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Excitonic Landscapes in Monolayer Lateral Heterostructures
Revealed by Unsupervised Machine Learning
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Two-dimensional (2D) in-plane heterostructures including compositionally
graded alloys and lateral heterostructures with defined interfaces

display rich optoelectronic properties and offer versatile platforms to explore
one-dimensional (1D) interface physics and many-body interaction effects.
Graded Mo, W, _,S, alloys show smooth spatial variations in composition
and strain that continuously tune excitonic emission, while MoS,-WS,
lateral heterostructures contain atomically sharp interfaces supporting

1D excitonic phenomena. These single-layer systems combine tunable
optical and electronic properties with potential for stable, high-performance
optoelectronic devices. Hyperspectral and nano-resolved photoluminescence
(PL) imaging enable spatial mapping of optical features along with

local variations in composition, strain, and defects, but manual interpretation
of such large datasets is slow and subjective. Here, a fast and scalable
unsupervised machine-learning (ML) framework is introduced to extract
quantitative and interpretable information from hyperspectral PL datasets

of graded Mo, W, _,S, alloys and MoS,-WS, heterostructures. Combining
principal-component analysis (PCA), t-distributed stochastic neighbor
embedding (t-SNE), and density-based spatial clustering of applications with
noise (DBSCAN), spectrally distinct domains associated with composition,
strain, and defect variations are uncovered. Decomposition of representative
spectra reveals multiple emission species, including band-edge excitons and
defect-related transitions, demonstrating that ML-driven analysis provides a

robust and automated route to interpret rich optical properties of 2D materials.

and  defect-bound  states. = Among
these, transition metal dichalcogenides
(TMDCs) such as MoS, and WS,
form a particularly important class,
widely investigated for their exci-
tonic and defect-related properties.'”’]

Compositionally graded 2D alloys such
as Mo, W, _ S, are of great importance be-
cause they enable precise control of elec-
tronic and optical properties within a sin-
gle crystal.l®] By gradually varying the ra-
tio of Mo and W across the layer, the
alloy allows continuous tuning of the
bandgap and excitonic transitions, bridg-
ing the properties of pure MoS, and WS,.
This built-in compositional gradient also
produces smooth variations in strain and
defect concentration, giving rise to localized
changes in exciton energy and intensity.
Such spatial control over the band struc-
ture and defect landscape provides an ideal
platform for exploring how composition,
strain, and vacancies together shape light—
matter interactions, exciton dynamics, and
charge transfer in 2D semiconductors.[>68]

In-plane (lateral) TMDC heterostruc-
tures represent another key platform for
exploring nanoscale optical and electronic
behavior. Unlike graded alloys, these sys-
tems contain atomically sharp covalent

1. Introduction

Two-dimensional (2D) materials have remarkable electronic,
optical, and mechanical properties, including layer-dependent
bandgaps, exciton physics, strain-induced band modifications,
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interfaces between dissimilar monolayer domains that form
through seamless lattice stitching during growth.*1% Such 1D
junctions give rise to unique interface physics, including exciton
diffusion, charge-carrier funneling, and strain relaxation across
the boundary.'®!!] The presence of alloyed transition regions at
the interface can also stabilize the structure against oxidation
and photodegradation, providing long-term optical and chemical
stability under illumination.['®!2] These lateral heterostructures
thus serve as ideal building blocks for planar monolayer p—n junc-
tions, excitonic circuits, and high-mobility field-effect transistors,
while offering a platform to investigate 1D confinement, defect-
assisted recombination, and interface-driven exciton dynamics
in 2D semiconductors.[3] Advanced imaging and spectroscopy
techniques, including PL mapping, scanning near-field optical
microscopy (SNOM), and other scanning probe methods, enable
spatially resolved visualization of such phenomena at nanometer
scales.[1%13-18] However, these experiments generate enormous
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hyperspectral datasets, making manual analysis and interpreta-
tion challenging.

Machine learning (ML) has become a crucial part of mod-
ern scientific data analysis, providing tools for dimensional-
ity reduction, clustering, and pattern recognition in complex
datasets.[1%3] ML techniques have been successfully used to
identify phase transitions,[**3°] discover order parameters,**l and
analyze diverse spectroscopic and imaging data, including scan-
ning tunneling microscopy, near-field optical microscopy, and
PL studies of 2D materials.[1%23-28:30-33.37-40] Recent developments
demonstrate that ML can classify multiple 2D materials from Ra-
man or PL spectra with high accuracy, underscoring its ability to
handle complex experimental data.[2>41#]

In this work, we apply PCA, t-SNE, DBSCAN clustering,
and multi-peak Gaussian fitting to hyperspectral PL datasets
of graded Mo, W, _ S, monolayers and MoS,-WS, lateral het-
erostructures. Our analysis reveals spatially distinct optical do-
mains corresponding to composition gradients, strain-induced
spectral shifts, and defect-related emission. By quantitatively de-
composing individual spectra, we establish a direct connection
between unsupervised ML clusters and physical material proper-
ties, offering a comprehensive strategy to characterize nanoscale
optical heterogeneity in 2D materials.

2. Experimental Section

Graded monolayer Mo, W, _ .S, alloys were synthesized (as de-
scribed in ref [8]) using an alkali-metal-halide-assisted chemi-
cal vapor deposition (CVD) process that produces a continuous
lateral gradient in composition from Mo-rich centers to W-rich
edges.l®l The growth utilized MoO; and WO, powders as pre-
cursors, elemental sulfur as the chalcogen source, and NaCl as
a growth promoter. The reaction was carried out at 750-800 °C
on Si0, /S, yielding large-area monolayers with smooth compo-
sitional transitions.

In-plane MoS,—WS, heterostructures were grown (as de-
scribed in Ref [10]) by a sequential CVD process in which the
Mo and W oxide precursors were introduced at different stages
of the reaction to promote lateral epitaxy.l'”! MoS, domains nu-
cleated on the SiO, /Si substrate at ~750 °C under sulfur vapor.
Once the MoS, growth was complete, the Mo precursor was re-
moved, and WO, vapor was introduced to drive edge-selective
substitutional growth of WS, at the periphery of existing MoS,
crystals. This process yielded laterally stitched monolayer het-
erostructures with atomically sharp junctions and narrow alloy
transition regions. All optical measurements were performed di-
rectly on the as-grown samples without any post-growth trans-
fer to a different substrate. Hyperspectral PL data cubes were ac-
quired under ambient conditions (T = 300K) using a scattering-
type near-field optical microscope (s-SNOM) integrated with a
broadband excitation source. Each hyperspectral cube contained
10® spectral channels per pixel, with a nanoscale spatial resolu-
tion. The x and y axes of the cube correspond to the lateral di-
mensions of the sample surface, while the z-axis represents the
photon energy range (1.85-2.0~eV). Each spectrum was acquired
with a 17s integration time, resulting in a total acquisition time
of approximately 27h per image. No additional denoising or nor-
malization was applied beyond experimental preprocessing; all
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analyses were performed directly on the acquired hyperspectral
cube I(x, y, E).

For ML analysis, each hyperspectral cube was reshaped so that
individual pixel spectra formed rows in a 2D array of size (H -
W) x C, where H and W are the spatial dimensions and C is
the number of spectral channels. For the alloy dataset (75 x 75
x 1024), this produced a matrix of 752 X 1024 = 5625 x 1024. For
the heterostructure dataset (48 x 48 x 1024), the resulting matrix
was 482 X 1024 = 2304 X 1024. This representation enabled PCA
to reduce the high-dimensional spectral data and identify the
main modes of variation, i.e., principal components (PCs). Prior
to PCA, the spectra were mean-centered at each photon-energy
channel (without variance scaling), and the component weights
(eigen-spectra) shown in Figures 2c and Figure 5¢c were extracted
using standard PCA via singular value decomposition (SVD) of
the centered hyperspectral data matrix. The PCA-reduced data
were then visualized using t-SNE to project the spectral relation-
ships into two dimensions, allowing intuitive assessment of simi-
larities and differences across the sample. For unsupervised clus-
tering, both the alloy and heterostructure datasets were analyzed
using DBSCAN applied to the PCA-reduced spectra. The com-
plete workflow of the ML analysis is illustrated in Figure 1. In
each case, the data were first reduced to three principal compo-
nents and then embedded into a 2D t-SNE space using a fixed ran-
dom seed for reproducibility. DBSCAN clustering was performed
with eps = 2.5 and min_samples = 6 to group pixels according to
their spectral similarity in the reduced feature space. For the alloy
dataset, representative spectra from each cluster were modeled
using one-, two-, or three-component Gaussian fits to decompose
the PL emission into individual peaks. Parameters such as the
amplitude and center wavelength of the dominant emissive state
were extracted from the best-fitting models and spatially mapped
to establish correlations between the emission properties and the
ML —identified clusters. For the heterostructure dataset, repre-
sentative pixels from each cluster were directly plotted to visual-
ize raw spectral differences across the dataset.

3. Results and Discussion

3.1. Unsupervised ML Analysis of Graded Alloyed 2D
Moxw'l - XSZ
The analysis in this section is based on graded Mo, W, _,S, al-
loyed monolayer experimental data acquired using tip-based PL
mapping in an s-SNOM.®! Figure 2 provides a full overview of
how the PL emission varies across a graded Mo, W, _,S, mono-
layer, both in terms of total intensity and in the underlying spec-
tral features extracted using PCA. It combines a raw intensity
map, a summary of spectral variation, and spatial distribution
of the top three principal components. Figure 2a shows the total
experimental PL intensity map which is acquired by integrating
each pixel’s spectrum over all photon energies, and is used as a
reference for evaluating spatial patterns in PCA-derived compo-
nents. This map reveals that the monolayer has a compositional
gradient, with the Mo-rich region near the center exhibiting lower
PL intensity and the alloy/W-rich transition zones at the periph-
ery showing stronger emission, resulting in a tunable bandgap of
1.85 to 1.957 eV when moving from the center to the edge of the
flake.l®] We then perform PCA to reduce the dimensionality of
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Figure 1. Workflow for unsupervised ML analysis of hyperspectral PL data from alloy and heterostructure monolayers. a) For alloy samples, the hyper-
spectral cube is reduced using PCA, followed by t-SNE visualization and DBSCAN clustering; selected pixels are then subjected to Gaussian fitting. b)
For heterostructure samples, the same dimensionality-reduction and clustering workflow is applied.
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Figure 2. Hyperspectral analysis of a Mo, W, _,S, monolayer. a) Total PL intensity map obtained directly from experimental data (without machine
learning). b) PCA explained variance plot showing the fraction of total variance captured by each component. c) Eigen-spectra (PC1-PC3) corresponding
to the main modes of spectral variation. d—f) Spatial projections of (PCT-PC3) across the flake.
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Figure 3. Unsupervised clustering and visualization of hyperspectral PL spectra from a graded Mo, W, _,S, monolayer. a) t-SNE projection of the PCA-
reduced spectra colored by DBSCAN cluster labels. b) Real-space mapping of the same clusters across the flake. c) Representative Gaussian fits to a
selected pixel spectrum (from the 51 marked in panel b), showing one-, two-, and three-component fitting models for comparison.

the spectral dataset and extract the main types of variation across
the sample, shown in Figure 2b—f. This analysis helps us break
down the complex dataset into just a few patterns that are easier
to visualize and understand. Figure 2b shows how much variance
each PC captures. The first three PCs together account for more
than 99% of the total variance, indicating that they capture nearly
all meaningful spectral variations in the dataset. This allows the
analysis to be restricted to PC1, PC2, and PC3 for identifying ma-
jor trends in the PL spectra, rather than working with hundreds
of individual spectral channels.

Figure 2c shows the spectral weight vectors (also called eigen-
spectra) for PC1, PC2, and PC3. These describe what each PC is
looking for in the spectra. PC1 has a strong positive peak near
1.827eV and resembles the average PL spectrum. PC2 changes
sign around 1.82~ eV, meaning it reacts to whether the peak shifts
to lower or higher energy. PC3 captures variations in the spec-
tral line shape that are distinct from changes in overall inten-
sity (PC1) and peak position (PC2). PC3 exhibits a curvature-like
profile, indicating sensitivity to linewidth and peak asymmetry
rather than to a separate emission feature. Such line-shape vari-
ations are a well-established optical signature of inhomogeneous
broadening arising from local disorder, including defects and mi-
croscopic strain gradients in 2D semiconductors.®! Accordingly,
in the alloy system, PC3 is interpreted as a proxy for disorder-
related spectral modifications. A derivative-based analysis sup-
porting this interpretation is provided in the Supporting Infor-
mation (Figure S1).

Figure 2d shows where PC1 is strong or weak across the sam-
ple. Itlooks nearly identical to the total intensity map in Figure 2a.
This similarity confirms that PC1 mainly tracks overall PL in-
tensity, so it can be used as a simpler version of the full inten-
sity map. Figure 2e shows the spatial pattern of PC2. There is a
clear contrast between center and edges. This contrast matches
the spectral weight vector of PC2, which flips sign near the peak
energy. This means that in the center of the sample, the PL peak
is slightly red-shifted (lower energy), while toward the edge it is
blue-shifted (higher energy). PC2 therefore visualizes how the ex-
citon emission spectra change from Mo-rich to W-rich regions.

Figure 2f shows the spatial distribution of PC3. Unlike PC1
and PC2, this map highlights finer-scale spatial features, appear-
ing as localized patches across the sample. Consistent with the
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curvature-like spectral profile of PC3, these regions correspond to
areas where linewidth and spectral asymmetry vary locally. Such
spatially inhomogeneous line-shape variations are commonly as-
sociated with disorder effects, including non-uniform strain and
defect-related inhomogeneity in alloyed monolayers.[8l While the
spectral weight vectors tell us what kind of spectral feature each
PC responds to, the spatial maps tell us where those features ap-
pear on the sample. Both are important because they connect
physical causes to their spatial effects.

Figure 3 aims to uncover discrete groups of pixels in the hy-
perspectral PL dataset that exhibit similar spectral characteris-
tics. Instead of analyzing gradual variations as in PCA, this ap-
proach identifies clusters of similar spectra by applying unsu-
pervised clustering (DBSCAN) on PCA-reduced data, with t-SNE
used for nonlinear dimensionality reduction and visualization.
Figure 3a shows the result of applying t-SNE to reduce the dimen-
sionality of PCA-transformed data into two dimensions. Each
point represents one pixel, and points are colored according to
their assigned cluster label. The result of Figure 3a reveals that
the spectra naturally group into distinct curved branches in t-
SNE space, indicating differences in similarity-based groups of
PL intensities or energies. These clusters correspond to physi-
cally distinct regions in the sample, identifying W-rich, Mo-rich,
and transition zones. Figure 3b remarkably re-projects the same
clusters identified in t-SNE space back onto the real-space coor-
dinates of the sample. Each color corresponds to the same clus-
ter as in Figure 3a. The spatial map in Figure 3b shows that
these spectral clusters form concentric ring-like regions across
the flake, consistent with a compositional gradient. This con-
firms that the spectral similarity strongly correlates with the
physical location, reinforcing the connection between the emis-
sion properties and the alloy composition. The topographic spa-
tial map of the graded MoxW, _ .S, monolayer sample analyzed
here is shown in the atomic force microscopy (AFM) image (see
Supporting Information, Figure S3a). This method provides a
fast and objective way to visualize how different alloy composi-
tions and emission features are distributed across the sample,
pixel by pixel. Unlike manual inspection, which is slow, sub-
jective, and prone to oversight, this automated approach imme-
diately reveals spatial trends that would otherwise be difficult
to detect.
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Figure 4. Spatial mapping of dominant emission parameters from three-component Gaussian fits in a graded Mo, W, _, S, monolayer. (a) Map of A,
from the second Gaussian component. (b) Map of 13 from the third Gaussian component. Both maps are overlaid on the spectral cluster map from
Figure 3b, where the 51 marked pixels (black crosses) are color-coded here according to the fitted amplitude and wavelength values. For completeness,
the full model yields six fitted parameters (A;, A,, Az, and 44, 4,, 43); however, only the two dominant quantities (A, and 4;) are shown here for brevity.

Figure 3c shows a representative Gaussian model fit to the
PL spectrum from one of the 51 selected pixels marked with
black crosses in Figure 3b. These spectra were fit using models
with one, two, or three Gaussian components, and the fits are
overlaid on the experimentally measured spectrum. The results
of Figure 3c demonstrate that a single-Gaussian model fails to
fit the emission spectrum, whereas a three-Gaussian fit closely
matches the measured data. This is attributed to the fact that
multiple emitting quasiparticles, such as band-edge excitons and
defect-bound excitons, all contribute to the observed PL signal.
The distinct spectral energy and linewidth of these three compo-
nents can be used as a basis for the tentative spectral assignment,
which is further validated by their spatial distributions correla-
tion across the monolayer as discussed below.

Figure 4 displays spatial maps of emission characteristics ex-
tracted from three-component Gaussian fits to individual PL
spectra across the graded Mo,W, _,S, flake. Each spectrum
from 51 selected pixels was decomposed into three components:
species 1 (band-edge exciton), species 2 (alloy disorder), and
species 3 (sulfur-vacancy or defect-bound emission).®! By am-
plitude, species 1 dominates in 42% of pixels, reflecting strong
W-rich band-edge emission, while species 2 dominates in 50%,
identifying alloy-disorder states as the most widespread contrib-
utors to PL intensity. Species 3 is amplitude-dominant in only
8% of pixels, indicating that defect-related states rarely provide
the brightest peak. By wavelength, however, species 3 dominates,
appearing as the reddest feature in 86% of pixels, compared to
12% for species 2 and only 2% for species 1. These results show
that the optical response is governed primarily by species 2 in
terms of intensity and by species 3 in terms of wavelength, while
species 1 remains important in W-rich domains but is generally
confined to higher-energy emission.

Guided by this analysis, Figure 4 maps the amplitude A, of
species 2 and the wavelength A, of species 3, which together cap-
ture the dominant physical signatures of the flake. In Figure 4a,
high A, values appear in intermediate, ring-like domains corre-
sponding to Mo—W alloy regions (such as clusters 5 and 7), while
both the Mo-rich center (cluster 8) and W-rich rim (cluster 2)
show suppressed A,. This spatial confinement validates the as-
signment of Species 2 to alloy-induced disorder states. Theoreti-
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cal models and experimental studies of graded alloys indicate that
disorder is maximized in transition regions where the Mo:W ra-
tio approaches 1:1, exactly where the A, amplitude is observed
to peak, whereas the purer Mo-rich and W-rich regions exhibit
reduced disorder scattering.[#48]

In Figure 4b, A, is strongly red-shifted (~670 nm) in the
central, defect-rich Mo-dominated region (cluster 8) and grad-
ually blue-shifts toward the outer rim (cluster 2), characteris-
tic of cleaner W-rich domains. The physical origin of Species
3 as defect-related emission is validated by this spatial corre-
lation with the nucleation center. CVD growth typically yields
a higher density of sulfur vacancies and structural defects at
the nucleation site, consistent with the strong, low-energy (red-
shifted) emission observed here.%*-1 Together, these spatial
trends confirm that the spectral clusters identified in Figure 3
correspond directly to physically distinct material regions and
that the Gaussian-decomposed species represent unique optical
transitions tied to composition and defect density across the al-
loy flake. Unlike traditional PL analysis, where only a few rep-
resentative spectra are manually fitted, this automated pixel-by-
pixel decomposition enables comprehensive, unbiased mapping
of emission species over the entire sample, capturing subtle spa-
tial variations that would otherwise remain undetected.

3.2. Unsupervised ML Analysis of In-Plane 2D MoS,-WS,
Heterostructure

Following the analysis of graded Mo, W, _,S, alloys, where un-
supervised clustering and Gaussian fitting were used to assign
spectral meaning to spatial domains, we now apply a similar ap-
proach to probe the spatial and spectral heterogeneity in the 2D
in-plane MoS,-WS, sharp-interface heterostructure sample.[%)
Figure 5 provides a full overview of how the PL emission varies
across the 2D in-plane MoS,-WS, heterostructure. Figure 5a In-
tegrated PL intensity map, normalized to highlight emission con-
trast across the sample. Figure 5b scree plot of explained vari-
ance ratio showing that 99% of the total variance is captured
by the first three PCs. The corresponding PC weight vectors
are plotted in Figure 5c. PC1 represents the dominant excitonic
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Figure 5. Hyperspectral analysis of the MoS,-WS, heterostructure PL data. a) Total PL intensity map obtained directly from experimental data (without
machine learning). b) PCA explained variance plot showing the fraction of total variance captured by each component. c) Eigen-spectra (PC1-PC3)
corresponding to the main modes of spectral variation. d—f) Spatial projections of PCT-PC3 across the flake.

emission profile centered near ~1.88-1.90 eV, reflecting the over-
all PL response of the system. PC2 shows a derivative-like shape
around the same energy, which indicates spectral shifts and
intensity modulations arising from local strain fields, composi-
tional gradients, or defects. PC3 shows a distinct contribution
at higher energy (~1.95 eV), consistent with additional spectral
emission associated with junction-related excitonic effects at the
heterojunction.'” A derivative-based comparison highlighting
the spectrally distinct character of PC3 in the heterostructure is
provided in the Supporting Information (Figure S2).

Figure 5d reveals that the spatial distribution of PC1resembles
the integrated PL intensity map as shown in Figure 5a, indicating
that PC1 captures the global brightness variations across the sam-
ple. The spatial map of PC2, as shown in Figure 5e, emphasizes
more fragmented spatial features, particularly along boundaries
and interface-like regions, suggesting PC2 represents fine-scale
spectral modulations arising from strain or interfacial degrada-
tion. Figure 5f displays the spatial contribution of PC3, which
is localized in a triangular central domain of the sample. This
localization hints at the presence of a distinct spectral compo-
nent potentially higher-energy emission originating from the
well-defined heterointerface formed during synthesis. The trian-
gular pattern also aligns with expected geometric boundaries of
the heterojunction,!*”) supporting the hypothesis that PC3 cap-
tures alloying or interfacial PL signatures unique to this struc-
turally confined region. Such an accumulation of PC3 within the
internal triangular region is also consistent with previously re-
ported exciton lensing effects driven by strain gradients, as well
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as with charge-transfer-related excitonic states forming near lat-
eral heterojunctions,®>> although no unique microscopic as-
signment is made here.

Figure 6 presents an unsupervised clustering analysis of the
heterostructure hyperspectral dataset to identify spatially distinct
emission domains based on spectral similarity. The result of
Figure 6a reveals that the spectra naturally organize into six well-
separated branches in the t-SNE embedding space, indicating
meaningful differences in PL shape, peak position, or intensity.
Each cluster reflects a set of spectra that share similar emis-
sion characteristics, suggesting that the heterostructure contains
multiple optically distinct regions. Figure 6b reprojects the same
clusters identified onto the real-space coordinates of the sam-
ple. Each color corresponds to the same cluster label shown in
the t-SNE map. The resulting spatial segmentation reveals that
these clusters are not randomly distributed; instead, they form
physically coherent spatial patterns, with some clusters spanning
extended interior regions while others trace narrow interfacial
or boundary-like features, demonstrating that spectral similar-
ity is linked to the structural and junction-related features of the
heterostructure. The topographic spatial map of the MoS,-WS,
monolayer sample analyzed here is shown in the atomic force mi-
croscopy (AFM) image (see Supporting Information, Figure S3b).

Figure 6¢ shows representative PL spectra from individual pix-
els selected from each of the six clusters identified in the MoS,—
WS, heterostructure. These examples illustrate the spectral diver-
sity across the sample. Cluster 5 exhibits a strong, broad emis-
sion centered near 640~nm, characteristic of emission covered

© 2026 The Author(s). Advanced Optical Materials published by Wiley-VCH GmbH
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Figure 6. Unsupervised clustering and spectral variation in the MoS,—WS, lateral heterostructure. a) t-SNE projection of spectra colored by DBSCAN
cluster labels. b) Real-space mapping of the same clusters onto the sample coordinates using consistent colors; black crosses mark the pixels whose
spectra are shown in panel (c). c) Representative PL spectra from the pixels marked in panel (b), corresponding to each cluster.

by pristine and alloy-stabilized WS, domains. In contrast, Clus-
ter 1 is nearly quenched, consistent with sulfur-deficient or de-
graded regions near the MoS, side or exposed interfaces. Clus-
ter 6 also exhibits strong WS,-like emission but with reduced
intensity compared to Cluster 5. Spatially, this cluster is local-
ized to the vertices of the WS, domains. We note that in lat-
eral heterostructures under near-field excitation, exciton trans-
port and funneling toward the energetically favorable side can
give rise to non-local PL responses near the junction.5245¢ In
this context, Cluster 6 is best interpreted as a transport-affected
WS,-like recombination class, reflecting regions where proxim-
ity to the heterointerface modifies the effective recombination
landscape. Cluster 4 corresponds to interfacial areas, giving inter-
mediate intensity with broadened line shapes. Because the clus-
tering results are mapped onto real-space coordinates, the spa-
tial width of the interface-specific cluster (Cluster 4) provides a
quantitative optical measure of the effective interfacial broaden-
ing surrounding the heterojunction. Cluster 3 appears at tran-
sitional pockets with weaker PL emission. Cluster 2 is associ-
ated with the MoS, core but shows an asymmetric profile with
a clear shoulder, indicating spectral mixing or disorder-related
states. The variation among these representative spectra reflects
the underlying optical heterogeneity of the heterostructure and
supports the interpretation that the clusters correspond to phys-
ically distinct regimes, including MoS,-rich core regions, WS,-
dominated interior and edge regions, transport-affected tran-
sition zones near the junction, and interface-specific recom-
bination regions, rather than assuming strictly local emission
behavior.

4, Conclusion

The combination of high-resolution hyperspectral mapping and
scalable data analysis applied to alloyed and interface-engineered
2D materials provides a powerful platform to uncover funda-
mental physics and guide the design of next-generation opto-
electronic devices. We present an unsupervised machine learn-
ing framework that unifies PCA for dimensionality reduction, t-
SNE for visualization, DBSCAN for clustering, and spectral fit-
ting, enabling efficient decomposition of high-dimensional hy-

Adv. Optical Mater. 2026, e03674 e03674 (7 of 9)

perspectral optical datasets into quantitatively interpretable fea-
tures. Applying our method to complex TMDC monolayers—
Mo, W, _ S, alloys and MoS,-WS, heterostructures, we uncov-
ered spatially distinct optical domains, including hidden fea-
tures, and linked them to compositional gradients, interfacial
regions, and defect-related emission. The key strength of this
approach is its ability to reveal meaningful patterns in com-
plex datasets without requiring prior labeling or manual analy-
sis. Beyond the specific systems studied here, the same work-
flow can be applied broadly to connect hyperspectral imaging
data with underlying material properties, providing a versatile
tool for exploring nanoscale heterogeneity in 2D materials and
beyond.
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