lewis and Brensted acid/base interactions),
rather than simply physical adsorption and van der Waals interaction. Metalloporphyrin is
an excellent fluorescence sensor with strong sensor analyte interaction and high fluorescence
performance before and after reacting with analytes.

Our purpose was then to develop a theoretical design strategy based on the density
functional theory (DFT) for the rapid design of a fluorescence sensor.

2. Computational Methods

The metalloporphyrin-based fluorescence sensor is represented by a simple cobalt-porphyrin
ring with meso-phenyl groups [i.e., cobalt tetraphenylporphine (CoTPP)]. Metalloporphyrin
models (CoTPP-L) were constructed with the CoTPP molecule before and after exposure to

VOCs, in which L represents the VOCs. According to previous studies,>19)

various types of
alcohols, aldehydes, esters, amines, and ketones are the important indicators of food quality.
Hence, trimethylamine (L1), propanol (L2), propane (L3), ethyl acetate (L4), butanone (L5),
and propionaldehyde (L6) were selected to represent the common VOCs in food. To avoid
any shortcomings, oxygen (O»), nitrogen (N3), and sulfur dioxide (H»S) were also considered
in this theoretical study. All molecular structures used in this study were obtained from the

Cambridge Crystallographic Data Centre (CDCC). The DFT method with Becke, 3-parameter,
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Lee—Yang—Parr (B3LYP) was performed for each model compound. This theoretical method
has been proven to be very suitable in the study of similar metalloporphyrin complexes.!!®
Geometry optimizations of all model compounds were carried out using a basis set called
LANL2DZ at three different states in the gas phase. DFT-based methods at this level have been
proven to be very efficient for geometry structures, relative energies, binding energies (BE),
and charge distributions.!*2" All theoretical calculations were carried out with the Gaussian16

program suite.
3. Results and Discussion
3.1 Metalloporphyrin-based fluorescence sensor

Figure 1 shows the schematic of the metalloporphyrin-based fluorescent sensor before
and after exposure to VOCs. This fluorescent sensor is dependent on strong and relatively
specific interactions (i.e., Lewis acid/base interaction) between sensors and analytes. It is
different from the well-known electronic nose approach, which is based on extremely weak
and nonspecific interactions (i.e., physical adsorption and van der Waals interaction) between
sensors and analytes.m’zz) Therefore, prior weak sensor analyte interaction will provide limited
sensitivity and relatively poor selectivity for these traditional methods. Over the past few
years, a novel fluorescence sensor method has been developed to provide a unique fluorescence
spectrum for the discrimination of VOCs even at low concentrations. The reason for this is that
metalloporphyrin-based fluorescence sensors rely on strong molecular interactions between

(13,23)

sensors and analytes for molecular recognition. According to previous studies, metal—
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Fig. 1. (Color online) Schematic diagram of metalloporphyrin-based fluorescent sensor interacting with oxygen,
similar to all the other metalloporphyrin-VOC systems.
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ligand (i.e., metalloporphyrin—analyte) bonds are intrinsically ~20000-fold more sensitive
than these weak interactions (i.e., van der Waals interaction and physical adsorption). Hence,
the molecular reaction mechanism between metalloporphyrin-based fluorescence sensors and
analytes was needed to develop novel potential applications for food industry and consumers.

3.2 Binding style of CoTPP-based fluorescence sensor

The unligated CoTPP model serves as an initial point for discriminating the binding
performance of VOCs to the CoTPP molecule. Figure 2 shows the geometry structure of
the metalloporphyrin-oxygen model with the labels of different atom types. When the VOC
analytes coordinate with the CoTPP-based fluorescence sensor, it is reasonable to expect that
the angle and distance (i.e., steric geometry structures) between the VOC analytes and the
CoTPP-based fluorescence sensor are important for further calculations. There are two possible
binding styles of VOCs, namely, the end-on and side-on binding styles.(24’26) It is generally
accepted that the end-on binding style is the most common style of molecular interaction.?”?®
This is also well proved by X-ray structure determination and theoretical calculation,*® which
demonstrates that the calculated energy of the side-on binding style is higher than that of the
end-on binding style by about 28 kcal/mol.’? Therefore, the end-on bent binding style was
selected in this study. Aside from the effect of binding style, molecular distance also has effects
on binding performance. According to previous studies, the distance between the metal atom
at the center of the metalloporphyrin and VOCs is about 2 to 3 A.?%3D Therefore, the effect of
VOCs on the binding performance was calculated by adding the VOC molecule at a distance
of 2.20 A. These constructed geometry structures of the CoTPP-based fluorescence sensor are
expected to be changed by geometry optimization.

3.3 Relative energies

To obtain the most stable geometry structures, the geometry structures of the ColPP-based
fluorescence sensor before and after reacting with VOCs were optimized at three different

@ ©)

Fig. 2. (Color online) Optimized geometry structures of CoTPP-O,, similar to all the other CoTPP-VOCs models.
The angular Co-O-O structure is shown in the (a) side and (b) top views.
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possible states (i.e., low-spin, intermediate-spin, and high-spin states), as stated previously.(!8:20:32)

As can be seen in Fig. 3, for the unbound CoTPP model, the singlet state is much more stable
than the triplet and quintet states, which is consistent with a previous theoretical study. The
relative energies of the optimized triplet and quintet states are 5.72 and 61.82 kcal/mol larger
than that of the singlet state, respectively. For the ColPP-VOC models, the singlet state is also
more stable than the other states, except Col'PP-O; and CoTPP-L2 for the triplet state, which
is similar to previous studies.!*?? According to previous reports, >33 the smaller energy gap
among these three possible states probably causes the binding process to go through more than
one reaction pathway, which may make the binding process much more efficient and faster.
Note that CoIPP-L4 exhibits a nearly degenerate energy gap, followed by CoTPP, CoTPP-Nj,
CoTPP-H;S, and CoTPP-L1,6, whereas CoTPP-O, and CoTPP-L2,3,5 exhibit larger energy
gaps. In the future, this theoretical result must be considered in the design of fluorescence
sensor systems for a specific analyte.

3.4 Molecular structures

The atomic labels of CoTPP before and after binding different VOCs were applied uniformly

G4 the molecular structures of

in this study, as shown in Fig. 2. According to a previous study,
metalloporphyrin models were mostly located in the xy plane. Therefore, the flatness of the
optimized geometry structures could be represented by the z-axis coordinated atoms except
hydrogen. The planarity and molecular change for CoTPP models before and after binding
VOCs were obtained by subtracting the unligated CoTPP structure from the ColPP-VOC
structure. According to the calculated results, the flatness and planarity of the optimized
geometry structures were excellent in the metalloporphyrin plane. There was almost no change

in the molecular structures of metalloporphyrin before and after exposure to VOCs, such as
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Fig. 3. (Color online) Relative energies of CoTPP-based fluorescence sensor before and after reacting with VOCs

based on the most stable one (kcal/mol). L1 is trimethylamine, L2 is propanol, L3 is propane, L4 is ethyl acetate, L5
is butanone, and L6 is propionaldehyde.
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C11-C12, C12-C13, C10-C11, and C9-C10. However, the molecular structures close to the metal
atom at the center of the metalloporphyrin plane showed relatively larger changes than the
others, as shown in Fig. 4. The reason for this may be that the Co atoms were pulled out of the
metalloporphyrin plane to form a funneled cavity for the facilitated binding of VOCs, which is
consistent with a previous report.!” Note that the angle changes in the metalloporphyrin plane
were followed by a number of Co atoms pulled-out of the metalloporphyrin plane. Hence, it is
easy to conclude that the molecular interaction between metalloporphyrin and VOCs can cause
significant molecular changes, thereby closely leading to the different binding performance
characteristics of the VOCs.

3.5 Frontier molecular orbital energies

Aside from their effect on the geometry structures, the ligated VOCs also have effects on
the frontier molecular orbital energies. The HOMO—-1, HOMO, LUMO, and LUMO+1 gaps of
the CoTPP-based fluorescence sensor before and after binding VOCs are shown in Fig. 5. The
HOMO-LUMO gaps of CoTPP and its complexes were as follows: ColPP-L2 (2.047 eV) <
CoTPP-H,S (2.422 eV) < CoTPP (2.431 V) < CoTPP-N; (2.462 eV) < CoTPP-L5 (2.476 eV) <
CoTPP-L3 (2.489 eV) < CoTPP-L4 (2.492 eV) < CoTPP-L6 (2.506 e¢V) < CoTPP-L1 (2.604 eV)
< CoTPP-O; (3.038 eV), and all the energy gaps were smaller than those shown in a previous
report.3®)  According to previous studies,®®*”) the smaller energy gaps probably cause the
reaction processes to be more efficient, therefore making the binding reaction much more faster
and efficient. Note that the increase in energy gap may be due to the decreased HOMO energy
levels (~0.049 to 0.395 eV) of the calculated models. Additionally, it is generally accepted that
HOMO and LUMO serve as the donor and acceptor in the whole model, respectively. The
HOMO orbital levels are very similar to each other for the selected CoTPP and its complexes.
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Fig. 4. (Color online) Distances and angles of CoTPP-based fluorescence sensor before and after binding with
VOCs.
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Fig. 5. (Color online) Frontier molecular orbital energies of CoTPP-based fluorescence sensor before and after
binding different VOCs.

However, the frontier molecular orbitals of all the calculated models are different, which is
consistent with a previous study.®> The reason for this may be that the different VOCs exhibit
electron-withdrawing strengths and affect the electron density in the basic metalloporphyrin
plane. Hence, this result reveals that the frontier molecular orbital energies of the CoTPP-based
fluorescence sensor can be changed by the addition of suitable VOCs.

3.6 BE

The binding performance characteristics of the CoTPP-based fluorescence sensor involve
bond formation and breaking, which are closely related to energy changes. To ensure that
our energy results were reliable, the electronic and thermal energies were added on the basis
of the most stable states. The process of binding the CoTPP-based fluorescence sensor with
different VOCs was written as CoTPP + VOCs — CoTPP - VOCs. BEs are always used to
refer to the energy changes related to this binding process.!” The BEs obtained by subtracting
the energy of the product from the reactants showed more distinct changes on the ColPP-
based fluorescence sensor for each analyte, thus making it more convenient to design sensors
for further studies. The BE can be obtained as BE = Eq,rpp + Eyocs — Ecorpp_yocs: Figure 6
shows the BEs (kcal/mol) for all the CoTPPs and their complexes. Note that CoTPP-L1 exhibits
the largest BE, followed by CoTPP-N; and CoTPP-L4,5,6, whereas ColPP-O,, CoTPP-H,S, and
CoTPP-L2,3 exhibit smaller BEs. All the calculated results mentioned above indicate that the
binding of VOCs can induce significant changes in the optimized geometry structures, frontier
molecular orbital energies, and BEs. These changes were closely related to the molecular
interaction between CoT PP and VOCs, thereby causing the different performance characteristics
for the VOCs.
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Fig. 6.  (Color online) BEs (kcal/mol) related to CoTPP-based fluorescence sensor for different VOCs based on the
most stable one.

4. Conclusions

The CoTPP-based fluorescence sensor capable of rapidly and simply discriminating VOCs
of food was investigated. The calculated models were constructed from the addition of VOCs
at appropriate distance and angle above the center of the metal atom. The relative energies
of CoTPP and its complexes were calculated to obtain the most stable geometry structures at
three different spin states. The BEs of the CoTPP-based fluorescence sensor before and after
exposure to the VOCs were calculated as an indicator of sensor performance. All the results
mentioned reveal that the CoTPP-based fluorescence sensor is sensitive to trimethylamine
and ethyl acetate, and avoids the interference from propane and oxygen. Theoretical results
suggest that the CoTPP-based fluorescence sensor is useful for the quality assurance and control
of trimethylamine, which is one of the most important indicators of fish freshness. Further
research is required to confirm the sensor performance by the application of the sensor in a test.
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