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Abstract

Environmental exposures such as air pollution and greenness are linked to affective and cognitive outcomes, but
EEG and environmental datasets are rarely jointly georeferenced, limiting direct evaluation. We investigate whether
literature-informed environmental priors can be incorporated as an auxiliary geospatial modality for EEG-based
affective-state classification when individual-level environmental exposure is unavailable. We combine 30-channel
EEG from the EAV benchmark (42 participants, aged 20–30) with environmental representations derived from
OpenAQ, Sentinel-2, Sentinel-5P and OpenStreetMap data for Astana. A dual-tower architecture combines EEG-
Conformer representations with a graph-based environmental encoder. Because the datasets were not co-registered,
environmental context is a literature-informed prior rather than measured exposure. Subject-level repeated splits,
permutation/label-shuffling controls, dose-response reversal, and domain-shift experiments separate architecture-
level gains from prior-dependent gains. The multimodal model reaches 76.2% accuracy versus 67.4% for EEG
alone; controls disrupting environmental-label structure retain part of this gain, so it is not attributable solely
to environmental information. Substituting an independently modelled Singapore environmental distribution for
Astana’s reduces accuracy to 72.8%. The results support the technical feasibility of this approach but do not establish
an observed or causal exposure-affect association. The study provides a methodological framework for future jointly
collected mobile EEG-environment studies. Implementation at: https://github.com/r11up/geo-cog.

Keywords: Geospatial Artificial Intelligence, Health Geography, Multimodal Deep Learning, Affective Computing

1 Background

Urban environmental conditions, air pollution, traffic
density, limited access to vegetation, have repeatedly
been associated with variation in psychological and cog-
nitive outcomes in epidemiological and environmental-
health research [1]. Fine particulate matter (PM2.5)
exposure is linked to reduced executive function (β =
−0.0146, p < .001) [2] and, over longer exposure win-
dows, to faster cognitive decline [31, 47]; urban noise
is tied to psychological stress and disrupted sleep [56];
access to green space is tied to lower stress and better
mood [3, 11]. This evidence provides a credible basis
for hypothesising that environmental context is relevant
to affective and neurophysiological states, but it says
little about how that context operates moment to mo-
ment: it is built almost entirely from population-level
exposure indicators and long-term aggregate outcomes
rather than temporally resolved neural recordings.

Electroencephalography (EEG) is a natural comple-
ment to this literature. It records cortical activity
at millisecond resolution, sensitive to fluctuations in
arousal, valence and cognitive load that self-report
and scanner-based neuroimaging cannot capture out-

side a laboratory, the temporal sensitivity that would
eventually be needed to couple neural responses with
fast-changing, spatially heterogeneous urban stimuli.
Geospatial cognition research proposes that the brain
continually encodes and updates spatial representations
of its surroundings to guide behaviour [4, 5, 6], and a
related literature has begun asking how elements such
as air pollution, density and visual complexity function
as spatially distributed influences on brain-mediated be-
haviour and mental-health outcomes [7, 8, 13, 14]. EEG-
based affective-state research, though, has been almost
entirely confined to controlled laboratory settings dis-
connected from real-world environmental context [9, 18],
and few studies have attempted to combine the two di-
rectly [10].

This is a specific methodological problem rather than
a simple absence of evidence. Environmental datasets,
of the kind used here, are spatially detailed and available
at no cost in almost any city. EEG affective-state bench-
marks are temporally detailed but collected in a labo-
ratory, with no simultaneous record of a participant’s
outdoor location or exposure. The EAV dataset used in
this study [24] is no exception: participants wore EEG
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equipment at Nazarbayev University in Astana, Kaza-
khstan, and no participant-level trajectory, outdoor sen-
sor reading, or timestamped exposure measurement ex-
ists alongside their recordings. Any environmental vec-
tor assigned to an EEG epoch in this study is therefore
not that participant’s measured exposure at the time
of recording; it is a value sampled from the city-wide
environmental distribution and, during training only,
conditioned on the epoch’s affective label according to
dose-response relationships reported in the epidemiolog-
ical literature (Methods). Because of this, the present
study cannot estimate a relationship between exposure
and affect empirically. What it can do is ask a narrower
question: can a multimodal deep-learning architecture
learn to exploit a literature-consistent, spatially struc-
tured environmental prior when that prior is deliber-
ately built into training, and does the resulting bene-
fit survive label-independent evaluation and a change of
city?

Three boundaries follow directly from this and are
worth stating before the methodological detail. First,
the environmental vector attached to any EEG epoch
here is a computational construction, not a measured ex-
posure. Second, the framework is accordingly a compu-
tational digital twin, a controlled simulation of environ-
mental context layered onto a laboratory EEG bench-
mark, not a system that records neurophysiological re-
sponses to real outdoor stimuli. Third, every reported
association, including the Singapore evaluation, is ev-
idence about model and architecture behaviour, not
about a causal or directly observational coupling be-
tween brain and environment; that requires temporally
and spatially co-registered in-situ data, which we return
to in Discussion as future work.

Environmental context is conventionally represented
through geographic interpolation, buffer analysis, or
land-use regression (LUR) [1, 48]. LUR relates ground-
level pollutant measurements to spatial predictors such
as road density and building morphology, and sits be-
tween pure geostatistical interpolation, which cannot
capture the sharp, morphology-driven pollution gra-
dients typical of dense urban areas, and dispersion
or chemical-transport models, which need emissions
and meteorological inputs rarely available outside well-
instrumented cities [49]. Green-space access, measured
here through Sentinel-2 vegetation indices, is repeat-
edly linked to reduced depression and anxiety [12, 13],
and OpenStreetMap-derived morphology metrics, Floor
Area Ratio (FAR) and a satellite-derived vegetation-
visibility proxy, capture density and visual exposure
to nature [3]. Mechanistically, green-space exposure is
thought to lower cortisol and attentional fatigue through
pathways described by Attention Restoration Theory
and Stress Reduction Theory [11, 33], while high-density
built form and traffic pollution are linked to elevated
stress biomarkers [30], and functional MRI work ties ur-
ban green infrastructure to prefrontal and amygdala ac-

tivity involved in emotion regulation [34].
On the neural side, spectral features, particularly

Differential Entropy (DE) and Power Spectral Density
(PSD) across the δ, θ, α, β and γ bands, carry discrim-
inative information for valence, arousal and cognitive
load in benchmark EEG datasets [16, 17], and hybrid
decoders combining convolutional and transformer com-
ponents such as the EEG-Conformer [42] now outper-
form earlier convolutional-only architectures [55]. Mul-
timodal fusion of EEG with other biosignals typically
uses unidirectional cross-modal attention, treating one
modality as query and the other as context [45, 46];
bidirectional attention, where each modality serves as
both query and context for the other, has been used
for tasks combining speech and vision but not previ-
ously for EEG and geographic data. Because EEG co-
variance matrices are symmetric positive definite and
lie on a curved manifold, Riemannian-geometry align-
ment has outperformed Euclidean domain adaptation in
brain-computer-interface work [37], which partly moti-
vated our alignment design (Methods). Spatiotemporal
graph neural networks encode Tobler’s first law of ge-
ography, that near things are more related than distant
things, as a structural inductive bias [41, 43], extending
earlier ontology-driven GIScience approaches to multi-
modal spatial prediction [21, 22].

This study addresses the co-registration problem
above with a bidirectional neuro-geospatial architecture,
an EEG-Conformer paired with a graph neural network
over a 100-cell environmental grid, coupled by bidirec-
tional cross-modal attention, and a two-stage protocol
for linking the two data domains computationally. The
contributions of this work are as follows. 1. A frame-
work for integrating unco-registered EEG and geospatial
environmental data through a literature-informed prior
(PECM) and a directly optimised cross-modal align-
ment objective. 2. A controlled protocol for distinguish-
ing the EEG signal, the environmental auxiliary infor-
mation, and the architectural multimodal benefit from
one another. 3. An explicit evaluation of how the en-
vironmental prior behaves under environmental-domain
shift, re-fitting only the environmental tower to an in-
dependently modelled Singapore distribution while the
EEG encoder and its Astana training are held fixed. 4.
A reproducible, openly available pipeline that provides
a pathway toward future studies pairing mobile EEG
with georeferenced exposure measurements.

We treat this two-city design, rather than a single
deep case study, as central to the paper’s contribution.
Every environmental input used here, ground-station
data from OpenAQ, building and road vectors from
OpenStreetMap, atmospheric imagery from the Sentinel
missions, is available at no cost in essentially any city,
including many with sparse dedicated air-quality moni-
toring. The Singapore evaluation tests whether the same
architecture, re-fitted only at the environmental tower,
keeps working when the underlying exposure distribu-
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tion is replaced by an independently modelled city, the
property a researcher elsewhere would actually need to
reuse this template.

1.1 Research questions and hypotheses

1. Does incorporating a literature-informed environ-
mental context improve EEG-based affective-state clas-
sification relative to an EEG-only baseline, and how
much of that improvement reflects the environmental
content itself rather than the added architecture? 2.
Does the environmental context remain useful for clas-
sification when the environmental domain shifts to a
structurally different, independently modelled city? 3.
How sensitive are the results to spatial scale and to the
construction, direction and resolution of the environ-
mental context?

Correspondingly: a fusion model using the literature-
informed context should outperform an EEG-only base-
line, with part of that improvement persisting under
label-decorrelated controls, an architecture-level contri-
bution, and part attributable to the literature-informed
content specifically (H1); environmental-domain substi-
tution should reduce, but not eliminate, the multimodal
advantage (H2); and performance should depend on the
spatial resolution of the environmental context and on
the literature-consistent direction of the injected associ-
ation, not merely on the presence of some partition (H3).
RQ1 is addressed by the baseline-versus-proposed-model
and ablation comparisons (Sections 3.1 and 3.6), RQ2
by the Singapore environmental-domain shift evaluation
(Section 3.3), and RQ3 by the spatial-scale and dose-
response-direction sensitivity analyses (Sections 3.5 and
3.6). These are hypotheses about computational perfor-
mance and robustness, not about a causal effect of en-
vironmental exposure on any individual’s neural state.

2 Data and study design

2.1 Study design overview

This study combines one outcome, the momentary
affective-state label attached to each EEG epoch, with
two predictor families: the EEG signal itself, and multi-
source geospatial data describing morphological, eco-
logical and atmospheric conditions across two urban
study areas. Because the neural and environmental
domains were not co-registered in real time, a two-
stage protocol links them computationally. Proba-
bilistic Environmental Context Modeling (PECM) first
establishes label-conditioned correspondence based on
epidemiological dose-response evidence; a shared rep-
resentation is then learned through a directly opti-
mised cross-modal alignment objective, motivated by,
and validated against, a Riemannian-geometry formula-
tion. PECM should be read throughout as a literature-
informed prior-generation mechanism, not as a recon-

struction of any participant’s actual exposure. For
the primary Astana analysis, the environmental data
are drawn from the EEG participants’ own city, which
anchors PECM’s conditioning in genuine population-
level geographic co-location, though not in individual-
level spatial co-registration (Discussion). The full data-
integration pipeline is summarised in Figure 1, and
the complete mathematical specification of every model
component, including the full Riemannian alignment al-
gorithm, is given in Supplementary Material S2 and S6.

2.2 Participants and neurophysiological data

The outcome variable and neural predictor are both
drawn from the EAV (EEG-Audio-Video) benchmark
[24], a resource of 30-channel EEG from 42 partici-
pants at a native sampling rate of 500 Hz, recorded
at Nazarbayev University in Astana, Kazakhstan and
available upon authorised request from the original cre-
ators. This gives population-level geographic co-location
between the EEG participants and the primary environ-
mental study area; Discussion addresses why that is not
the same as individual-level exposure co-registration.
Participants were adults; Lee et al. [24] report an age
range of 20–30 years for this cohort, and full recruitment
and demographic details, including gender breakdown,
are available in the original publication. There were
20 trials per condition, each 20 seconds long (200 tri-
als per participant). The five speaking conditions used
here, neutral, anger, sadness, happiness, relaxed/calm,
involve active, behaviourally engaged affective states,
closer to the real-world scenarios of interest than the
passive-listening conditions in the same dataset.

The label attached to each trial is the intended,
elicited emotion for its scripted condition, not a freely
reported or spontaneously occurring one: participants
selected the dialogue scenario they found most evoca-
tive for each target category, then alternately listened
to and spoke pre-scripted dialogue designed to elicit it,
with arousal and valence additionally rated by partici-
pants and experimenters [24].

Each participant’s raw EEG is a tensor of shape
(10,000×30×200) (10,000 samples per trial at 500 Hz, 30
electrodes, 200 trials), of which the five speaking condi-
tions contribute 5× 20 = 100 trials. Signals were band-
pass filtered, artifact-corrected (Artifact Subspace Re-
construction [38], FastICA [39]) and segmented into four
non-overlapping 5-second epochs per trial, 400 epochs
per participant, 16,800 epochs in total; full filtering,
downsampling and segmentation parameters are given
in Supplementary Material S1. EAV was chosen over
other benchmarks for its 30-channel montage, consistent
with evidence that electrode count contributes more to
EEG emotion-recognition accuracy than spatial topol-
ogy alone [23], its five-class coverage of the spectrum
from stress to restoration, and its balanced class distri-
bution.
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Figure 1: Data-integration pipeline. EEG recordings and environmental context are linked through PECM and aligned via
a directly optimised squared-ℓ2 objective (Supplementary S2, S6).

Each 5-second epoch yields Differential Entropy (DE)
and Power Spectral Density (PSD) features across five
canonical frequency bands (δ, θ, α, β, γ); DE is pre-
ferred over raw spectral power for its more linearly
separable classes [40]. Concatenating DE and PSD
across all 30 channels and five bands gives the neural
input tensor X ∈ RT×30×10 consumed by the neural
tower (Section 2.7); full computation parameters and
the differential-entropy derivation are given in Supple-
mentary Material S1.

2.3 Study areas

The primary geospatial domain covers a 10 × 10 km
area centred on Nazarbayev University in Astana, Kaza-
khstan (51◦53′N, 71◦26′E), projected to UTM Zone 41N
(EPSG:32641) and discretised into a 1 km2 grid of 100
spatial units. Astana was selected as the primary study
area because it is genuinely the EEG participants’ daily
urban environment at the population level, has a con-
tinental climate with well-documented seasonal PM2.5

elevation from traffic and district heating, and hosts op-
erational OpenAQ stations that anchor the LUR model.
Singapore’s central planning area (1◦17′N, 103◦49′E),
projected to the Singapore Transverse Mercator system
(EPSG:3414), serves as a secondary, structurally differ-
ent environment for testing environmental-domain ro-
bustness, using the same 10×10 km, 1 km2 grid method-
ology. No EAV participants are Singapore residents, so
this evaluation runs the full PECM protocol without As-
tana’s co-location advantage; the deliberate contrast in
building density and seasonal vegetation between the
two cities is what makes the comparison informative
(Figures 2 and 3).

2.4 Environmental context modelling: land use
regression

Environmental data are assembled from four globally
available platforms spanning atmospheric, ecological
and morphological dimensions of the urban environment
(Table 1); identical sources and processing are applied
to both study areas, which is what makes the pipeline
reusable elsewhere. Atmospheric pollution is estimated
with an LUR model combining OpenAQ ground mea-
surements of PM2.5 and NO2 with spatial predictors:
road density, building Floor Area Ratio (FAR), vegeta-
tion (NDVI), distance to major roads, and Sentinel-5P
TROPOMI data used solely as a coarse background pre-
dictor. For each pollutant p ∈ {PM2.5,NO2}:

ĉp(x) = βp
0 + βp

1 ρroad(x) + βp
2 FAR(x)

+ βp
3 c

TROPOMI
p (x) + βp

4 NDVI(x)

+ βp
5 droad(x) + ε(x) (1)

where ρroad is road length density and droad is dis-
tance to the nearest arterial road. Coefficients are esti-
mated by ordinary least squares with leave-one-station-
out cross-validation. For Astana, calibrated on NA = 6
OpenAQ stations, the LUR reaches R2 = 0.74 for PM2.5

and R2 = 0.68 for NO2; for Singapore, calibrated on
NS = 9 stations, R2 = 0.71 and 0.65. Six and nine
calibration stations are a genuine limitation on the spa-
tial representativeness of the resulting surfaces; full re-
gression diagnostics (variance inflation factors, residual
normality, spatial autocorrelation) and the rationale for
preferring a sparse-network LUR over coarse satellite re-
trievals in lower-monitoring-density settings are given in
Supplementary Material S4.

Vegetation cover uses Sentinel-2 Level-2A imagery
[27], a cloud-masked annual composite at 10 m reso-

4



Figure 2: Study area base maps, 10 × 10 km grids for Astana (primary site; EAV EEG collected here) and Singapore
(secondary site, environmental-domain shift evaluation only; no Singapore EEG data used).

Figure 3: Geographic context for the environmental-domain shift evaluation: Astana (EEG collection site) and Singapore
(independently modelled environmental distribution only; no Singapore EEG data used), separated by 6,596 km, confirming
the two environmental domains are structurally independent.

lution:

NDVI =
B8 −B4

B8 +B4
(2)

where B8 and B4 are near-infrared and red reflectance;
cells with NDVI> 0.3 are categorised as vegetated [12,
28]. Urban morphology, road networks, floor-plate areas

and building footprints, is taken from OpenStreetMap
[29] and rasterised to the 1 km2 grid to calculate FAR;
full multi-resolution processing and harmonisation of all
four data layers (TROPOMI, LUR, Sentinel-2, Open-
StreetMap) is given in Supplementary Material S4. The
O3 layer is retained at native Sentinel-5P resolution and
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is consequently smoother across neighbouring cells than
the other node features, which matters when interpret-
ing the feature-attribution results in Results.

2.5 Environmental indicators and node features

Three composite indicators reflect the environmental
factors most consistently linked to neurophysiological
outcomes in the literature used to construct PECM:
LUR-estimated PM2.5 [31, 47]; FAR, a proxy for ur-
ban canyon morphology [34]; and a satellite-derived
vegetation-visibility proxy (GVI) [35]. NO2 [32] and
O3 enter the node feature vector directly. All indicators
were standardised within each city to zero mean and unit
variance. Indicators were computed at a 250 m buffer,
which produced the most stable distributions and best
matched pedestrian-scale ranges reported in environ-
mental psychology [33, 11]; the full 100/250/500 m sensi-
tivity comparison is reported in Supplementary Material
S5.

Environmental features are arranged as a spatial
graph G = (V, E ,F) over the 100-node study grid, with
a six-dimensional feature vector at each node vi ∈ V:

fi =
[
ĉPM2.5(xi), NDVI, FAR, GVI, ĉNO2(xi), cO3(xi)

]⊤ ∈ R6

(3)
Edges E join spatially close nodes using queen’s contigu-
ity with inverse-squared-distance weights wij = 1/(d2ij+
ϵ), operationalising Tobler’s first law of geography as a
structural inductive bias [41].

2.6 Cross-domain integration: PECM as a
literature-informed prior

Because the neural and environmental domains were
not co-registered in real time, we use Probabilis-
tic Environmental Context Modeling (PECM) to con-
struct a literature-informed environmental prior for
training, not to reconstruct any participant’s ac-
tual exposure. The environmental feature vec-
tor venv assigned to an epoch with affective label
y ∈ {neutral, anger, happiness, sadness, relaxed/calm}
is drawn from a label-conditioned kernel density esti-
mate:

p(venv | y) = 1

|Dy|
∑
j∈Dy

Kh(venv − vj) (4)

where Kh(·) is a Gaussian kernel with bandwidth h
chosen by cross-validation and Dy is the environmen-
tal grid subset selected by the literature-informed con-
ditioning rule for y, drawn from the LUR-estimated sur-
faces rather than raw satellite retrievals, so condition-
ing reflects land-use-mediated exposure patterns rather
than the coarse TROPOMI background.

Conditioning follows dose-response relationships re-
ported in the epidemiological literature (full evidence
base in Supplementary Material S4): epochs labelled

anger or sadness receive PM2.5 and FAR values from the
upper exposure quartile, consistent with reported associ-
ations between pollution and negative affect [36]; epochs
labelled relaxed/calm or happiness receive NDVI and
GVI values from the upper vegetation quartile, consis-
tent with Stress Reduction Theory [33]; neutral epochs
receive interquartile-range values. These assignments
encode hypotheses drawn from prior literature into the
training signal; they are not measurements of exposure
in the EAV participants, and because anger/sadness
and relaxed/calm/happiness share identical conditioning
subsets by construction, PECM cannot distinguish these
pairs from venv alone, a deliberate safeguard rather than
an emergent property.

Train/evaluation sampling protocol. This detail gov-
erns how every accuracy figure in Results should be
read. Equation (4)’s label-conditioned sampling is ap-
plied only to the training partition of every repeated
split. Validation and held-out test environmental vec-
tors are instead drawn from the unconditional marginal
distribution over the same grid, venv ∼ p(venv) =
1

|D|
∑

j∈D Kh(venv−vj), independent of the epoch’s true

label, using the full set D of observed environmental vec-
tors irrespective of class. This applies uniformly to the
Astana evaluation, the environment-only baseline, and
the Singapore evaluation, so no reported accuracy figure
gives the model test-time access to a signal that depends
on the label it is predicting. We separately report a di-
agnostic condition in which the held-out test partition
is instead sampled conditionally on the true test label,
venv ∼ p(venv | ytest); this is a diagnostic upper bound
on what label-conditioned test-time information could
add, used only for that one comparison in Results and
nowhere else.

A label-conditioned training scheme could in prin-
ciple leak residual, weakly label-correlated structure
into the classifier even under unconditional test-time
sampling. Four checks probe this: an environment-
only baseline trained and evaluated under the identi-
cal matched-distribution protocol; a label-shuffling ab-
lation that keeps PECM’s distributional form while de-
stroying its label structure; non-deterministic kernel-
density sampling that introduces within-class variabil-
ity; and the diagnostic label-independent-versus-label-
conditioned comparison. Any classification benefit
that survives these checks reflects the model’s ability,
having learned during training to associate literature-
grounded environmental regimes with affective cate-
gories, to carry that association forward to uncondi-
tioned, label-independent inputs at test time, a different
and stronger claim than would follow if test-time inputs
were also label-conditioned.

After PECM, a shared representation is learned by
minimising a directly optimised squared-ℓ2 alignment
loss, Lalign = ∥zEEG − zENV∥22, chosen because it in-
tegrates end-to-end without negative-sample mining or
an external eigenproblem, and does not require the en-
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Table 1: Datasets used in the multimodal neuro-geospatial framework.

Dataset Source Modality Key attributes Spatial res. Temporal
res.

EAV [24] Lab EEG (As-
tana)

Neural 30-ch, 42 participants,
5 affective states

— 500 Hz

OpenAQ [25] API Air quality PM2.5, NO2 Point Hourly
Sentinel-5P [26] Satellite Atmospheric NO2, O3, aerosol 3.5 km† Daily
LUR model OpenAQ+OSM+S5PAtmospheric PM2.5, NO2 1 km2 Annual
Sentinel-2 [27] Satellite Vegetation NDVI 10 m 5-day
OpenStreetMap
[29]

Open vector Urban mor-
phology

Buildings, roads, FAR Parcel Static

†TROPOMI is used only as a background predictor (Eq. (1)). Astana: EPSG:32641; Singapore: EPSG:3414. All sources freely available.

vironmental vector to be represented as a symmetric
positive-definite matrix. Its geometric motivation, a
Riemannian Manifold Alignment (RMA) procedure, was
evaluated as an alternative projection and did not yield
a consistent additional gain over this simpler objective,
which is therefore used throughout; the full RMA al-
gorithm, an InfoNCE contrastive alternative, and two
further alignment alternatives are reported in Supple-
mentary Material S6, none of which outperformed the
deployed objective by a meaningful margin.

2.7 Proposed methodology: model architecture

The framework processes two parallel data streams
through domain-specific encoding towers, integrated via
bidirectional cross-modal attention, to predict one of
five affective states (Figure 4); the complete layer-by-
layer specification, including every attention equation,
is given in Supplementary Material S2.

The neural tower uses the EEG-Conformer archi-
tecture [42], combining a shallow convolutional mod-
ule with a multi-head self-attention module to produce
veeg ∈ R256; full layer dimensions, kernel sizes and
attention-head counts are given in Supplementary Ma-
terial S2–S3.

The environmental tower is a spatial graph neural
network (GNN) applied to the graph G. It retains a
GRU component for extensibility to future temporal en-
vironmental sequences, but the present experiment sup-
plies a static input, so the results reported here evaluate
spatial graph encoding rather than genuine temporal en-
vironmental dynamics (Discussion). For a given epoch,
the input is the static node feature matrix F (Equa-
tion (3)) broadcast-shifted by the epoch’s PECM sam-
ple venv (Equation (4)), so the epoch-level environmen-
tal signal enters the graph as an identical additive shift
across all 100 nodes, without fabricating spatial struc-
ture PECM does not itself specify (full broadcast and
GCN equations in Supplementary Material S2). A two-
layer Graph Convolutional Network then produces spa-
tially smoothed 128-dimensional node representations,

encoding Tobler’s first law as a structural bias. These
pass through a Gated Recurrent Unit [44] with hid-
den dimension 128; because every environmental feature
used here is a single static, city-wide annual estimate
rather than a per-epoch time series, the GRU currently
operates over a sequence of length one, mathematically
equivalent to a learned gated nonlinear projection rather
than genuine multi-step temporal modelling. We retain
it so the encoder is structurally ready to ingest a real
multi-day exposure sequence without redesign (Discus-
sion); Supplementary Material S6 quantifies the mod-
ule’s present, modest contribution under the static in-
put actually used here. Global mean pooling over all 100
nodes then produces the 256-dimensional environmental
embedding.

Bidirectional cross-modal attention fusion. Stan-
dard cross-modal attention architectures designate one
modality as query and the other as supplemental con-
text [45]; this is not obviously appropriate here, since
environmental context and neural state plausibly con-
strain which features of each other are informative.
Bidirectionality, each modality serves simultaneously as
query and as key-value context for the other within a
single forward pass, is strictly an architectural prop-
erty, and does not represent a real-world adaptive feed-
back loop (Discussion). Environment-conditioned neu-
ral attention and neural-conditioned environmental at-
tention are computed with eight independently learned
heads each, whose outputs are concatenated and lin-
early projected to a 512-dimensional fused representa-
tion zfused (full attention equations in Supplementary
Material S2). As a parameter-light control, we also eval-
uate a concatenation-fusion baseline that removes cross-
modal attention entirely (Supplementary Material S6).

After two fully connected layers with ReLU activa-
tion and dropout (p=0.3), zfused is passed through a
linear output projection and softmax to produce P (y |
X,venv). The model is trained end-to-end by minimis-
ing Ltotal = LCE + λLalign, where LCE is the cross-
entropy classification loss and λ>0 is an alignment
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Figure 4: Dual-tower architecture: an EEG-Conformer encodes 30-channel EEG into a 256-D embedding; a graph neural
network over a 100-node grid encodes LUR-estimated PM2.5/NO2, NDVI, FAR and GVI into a matched embedding. The two
are fused via bidirectional cross-modal attention and classified into the five EAV affective states.

weight selected via validation-set grid search.

2.8 Model training and implementation

Every model was implemented in PyTorch 2.1 [50]
and trained on a single NVIDIA A100 GPU (40 GB
HBM2). The EEG-Conformer backbone was initialised
with weights pretrained on SEED-IV and fine-tuned
end-to-end on EAV following the protocol of Song et
al. [42]; the environmental tower was trained from ran-
dom initialisation. AdamW [51, 52] was used with co-
sine annealing over 100 epochs, weight decay 1 × 10−4,
learning rate 1 × 10−4, and batch size 64. The align-
ment weight λ=0.1 was selected by grid search over
{0.01, 0.05, 0.1, 0.5, 1.0}; early stopping with patience of
15 epochs on validation macro F1-score prevented over-
fitting; all random seeds were fixed at 42. The complete
hyperparameter set is given in Supplementary Material
S3.

2.9 Experimental design and repeated split
protocol

Five repeated subject-level train/validation/test splits
evaluate the model among the 42 EAV participants; no
participant contributes data to both training and evalu-
ation within any split, addressing the inter-subject vari-
ability that is a well-documented challenge for subject-
independent EEG emotion recognition [15]. Subject-
level partitioning is preferred over the epoch-level ran-
dom split used in the reference implementation [24],
which inflates reported accuracy by roughly 8–12 per-
centage points [42]. Approximately 33 participants
(13,200 epochs) form the training set, five (2,000 epochs)

the validation set, and four (1,600 epochs) the held-
out test set inside each split. PECM’s label-conditioned
sampling (Equation (4)) is applied only when construct-
ing the training partition’s environmental vectors in ev-
ery split; validation and held-out test partitions always
receive unconditional draws (Section 2.6).

For the environmental-domain shift evaluation, each
fold’s training, validation and held-out test partitions
retain their original Astana EEG epochs and affec-
tive labels; only the environmental vectors supplied to
PECM are redrawn from Singapore’s independently fit-
ted LUR distributions, following the identical train-
conditioned/evaluation-unconditional protocol. The en-
vironmental tower is re-initialised and fine-tuned using
only the training partition’s Singapore-derived environ-
mental vectors, exactly as in the Astana protocol; the
held-out test partition is never used for parameter up-
dates and serves only to compute the reported Singa-
pore accuracy, while EEG-Conformer weights trained on
Astana remain frozen throughout. No EEG recordings
from Singapore participants exist or are used anywhere
in this study; this evaluation therefore tests whether the
learned fusion architecture and environmental tower re-
main trainable and effective when the environmental in-
put distribution is replaced with that of an independent
city, not whether the model generalises to a new human
population. This design isolates the contribution of the
environmental representation from that of the sampled
population (Figure 5).

Paired comparisons use a two-sided paired Wilcoxon
signed-rank test over the five split-level accuracy val-
ues. With only five paired observations, the exact null
distribution’s minimum attainable two-sided p-value is
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Figure 5: Experimental protocol: PECM’s label-conditioned sampling applies only to each split’s training partition; valida-
tion/test partitions always draw environmental input independently of the true label. The domain-shift evaluation re-fits only
the environmental tower to Singapore data, freezing the EEG-Conformer.

0.0625, so conventional α = 0.05 significance cannot be
reached from a split-level test regardless of effect size;
we therefore treat gap magnitude, consistency across
the five repeated splits, and the ablation-based decom-
position (Section 3.6) as the primary evidence for the
reported effects, rather than a nominal p-value.

2.10 Baseline and comparison models

Six configurations isolate the contribution of each pro-
posed component; all share identical preprocessing
and feature-extraction pipelines and all multimodal
models use the same LUR-estimated atmospheric sur-
faces. (1) Random Forest (EEG-only): 200 estima-
tors, maximum depth 20, on DE features concate-
nated over all channels and bands; a non-deep-learning
lower bound. (2) LSTM (EEG-only): two-layer bidi-
rectional LSTM, hidden dimension 256, on sequential
DE tensors. (3) EEG-Conformer (EEG-only): the
full backbone without environmental input; the pri-
mary single-modality baseline. (4) Environment-only :
a two-layer MLP (hidden dims [128, 64]) on the six-
dimensional environmental vector alone, trained on the
same label-conditioned PECM distribution and evalu-
ated on the same unconditional distribution as the mul-
timodal model. Because it receives no EEG signal, this
baseline is a direct check on whether PECM’s training-
time conditioning alone is sufficient to leak the label
into venv: if it were, this model would score well above
chance. (5) EEG-Conformer + graph encoder, unidirec-
tional attention: environment-conditioned neural atten-
tion only. (6) EEG-Conformer + graph encoder, bidi-
rectional (proposed): full bidirectional cross-modal at-
tention with PECM-guided alignment.

2.11 Evaluation metrics

Accuracy is the proportion of correctly classified epochs
across all five categories (chance = 20%). Macro-
averaged F1 is the unweighted mean of per-class F1-
scores. ROC-AUC is computed one-vs-rest per class
and averaged. The environmental-domain shift penalty
(∆shift) is the Singapore-environment accuracy minus
the Astana accuracy for each configuration, evaluated
on the same underlying EEG epochs and labels in both
cases; a negative value indicates the expected accuracy
reduction when the environmental input distribution is
switched from the co-located city to an independently
modelled one. We use “transfer” terminology here in the
domain-adaptation sense: what transfers is the environ-
mental representation, not the participant population.

3 Results

3.1 Primary affective-state classification per-
formance (Astana)

Table 2 shows performance across five repeated subject-
level train/validation/test splits on the primary As-
tana study area. The proposed bidirectional multi-
modal framework reaches 76.2 ± 1.7% accuracy, macro
F1 0.741 ± 0.019, and ROC-AUC 0.884 ± 0.013, an 8.8
percentage-point gain over the EEG-Conformer single-
modality baseline. All results in this table use the
label-independent protocol in which validation and test
environmental inputs are drawn independently of the
true label (Section 2.6); Section 3.2 reports the label-
conditioned diagnostic comparison.

This 8.8-point gap should not be read as an 8.8-point
contribution of environmental information on its own.
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Table 2: Classification performance across five repeated subject-level splits, Astana (mean±SD); best per column in bold.

Model Accuracy (%) Macro F1 ROC-AUC

Random Forest (EEG-only) 42.6± 4.1 0.389± 0.044 0.681± 0.033
LSTM (EEG-only) 51.3± 3.2 0.481± 0.036 0.724± 0.028
Environment-only (matched-distribution) 22.3± 1.4 0.214 0.507
EEG-Conformer (EEG-only) 67.4± 2.3 0.651± 0.026 0.824± 0.019
EEG-Conformer + graph encoder (unidirectional) 73.8± 2.0 0.714± 0.022 0.866± 0.016
EEG-Conformer + graph encoder (bidirectional, proposed) 76.2± 1.7 0.741± 0.019 0.884± 0.013

Chance accuracy is 20%. Environmental inputs are computationally generated (Section 2.6), not measured exposure; see Section 2.9 for
statistical treatment.

The environment-only baseline, trained on the label-
conditioned distribution and evaluated on the uncon-
ditional one, reaches 22.3 ± 1.4%, close to chance, evi-
dence that the environmental representation alone car-
ries little discriminative value once test-time inputs are
label-independent, though not proof that every form of
leakage has been ruled out. The unidirectional model
improves over EEG-Conformer by 6.4 percentage points,
with bidirectional attention adding a further 2.4 points.
Table 5 (Section 3.6) decomposes the remaining gain fur-
ther: randomly paired (71.3%) or label-shuffled (70.8%)
environmental input still improves 3.4–3.9 points over
EEG-only, so part of the total reflects the dual-tower
architecture attending to a second input stream, inde-
pendent of what that stream contains.

3.2 Label-independent versus label-conditioned
diagnostic

Because PECM’s label-conditioned sampling is applied
only to the training partition, the 76.2% figure above al-
ready reflects label-independent test-time inference. Ta-
ble 3 adds a diagnostic condition in which the held-out
test partition is instead sampled exactly as training data
would be, using the true test-set label; this condition is
evaluated only for this one comparison and is not used
elsewhere.

The gap between the two conditions, ∆ = 6.3 percent-
age points, is a diagnostic upper bound on how much
test-time access to the true label could add, were such
access available; it is not a claim about the deployed
model, which never receives that access, and is not used
to inflate any other result. Of the 15.1-point total gap
between EEG-only (67.4%) and the label-conditioned
diagnostic (82.5%), 8.8 points (58%) are already re-
alised under label-independent inference, and 6.3 points
(42%) would require privileged, non-deployable informa-
tion. This is evidence that the architecture’s benefit is
not solely an artefact of test-time label leakage, since
none is present in the label-independent condition, while
also showing that a non-trivial share of what the model
learns during training does not fully transfer to label-
independent inputs (Discussion).

3.3 Environmental-domain shift evaluation
(Singapore)

Table 4 reports performance under the Singapore
environmental-domain shift condition alongside the cor-
responding Astana results. The underlying EEG epochs
and labels evaluated in both columns are the same As-
tana recordings; the EEG-Conformer backbone is frozen
from Astana training, and only the environmental tower
and PECM sampling distribution are re-fitted using Sin-
gapore’s independently modelled LUR data, isolating
the effect of substituting the environmental distribu-
tion rather than testing generalisation to an indepen-
dent participant population.

The shift penalty for the proposed model is 3.4 per-
centage points, an expected reduction given the loss
of geographic co-location, and 3.7 points for the unidi-
rectional baseline. The near-identical environment-only
baselines (22.3% Astana vs 21.6% Singapore) show that
city-level z-score standardisation of LUR-estimated con-
centrations keeps city identity from inflating the com-
parison. Figure 6 shows per-cell misclassifications con-
centrating in structurally similar zones of both cities.
This experiment does not evaluate generalisation to a
new human population, since no Singapore EEG record-
ings exist; it evaluates whether the architecture keeps
working when the environmental distribution under-
neath it changes.

3.4 Environmental feature attribution

GraphLIME-based feature attribution [53] ranks the six
environmental indicators across test samples, stratified
by predicted affective class (Figure 7; exact values in
Supplementary Material S4). PM2.5 carries the high-
est attribution for anger and sadness; NDVI carries
the highest attribution for relaxed/calm and happiness;
FAR is highest for neutral. Because the anger/sadness
and relaxed/happiness pairs share an identical PECM
conditioning subset by construction, this pattern is
partly expected from the sampling design itself, and it
describes the model’s use of the imposed prior rather
than an independent estimate of PM2.5’s or NDVI’s im-
portance to affect. The more informative comparison
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Table 3: Label-independent versus label-conditioned test-time sampling, proposed model, Astana. The label-conditioned
condition upper-bounds test-time label information; label-independent is the protocol used throughout.

Test-time environmental conditioning Accuracy (%) Macro F1 ROC-AUC

EEG-only (no environmental input) 67.4± 2.3 0.651± 0.026 0.824± 0.019
Label-independent (throughout this paper) 76.2± 1.7 0.741± 0.019 0.884± 0.013
Label-conditioned (diagnostic upper bound only) 82.5± 1.5 0.808 0.921

Table 4: Environmental-domain shift results: Astana versus an independently modelled Singapore distribution (EEG-
Conformer frozen; environmental tower fine-tuned on Singapore LUR data). ∆shift = Singapore minus Astana accuracy.

Model Astana Acc. (%) Singapore Acc. (%) ∆shift (pp)

EEG-Conformer (EEG-only) 67.4± 2.3 67.4± 2.3 0.0
Environment-only 22.3± 1.4 21.6± 1.5 −0.7
EEG-Conformer + graph encoder (unidirectional) 73.8± 2.0 70.1± 2.1 −3.7
EEG-Conformer + graph encoder (bidirectional) 76.2± 1.7 72.8± 1.9 −3.4

Figure 6: Spatial error comparison, Astana (left) vs Singapore (right). Top: per-cell misclassification on the 1 km2 grid.
Bottom: PECM regimes. Errors cluster in high-density, low-NDVI zones (financial/CBD districts, FAR> 5), where the prior
is least discriminative.

is the attribution spread within each pair, reported in
Supplementary Material S4. A visualisation of how the
alignment objective reshapes the joint EEG and envi-
ronment latent space (UMAP) is reported in Supple-
mentary Material S7.

3.5 Spatial scale sensitivity (MAUP)

To check sensitivity to spatial resolution, addressing the
Modifiable Areal Unit Problem [54], PM2.5 and NO2

layers were aggregated from the native 1 km2 LUR res-
olution to 5 km2 and 10 km2, and the full model re-
trained and evaluated at each resolution. Accuracy de-
grades roughly monotonically, from 76.2±1.7% at 1 km2

to 74.0 ± 2.1% at 5 km2 to 72.1 ± 2.3% at 10 km2,
a 4.1-point loss that still leaves the coarsest configu-

ration above the EEG-only baseline (67.4%), suggesting
LUR mainly contributes useful spatial priors rather than
scale-dependent detail, reassuring for cities where only
coarser covariates are available. The complete resolution
table and a separate buffer-radius sensitivity compari-
son (100/250/500 m, confirming the 250 m buffer used
throughout, Section 2.5) are reported in Supplementary
Material S5 and S8.

3.6 Ablation study

Table 5 isolates the core contribution of PECM’s
literature-informed conditioning and of the EEG back-
bone and attention design, under the same five repeated
subject-level train/validation/test split protocol used for
the main results; a further five configurations (alterna-
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Figure 7: GraphLIME attribution scores by predicted affective class, across five repeated splits. Attributions describe reliance
on the PECM prior, not independent estimates of environmental effects on affect. Error bars: 1 SD.

tive alignment objectives, graph/GRU ablations, and
a concatenation-fusion control) are reported in Supple-
mentary Material S6.

Replacing PECM-guided training-time conditioning
with random environmental pairing reduces accuracy
to 71.3% (−4.9 pp); disabling PECM label-conditioning
while retaining the alignment objective yields a com-
parable 70.8%, so most of the alignment benefit comes
from the label-conditioning itself rather than the align-
ment objective alone. Reversing the dose-response
conditioning reduces accuracy to 70.9% (−5.3 pp),
closely matching the label-shuffling result and confirm-
ing the architecture is sensitive to the specific literature-
consistent direction of the injected association, not
merely to the presence of some quartile-based partition.
That this reversed-association condition still sits 3.5 pp
above the EEG-only baseline, rather than falling fully
back to it, points to a modest architecture-level ben-
efit that persists even when the injected association is
inverted; we read this as a limitation of the negative con-
trol rather than evidence of a genuine reversed effect.

Read against the EEG-only baseline (67.4%), the
three controls that disrupt environmental-label struc-
ture, random pairing, shuffled labels, reversed dose-
response, converge on a 3.4–3.9 pp gain attributable
to the dual-tower architecture and cross-modal atten-
tion operating on a second input stream, independent
of its content. The remaining 4.9–5.4 pp, recovered by
restoring PECM’s literature-informed structure, reflects
the model’s sensitivity to that imposed structure specif-
ically, not an independently estimated environmental
effect. Replacing EEG-Conformer with EEGNet [55]
reduces accuracy to 66.9% (−9.3 pp), confirming the
Conformer’s advantage for this task. The unidirectional
condition reaches 73.8% versus 76.2% for the full bidi-
rectional model, a 2.4 pp gain attributable solely to
adding the neural-conditioned environmental attention
branch; a parameter-light concatenation-fusion control
and alternative graph/alignment configurations corrob-
orate this ordering without materially changing it (Sup-
plementary Material S6).

4 Discussion

4.1 A methodological contribution, not an epi-
demiological one

The main contribution of this study is methodological.
The results show that a spatially structured environmen-
tal representation can be built into an EEG affective-
state classifier and can improve its performance relative
to an EEG-only architecture. Because that environmen-
tal context is generated through a literature-informed
prior rather than measured alongside each EEG record-
ing, this should not be read as evidence that PM2.5,
NDVI or FAR independently predicts any individual
participant’s affective state. The practical value of the
framework lies in providing a controlled computational
setting for testing neuro-geospatial fusion strategies be-
fore jointly collected in-situ data exist.

4.2 Toward internationally deployable geospa-
tial pipelines

AI-assisted mental-health assessment is an active area
more broadly [19, 20]; this work extends that trajectory
into the geospatial domain. Spatially structured envi-
ronmental features, particularly PM2.5, NDVI and FAR,
contribute to the model’s predictions within the imposed
environmental-prior framework. This suggests that GIS-
based representations could provide useful auxiliary in-
puts for future neuro-geospatial modelling studies us-
ing directly co-registered environmental and neural mea-
surements. What matters most to other researchers,
though, is architectural: every environmental input
this pipeline needs, OpenAQ ground stations, Open-
StreetMap vectors, Sentinel imagery, is available at no
cost in essentially any city. A researcher with only a
handful of low-cost air-quality sensors could fit the same
LUR specification used here, six stations for Astana,
nine for Singapore, pair it with the same globally avail-
able vegetation and morphology layers, and reuse this
architecture largely unchanged: only the environmen-
tal tower and PECM’s sampling distribution need lo-
cal re-fitting, while the pretrained EEG encoder trans-
fers directly. The Astana-to-Singapore result, a 3.4-
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Table 5: Core ablation results, Astana. All conditions use the EEG-Conformer backbone and environmental tower (Sec-
tion 2.7) unless stated; five further configurations in Supplementary Table S6.1.

Condition Accuracy (%) Macro F1 ROC-AUC

No alignment (random env. pairing) 71.3± 2.6 0.689± 0.028 0.851± 0.021
Shuffled env. labels (PECM disabled) 70.8± 2.5 0.683± 0.027 0.847± 0.020
Reversed dose-response (negative control) 70.9± 2.1 0.683 0.847
CNN backbone (EEGNet, no Conformer) 66.9± 3.0 0.641± 0.032 0.821± 0.024
Unidirectional attention only 73.8± 2.0 0.714± 0.022 0.866± 0.016
Full proposed model 76.2± 1.7 0.741± 0.019 0.884± 0.013

CNN backbone: EEGNet [55]; reversed dose-response inverts the PECM quartile assignment. Accuracy is mean±SD; F1/ROC-AUC
are point estimates.

point shift penalty when the environmental distribution
is swapped for an independently modelled, structurally
different city, is the concrete demonstration of that prop-
erty, not a claim about either city specifically.

We call this environmental-domain generalisation
rather than a city-agnostic or population-level transfer-
ability claim: no independent Singapore EEG data were
available, so the Singapore condition evaluates the same
Astana epochs and labels under a substituted environ-
mental distribution, a narrower claim than full cross-
population generalisation. City-level z-score standard-
isation of all indicators, avoiding the need to recali-
brate absolute thresholds across very different pollution
regimes (Delhi’s mean PM2.5 exceeds 90 µg/m

3
, against

Astana’s ∼ 22 and Singapore’s ∼ 15 µg/m
3
); and re-

learning the environmental tower from random initiali-
sation per city while freezing the EEG-Conformer back-
bone, which limits the marginal cost of a new city to
fitting a local LUR and fine-tuning one tower.

4.3 Land use regression as a globally deployable
exposure model

Using LUR to generate physically grounded 1 km2 pol-
lution surfaces, rather than interpolating TROPOMI
data directly, matters because TROPOMI’s 3.5×5.5 km
footprint yields only a few independent pixels within a
10×10 km area and misses local gradients near roads and
dense development. The MAUP analysis (Section 3.5)
shows that even aggregated to 10 km2, close to the na-
tive TROPOMI footprint, gains over EEG-only persist
(72.1% vs 67.4%), suggesting LUR mainly contributes
useful spatial priors rather than scale-dependent detail,
reassuring for cities where only coarser covariates are
available. A genuine limitation is the use of static pre-
dictors, annual NDVI, annually aggregated pollutant
means; extending the LUR to time-resolved traffic den-
sity and seasonal emission inventories is future work,
connected to the environmental tower’s currently under-
exercised temporal capacity discussed below.

4.4 Architectural contribution and the cost of
literature-informed linkage

Bidirectionality, defined in Section 2.7, is an architec-
tural property operating within a single forward pass; it
does not represent a real-world adaptive feedback loop.
The 2.4-point gain over unidirectional attention, and the
concatenation-fusion comparison, confirm the benefit of
letting each modality serve as both query and context for
the other. Closed-loop neuro-urban applications, adap-
tive lighting or routing that responds to detected af-
fective state, are a distinct, considerably longer-term
direction this architecture could inform but does not
itself implement. The ablation decomposition in Sec-
tion 3.6 matters here precisely because it is unflattering
to a purely architectural reading of the results: roughly
3.4–3.9 of the total 8.8-point gain survives controls that
disrupt environmental-label structure, random pairing,
shuffled labels, reversed dose-response, meaning a mean-
ingful share of the benefit comes from the dual-tower
architecture attending to any second input stream, not
specifically from correct environmental content. Report-
ing that decomposition, rather than only the headline
gain, is what lets the remaining 4.9–5.4 pp, attributable
to the literature-informed structure specifically, be in-
terpreted with any confidence.

4.5 What this study does not demonstrate

To be explicit: this study does not show that PM2.5

causes negative affect, that pollution produces acute
EEG changes in individuals, or that any of the envi-
ronmental variables used here are biomarkers of cogni-
tive decline. It does not establish an observed associ-
ation between measured exposure and measured neural
state, because the two domains were never co-registered.
What it shows is that a literature-informed environmen-
tal prior can be represented, fused with EEG, and tested
under a set of computational perturbations designed to
separate architecture from content.
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4.6 Limitations

Several limitations follow directly from the study’s de-
sign. The most important is the absence of individual-
level spatial and temporal co-registration between EEG
and environmental measurements: participants wore
EEG equipment in a controlled laboratory rather than
in the outdoor environment, so no individual-level expo-
sure variance exists, only a city-wide, population-level
environmental distribution.

Second, PECM uses the affective label during train-
ing to build the environmental prior. Test-time sam-
pling is label-independent, but training necessarily en-
codes the literature-derived relationship between affec-
tive category and environmental regime. The resulting
performance reflects the model’s ability to exploit a de-
liberately imposed prior, not an independently discov-
ered relationship between exposure and affect.

Third, the environmental representation is mostly
static or annually aggregated. The study does not eval-
uate acute exposure-response dynamics, cumulative ex-
posure, lagged effects, or within-person temporal vari-
ation, and the GRU component in the environmental
tower currently operates over a sequence of length one
for this reason (Section 2.7). Fourth, the Singapore eval-
uation changes the environmental distribution but re-
tains the Astana EEG recordings; it does not establish
cross-population or cross-cultural generalization. Fifth,
the LUR surfaces are calibrated from six Astana and
nine Singapore stations. That is a real constraint on spa-
tial representativeness, and the reported R2 and RMSE
values carry sampling uncertainty that a denser network
would reduce; we consider LUR calibrated against a
sparse network preferable to uncorrected coarse satellite
retrievals for this application, consistent with standard
practice in urban exposure science [48], the uncertainty
should be propagated explicitly in future work.

This framework pairs neuro physiological data with
fine-grained geographic information, real-world deploy-
ment would raise geo-privacy and cognitive-liberty con-
siderations beyond those of either modality alone: any
in-situ extension should employ geo masking, such as
spatial aggregation or calibrated spatial noise, and
differential-privacy mechanisms to bound information
leakage from individual location and neural data pairs,
and consent procedures should clearly communicate the
nature and scope of neural data collection, with par-
ticipants able to withdraw consent and request deletion
at any time; formal ethics statements for the present
secondary-data analysis are in Declarations.

4.7 Future work

The clearest next step is a jointly collected, longitudi-
nal dataset in which participants undergo repeated EEG
or wearable neurophysiological measurement while their
location and environmental exposure are recorded at
the same time, ideally including timestamped PM2.5,

NO2, O3, temperature, noise and vegetation measures
alongside repeated affective or cognitive assessment.
That design would support within-person comparisons
of neural-state deviation against exposure deviation, re-
ducing confounding from stable individual traits in a
way population-level data cannot. Such co-registration
would move the current computational digital twin to-
ward direct observational testing of associations be-
tween brain and environment; establishing causality be-
yond that association would additionally require ap-
propriate longitudinal, within-person analysis and con-
trol for time-varying confounders, not co-registration
alone. The present architecture could be adapted to
such data directly, replacing PECM-generated priors
with observed exposure measurements once they exist.

A smaller, no-new-data extension is to feed the envi-
ronmental tower’s GRU a multi-step sequence built from
the hourly OpenAQ observations already used to fit
the LUR, so the temporal module learns real multi-day
accumulation dynamics instead of operating over a se-
quence of length one (Supplementary Material S4). The
environmental tower’s fixed, geography-derived graph is
a further simplification: edges here are set by inverse-
squared distance rather than learned from data, and
future work could replace this with adaptively learned
graph construction, in which edge weights are inferred
through a trainable parametric kernel, an approach ex-
plored in related patent-pending work by the authors
for health-monitoring applications [58]. The LUR it-
self should be extended with time-resolved traffic den-
sity and seasonal emissions, and future work should in-
corporate socio-demographic covariates to examine ex-
posure inequity across marginalised urban populations,
connecting this modelling approach to environmental-
justice research. Confirming that the architectural
transferability demonstrated here also holds for gen-
uine cross-population generalisation, real neural data
collected in a second city, is an important direction for
such an in-situ follow-up study.

5 Conclusions

This study presents a bidirectional multimodal architec-
ture and a leakage-aware evaluation protocol for combin-
ing EEG affective representations with spatially struc-
tured environmental context when the two domains are
not directly co-registered. Grounding the primary anal-
ysis in Astana, the EEG participants’ own city, anchors
PECM’s conditioning in genuine geographic co-location
and a validated LUR model (R2 = 0.74 for PM2.5, 0.68
for NO2). Separating training-time, label-conditioned
sampling from label-independent evaluation, with a di-
rect diagnostic comparison, shows that 6.3 of the to-
tal 15.1-point gap between EEG-only and the label-
conditioned upper bound, 42%, needs privileged test-
time information that the deployed model never receives,
while 58% (8.8 points) is already realised under label-
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independent inference. The framework reaches 76.2%
accuracy on Astana under that protocol, and 72.8%
when only its environmental tower is re-fitted to Singa-
pore’s independently modelled distribution, a 3.4-point
reduction we read as evidence of architectural robust-
ness to environmental-domain shift, not of generalisa-
tion across human populations, since no independent
Singapore EEG data exist.

Because the link between environment and affect here
was constructed from literature dose-response evidence
rather than measured in situ, these results demonstrate
technical feasibility and generate testable, literature-
consistent hypotheses; they are not a direct measure-
ment of real-world coupling between brain and envi-
ronment. Building the environmental pipeline entirely
from open, international data, LUR calibrated against
sparse OpenAQ networks, Sentinel vegetation indices,
OpenStreetMap morphology, and showing that only the
environmental tower needs re-fitting to move between
structurally different cities, gives health-geography re-
searchers elsewhere a template they can adapt to their
own infrastructure, pending the jointly collected, geo-
referenced in-situ studies needed to test whether these
literature-derived associations hold for real, individually
varying exposure.

Supplementary information

Detailed preprocessing parameters, the complete model
architecture and equations, hyperparameters, full
environmental-data processing, spatial graph and
buffer-radius construction, additional ablation experi-
ments, latent-space visualisation, and the full spatial-
scale (MAUP) sensitivity analysis are provided in the
Supplementary Material at the end of this document.
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Supplementary Material
for: Neuro-Geospatial Modelling of EEG Affective States Using

Literature-Informed Environmental Context

This document provides methodological and experi-
mental detail supplementary to the main text. Section,
figure, table and equation numbers here are prefixed “S”
and are independent of the main-text numbering; cross-
references to “the main text” refer to the accompanying
manuscript.

S1 Detailed EEG preprocessing

Each participant’s raw EEG is a tensor of shape
(10,000× 30× 200): 10,000 samples per trial at 500 Hz,
30 electrodes, 200 trials, of which the five speaking con-
ditions contribute 5 × 20 = 100 trials. Signals were
band-pass filtered (3–50 Hz, zero-phase Butterworth),
downsampled to 100 Hz, cleaned with Artifact Subspace
Reconstruction [38] and FastICA [39], and segmented
into four non-overlapping 5-second epochs per trial, 400
epochs per participant, 16,800 epochs in total.

Each 5-second epoch yields two spectral feature sets
across five canonical bands (δ 1–4 Hz, θ 4–8 Hz, α 8–
13 Hz, β 13–30 Hz, γ 30–50 Hz): Differential Entropy
(DE), preferred over raw spectral power because its log-
arithmic scaling gives more linearly separable classes
[40], and Power Spectral Density (PSD), computed with
Welch’s method [60] using a 256-sample Hanning win-
dow with 50% overlap. Concatenating DE and PSD
across all 30 channels and five bands gives the neural
input tensor X ∈ RT×30×10 consumed by the neural
tower.

Neural feature extraction. For a band-limited EEG
signal X assumed Gaussian, N (µ, σ2), differential en-
tropy reduces to

h(X) = 1
2 ln(2πe σ

2) (S1)

DE and PSD are computed independently for each of
the 30 channels and five frequency bands, giving XDE ∈
RT×30×5 and XPSD ∈ RT×30×5 respectively, before con-
catenation along the feature dimension.

S2 Complete model architecture

This section gives the complete mathematical specifica-
tion of the dual-tower architecture summarised concep-
tually in the main text.

Neural tower. veeg = fConformer(X; Θeeg) ∈ R256

(main text).
PECM-to-graph broadcast. The environmental

tower’s input for a given epoch combines the static node
feature matrix F ∈ R|V|×6 (row i is fi, defined in the
main text) with the epoch’s PECM sample venv ∈ R6

(defined in the main text):

H(0) = F+ 1|V| v
⊤
env ∈ R|V|×6 (S2)

where 1|V| is the length-100 all-ones vector, broadcast-
ing the epoch’s label-conditioned PECM sample addi-
tively and identically across every node before the first
GCN layer. This uniform, node-independent broad-
cast is a deliberate simplification consistent with the
population-level, rather than per-location, resolution at
which PECM conditions the environmental prior: it is
the most direct way to carry an epoch-level signal into
a spatially resolved graph without fabricating spatial
structure PECM does not itself specify.

Spatial encoding. A two-layer GCN updates node rep-
resentations,

H(l+1) = σ
(
ÂH(l) W(l)

)
(S3)

where Â = D̃−1/2ÃD̃−1/2 is the symmetrically nor-
malised adjacency matrix with self-loops and σ is ReLU,
producing 128-dimensional node representations (layer
dimensions 6 → 64 → 128). These pass through a GRU
[44] with hidden dimension 128, as in the main text,
then global mean pooling over all 100 nodes gives the
environmental embedding

venv = Wpool
1

|V|
∑
i∈V

hST
i ∈ R256 (S4)

Bidirectional cross-modal attention. Environment-
conditioned neural attention uses Qeeg = veegW

Q
eeg,

Kenv = venvW
K
env, Venv = venvW

V
env, with all weight

matrices in R256×dk ; for each of h=8 heads with per-
head dimension dk=32:

headeegj = softmax

(
Q

(j)
eeg(K

(j)
env)⊤√

dk

)
V(j)

env,

Aeeg = Concat
(
headeeg1 , . . . ,headeegh

)
WO

eeg (S5)

Neural-conditioned environmental attention is symmet-
ric, with query from environment and key/value from
EEG:

headenvj = softmax

(
Q

(j)
env(K

(j)
eeg)⊤√

dk

)
V(j)

eeg,

Aenv = Concat
(
headenv1 , . . . ,headenvh

)
WO

env (S6)

The eight projection matrices
{WQ

eeg,W
K
env,W

V
env,W

O
eeg,W

Q
env,W

K
eeg,W

V
eeg,W

O
env}

are learned independently, so the two attention di-
rections record distinct inter-modal interactions. The
fusion projection is

zfused = Wf [Aeeg;Aenv] + bf ∈ R512 (S7)
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and the concatenation-fusion ablation baseline (Ta-
ble S3) instead uses zfused = Wc[veeg;venv] + bc.
Classification and training objective. P (y | X,venv) =

softmax(Wozfused+bo), trained by minimising Ltotal =
LCE + λLalign, with the deployed alignment term
Lalign = ∥zEEG − zENV∥22, as defined in the main text.

S3 Hyperparameters

Table S1 lists the complete hyperparameter set used to
train the proposed model, referenced in the main-text
Methods section.

S4 Environmental data processing

where ρroad is road length density and droad is dis-
tance to the nearest arterial road. Coefficients are esti-
mated by ordinary least squares with leave-one-station-
out cross-validation. For Astana, calibrated on NA = 6
OpenAQ stations, the LUR reaches R2 = 0.74 for
PM2.5 and R2 = 0.68 for NO2; for Singapore, cal-
ibrated on NS = 9 stations, R2 = 0.71 and 0.65.
Six and nine calibration stations are a genuine limi-
tation on the spatial representativeness of the result-
ing surfaces; the following regression diagnostics (vari-
ance inflation factors, residual normality, spatial auto-
correlation) Variance Inflation Factor diagnostics show
no harmful multicollinearity among the five predictors
(all VIF < 5.0); leave-one-station-out residuals show
approximate normality (Shapiro-Wilk p > 0.05) and
negligible spatial autocorrelation (Moran’s I < 0.10).
The reported R2/RMSE values (leave-one-station-out

RMSE 4.7 and 5.2 µg/m
3
-equivalent for Astana PM2.5

and NO2 respectively) carry non-trivial sampling un-
certainty that a denser monitoring network would re-
duce; we nonetheless consider LUR calibrated against a
sparse ground network preferable to uncorrected coarse-
resolution satellite retrievals for this application, con-
sistent with established practice in urban exposure sci-
ence, which routinely calibrates fine-scale LUR surfaces
against comparably small monitoring networks where
denser air-quality infrastructure is unavailable [48]. This
is also the property that makes the pipeline deployable
in exactly the lower-monitoring-density settings where
health-geography applications are often most needed.

Urban morphology, road networks, floor-plate areas
and building footprints, is taken from OpenStreetMap
[29] and rasterised to the 1 km2 grid; footprints and
estimated storey counts calculate FAR, and PSPNet se-
mantic segmentation [59] derives continuous land-cover
fractions. The four data sources span markedly differ-
ent native resolutions (TROPOMI ∼3.5× 5.5 km, LUR
surfaces resampled to 1 km2, Sentinel-2 NDVI at 10 m,
OpenStreetMap morphology at parcel level); all layers
are harmonised onto the common 1 km2 grid by ag-
gregating higher-resolution layers rather than disaggre-

gating the LUR surface below its calibration resolution,
since the latter would fabricate spatial detail the moni-
toring network cannot support.

Table S2 lists the pairings between affective states
and indicators underlying PECM’s label-conditional
sampling (main text); all pollution values are LUR-
estimated. Figure S1 shows the spatially resolved
PECM regime classification across the Astana grid; cells
falling into multiple regime thresholds simultaneously
(conflict cells) correspond to the elevated-error zones
identified in the main-text spatial-error comparison fig-
ure. Figure S2 shows per-cell heatmaps of the primary
indicators across the 100-unit Astana grid. Figure S3
shows Floor Area Ratio and LUR-estimated PM2.5 per
grid cell for both study areas side by side.

Hourly temporal variance of LUR-corrected PM2.5

and NO2 across the Astana grid, computed from the
OpenAQ observations used to fit the LUR but not cur-
rently propagated into the static node features defined in
the main text, shows diurnal peaks at morning (07:00–
09:00) and evening (17:00–19:00) traffic hours and a win-
ter baseline elevation in PM2.5 from district heating not
present in the Singapore data; this motivates the multi-
step GRU extension noted in the main-text Future Work
section.

S5 Spatial graph construction

Environmental features are arranged as a spatial graph
G = (V, E ,F) over the 100-node (10×10, 1 km2 per cell)
study grid, with the six-dimensional node feature vector
defined in the main text (LUR-estimated PM2.5, NDVI,
FAR, GVI, LUR-estimated NO2, O3).

Edges E join spatially close nodes using queen’s con-
tiguity with inverse-squared-distance weights wij =
1/(d2ij + ϵ), operationalising Tobler’s first law of geogra-
phy as a structural inductive bias [41].

Buffer-radius sensitivity. Indicators were computed
at 100, 250 and 500 m buffers around each grid-cell cen-
troid; the 250 m buffer gave the most stable indicator
distributions and best matched pedestrian-scale ranges
reported in environmental psychology [33, 11], while the
100 m buffer was too narrow and 500 m caused exces-
sive spatial smoothing (Figure S4), so 250 m was used
throughout the main analysis.

S6 Additional ablation experiments

This section reports five configurations that complement
the core ablation in the main text (random pairing, shuf-
fled labels, reversed dose-response, EEGNet backbone,
and unidirectional attention): alternative alignment ob-
jectives (RMA, InfoNCE), a graph/GRU ablation, a
flat-MLP environmental encoder, and a concatenation-
fusion control.

Removing the (currently under-exercised) GRU
changes accuracy by only −0.5 pp relative to the full
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Table S1: Model hyperparameters.

Component Hyperparameter Value

EEG-Conformer Temporal conv. kernel; spa-
tial channels; attention heads;
feedforward dim; output dim;
dropout

25 samples; 30
(depthwise); 8;
512; 256; 0.5

Environmental
tower

GCN layers/dims; GRU hid-
den dim; GRU sequence
length; output dim

2 (6 → 64 →
128); 128;
1 (static snap-
shot); 256 (linear
proj.)

Bi-attention Heads; per-head dim; fused
dim

8; 32; 512

Classifier Hidden dims; dropout 512 → 256 → 5;
0.3

Training Optimizer; LR; schedule;
weight decay; batch size;
early stopping

AdamW;
1×10−4; co-
sine, 100 epochs;
1×10−4; 64; pa-
tience 15 (macro
F1)

Alignment Weight λ; PECM bandwidth;
PECM conditioning; LUR CV

0.1; 5-fold CV;
training par-
tition only;
leave-1-station-
out

Figure S1: PECM regime map for Astana based on PM2.5, NO2, NDVI and GVI. Cells are classified as high-pollution,
high-vegetation or baseline; conflict areas align with the higher-error zones identified in the main-text spatial-error comparison
figure.

model, while replacing the graph encoder with a flat
MLP over pooled node features changes it by −2.3 pp,
jointly indicating that graph structure, rather than
the temporal module, drives the environmental tower’s
present contribution. Replacing bidirectional atten-
tion with concatenation fusion changes accuracy by
−1.6 pp, and the InfoNCE and RMA-projected alter-
natives change it by −0.8 and −0.2 pp respectively, so

the observed gains derive mainly from having a cross-
modal objective and attention mechanism at all, rather
than the specific choice among these closely performing
variants.
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Table S2: Dose-response evidence base grounding the PECM label-conditional sampling priors. Pollution concentrations are
LUR-estimated.

Affective
state

Indicator Quartile Effect summary Ref.

Anger, Sad-
ness

PM2.5

(LUR)
Upper Reduced executive function;

worse cognitive performance
and accelerated decline

[2, 31, 47]

Anger, Sad-
ness

NO2

(LUR)
Upper Cortical stress reactivity;

neuroinflammatory pathway
activation

[32]

Anger, Sad-
ness

FAR Upper Attentional depletion; ele-
vated stress biomarkers

[34]

Relaxed/Calm,
Happiness

NDVI Upper Reduced physiological
arousal; lower cortisol;
improved mood

[33, 11]

Relaxed/Calm,
Happiness

GVI Upper Perceived greenness reduces
stress biomarkers beyond
NDVI

[35, 11]

Neutral All Middle
(IQR)

Baseline environmental con-
ditions

—

Upper quartile = top 25% of 1 km2 environmental values, computed separately per city. Neutral epochs use middle
(interquartile-range) values to avoid bias toward extremes. The reversed dose-response negative control (main-text ablation table)
inverts the quartile column above while leaving every other pipeline element unchanged.

Figure S2: Standardised environmental indicators for the 100 grid cells in Astana (10× 10 grid, 1 km2 each): PM2.5, NDVI,
FAR and GVI (z-score standardised).

S6.1 Alignment objective equations

The InfoNCE alternative benchmarked in Table S3 is

LNCE
align = − log

exp(sim(veeg,venv)/τ)∑B
k=1 exp

(
sim(veeg,v

(k)
env)/τ

)
(S8)

with sim(·, ·) cosine similarity, τ a temperature hyper-

parameter, and v
(k)
env ranging over the B environmental

embeddings in the training batch.
Riemannian Manifold Alignment (RMA). Algo-

rithm 1 defines the geometrically motivated alternative
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Figure S3: Per-cell Floor Area Ratio and LUR-estimated PM2.5 for Astana and Singapore, each rendered as a 10 × 10
spatial matrix with values colour-encoded. The panel illustrates that both indicators vary spatially within each city rather
than reducing to a single city-level average.

Table S3: Additional ablation configurations, Astana primary study area (complements the six core configurations in the
main-text ablation table). All conditions use the EEG-Conformer neural backbone and the environmental tower described in
Supplementary S2 unless otherwise stated.

Condition Accuracy (%) Macro F1 ROC-AUC

Graph encoder only, no GRU 75.7± 1.8 0.735 0.881
MLP-env, no graph structure 73.9± 2.0 0.715 0.867
Concatenation fusion (no cross-modal attention) 74.6± 1.8 0.723 0.872
Contrastive (InfoNCE) alignment 75.4± 1.8 0.732 0.878
RMA-projected alignment (end-to-end) 76.0± 1.7 0.739 0.883

to the deployed squared-ℓ2 objective, using Riemannian-
geometry feature transformation motivated by the
symmetric-positive-definite, curved-manifold structure
of EEG covariance matrices [37]. The environmental dis-
tribution is rescaled in the dispersion-matching stage so
its Frobenius-norm spread matches the re-centred EEG
distribution,

σ̂ENV = σ̂EEG · ∥ZEEG∥F
∥ZENV∥F

(S9)

We implemented and independently validated this full
pipeline (Riemannian centring, dispersion matching,
Procrustes rotation) as a geometrically principled al-
ternative projection; it did not yield a consistent ad-

ditional gain over the directly optimised squared-ℓ2 ob-
jective inside the end-to-end training loop (Table S3,
“RMA-projected alignment” row), and is reported here
for transparency rather than as the deployed mecha-
nism.

Beyond the two alternatives quantified in Table S3
(InfoNCE and RMA-projected alignment), we addition-
ally benchmarked a canonical-correlation-style alterna-
tive [64] and an SPD-aware alternative that preserves
the neural modality’s manifold structure throughout the
network [65]; consistent with the quantified alternatives
above, neither outperformed the deployed squared-ℓ2
objective by a meaningful margin. The InfoNCE formu-
lation follows [63], in the tradition of CLIP-style cross-
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Figure S4: Buffer-radius sensitivity for NDVI and LUR-estimated PM2.5 across 100, 250 and 500 m buffers in Astana, shown
relative to the native 1 km2 LUR baseline. The 250 m buffer minimises this sensitivity and best matches pedestrian-scale
ranges reported in environmental psychology [33, 11].

Algorithm 1 Riemannian Manifold Alignment (RMA)

Require: EEG covariance matrices {Ci}Ni=1 ⊂ Sd
++;

environmental feature distribution Pe

Ensure: Shared latent space with geometrically consis-
tent EEG and environmental representations

1: Riemannian centring: compute the Riemannian
mean C̄ via the Karcher flow algorithm [37] and re-
centre each matrix, C̃i = C̄−1/2CiC̄

−1/2

2: Dispersion matching: rescale Pe using Equa-
tion (S9) to match the Frobenius-norm dispersion
of {C̃i}

3: Procrustes rotation: map both distributions
to the tangent space at the geometric mean
and apply the optimal orthogonal rotation R̂ =
argminR∈SO(d)∥ZEEG − ZENVR∥F , solved via sin-

gular value decomposition of Z⊤
EEGZENV

4: return Shared latent space in which EEG affective
representations and environmental-prior representa-
tions are geometrically aligned

modal alignment [62].

S7 Latent-space visualisation

Figure S5 shows Uniform Manifold Approximation and
Projection (UMAP) [61] of the 256-dimensional joint
embeddings before and after training with the cross-
modal alignment objective. UMAP is used here purely
to visualise representations the model has already
learned; it does not itself perform any alignment. Before

training, neural and environmental embeddings occupy
distinct, poorly overlapping regions of the projected
space; after training with the alignment objective, the
five affective-state clusters become more compact and
separable, with neural- and environmental-embedding
cluster centroids visibly closer together. This is descrip-
tive evidence of what the alignment objective does to
the learned geometry, not an independent confirmation
of an environmental mechanism (Discussion).

S8 Additional spatial sensitivity analy-
sis (MAUP)

To check sensitivity to spatial resolution, addressing the
Modifiable Areal Unit Problem (MAUP) [54], PM2.5 and
NO2 layers were additionally aggregated from the native
1 km2 LUR resolution to 5 km2 and 10 km2 by block
averaging, and the full model retrained and evaluated
at each resolution (Table S4).

Performance degrades roughly monotonically as res-
olution coarsens, a total loss of 4.1 percentage points
between the native 1 km2 and 10 km2 conditions. That
72.1% accuracy is maintained at the coarsest scale, still
above the EEG-only baseline (67.4%), shows that some
multimodal benefit persists without the fine spatial de-
tail the LUR model provides, which matters for de-
ployment in cities with sparser monitoring infrastruc-
ture than Astana or Singapore. A separate buffer-radius
sensitivity comparison is reported in Supplementary S5
(Figure S4).
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Figure S5: UMAP projections of the Astana latent space before (left) and after (right) training with the cross-modal
alignment objective. Circles denote neural embeddings, triangles denote environmental embeddings; increased overlap after
alignment reflects the learned representation geometry rather than an independently verified environmental mechanism. UMAP
is used here only to visualise representations produced by the model’s own alignment objective (defined in the main text), not
as an alignment method in itself.

Table S4: Spatial scale sensitivity (MAUP), primary Astana study area. NDVI, FAR and GVI held at native resolution.

PM2.5/NO2 resolution Accuracy (%) Macro F1 ROC-AUC ∆ Acc.

1 km2 (native LUR, proposed) 76.2± 1.7 0.741± 0.019 0.884± 0.013 —

5 km2 74.0± 2.1 0.718± 0.023 0.869± 0.016 −2.2

10 km2 72.1± 2.3 0.697± 0.025 0.856± 0.018 −4.1
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