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Abstract. We introduce Inverse Protocol Prediction (IPP) as the task
of inferring experimental culture conditions directly from a single bright-
field spheroid image. We formulate IPP as a structured multi-label pre-
diction problem and propose a protocol-aware learning framework that
integrates morphology extraction, multimodal representation learning,
and dependency-aware inference. Morphometric descriptors derived from
automated spheroid segmentation are fused with deep visual embed-
dings via a morphometry vision fusion module. To capture biological
and procedural dependencies, we incorporate a Hierarchical Multi-Task
Transformer (HMTT) that is conditioned to predict across protocol at-
tributes. The framework is trained with domain-adversarial supervision
and morphology-preserving augmentation and tested for cross-dataset
generalisation. Hybrid convolution attention encoders achieve the best
performance, reaching 95.7% multi-attribute accuracy. Results demon-
strate that structured, dependency-aware modeling enables reliable re-
construction of experimental protocols from imaging alone, supporting
reproducibility auditing and protocol validation in 3D cell culture sys-
tems.

Keywords: Spheroids · Inverse Protocol Prediction · cell culture · multi-
label prediction

1 Introduction and Background

Three-dimensional (3D) spheroids and organoids are widely used in cancer biol-
ogy, drug discovery, and tissue engineering [1,2]. Unlike 2D cultures, spheroids
reproduce gradients, cell–cell interactions, and necrotic cores, and can be im-
aged non-destructively at scale with bright-field/phase-contrast microscopy [3].
Microscopy is typically used to measure outcomes (e.g., size/morphology) but
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hardly to verify whether the observed morphology is consistent with the recorded
experimental protocol. As a result, protocol or metadata inconsistencies (cell
line, medium, seeding density, formation method, imaging setup) can remain
undetected, undermining reproducibility, especially in large-scale or multi-site
studies. We formalize Inverse Protocol Prediction (IPP): inferring experimen-
tal conditions directly from microscopy images to enable automated protocol
validation, inconsistency detection, and analysis of which protocol factors leave
recoverable morphological signatures. IPP is not intended to replace recorded
experimental metadata. Rather, it provides an independent morphology-based
estimate that can help identify protocol drift, metadata inconsistencies, incom-
plete annotations, and cross-site variability in large-scale imaging studies.

Recent work has explored multi-label and transformer-based metadata in-
ference from biomedical images [4,5] and spatiotemporal models (e.g., ConvL-
STM/attention) for longitudinal microscopy prediction [6,7]. IPP remains chal-
lenging due to (i) morphological ambiguity across conditions, (ii) acquisition
variability and artifacts across microscopes/settings that confound biological
signals [8,9], and (iii) limited datasets pairing 3D microscopy with rich protocol
metadata.

We address these challenges using SLiMIA [10] dataset. We cast IPP as
structured multi-label prediction, reduce acquisition bias via domain-adversarial
training and morphology-preserving augmentation, and benchmark convolutional,
transformer, and hybrid encoders. Our key contributions are: (i) Morphometry-
vision fusion combining classical geometric descriptors with deep embeddings
for protocol-aware representation learning, (ii) Dependency-aware inference via
a hierarchical multi-task transformer for structured protocol reconstruction, (iii)
Protocol-level interpretability with Grad-CAM to separate biological cues from
acquisition-driven confounders and (iv) Systematic attribute recoverability anal-
ysis identifying protocol variables with stable morphological signatures.

2 Methodology and Experimental Results

Dataset Description: SLiMIA (Spheroid Light Microscopy Image Atlas) [10] is
an open-access morphometric image dataset designed to support machine learn-
ing and computational modeling of three-dimensional (3D) cell culture systems.
SLiMIA comprises approximately 8,000 light microscopy images of spheroids
spanning a diverse range of experimental conditions, including nine microscope
types, 47 distinct cell lines, eight culture media, four spheroid formation pro-
tocols, and multiple cell seeding densities, accompanied by rich metadata to
facilitate reproducible analysis and benchmarking.

Implementation Details: To prevent image-level leakage across acquisition
sessions, we split data by technical replicate (T1–T24): all images from a repli-
cate were grouped and assigned exclusively to train (T1–T4), val (T5,T8), or
test (T6,T7,T9–T24), balancing sample counts while maintaining replicate ex-
clusivity (no image-level random splitting). Test performance is reported only on
held-out replicates, giving a conservative estimate under cross-replicate acquisi-
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Table 1: Model configurations and training settings for segmentation and IPP.
Unless stated otherwise, CNN backbones use ImageNet pretraining.
Model Backbone Training Setup Loss Notes / Key design

elements

Segmentation

U-Net++ [11] ResNet-50 Adam [12] + RLRP
[13]

Focal Tversky [14]
(α=0.7,β=0.3,γ=0.75)

CNN backbones use
ImageNet init

DeepLabV3+ [15] ResNet-50 Adam [12] + RLRP
[13]

Focal Tversky [14] –

DeepLabV3 [15] ResNet-34 AdamW [16] (3e-4,
wd=1e-4)

BCE + Dice –

Attention U-Net [17] ResNet-based AdamW [16] BCE + Dice Attention gating in
decoder

Swin-UNet [18] Swin-Tiny Adam [12] (1e-4) BCEWithLogits Windowed
self-attention

TransUNet [19] ViT encoder + CNN
decoder

Adam [12] (1e-4) BCEWithLogits Transformer encoder
+ conv decoder

RefineNet [20] ResNet-34 Adam [12] + RLRP
[13]

Focal Tversky [14] Multi-path
refinement

SegNet [21] VGG-style enc–dec Adam [12] + RLRP
[13]

Focal Tversky [14] Pooling indices for
upsampling

IPP

ConvNeXt-Tiny [22] ImageNet pretrained Adam [12] (1e-4) +
RLRP, light aug.

Cross-entropy Convolutional
locality priors;
multi-head prediction

ViT-B/16 [23] Pretrained timm
weights

Adam [12] +
scheduling

Cross-entropy Global self-attention
via CLS token

CoAtNet-0 [24] Trained from scratch Adam [12] +
scheduling

Cross-entropy Hybrid convolution
+ attention

Fusion Model [25] ConvNeXt-Tiny +
shape tokens

AdamW [16] Weighted
cross-entropy

9 morphometric
descriptors + light
Transformer (d=256,
3L, 4H)

HMTT [26] ViT-B/16 encoder AdamW [16] (1e-4,
wd=1e-2)

Weighted CE + Focal
[27] (γ=2, α=0.25)

Causal label
conditioning
(hierarchical
prediction)

tion variability. We audited per-attribute class coverage across splits to quantify
distribution shift. For 7/8 attributes (microscope, cell line, culture medium, for-
mation method, seeding density, biological rep, magnification), all validation/test
classes appear in training. For timepoint (109 classes), training contains 107; two
test-only classes (000h, 032h) are unseen during training. Thus, evaluation pri-
marily measures cross-replicate generalization rather than robustness to large
unseen class sets. All codes and scripts will be released upon acceptance 3.

All segmentation models used RGB inputs with a single binary mask out-
put. CNN backbones were ImageNet-pretrained. Training used Adam/AdamW
with ReduceLROnPlateau (patience=5, factor=0.5) and standard flips with in-
tensity/geometric augmentations. Losses were architecture-dependent to handle
overlap/imbalance (e.g., Focal Tversky or BCE+Dice) (refer Table 1). CNN base-
lines (U-Net++, Attention U-Net, SegNet, RefineNet) span efficiency to bound-
ary refinement; DeepLabV3/V3+ provide atrous-convolution baselines; Swin-
UNet and TransUNet capture long-range context via self-attention. Results are
in Table 2. We report mean Dice/IoU over test images, excluding edge cases with
empty prediction and empty ground-truth masks (Dice=1, IoU=0); 17 such sam-
ples lacked masks and were also excluded to avoid skewed averages. All models

3 The code and associated artifacts can be accessed at - https://github.com/
VEDAs-Lab/Inverse-Inference

https://github.com/VEDAs-Lab/Inverse-Inference
https://github.com/VEDAs-Lab/Inverse-Inference
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Fig. 1: Inverse protocol prediction (IPP) workflow. (A) Input spheroid
image and metadata. (B) Automated segmentation and morphometric feature
extraction. (C) Multimodal fusion and dependency-aware protocol inference us-
ing HMTT (D) Outputs including protocol reconstruction, Grad-CAM inter-
pretability and cross data validation

achieved Dice > 0.94. RefineNet performed best (strong boundary/multi-scale
refinement) but was slowest. Attention U-Net and U-Net++ were competitive
with moderate inference time. Transformer models were slightly lower yet com-
paratively efficient. SegNet remained a fast, solid baseline. We conclude that
boundary-focused designs benefit spheroid edges, with accuracy-speed
trade-offs across architectures. For IPP, morphometric descriptors are computed
only from predicted masks: RefineNet (best in Table 1) is trained on annotations,
then frozen; its predictions generate all morphometrics. Ground-truth masks are
never used in IPP training/evaluation, preventing annotation leakage and keep-
ing the pipeline fully automatic.

All IPP models take RGB images resized to 224×224 and use multi-head
prediction (one classifier per protocol label). ConvNeXt-Tiny [22] is the con-
volutional baseline (locality priors for fine-grained cues), ViT-B/16 [23] mod-
els global dependencies, CoAtNet-0 [24] hybridizes conv+attention [24]. A fu-
sion variant augments ConvNeXt embeddings with normalized morphometric
descriptors for explicit shape priors and interpretability [25]. The hierarchical
prediction process factorizes the joint distribution over protocol attributes as
P (y1, . . . , yK |x) =

∏K
k=1 P (yk|x, y<k), where each prediction is conditioned on

previously predicted attributes (Figure 1). During training, teacher forcing is
used with ground-truth preceding labels, whereas inference proceeds autoregres-
sively following the predefined protocol hierarchy. HMTT imposes a predefined
causal label order, conditioning each attribute on previously predicted labels
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Table 2: Segmentation performance on the SLiMIA dataset. Metrics are
reported as mean ± standard deviation computed across test images. 95% con-
fidence intervals were derived as µ± 1.96 · s√

n
.

Model Name Dice IoU Accuracy Precision Recall F1 Inf. Time (s)

U-Net++ [11] 0.9582 ± 0.00019 0.9316 ± 0.00023 0.9929 ± 0.00002 0.9737 ± 0.00016 0.9447 ± 0.00018 0.9582 ± 0.00019 262
SegNet [21] 0.9521 ± 0.00020 0.9178 ± 0.00025 0.9913 ± 0.00001 0.9666 ± 0.00017 0.9402 ± 0.00019 0.9521 ± 0.00020 173
Swin-UNet [18] 0.9467 ± 0.00021 0.9103 ± 0.00026 0.9907 ± 0.00002 0.9428 ± 0.00016 0.9524 ± 0.00018 0.9467 ± 0.00021 208
TransUNet [19] 0.9579 ± 0.00019 0.9260 ± 0.00023 0.9929 ± 0.00002 0.9618 ± 0.00016 0.9554 ± 0.00018 0.9579 ± 0.00019 164
Attention U-Net [17] 0.9604 ± 0.00018 0.9361 ± 0.00022 0.9934 ± 0.00002 0.9615 ± 0.00017 0.9609 ± 0.00018 0.9604 ± 0.00018 166
DeepLabV3 [28] 0.9571 ± 0.00019 0.9302 ± 0.00023 0.9928 ± 0.00003 0.9596 ± 0.00016 0.9568 ± 0.00018 0.9571 ± 0.00019 184
DeepLabV3+ [28] 0.9551 ± 0.00019 0.9271 ± 0.00023 0.9925 ± 0.00002 0.9710 ± 0.00016 0.9426 ± 0.00020 0.9551 ± 0.00019 239
RefineNet [20] 0.9665 ± 0.00016 0.9437 ± 0.00021 0.9938 ± 0.00001 0.9765 ± 0.00015 0.9576 ± 0.00018 0.9665 ± 0.00016 286

Table 3: IPP model performance reported as mean ± standard deviation
across three independent random seeds (42, 123, 999). Model-specific 95% con-
fidence intervals are computed using the normal approximation (1.96× SD/

√
S,

with S = 3 seeds).
Model Name Accuracy Precision Recall F1 Score Inference Time (s)

ImageShapeFusionTransformer [29] 0.9739 ± 0.00022 0.9319 ± 0.00048 0.9440 ± 0.00044 0.9350 ± 0.00046 220
ViT-B/16 [23] 0.9781 ± 0.00020 0.9450 ± 0.00042 0.9470 ± 0.00043 0.9440 ± 0.00042 122
ConvNeXt-Tiny [22] 0.9783 ± 0.00020 0.9493 ± 0.00039 0.9542 ± 0.00037 0.9462 ± 0.00039 106
Hierarchical Multi-Task Transformer (HMTT) [26] 0.9707 ± 0.00026 0.9126 ± 0.00066 0.9349 ± 0.00061 0.9162 ± 0.00064 275
CoAtNet-0 [24] 0.9804 ± 0.00018 0.9271 ± 0.00033 0.9192 ± 0.00037 0.9178 ± 0.00034 106

via teacher forcing in training and autoregressive decoding at test time [26];
the order goes from upstream stable factors (e.g., cell line/medium) to down-
stream conditional variables (e.g., density/timepoint), with possible error propa-
gation under auto regression. IPP training uses morphology-preserving augmen-
tation only: resize, small rotations (±10°), horizontal flip, then normalization;
no elastic/crop/scale/color/intensity jitter to avoid altering morphometric cues.
Resizing may reduce absolute size cues, but timepoint-linked structure (e.g.,
compactness/necrotic-core patterns) remains intact, improving generalization
without introducing artifacts. These choices span convolutional, transformer,
hybrid, feature-augmented, and dependency aware models to isolate effects of
inductive bias, explicit priors, and label-structure modeling.

Given an input image x and morphometric descriptor vector m, the visual
and shape representations are obtained as zimg = fθ(x), zshape = Wm +
b, zfusion = T ([zimg; zshape]), where fθ(·) is the visual encoder, T (·) is the
fusion Transformer, and [·; ·] denotes concatenation.

IPP infers experimental conditions from spheroid morphology, requiring lo-
cal texture, global context, and label-dependency modeling. We compare five
architectures (Table 3): ConvNeXt-Tiny (convolutional locality bias), ViT-B/16
(long-range/global geometry), CoAtNet (hybrid conv–attention), Image–Shape
Fusion Transformer (ConvNeXt + explicit morphometric priors for robustness
and interpretability), and HMTT (hierarchical, biologically motivated label con-
ditioning for causally consistent predictions). Together, they isolate the roles of
inductive bias, explicit priors, and hierarchy in inverse protocol inference. IPP is
a multi-label, multi-class task with K protocol attributes per image. We report
Exact-Match (Subset) Accuracy: 1

N

∑N
i=1 ⊮

(∧K
k=1 ŷik = yik

)
, and Mean
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Per-Attribute Accuracy: 1
K

∑K
k=1

1
N

∑N
i=1 ⊮(ŷik = yik). Unless stated oth-

erwise, “accuracy” in Table 3 denotes Mean Attribute Accuracy. Models show
complementary strengths across protocol variables. CoAtNet attains the high-
est macro-averaged accuracy (98.0%), while ConvNeXt-Tiny achieves the best
macro F1 (0.946) via stronger precision–recall balance. ViT-B/16 is compara-
ble (consistent recall; competitive F1). Image–Shape Fusion remains competitive
(macro F1=0.935), supporting explicit morphometric priors at higher compute
cost; HMTT is lower in macro accuracy (97.1%) and F1 (0.916) but yields stable
performance across interdependent labels. Despite modest gains, HMTT explic-
itly models protocol dependencies and biologically plausible label relationships.
Per-label results (Table 4) show strong-signature attributes (cell line, medium,
formation method) are reliably predicted, whereas weaker/less visually encoded
factors (seeding density, timepoint, replicate) are harder; near-perfect micro-
scope/magnification likely reflect dataset artifacts.

Biological-Only Inverse Protocol Prediction: To remove acquisition
cues, we exclude microscope, magnification, and replicate labels and recompute
IPP on five attributes (cell line, culture medium, seeding density, timepoint,
formation method; Table 4). The macro-averaged Biological IPP F1 is 0.914: cell
line and formation method are highly recoverable (F1 ≈ 0.99), culture medium
and seeding density remain reliably inferable but with reduced separability, and
timepoint is most challenging (F1 ≈ 0.75). Strong performance after excluding
acquisition-driven variables supports biologically meaningful structure encoded
in spheroid morphology.

Domain Adversarial Training: To mitigate acquisition bias, we apply
domain-adversarial training to CoAtNet-0, defining domain as the technical
replicate (T1–T24). The model comprises a CoAtNet-0 feature extractor, per-
attribute biological heads (linear classifiers), and a domain discriminator MLP
(GRL→Linear d→256 →ReLU→Dropout p=0.3 →Linear 256→Ndomain). The
Gradient Reversal Layer (GRL) is identity in the forward pass and multiplies
gradients by −λ in backpropagation to promote domain-invariant features, with
λ(p) = 2

1+exp(−10p) − 1, p ∈ [0, 1]. Training minimizes Ltotal = Lbio + Ldomain,
where both terms are equally weighted cross-entropy losses. We evaluated bio-
logical prediction and domain predictability on the held-out test set. CoAtNet
+ DANN gives Accuracy = 0.8973, Precision = 0.8267, Recall = 0.7979, F1 =
0.8010 (All are (Macro (across heads)). It gives Accuracy / F1 = 0.8973 for
Micro (flattened across attributes).

Interpretability Analysis: To probe IPP decision-making, we applied Grad-
CAM [30,31] to the best model, CoAtNet, to confirm reliance on biological
cues and expose dataset bias. We analyzed 10 representative spheroids span-
ning cell lines (A549, HCT116, PANC1, SKOV3, U251MG, SW837, MCF10A
and CT5.3hTERT), media, formation methods (ULA, Hanging Drop, Agarose,
Microchip), seeding densities, timepoints, replicates, and magnifications. Grad-
CAM maps (Figure 2) focus on interpretable morphology: cell line attends to
global shape/boundary; formation method and density to compactness/internal
organization; later timepoints to dense cores consistent with maturation. Replicate-
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Table 4: Per-label best performance across models. Labels are grouped
into biological protocol variables and acquisition/replicate variables. The Bio-
logical Macro F1 (0.914) is computed over cell line, culture medium, seeding
density, timepoint, and formation method only, isolating biologically meaningful
inference from acquisition-specific cues. Technical replicate identifiers are ex-
cluded from macro-level aggregation, as data partitioning was performed at the
replicate level to prevent information leakage across acquisition sessions.
Label Best F1 Best Model Average F1 (all models)

Biological Protocol Variables

Cell Line 0.9944 ImageShapeFusionTransformer 0.9891
Culture Medium 0.9642 ViT 0.9604
Seeding Density 0.9302 CoAtNet 0.8781
Timepoint 0.8331 ConvNeXt 0.7482
Formation Method 0.9949 ConvNeXt 0.9941

Biological Macro F1 – – 0.914

Acquisition and Replicate Variables

Biological Rep 0.9583 ConvNeXt 0.9444
Magnification 0.9997 CoAtNet 0.9983
Microscope 1.0000 ImageShapeFusionTransformer 0.9993

Original
Spheroid

Cell Line Culture Medium Formation Method Seeding Density

Timepoint Biological Rep Magnification

Fig. 2: Grad-CAM visualizations for inverse protocol prediction. Left: original
spheroid image. Right: Grad-CAM heatmaps for all eight protocol attributes
arranged in a 2×4 grid.

related predictions show diffuse/background attention, indicating sensitivity to
technical artifacts. Attention also shifts with magnification, emphasizing global
structure at low resolution and boundary detail at higher resolution. Overall,
Grad-CAM supports biologically grounded inference for key variables while high-
lighting vulnerability to replicate-level confounders.

Cross-Dataset Validation on RxRx1 for Protocol Prediction (IPP):
To test cross-domain generalization (Table 5), we evaluated IPP on RxRx1
[32] (2D fluorescence monolayers; strong batch effects), adapting IPP to pre-
dict metadata: experiment (51), plate (4), site (2), cell_type (4), sirna (1139).
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Table 5: Cross-dataset IPP results on RxRx1 with 95% confidence intervals.
Model Name Accuracy Precision Recall F1 Score

Image–Shape Fusion Transformer [29] 0.7687 ± 0.00042 0.7726 ± 0.00048 0.7684 ± 0.00044 0.7680 ± 0.00046
HMTT [26] 0.7328 ± 0.00055 0.7388 ± 0.00062 0.7325 ± 0.00057 0.7319 ± 0.00060
CoAtNet-0 [24] 0.6559 ± 0.00070 0.6707 ± 0.00076 0.6555 ± 0.00072 0.6533 ± 0.00074

Table 6: Ablation study results for multimodal metadata prediction. Values
show mean accuracy, precision, recall, and macro-F1 score with estimated 95%
confidence intervals computed using the normal approximation (1.96×SD/

√
N ,

with N ≈ 8000 validation samples).
Model Variant Accuracy Precision Recall Macro-F1

Full Model (Image + Shape + Transformer Fusion) 0.8526 ± 0.00042 0.8672 ± 0.00046 0.8758 ± 0.00044 0.8681 ± 0.00045
Image–Only 0.8516 ± 0.00045 0.8651 ± 0.00049 0.8734 ± 0.00047 0.8662 ± 0.00048
No–Transformer 0.8513 ± 0.00047 0.8638 ± 0.00050 0.8726 ± 0.00049 0.8650 ± 0.00049
No–Fusion 0.8478 ± 0.00053 0.8597 ± 0.00056 0.8689 ± 0.00055 0.8610 ± 0.00056
Shape–Only 0.5381 ± 0.00112 0.5515 ± 0.00118 0.5591 ± 0.00122 0.5530 ± 0.00120

Uniform 1/K baselines are 0.0196/0.25/0.50/0.25/0.000878; the calculated ma-
jority baselines are 0.0196/0.25/0.50/0.470/0.00392. Joint exact-match baselines
are 5.38×10−7 (uniform) and 4.53×10−6 (majority), underscoring the difficulty
of multi-attribute reconstruction. We used 125,511 Channel 1 images with a
strict 70:15:15 split grouped by sirna_id (Train 87,857 / Val 18,826 / Test
18,827) to prevent leakage; models were transferred from SLiMIA with no fine-
tuning to isolate representation robustness. We evaluated Image–Shape Fusion,
HMTT, and CoAtNet-0; 95% CIs used 1.96·SD/

√
N on the test set (N=18,827).

Image–Shape Fusion generalized best (explicit morphometric priors), HMTT re-
mained competitive (structured dependencies; more sensitive to perturbation
variability), and CoAtNet-0 degraded most (spheroid-tuned bias), indicating
feature-augmented and dependency-aware designs are most robust under severe
geometric/acquisition shift.

Ablation Study: To quantify each fusion component, we ablated five vari-
ants: full fusion, image-only (no shape), shape-only (no image), no-fusion (both
branches without interactive fusion), and no-transformer (both modalities with-
out transformer fusion). All variants used identical splits, augmentation, and
early stopping. Table 6 reports the details of biological-only IPP performance
(avg. accuracy/precision/recall/macro-F1). The full model performs best (macro-
F1=0.8681) with only a small gain over image-only (0.8662; ∆F1=0.0019), in-
dicating ConvNeXt encodes substantial shape/texture implicitly and explicit
morphometrics add limited marginal benefit. Shape-only drops sharply (macro-
F1=0.5530), showing morphology alone is insufficient without appearance cues.
No-fusion underperforms (0.8610 vs. 0.8681), supporting the need for cross-
modal interaction; removing the transformer yields a small consistent decline
(0.8650), suggesting transformer fusion further refines cross-modal alignment.
In conclusion, images carry most signal, morphometrics are complementary, and
explicit (transformer) fusion gives the most stable gains.
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3 Conclusion

We propose inverse protocol prediction (IPP) from single bright-field spheroid
images, showing that morphology contains recoverable signatures of experimen-
tal conditions. On SLiMIA, we train an automatic segmentation model to de-
rive morphometric descriptors and benchmark IPP across convolutional, trans-
former, hybrid, feature-augmented, and dependency-aware architectures. Hy-
brid encoders provide a strong accuracy–efficiency trade-off, while morphom-
etry fusion and hierarchical conditioning improve structured protocol recon-
struction and interpretability. Cross-dataset evaluation on RxRx1 demonstrates
that explicit priors and label-structure modeling yield greater robustness un-
der severe geometric and acquisition shift. Grad-CAM analysis confirms reliance
on biologically meaningful cues for key variables while revealing sensitivity to
acquisition-specific artifacts, consistent with per-label recoverability trends. Al-
though morphometry fusion and hierarchical conditioning improve structured
protocol reconstruction, gains over strong image-only baselines are modest, sug-
gesting modern visual encoders already capture substantial morphological in-
formation. Timepoint prediction remains challenging due to gradual biological
transitions and overlapping developmental states. Future work will expand pro-
tocol diversity, reduce technical confounding, and integrate mechanistic priors
to further improve robustness and biological fidelity.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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