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Organic photodetectors (OPDs), the emerging next-generation candidates for light sensing applications, could
compensate deficiencies of the traditional inorganic photodetectors. To get OPDs of highly improved perfor-
mance, and broader applications, machine learning (ML) technique is employed. A chemical space of 20,000
organic semiconductors (OSCs) by RDKit via BRICKS (Breaking Retrosynthetically Interesting Chemical Sub-
structures) method was achieved, from the selected building blocks of the OSC data obtained from the literature,

contributing to big data. Out of these, top twenty OSCs were screened based on synthetic accessibility score,
chemical similarity analysis, and structural behavior understanding.

1. Introduction

Photodetectors (PDs), also defined as photosensors, mainly function
through converting energy of UV-vis, IR, and other electromagnetic
radiations into electrical signals, and measure properties of light
through photoelectric effect [1,2]. These photoelectric conversion
techniques in the form of sensors or detectors have remarkable appli-
cations in the fields of optical communications, image registration,
environmental monitoring, and biological and chemical testing [3,4].
However, the most commercial PDs use photodiodes, which are com-
posites of inorganic semiconductors, such as, silicon or germinum
compounds (due to their high charge-carrier mobility, high stability,
and low exciton binding energy) [5]. However, these also have their
own disadvantages, for instance, expensive and complicated
manufacturing processes, and mechanical inflexibility, that severely
limits practical applications of the commercial inorganic PDs. Therefore,
organic PDs (OPDs), the emerging next-generation candidates for light
sensing, compensate deficiencies of traditional inorganic PDs due to
high substrate flexibility, ease of processing, light weight, tunable ab-
sorption properties, and low-cost manufacturing process [6,7]. Funda-
mentally, organic semiconductors (OSCs) are soft-structured materials
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with larger band gaps, discrete energy levels, and better absorptivity due
to weaker van der Waals interactions between assembled molecules,
making them highly suitable candidates for the fabrication of opto-
electronic devices (e.g., solar cells and OPDs). The OSCs are made up of
repeating units of z-bonded molecules or polymers composed of hy-
drocarbons, and sometimes heteroatoms, such as, oxygen, nitrogen, and
sulpher [8,9]. The OSCs differ in composition and structure from
traditional inorganic semiconductors due to the impact of bonding
forces between atoms/molecules, which result in significant differences
in their respective mechanical, electrical and optical properties [10,11].
Nowadays, performance capabilities of OPDs are constantly getting
improved to widen their applicabilions.

The traditional material design is usually based on trial and error
approach. Synthesis and characterization continues until the required
results are achived. However, it is an extremely lethargic strategy that,
sometimes, requires lengthy experimental procedure(s), lot of materials
and complex analytical techniques, making the whole scenario
extremely expensive, and time-consuming [12,13]. To overcome these
challenges, computer-aided material discovery, designing, and
screening are becoming famous [14]. Computational methods use
mathematical algorithms to analyze and predict scientific data. They can
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Fig. 1. Central building blocks used to design OSCs.
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Fig. 2. Terminal building blocks used to design OSCs.
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2000

1500

1000
| | i |
0 1 2 3 4 5 6 7 8 9 10 M 12 13 14

Cluster Number

Cluster Size

o

o

Fig. 4. Distribution of monomers in different clusters.
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efficiently solve complicated scientific problems of various systems
[15,16]. Over the past decade, researchers have focused on developing
the predictive computer models to investigate and resolve challenging
tasks [17]. A step further, artificial intelligence (AI) is now being dubbed
as the “fourth model of science” [18]. Machine learning (ML) is a
modern research tool and has been at the core of Al since the 1980 s due
to its ability to reorganize existing knowledge of structures and discover
implicit relationships between them. For material science, ML has
emerged as a powerful tool to design and screen valuable compounds for
superconductors, photovoltaics, and high entropy alloys [19]. Subse-
quently, these molecules were successfully subjected to experimental
testing. ML also facilitated and accelerated development of efficient
materials for OSCs, thus improving their properties in a short-time.

Conjugated polymers and small molecules both are used as the active
materials in OPDs. An OSC contains p-type donor which is intermixed
with n-type acceptor. The charge generation upon photo excitation in an
OPD is based on the heterojunction layer between the donor-acceptor
molecules, and internal photoelectric effect defines an OPD’s working
principle. The OSC absorbs energy of incoming light photons and con-
verts into electrical current. Both polymer- and z-conjugated molecular-
based OSCs display high values of extinction coefficients due to the large
wave function — an overlap between electronic ground state and lowest
excited state. It allows OSCs to absorb light strongly in the form of
flexible and thin films. The absorption of photon causes the generation
of excitons, which are diffused to the interface between the donor and
acceptor to produce free charges.

In the current study, a chemical space of new OSCs was generated by
automatic method. Synthetic accessibility of generated OSCs was
calculated. OSCs are screened on the basis of synthetic accessibility
score. Chemical smiliarity analysis is performed on slected OSCs.

2. Computational details

We designed unpredented OSCs employing RDKit [20] via Breaking
Retrosynthetically Interesting Chemical Substructures (BRICS)
approach from 20,000 semiconductors by using selected building
blocks. BRICS was used to break compounds into fragments, and then
these fragments were joined together in various combinations to pro-
pose new ones. This approach does systematic fragmentation under
predefined guidelines carefully. RDKit is also employed to calculated
synthetic accessibility (SA) score. Further, chemical similarity analysis
(CSA), and structural behavior understading is achieved by clustering
and heat map, respectively. For that purpose, method of extended con-
nectivity fingerprints of diameter 4 (ECFP4) was considered [21].

3. Results and discussion
3.1. Designing OSCs

The common, and easily synthesizable, electron-deficient and
electron-rich groups are selected to design OSCs [22,23]. The chemical
structures of the central buiding blocks are given in Fig. 1. These fused-
ring building blocks are good to achieve higher charge transfer. Ter-
minal building blocks bearing common electron-deficient groups are
given in Fig. 2. As decribed above, BRICS method [24] has produced
20,000 OSCs using selected building blocks.

SMILES, simplified molecular-input line-entry system, is basically a
way of describing chemical structures in the form of strings [25,26].
Complexity and size of a molecule determines the length of SMILES
string. Simple molecule has small length of SMILES string, while the
complex molecule has long string. The histogram like distribution is
obtained when a graph is plotted between frequency of molecules vs the
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Fig. 6. The t-SNE plot of clusters.

Table 1

Synthetic accessibility (SA) score of the selected OSCs.
0sC Synthetic accessibility score
1 1
2 1
3 1
4 1
5 1
6 1
7 1.14
8 1.94
9 2.14
10 2.28
11 2.53
12 2.54
13 2.56
14 2.67
15 2.78
16 2.8
17 2.83
18 2.84
19 2.87
20 2.89

SMILES length (Fig. 3). The graph has a bell curve shape, which means
that most of the molecules have a SMILES length close to the average
(250-400 characters), specifically, around 300 characters. The fre-
quency of SMILES length decreases on moving away from the average, i.
e., the lowest frequency around 25, and the highest frequency close to
175, indicating that the dataset has a normal distribution of SMILES
length, with no outliers or skewness.

3.2. Cluster analysis of designed monomers

Clustering is a ML technique that identifies data in patterns, by
grouping similar data points together, and keeping different data points
apart. The relationship between cluster number and cluster size can be
represented through a graph, typically a bar chart or a histogram. The
graph in Fig. 4 shows size of 15 different clusters of data points. Each bar
in the graph represents a cluster, and its height shows availability of data
points in that cluster. The graph demonstrates some clusters are larger in
size, indicating more data points there. For example, cluster number 4
has the largest size, with around more than 2000 data points. On the
other hand, cluster number 10, a smaller sized cluster, carries around
500 data points.

The silhouette score evaluates an object’s cohesion with its own
cluster compared to the other clusters. Its value ranges from —1 to 1,
indicating how well each point is separated from the other cluster, and
matched to its own cluster. Well-cluster points gain high or positive
silhouette score, and poor-cluster points or the point belonging to some
other cluster show negative values. The clusters overlap or disperse, and
cohesive or distinct is based on average silhouette coefficient, repre-
senting low and high value, respectively. The graph in Fig. 5 shows that
cluster number 3 have very high silhouette score (around 0.4), and
cluster number 14 have the lowest silhouette score (0.2). The latter
cluster indicates less separation and cohesion, and also considered as
lower quality cluster.

The t-distributed stochastic neighbor embedding (t-SNE) graph helps
to understand the similarity and diversity of data points. It can also
isolate potential groups or clusters of data points which share common
characteristics. Fig. 6 displays distribution of 15 different classes (i.e.,
0-14) of data points in a two-dimensional space. Each class is
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Fig. 7. Scatter plot between SA score and SMILES length.

represented by a different colour, and legend showing numbers assigned
to the each class. In Fig. 6, some classes are much different from the
others, thus, have less overlaping characteristics. Purple-colored class (i.
e., 1) in the graph is mostly separated from the rest of the data. On the
other hand, few classes are more scattered and mixed, which indicate
more overlaping between them. Green-colored class (i.e., 7) is spread
across the plot and interacts with many other classes. In the bottom left
corner of the plot, a cluster formed by green- and orange-colored classes
(i.e., 5 and 12, respectively) suggest common characteristics, however,
they are distinct from the other classes.

3.3. Synthetic accessibility (SA)

The complexity of a compound is a key factor explaining its SA. For
instance, a molecule bearing several functional groups is difficult to
synthesize [27,28]. Furthermore, synthetic materials, methods, yields,
purity, handling, and stability of reactants, intermediates, and products
are all the vital factors determining SA. With the passage of time, several
modern and innovative processes and strategies are devised to synthe-
sized difficult molecules. The molecular modelling and combinatorial
synthetic techniques can check the feasibility and physical structure of
complex compounds before synthesis. The compounds which have low
SA scores are easy to synthesize, while those heaving high SA scores
indicate difficulty in their synthesis. Interestingly, Table 1 shows
significantly low SA score (1.0 — 2.89) for the all twenty compounds,
indicating their ease of synthesis. However, the scatter plot in Fig. 7
between SA score and SMILES length indicates no correlationship.

3.4. Screening the OSCs and similarity analysis

The synthesis of OSCs is influenced by the raw material that de-
termines its properties, performance, quality, and cost [29,30]. There-
fore, availability and affordability of the raw material is an important
factor for the production of PDs, i.e., a cheap and easily accessible raw
material can lower the production cost of PDs, leading to more
economical and commercialized product, thus, enhancing supply, get-
ting more revenue for innovation and development in the field [31,32].
We have designed approximately 20,000 OSCs using building block
obtained from OSCs taken from the literature. Out of these, only twenty
OSCs (shown in Figs. 8 and 9) were selected based on SA score, that

could potentially be used in the production of OPDs.

Further, the similarity analysis was performed to compare similarity
in chemical compounds through cheminformatics software, RDKit,
based on their functional and structural connections [33,34]. Therefore,
Fig. 10 indicates the clustering OSCs, where OSCs with similar infor-
mation were found connected to each other displaying good similarity
indices, and vice versa.

Additionally, a heatmap color-coding scheme is utilized to assess the
relative similarity among the designed OSCs. Through the utilization of
ML models, heatmaps visualize the evolving relationships between the
characteristics of a model, enabling straightforward evaluation of the
association between two variables. Fig. 11 illustrates the color pattern of
the heatmap, depicting the distribution of OSCs based on their similar-
ity. The scale ranges from lower blue colors, indicating a similarity value
close to 0.82, to higher yellow colors with values nearing 1. OSCs with a
similarity value close to 1, represented by the yellow color, indicate a
higher degree of similarity, with most of the designed OSCs falling
within the green region of the heatmap (value > 0.94), underscoring
their high similarity. Such similarity analysis proves valuable in both
screening and designing potential candidates for OSC fabrication.

4. Conclusions

Organic photodetectors (OPDs), or organic photosensors are the
modern developing candidates for light sensing due to high substrate
flexibility, light weight, processing ease, tunable absorption properties,
and low-cost manufacturing process. To get OPDs of highly improved
performance, and broader applications, machine learning (ML) approch
is employed. Conjugated polymers and small molecules both are used as
the active materials in OPDs. However, the common and easy to syn-
thesize electron-deficient and electron-rich groups are selected to design
OSCs. These fused-ring building blocks are good to achieve higher
charge transfer. RDKit via BRICS method has produced unprecedented
20,000 OSCs using selected building blocks, creating a new chemical
space that is a contribution to big data. Heatmap and cluster plot are
used to peformed the similarity analysis. Interestingly, calculated syn-
thetic accessibility score highlighted considerable ease in the synthesis
of the predicted OSCs. Our curent ML-based study leads to chemical
space generation of OSCs.
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Fig. 8. Selected OSCs 1-10.
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Fig. 9. Selected OSCs 11-20.
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Fig. 11. Heatmap of similarity between OSCs.
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