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Abstract. While deep learning models excel at medical segmentation,
they typically do not leverage structured clinical descriptors that could
inform feature learning. Here we show that integrating structured clin-
ical descriptors into segmentation models guides learning and boosts
performance. We introduce BioGuide, a lightweight multi-task learning
framework that integrates fine-grained radiological descriptors as auxil-
iary targets to guide feature learning. A small MLP head is attached to
the encoder bottleneck of standard segmentation networks, encouraging
latent representations to align with clinically meaningful patterns, boost-
ing potential interpretability. We evaluate BioGuide across four diverse
2D and 3D brain MRI datasets for Multiple Sclerosis (MS) and Focal
Cortical Dysplasia (FCD) using state-of-the-art segmentation models.
Our results show that incorporating biomedical guidance consistently
improves segmentation scores. BioGuide yields a consistent improvement
of up to 3.1% in Dice score and 8.5% in lesion detection rate across all
tested datasets, demonstrating superior data efficiency. Code is available
at https://github.com/NadezhdaAlsahanova/BioGuide.

Keywords: MRI Segmentation - Domain knowledge - Focal Cortical

Dysplasia - Multiple Sclerosis.

1 Introduction

Precise segmentation of brain lesions is critical for a wide range of clinical appli-
cations [3,9, 15]. However, the accuracy of automatic segmentation can be low
due to phenotypic heterogeneity of diseases. Some phenotypes are unremarkable,
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and they can be easily missed. For example, subtle foci of gray-white matter blur-
ring in FCD [2] and small isolated juxtacortical lesions in MS [4]. The accurate
detection and delineation of these lesions require novel approaches.

Despite recent advances, important limitations remain in current segmenta-
tion approaches. Commonly, deep learning models rely solely on voxel-level char-
acteristics and often fail to capture clinically structured information. To bridge
this gap researchers proposed Multi-Task Learning (MTL) which uses different
approaches [8,5]. Some MTL methods focus on high-level outcomes like sur-
vival or treatment response [1]. However, this information does not foster the
accuracy of segmentation largely. Advanced MTL approaches rely on complex,
task-specific architectures that are difficult to adapt to different pathologies or
baseline models [12]. MTL models with broad labels, such as tumor grade, do
not reach high performance due to the lack of a straight-forward assocication be-
tween the lables and radiological data [11]. Therefore, improving MTL requires
both flexible, task-agnostic architectural designs and the explicit integration of
radiological expertise to enhance segmentation accuracy and generalizability.

The primary aim of this study was to develop and validate a clinically guided
MTL framework which integrates structured radiological descriptors into deep
learning segmentation models. We hypothesized that incorporating biomedical
domain knowledge as auxiliary targets would align latent feature representa-
tions with clinically meaningful patterns. To test this hypothesis, we introduced
BioGuide. BioGuide integrates an auxiliary classification head—a simple Multi-
Layer Perceptron (MLP)—positioned immediately after the encoder. In contrast
to previous works, BioGuide utilizes fine-grained clinical descriptors as auxiliary
targets. For FCD, these include specific radiological signs such as hyperintensity,
blurring, and lobar location: frontal or temporal. For MS, the targets describe
the typical anatomical distribution of lesions, including juxtacortical, subcor-
tical, paraventricular and infratentorial regions. Lesion location correlates with
lesion size and morphology. Therefore, incorporating anatomical descriptors may
improve segmentation accuracy.

In this work, we evidence the generalizability of BioGuide framework by
evaluating it across two distinct tasks of lesion segmentation in MS and FCD
cases. We used diverse datasets to show that the models built within the designed
framework consistently outperform the current SOTA baselines. These are the
Transformer [14] and the nnU-Net [7]. Thus, our contribution is the following:

— We propose BioGuide, a novel framework that integrates clinical features
(e.g., blurring, T2 hyperintensity) as auxiliary tasks, effectively regularizing
existing segmentation models with domain-specific knowledge.

— The framework is flexible, as evidenced by its successful application to dif-
ferent architectures (nnU-Net and Transformers), various lesion types, and
both 2D and 3D imaging data.

— We demonstrate through latent space visualization that BioGuide aligns
features with clinical descriptors.
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Fig. 1. BioGuide architecture with an auxiliary MLP head at the encoder bottleneck.
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2 BioGuide: multi-task learning architecture

The BioGuide framework is a modular multi-task learning architecture designed
to align deep learning feature extraction with established medical domain knowl-
edge. The framework is designed to be "plug-and-play," allowing it to be inte-
grated into any existing segmentation backbone (e.g., nnU-Net or Transformer)
by attaching a lightweight auxiliary classification head to the encoder’s bottle-
neck, see Fig. 1.

We represent clinical knowledge through a multi-label biomedical vector. For
FCD, this vector encodes both intensity-based radiological signs (e.g., blurring,
T2 hyperintensity, transmantle sign) and anatomical location (lobar indicators),
see Fig. 2, resulting in a combined descriptor of the lesion’s phenotype and
position. For MS, the vector identifies the specific categories of lesions present
in the image, see Fig. 2. In both cases, the vector is binary (1 for presence, 0 for
absence). To ensure the model learns from relevant signs, if a specific 2D slice
or 3D patch does not contain lesions, the vector is set to all zeros — equivalent
to the standard no-object target in multi-label detection, since each descriptor
encodes a property of a present lesion rather than the patch itself.

A lightweight MLP classification head acts as a regularizer, encouraging the
latent space to become more linearly separable by phenotype, providing a strong
global prior to the decoder. Because the descriptors are patient-level binary
labels, the model is asked only whether a sign is present, not to localize it pixel-
wise. Backpropagating this patch-level loss through the encoder forces early and
mid-level filters to become sensitive to clinically relevant signs. While multi-scale
guidance could be beneficial, we opted for this minimal and computationally
efficient design to clearly isolate the effect of the clinical signal and maintain the
'plug-and-play’ nature with any backbone.

The model is optimized using a joint loss function that balances the primary
pixel-wise segmentation task with the auxiliary biomedical guidance task:

Etotal = ‘Cseg + )\‘Csigna

where Lge, is Dice-Tversky for segmentation and Ly is Binary Cross-Entropy
for sign prediction. A critical hyperparameter in our framework is the vector
weight A. A small weight A ensures the auxiliary task provides inductive bias
without distracting from segmentation.
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Fig. 2. Radiological signs of FCD and MS lesion distribution for BioGuide en-
coding. Top: FCDs on T1 MRI are shown with red contours indicating man-
ual segmentations. Clinical features are encoded as 10D vectors v: (1) parietal
with blurring/transmantle sign, v = [1,0,0,1,0,1,0,0,0,0]; (2) temporal with blur-
ring, v = [0,0,1,1,0,0,0,0,0,0]; (3) frontal with gray matter hyperintensity, v =
[1,0,0,0,0,0,1,0,0,0]. Bottom: MS lesion subtypes across axial slices as 4D vec-
tors v for Juxtacortical, Subcortical, Periventricular, and Infratentorial regions. (1):
v=10,1,1,0]; (2): v=[1,1,0,0]; (3): v=10,0,1,1].

3 Experiments

3.1 Datasets and Data Preparation

Focal Cortical Dysplasia (FCD) We evaluate BioGuide on three FCD datasets
utilizing T'1-weighted and FLAIR modalities. Anonymized scans were registered

to MNI152 space and skull-stripped via HD-BET [6]. Training was performed

using 5-fold cross-validation. To ensure the integrity of the guidance signal, train-

ing subjects were selected to have only a single lesion with clear descriptive signs.

Subjects with multiple lesions or ambiguous signs were reserved for independent

testing (additional test sets). All lesions for internal datasets were manually

segmented by an expert radiologist using ITK-SNAP [13].

Internal Dataset 1: 77 subjects (one fold of 16, others of 15) and a test set
(T) of 11 subjects (1-12 lesions each). Internal Dataset 2: 79 subjects (one fold
of 15, others of 16) and 7 additional test (T) subjects (1-3 lesions each). This
dataset utilized lower-quality FLAIR sequences. Open Dataset: 77 subjects
refined from the open dataset [10]. As the original metadata lacked structured
signs, professional radiologist performed a retrospective review to label each case
(8 cases were excluded due to ambiguous radiological signs).
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Multiple Sclerosis (MS) To demonstrate generalizability, we utilized an
internal MS dataset of 46 patients (1,102 2D FLAIR slices).Training was per-
formed using 5-fold cross-validation. Images underwent intensity normalization.
Unlike the textural focus of FCD, MS guidance focuses on anatomical location
which dictates the expected shape and size of the lesions.

3.2 Baselines and Ablation Studies

For task-specific benchmarks, we compare our FCD results against the SOTA
Multiscale Transformer [14] using its original architectural parameters. For the
MS task, we utilize the nnU-Net [7], which serves as an automatically optimized
U-Net baseline for medical image segmentation

To evaluate the impact of the BioGuide framework, we conducted ablation
studies comparing several configurations. The Baseline consists of a standard
segmentation network without the auxiliary head. To isolate specific domain
knowledge contributions, we tested Location-Only and Signs-Only variants,
which utilize only lobar positions or radiological signs as guidance, respectively.
Random noise and shuffled labels served as knowledge-blind controls. These
controls also serve as a degenerate lesion-present head: any non-zero shuffled
vector still signals that a lesion exists. The Full BioGuide model incorporates
both location and radiological sign prediction for comprehensive guidance.

3.3 Optimization and Hyperparameter Search

FCD Optimization Pipeline. To ensure a rigorous and unbiased evaluation, we
performed a grid search independently for each dataset (Open, Internal Clinic
1, and Internal Clinic 2) and for both the baseline and BioGuide variants. All
models were optimized using the AdamW optimizer. To enhance data variability,
we incorporated a data augmentation consisting of random flips, random axial
rotations (£30°), random intensity shifts, and Gaussian noise injection. Gradient
clipping with a maximum norm of 1.0 was applied to stabilize training.

Hyperparameters were selected via a grid search for 200 epochs, while final
evaluations were performed for 300 epochs. We evaluated the OneCycle sched-
uler against a linear warm-up combined with ReduceLROnPlateau. The latter
was consistently superior. For the BioGuide variant, a learning rate Ir = 10~4
with a patience equals 20 was optimal. In contrast, the baseline performed best
with a higher Ir = 1073 and lower patience (10). We compared the hybrid loss
function from the baseline study (Dice + Cross-Entropy) against a weighted
Dice-Tversky loss. While the hybrid loss was robust, the Dice-Tversky loss with
asymmetry weights o = 0.3 and 8 = 0.7 was selected for all configurations as
superior. The auxiliary classification head was optimized by varying the loss
weight (A € [0.5,0.1,0.05,0.01]), MLP depth (Layp € [2,3,4]), and hidden di-
mension (Hprpp € [64,128,266]). Across all datasets, A = 0.05 and Lyp = 2
were selected. The hidden dimension Hjy;rp was 256 for the Open dataset and
128 for both internal clinics.
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Table 1. Comprehensive segmentation results across Multiple Sclerosis (2D nnU-Net)
and various FCD internal/open datasets (Transformer) using BioGuide. Results are
reported as mean + standard deviation across 5-fold cross-validation. Dice, Precision
and Detection Rate (Det. Rate) are shown in (%).

Dataset Set Method Dice T Precision T Det. Rate 1
Baseline (nnU-Net 67.5+3.5 76.1+0.9 69.4 £ 3.4
MS (2D nnU-Net) vV BioGuid(e (Ours; 68623 7T7.6+05 7T1.5+2.9
Baseline Transformer 32.846.9 30.248.3 36.84+12.3
Random Noise Vector 32.946.6 29.747.4 32.8413.8
v Shuffled Medical Labels 33.246.6 31.948.1 39.847.5
BioGuide (Location Only) 33.8+6.1 30.546.5 48.2410.8
BioGuide (Signs Only) 35.215.9 32.215.0 47.3110.6
FCD Internal 1 BioGuide (Full) 36.1146 32.51556 48.8114 .8
Baseline Transformer 18.542.3 22.641.7 51.249.9
Random Noise Vector 19.041.1 23.040.5 50.519.6
T Shuffled Medical Labels 19.041 6 24.44 9 5 52.549.9
BioGuide (Location Only) 20.312.2 25.613.1 45.345.7
BioGuide (Signs Only) 20.142.2 26.3+3.4 53.248.6
BioGuide (Full) 21.0420 27.7424 58.247.1
Baseline Transformer 43.0+1.8 40.5+3.4 70.9413.6
Random Noise Vector 44.143.3 43.145.2 7214107
v Shuffled Medical Labels 44.045.4 42,6476 74.549.7
BioGuide (Location Only) 44.444.7 43.64+7.1 74.549.7
BioGuide (Signs Only) 45.7T4+49 43941356 73.349.0
FCD Internal 2 BioGuide (Full) 45.7140 45.04160 75.846.0
Baseline Transformer 37.5+1.1 30.942.7 72.0414.1
Random Noise Vector 36.742.2 29.842.5 64.018.9
T Shuffled Medical Labels 38.543.3 31.543.8 70.0411.5

BioGuide (Location Only) 37.812.2 3144207 68.0+11.0
BioGuide (Signs Only) 40.313.0 33.642.9 72.0+11.0

BioGuide (Full) 40.4i2A3 34.5i2A7 80.0i11,4
Baseline Transformer 34.047.5 33.74+8.0 54.415 7
Random Noise Vector 34.342.0 34.04+4.2 50.7+10.2

Shuffled Medical Labels 36.145.1 35.747.0 54.6+6.0
BioGuide (Location Only) 37.246.3 36.54+5.0 55.616.0
BioGuide (Signs Only) 38.544.3 37.245.4 58.54+13.9
BioGuide (Full) 39.0i52 38~2i6A0 59.7i15.9

FCD Open Dataset V

MS Optimization and Framework Integration. For the MS task, we utilized
the nnU-Net framework to demonstrate the plug-and-play nature of BioGuide.
Because nnU-Net automatically determines architectural parameters, learning
rates, and scheduling, our search was restricted to the BioGuide-specific pa-
rameters. The optimal configuration mirrored the most complex FCD setup:
A = 0.05, a 2-layer MLP, and a hidden dimension of 256. All other training
procedures remained fixed to the nnU-Net’s self-configured defaults.

3.4 Evaluation Metrics

Performance is evaluated using metrics that capture both spatial overlap and
clinical relevance. The Dice Similarity Coefficient (DSC) and Precision
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Table 2. Dice score (%) sensitivity to training set size (70%—100%)

Dataset Set Method T70% 80% 90% 100%
Baseline 28.4474 29.3+81 30.9482 32.84¢.9

\% . .
Internal 1 BioGuide 35.1+5.8 32.5186 35.94+4.4 36.1146
T Baseline 18.0424 18.0+71.1 17.441.3 18.5493
BioGuide 18.212.1 1894119 19.3120 21.0420
v Baseline 36.8456 39.9+4.1 40.5430 43.04138
Internal 2 BioGuide 39.1+8.¢ 42.646.7 42.7T1+4.3 45.T14.0
T Baseline 34.0457 35.8+46.5 36.9424 37.541.1

BioGuide 35.7+3.1 38.644.4 39.1123 40.412 3

Baseline 33.146.7 31.7457 31.346.6 34.047.5
BioGuide 36.0+6.7 38.7+3.0 39.245.7 39.045.2

Open Dataset V

are calculated at the voxel level to quantify segmentation accuracy: DSC =
%, Precision = TPT+7PFP‘ To assess clinical utility, we employ task-
specific Detection Rates: for MS and subjects with multiple lesions, this is
the proportion of non-connected clusters successfully detected relative to to-
tal ground-truth lesions; for FCD with one lesion, it is the percentage of cases

where the single focal lesion is correctly detected.

3.5 Results

MS pathology. The integration of location-based auxiliary labels within the nnU-
Net framework yielded improvements across all primary metrics. As shown in
Table 1, BioGuide increased the Dice score from 67.5% to 68.6% and Precision
from 76.1% to 77.6%. Notably, the guided model also improved the lesion detec-
tion count, reaching 71.5% compared to the baseline’s 69.4%. These gains are
modest but consistent across all folds: MS lesions are high-contrast on FLAIR
and the nnU-Net baseline is already near-optimal, whereas the subtle, heteroge-
neous FCD lesions leave more room for clinical priors to contribute.

FCD pathology. For the FCD, the impact of clinical guidance was evaluated
across three datasets. As detailed in Table 1, the BioGuide (Full) configura-
tion achieved the highest performance in every test (T) and validation (V) sets.
BioGuide consistently achieved superior results on test (T) sets, improving Dice
scores from 18.5% to 21.0% on Internal 1 and from 37.5% to 40.4% on Inter-
nal 2, with the latter reaching a peak detection rate of 80.0%. Knowledge-blind
ablations performed significantly worse than the full mode, confirming that the
improvements stem from genuine biomedical knowledge rather than a simple reg-
ularization effect from the additional MLP head. Ablation results indicate that
while both Location-Only and Signs-Only guidance provide benefits, their
combination in the Full model consistently maximizes the Percent of Detection,
reaching 80.0% in the Internal 2 Test set compared to 72.0% for the baseline.
An additional strength of the BioGuide framework is its performance in
limited-sample settings. Table 2 illustrates that BioGuide models trained on
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Fig. 3. PCA visualization of features extracted from the encoder bottleneck for both
the Baseline (left) and BioGuide (right) using the FCD Internal 2 dataset. BioGuide
forces a distinct clustering of the latent space based on radiological descriptors, such
as the presence of blurring and anatomical location.

only 80% of the data—with randomly selected training subjects—often outper-
form baseline models trained on the full 100%. For the Open Dataset, BioGuide
achieves a Dice score of 36.0% using only 70% of the training data, surpassing
the baseline’s performance even when trained on the full dataset (34.0%). This
suggests that embedding domain knowledge provides a powerful inductive bias,
significantly reducing the annotation burden.

To understand how the auxiliary classification task influences feature learn-
ing, we visualized the encoder’s bottleneck features using Principal Component
Analysis (PCA). As shown in Fig. 3, the baseline model’s features remain clus-
tered by folds and overlapping across different clinical phenotypes (different col-
ors), suggesting a lack of semantic differentiation. In contrast, the BioGuide
bottleneck features demonstrate a clear restructuring of the latent space.

4 Discussion and Conclusion

The BioGuide framework demonstrates that integrating structured clinical de-
scriptors as auxiliary targets effectively regularizes feature extraction in medical
segmentation tasks. By enforcing a relationship between latent features and ra-
diological signs—such as lesion location for MS or specific textural markers for
FCD—the model develops a more robust inductive bias than pixel-wise supervi-
sion alone. Results across four diverse datasets confirm that this guidance consis-
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tently improves spatial overlap and clinical detection rates. Moreover, BioGuide
demonstrates high data efficiency, outperforming baselines with 30% less data.
Furthermore, the knowledge-blind ablation studies using random noise and shuf-
fled labels confirm that these improvements are driven by the semantic alignment
with medical truth rather than simple architectural changes.

In conclusion, BioGuide provides a versatile framework for integrating ex-
pert knowledge into deep learning architectures. Although validated on brain
MRI, its modality-agnostic design extends readily to other clinical domains with
structured radiological reports.

While BioGuide performs well, its bottleneck-only design may limit high-
resolution feature refinement, motivating future work on multi-scale architec-
tures with auxiliary heads distributed across the decoder. Additionally, the re-
liance on binary labels and subjective radiological descriptors—which can in-
troduce inter-rater noise—motivates exploring probabilistic soft labels to better
capture the continuous clinical spectrum. Future work will also investigate cross-
pathology transfer learning to assess whether clinical textures learned in one do-
main, such as cortical blurring, can improve segmentation in other pathologies
without extensive retraining.
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