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In recent years, organic mixed conducting polymers and small molecules have shown great potential in
bioelectronics, neuromorphic devices and transient electronics. Current mixed conducting materials are
mostly derived from pre-existing semiconductors functionalised with polar ethylene glycol side chains;
however, these materials still exhibit limited biocompatibility and degradability. Here, we develop
a computational/in silico screening pipeline to investigate the potential of bioinspired building blocks as
(OMIECs). Leveraging
sustainable design principles and predictors for electronic charge transport and aggregation/

next-generation materials for organic mixed ionic-electronic conductors
conformational order, we compare two approaches to discover potential new mixed conductors:
a computational funnel and a genetic algorithm. We apply and evaluate both approaches against
a chemical design space created by matching conjugated fragments from the literature on organic
semiconductors, hydrolysable linkers and bioinspired fragments, for a total of almost 25000 unique
combinations. Our study demonstrates that, despite the limited chemical diversity of our dataset, both
approaches successfully discover many potential donor-linker—acceptor (D-L-A) systems with

promising features, namely: low HOMO-LUMO gap, high inter-ring planarity, and low reorganisation
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Accepted 2nd February 2026 energy. We then down-select a few promising D—-L-A systems and symmetrically extend their

conjugation to obtain small-molecule prototypes, which show competitive reorganisation energies (as
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low as 123 meV). We propose that this workflow could be applied to larger datasets and tailored to
discover novel chemical motifs for OMIECs and other applications.

Introduction

Organic mixed ionic-electronic conductors (OMIECs) are -
conjugated small molecules, oligomers or polymers capable of
conducting ionic and electronic charges. While two-
component OMIECs such as PEDOT: PSS are made of sepa-
rate semiconducting and electrolyte species, single-component
OMIECs feature both a conjugated backbone (for efficient
electronic charge transport) and polar or charged groups (to
promote ion doping).>™*

The rapid development of transient, edible or compostable
electronic devices® is generating high demand for low-cost,
sustainable, environmentally benign and (bio)degradable
organic semiconductors.®™ Thus, semiconducting materials
that satisfy at least some of the 4 Bs (biosourced, bioderived,
biodegradable and/or bioresorbable), e.g. featuring bioderived
conjugated groups or hydrolysable linkers have begun to garner
attention in organic electronics.

In the field of OMIECs, eumelanin remains one of the few
biomaterials with demonstrated protonic/electronic
conductivity.”>"” Eumelanin is a biomaterial obtained by the
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oxidative polymerisation of 5,6-dihydroxyindole (DHI) and 5,6-
dihydroxy-indole-2-carboxylic acid (DHICA), known for its
broadband optical absorption and antioxidant activity."
Computational material screening approaches have been
used extensively to find new semiconductor materials with
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approaches compared in this study, showing the key descriptors used
in the screening process.
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Fig. 2 List of heteroaromatic fragments, linkers and functional groups combined in this work, with their attachment points highlighted by
spheres. (a) Eumelanin-inspired fragments derived by DHI and DHICA monomers; (b) linkers used to join fragments from (a) and (c); (c) fragments
taken from literature on organic semiconductors; (d) functional groups used to functionalise the 7t-conjugated fragments from (c).

desirable optoelectronic properties,'®>* however they have yet to
be leveraged to discover novel mixed conductors incorporating
sustainable design principles.

In this work, we propose a computational screening pipeline
that repurposes and combines existing descriptors towards the
design and screening of bioinspired mixed conductors (Fig. 1).
As a proof-of-concept, we design new mixed conductors by
pairing 5 eumelanin-inspired (3 DHI- and 2 DHICA-derived)
building blocks with 17 m-conjugated, heteroaromatic frag-
ments selected through a comprehensive literature search (top-
down). The latter are functionalised with 15 different functional
groups, yielding a total of 744 possible isolated donor-acceptor
(D-A) pairs (Fig. 2). These pairs are then combined using 5
different linkers selected to maintain conjugation and promote
system degradation e.g. via hydrolysis. This results in a chem-
ical space of 24990 possible donor-linker-acceptor (D-L-A)
systems.

As more D-L-A systems are filtered out of the funnel, the
computational cost of the calculated descriptors increases.
Using a D-A design principle to pair the fragments based on
their energy level matching; we then filter promising systems by
revaluating (i) their synthetic accessibility, (ii) energy gap (E,),
(iii) inter-ring planarity (P) and (iv) internal reorganisation
energy (;).

Results and discussion

Donor-acceptor matching

The D-A design, widely used in organic semiconductors,*>*

allows a low HOMO-LUMO gap, E, by selecting donor and
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acceptor fragments with energy level matching that falls within
the range of organic semiconductors.*** For a D-A system, E,
can be approximated as the difference between the HOMO and
LUMO of isolated fragments:**

(1)

This eliminates the need of evaluating E, for all possible D-A
systems, reducing D-A pairing to performing a single optimi-
sation on each fragment separately. The D-A matching predic-
tion is performed at a low computational cost (B3LYP/3-21G*),
which is sufficient to achieve a reliable result®® without the risk
of excluding promising candidates.

Due to DHI and DHICA having a shallow HOMO and higher
LUMO (Fig. 3a), eumelanin-inspired fragments generally
behave as donors when paired with other m-conjugated frag-
ments (Fig. 3b). Hence, in this study the donor fragment is
always eumelanin-inspired, paired with a range of different
acceptor fragments.

The E, range for OMIECs operating in aqueous electrolytes is
1-2.5 eV, as this is the electrochemical window of water.>® Pre-
dicting E, .. from isolated fragments can potentially fail to
account for increased conjugation or conformational/steric
effects introduced when joining D and A fragments with
different linkers. Therefore, at this stage a more permissive
filter (0.5 < Egeq < 3.2 €V) is applied.

Out of 714 potential D-A pairs, 403 showed suitable Eg ..
These are then joined, using a series of 5 linkers, to form 14 363
unique D-L-A systems. Single, double or triple bonds, as well as
imine and methoxythiophene linkers are selected with the aim

Eg st = Duaomo — ALumo
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Fig. 3 (a) Distribution of HOMO and LUMO energies across all frag-
ments in the dataset. Dashed lines indicate the frontier orbitals of DHI
and DHICA. (b) Eges distribution; the red line indicates the 3.2 eV
threshold used to filter the dataset.

to maintain or increase conjugation length and planarity.
Without this initial D-A matching, the total number of possible
D-L-A systems would be 24 990: this initial filter thus reduces
the total number of geometry optimisations needed at the next
stage by 42.5% and only requires the geometry optimisation of
359 fragments to reduce the dataset by 10 627 systems.

Synthetic accessibility prediction

All the fragments in our dataset are - in isolation - synthetically
available, however some of the functionalised fragments or
D-L-A systems might be potentially challenging to synthesise.
To focus our investigation on the most accessible systems, we
calculate their Synthetic Accessibility score (SAscore).*>*" The
SAscore ranges from 1-10, where 1 denotes the highest syn-
thesisability and 10 the lowest; we used a SAscore cutoff of 5.
The SAscore distribution of our eumelanin-inspired dataset
shows good predicted synthetical accessibility, with a range
between 1.8-3.8 (Fig. S2), thus no systems are excluded on the
basis of their SAscore alone. As the chemical space explored in
this work includes only one type of bioinspired fragment,
SAscore has limited predictive power; we anticipate that the
synthesisability filter will gain importance in our workflow once
our dataset is expanded to include a wider range of chemistries.

Planarity threshold and E, with different linkers

In organic semiconductors, conformational order and inter-
ring planarity play a key role in increasing conjugation, 7
stacking order and charge transport.*® Electronic transport
proceeds via inter-chain and intra-chain mechanisms, with
intra-chain transport relying on orbital delocalisation between

This journal is © The Royal Society of Chemistry 2026
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neighbouring monomers and inter-chain relying on effective -
stacking.>*** Planar, m-conjugated systems can achieve high
inter- and intra-chain charge mobility, due to larger carrier
delocalisation lengths, lower band-gaps and stronger m-m
interactions.*

Following from the work of Y. Che et al.,** we define an inter-
ring planarity descriptor as:

P = cos’f (2)

where P = 1 corresponds to a torsional angle # of 0° or +180°,
which maximises the degree of m-orbital overlap along the
conjugated backbone.* A P threshold of 0.67, corresponding to
0 = 35°, was chosen to filter the dataset. This threshold, which
roughly corresponds to the optimum dihedral angle between
two thiophene rings in gas phase,*® was chosen because E, of
OMIECs has been shown to increase monotonically from 0° to
90°, with 38.9° corresponding to an inflection point.***” In the
case of a single bond linker, # is defined as the D-A dihedral
angle (see Fig. S1a). For all other linkers, ¢ is calculated as the
average between the D-L and the L-A dihedrals (see Fig. Sib).

The geometry optimisation of the 14 363 D-L-A systems
provides information on both P and E,. Fig. 4 shows that
introducing different conjugated linkers is an effective strategy
to increase P and conjugation in D-L-A systems, resulting in
a lower E,. Linkers are also effective at minimising steric
hindrance caused by side groups on neighbouring fragments.
3354 systems with P> 0.67 and E; < 2.5 eV are retained through
the funnel and selected for reorganisation energy calculation.

The imine linker appears in most of the systems with low E,
and high P, that is 36.8% of the systems selected for reorgan-
isation energy calculations. The second most frequent linker
was thiophene, found in 25.6% of the filtered systems. In
general, all linkers that decrease steric clashes between the
donor and acceptor fragments by increasing their separation
show higher P and lower E,. Both imine and thiophene linkers
can also induce noncovalent interactions (e.g., N---H or S---0),
which may also contribute to increase P.

Eg (eV)

I
0.0 0.2 0.4 0.6 0.8

Planarity = cos2(8)

Fig. 4 Effect of five different linkers on the planarity score and E4. Of
the 14 363 D-L-A systems surveyed at this stage, 3354 of them fit
within the filter regime of P = 0.67 and £ = 2.5 eV.
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We then examine the most common bonding patterns across
the best performing D-L-A systems. 48.9% of them feature DHI
bonded at position 2 of the indole; this can be explained by the fact
that this position is the furthest away from the methoxy side
chains bonded in the 5 and 6 position of DHI and DHICA,
therefore greatly reducing the possibility of steric clash. As DHICA
bears a carboxylic group in position 2, its presence in the potential
reorganisation systems is greatly reduced (17.1%) in comparison
to DHLI. Position 2 is reported to be the easiest to functionalise.*®

Reorganisation energy

The internal reorganisation energy (1,) is related to the change
in energy and geometry when a system becomes a charged
species. 4; is a key predictor of (and inversely proportional to)
electronic charge mobility.***> The cationic and anionic
internal reorganisation energies, A+ and A, , can inform on the
tendency of each D-L-A system to behave either as a p-type or n-
type semiconductor, respectively; we consider promising
systems those with either A+ or A, falling below the 250 meV
threshold, E;. Internal reorganisation energies (we henceforth
omit the subscript) were calculated using Nelson's 4-point
method (see SI) at the B3LYP/6-31G* level of theory (see
Computational Methods).*>**

Fig. 5 shows the reorganisation energy data for the remain-
ing 3350 D-L-A systems. Out of the 133 systems with A"~ < 250
meV: 114 have A~ < E; and A" > E; and can thus be considered as
potential n-type semiconductors; 11 have potential p-type
behaviour with 1" < E;; 8 show potential ambipolar behaviour,
having both 1" < E; and A~ < E,.

We then examine the makeup of our 133 surviving D-L-A
systems in terms of linker and functional group occurrences (see
Fig. S9). Both double bond and thiophene linkers appear equally,
each making up 45 of the selected systems, so total 90 of the 133
surviving systems. Imine bond and triple bond linkers account
for 27 and 16 of the total, respectively. No single bond linkers
appear amongst the top performing D-L-A systems.
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Fig.5 Reorganisation energies of 3350 D—L—-A systems. 133 fall within
the E, threshold. Of these, 11 are labelled p-type (A" = E, orange), 114
n-type (A~ < E;, blue) and 8 ambipolar (A* = E, and A~ =< E,, red). 3217
systems fall outside of the filter range (black).
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Functional group variety in the dataset decreases sharply
when looking at systems with low A~*. The nitrile (15.4%),
carbonyl (14.1%) and sulfonic acid (12.5%) functional groups
are the most prevalent in the 3350 structures selected for the A
calculation (3 structures failed to converge). After the final filter,
most of the D-L-A systems (66.9%) contain a nitrile group: of
these, 79 are n-type and 3 are p-type (Fig. S11).

The significant decrease in the variety of functional groups,
and the prevalence of n-type candidates amongst the 133 top-
performing D-L-A systems can mainly be attributed to the
lack of diversity in the original dataset. Only acceptor fragments
with strong electron withdrawing substituents and deep LUMO
can form a suitable match with melanin donors in terms of
achieving the target Eg; when taking into account reorganisa-
tion energy, we observe an even stronger bias towards nitrile
functional groups, which are well-known to decrease A~.*

In summary, the funnel takes 24990 potential D-L-A
systems and finds 133 potential D-L-A systems that have
promising electronic properties (E; < 2.5, P = 0.67 and =
250 meV) for use as small-molecule OMIECs. The funnel
approach was useful to test how geometric and electronic
descriptors can be used to filter a new chemical space; however,
it still requires a large amount of costly DFT calculations —
particularly when dealing with much larger datasets than the
one being tested here. Therefore, we propose using a genetic
algorithm (GA) to explore the chemical space more effi-
ciently.***” GAs have been used extensively in drug discovery,
but have yet to be applied to OMIECs discovery.*®*5-5¢

Genetic algorithm (GA) approach

The GA iterates over a set of D-L-A systems and tries to find the
top performing structures by randomly mutating the best
systems within each loop; the GA flowchart is shown in Fig. 6a.

Starting from the same combinatorial chemical space
explored in the funnel (Fig. 2), the GA randomly assembles
a pool of 201 D-L-A systems to be evaluated. Using the HOMO
and LUMO energies of the isolated monomers, D-A matching is
carried out, as in the funnel, using the same 3.2 eV threshold.
Any D-A pairs that pass this cutoff are then optimised as
a complete D-L-A system, to obtain P, E; and SAscore.

For each D-L-A system, these 3 descriptors are assigned
a relative ranking between 1 (best) and 201 (worst). The systems
are then ranked according to the total cost function:

Celite =Cp+ CEg +0.25- CSA (3)

where Cp, Cy and Cg, are the rankings for P, E; and SAscore
respectively. Weights of 1 are applied to P and E,; and 0.25 to
SAscore (see SI Fig. S14).

The top 25% ranked systems which also satisfied the cutoffs
of P = 0.67 and E,; = 2.5 eV is then selected for reorganisation
energy calculation. Any system with A~'* < 350 meV at this stage
is defined as the ‘elite’ for the current loop, and stored with the
elites of previous loops. A more permissive threshold (higher
than the desirable range of =250 meV) was chosen, to account
for the effect of random mutations which decrease the A~/* in

successive loops. As done with the other descriptors,

This journal is © The Royal Society of Chemistry 2026
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where S > 0.95.

reorganisation energies are then assigned a relative ranking
between 1 (lowest, best) and 50 (highest, worst).

The elite mutation stage gathers all the elite systems with P >
0.67, E, = 2.5 eV, and 27" < 350 meV and ranks them using the
cost function:

Crut = Celite + 2'(C17 + CA+) (4)
where C,~ and C;" denote the ranking coefficients assigned to
A~ and A", Greater weight was applied to the A~"* cost function to
reflect its importance for the final system selection (see also
S14b). The GA then randomly mutates either the donor,
acceptor or linker for each elite; all have an equal chance of
being selected for mutation. In the early stages of the GA, the
number of such elite systems is below the chosen threshold of
20; in order to keep the GA run size constant at 201, a variable
number of novel systems is added to the mutated elites for each
loop. The novelty of each new system is determined by
comparing its canonical SMILES to those of previously calcu-
lated systems. If the system has not previously appeared, it is
then added to the population.

Loop similarity, overlap and efficiency

The GA was tested on 5 independent runs, each starting from
a random set of 201 D-L-A systems. Overlap, O, is defined as:

_ RN Ry )

o Ry

where Ry and Ry denote 2 starting sets for 2 different GA runs, X
and Y. Table S15 reports that the largest O is 0.025, showing that
the starting point of the 5 GA runs is significantly different. This
demonstrates that the GA can discover the same top performing
structures from significantly different starting points.

The similarity metric, S, is used to calculate how similar the
current loop’s elite is to the previous one. S is defined as:

_ E/—l N Et

S E

(6)

This journal is © The Royal Society of Chemistry 2026

where E; and E,_, represent elite systems found in the current
loop t and the previous loop, ¢ — 1. The GA continues until S
plateaus at 0.95 or higher for 10 consecutive runs.*®

Overall, each GA run discovered on average 94 D-L-A
systems satisfying the conditions: P = 0.67, E, <= 2.5 eV and 2
= E;. These top performers were 97 for run 1, 94 for run 2, 91 for
run 3, 98 for run 4 and 89 for run 5 (green lines in Fig. 6b). The
overlap for the top-performing structures is shown in Fig. S18,
including the overlap with the 133 structures identified in the
funnel approach. The average O between each of the 5 GA runs
and the funnel is 0.705. A total of 82 systems appear in all 5 GA
top performers and the funnel, which represents 61.65% of the
top-performing systems discovered via the funnel approach.

The computational efficiency, ¢, of each stage of the GA is

calculated as:
e = (”—) x 100
Mot

where 74, is the number of systems calculated by the funnel or
GA that meets the filter criteria, while 7. is the total number of
systems calculated at that stage. The funnel has a 1.5% higher ¢
for P, E, and SAscore calculations, however the benefit of the GA
approach is apparent when considering A~ calculations. The
results in Table S19 show that the GA has an average € of 8.2%
for the most computationally demanding stage of the screening,
compared to the funnel approach (4.0%).

(7)

Systems discovered

While the combined 5 GA repeats were able to find 113 out of
133 best performers discovered by the funnel, 20 systems do not
appear in any of the GA repeats but appear in the funnel (see
Fig. S20). For the rest of this study, we focus only on the 82
D-L-A systems that are discovered by all GA iterations and the
funnel; 71 are classified as n-type, 6 as p-type, and 5 as
ambipolar.

The ‘missing’ 20 systems can be attributed to the SAscore
parameter, which was weighted 0.25 in the GAs. When
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Table 1 Design strategy, HOMO-LUMO gap E4 and reorganisation energies 2* and 2~ for 12 small molecule candidates designed from 7 of the
82 top performers. The molecule design motifs highlight the alternance of donor (D), linker (L, L1, L2) and acceptors (A), while colors are used to

highlight identical D—L-A parent systems

ID Design Eg (eV) At(meV) | 2~ (meV)
1 D-L-A-L-D 1.50 367 198
2 D-L1-A-L2-A-L1-D 1.59 287 139
3 ) -L-D 1.51 304 173
4 -L2-A-L1-D 1.51 206 137
5 D-L-A-L-D 1.61 437 199
6 D-L-A-L-L-A-L-D 1.44 252 156
7 -L-D 1.66 261 192
8 -L-L-A-L-D 1.51 213 147
9 -L2-A-L1-D 1.62 204 144
10 D-L-A-L-D 1.61 398 194
11 D-L-A-L-L-A-L-D 1.48 212 123
12 -L-D 1.87 412 210

examining the funnel, the average SAscore for the top per-
forming 133 systems is 3.18. For the 82 systems found across all
5 GA repeats, the average SAscore is 3.15. In contrast, for the 20
missing structures that none of the GA runs identified, the
average SA score is 3.28. This result shows that the GA weighting
biases top performing systems for better synthesisability,
however at the cost of reducing the number of top performers
discovered.

Additionally, the discrepancy in discovered systems can also
be attributed to the 25% threshold on top performers in the GA.
This constraint only takes the top 25% of systems from each
loop, so it may cause promising systems to be ‘missed’.
However, each GA still discovers >60% of the potential top
performers with considerably fewer calculations, demon-
strating the strength of this approach in future studies.

Down-selected D—-L—A systems

All of the 82 D-L-A systems discovered by both the screening
funnel and GA are bonded at position 2 of the indole, and thus
do not lend themselves to polymerisation. Out of these, 7 were
selected for further study (highlighted in Fig. S21), extended
and symmetrised to design potential small-molecule mixed
conductors. Side chain engineering is known to affect the ionic/
electronic conductivity,””* solubility, processability and
aggregation behaviour of OMIECs and, generally, organic
semiconductors;****® in this study, methoxy groups were used
to mimic the functionalisation with polar oligoethylene glycol
side chains as commonly seen in OMIEC design.®”

The design motif, E, A"and 1~ of each molecule are reported
in Table 1. Molecules 1-11 maintain the 3-methoxythiophene
linkers, while 2, 4, 6, 9 and 11 feature additional linkers (2 and
9: triple bond; 6, 8, 11: methoxybithiophene; 10: thiophene) to

J. Mater. Chem. A

force P onto the system, increase conjugation, and further
reduce E, and 27", 12 features an imine linker.

Across the parent D-L-A systems discovered, no structure has
A", <200 meV (see Table $22). The 12 molecules derived from
these systems all show markedly lower E, 2~ and %, with 11 out
of 12 of them having at least one of A~ or A' < 200 meV. This
confirms symmetric conjugation extension as an effective
strategy to lower reorganisation energy. Notably, these results
shows that our reorganisation energy threshold on smaller
D-L-A systems can effectively be used to discover promising
molecular designs. Interestingly, 4, 8, 9 and 11 have low enough
A"and A~ to be promising as ambipolar small-molecule OMIECs.

The HOMO and LUMO distribution plots (Fig. S23-S34)
provide information on orbital localisation and charge distri-
bution. For all molecules, the HOMOs are delocalised across the
whole conjugated backbone, while LUMOs are mostly centred
on the acceptor fragments, as commonly seen in small-
molecule semiconductors.

In future studies, molecular dynamic simulations will be used
to study selected molecular aggregates, functionalised with polar
side chains, in different electrolytes. Polar side chains are known
to influence aggregation, 7-stacking and backbone planarity.®®
Orbital localisation patterns will be used to evaluate m-stacking
effectiveness towards generating charge percolation pathways in
molecular aggregates. Finally, interactions between electrolyte
and polar side chains in aqueous electrolytes will provide infor-
mation on ionic transport and doping.

Conclusion

This proof-of-concept study validated the use of a low-cost
computational screening technique to select novel organic
mixed conductors that leverage sustainable molecular design,

This journal is © The Royal Society of Chemistry 2026
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and a pool of descriptors for aggregation/order and charge
transport. While the size of this dataset is modest, our proof-of-
concept shows that low-cost energetic and structure-based
descriptors can discover promising novel systems with low E,,
high P and low 1™/,

The screening funnel was able to discover 133 bioinspired
D-L-A systems with promising energetic and structural
parameters for mixed conduction, notably low band gap and
reorganisation energy (0.532%) in a chemical space consisting
of 24990 potential D-L-A combinations. The GA approach
showed that random mutations of top performing structures
can greatly reduce the number of calculations required to
discover promising systems.

While our chemical space was not so large as to make
a funnel approach prohibitive, the GA still outperformed the
funnel, discovering on average 70% of top performers at a much
lower computational cost. Applying more stringent filters for E,,
P and A" values would also be an effective way to decrease the
number of calculations to run for larger datasets.

From this pool, we down-selected 7 D-L-A promising systems
and designed 12 candidate systems showing competitive charge
transport metrics. Future studies will investigate a much wider
chemical space of bioinspired building blocks and m-conjugated
heteroaromatic fragments by mining different databases.*

Computational methods

RDKit” was used to build the D-L-A dataset and combine
fragments. The D-A matching and initial E, estimation were
performed at the B3LYP/3-21G* level of theory. B3LYP was
chosen due to its demonstrated reliability in estimating E, at
a modest computational cost.”*

The geometry optimisation of the D-L-A systems is per-
formed in 2 steps. Firstly, starting from the D-L-A SMILES, 100
conformers are generated and optimised using the MMFF94
force field as implemented in the cheminformatics package
RDKit. The lowest energy conformer is then optimised at the
B3LYP/6-31G* level of theory, yielding an updated estimate of
E,. Further, the data shows the importance of carrying out
a geometry optimisation but the value of using a forcefield
(MMFF94), implemented within RDKit, to predict the lowest
energy conformer (Fig. S35-S38).

Geometry optimisation, HOMO-LUMO gap and reorganisa-
tion energy calculations were carried out at the B3LYP/6-31G*
level of theory. All DFT calculations were performed using
GAUSSIAN"? and Psi4.” cclib™ was used to calculate the Mul-
liken population analysis.
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