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1 Introduction

Colorectal cancer is one of the major health issues where early diagnosis and
preventive measures are crucial. The World Health Organization’s 2026 fact
sheet reports an estimated 1.9 million new colorectal cancer cases and more than
900,000 deaths worldwide in 2022. These figures demonstrate that colorectal
cancer continues to hold a significant position within the global cancer burden.
The Organization emphasizes that the detection and removal of precancerous
lesions through appropriate screening programs can reduce the disease burden
(World Health Organization, 2026). Determining the location and visible
boundaries of polyps in colonoscopic images is one of the tasks being
investigated through computer-aided image analysis in this clinical context. From
an image analysis perspective, polyp segmentation involves determining whether
each pixel belongs to the polyp region. The appearance of polyps varies
depending on size, color, texture, shape, and lighting. Distinguishing borders can
be challenging in lesions that share similar colors with the mucosa or that protrude
only slightly from the surface. Reflections, residual fluid, blurriness, and partial
visibility also influence the algorithm’s decision. This variability means that a
method that performs well on a single image does not guarantee similar success
across different patients, devices, and imaging conditions. The segmentation
problem must therefore be addressed as both a representation learning problem
and a reliable assessment problem.

Deep learning enables image features to be learned from examples rather than
being manually designed. Encoder-decoder networks, such as U-Net, have
established a fundamental approach for biomedical segmentation by combining
contextual information with spatial detail (Ronneberger, Fischer, & Brox, 2015).
Subsequently, attention mechanisms, multiscale feature fusion, and transformer
architectures have been developed for polyp segmentation. On the other hand, the
YOLO family enables the extension of a single-stage approach—originally
developed for object detection—to the segmentation task. These two research
lines have different design priorities. Therefore, comparisons should not be based
solely on the name of the architecture. Model selection should be considered in
conjunction with data volume, label representation, training budget, and target
hardware. Additional parameters may not translate into a useful representation
within a fixed training time. A lower number of operations also does not always
result in a shorter inference time due to the way the hardware executes different
processing blocks. Therefore, performance and cost should be evaluated within
the same experimental context.

The aim of this study is to explain the fundamental concepts of polyp
segmentation and to experimentally investigate model selection under common
training conditions. First, task definitions, evaluation metrics, and the main
architectural approaches are presented. Next, five scale variants each from the
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YOLOvVS and YOLOI11 families are compared. The experimental investigation
examines the effect of model scale on validation performance, the pixel and
boundary performance of the weights selected via validation on the separate test
set, and the contribution of computational cost to model selection. Thus, the
relationship between instance segmentation and semantic segmentation metrics
is demonstrated through a concrete evaluation protocol.

2 The Theoretical Foundations of Polyp Segmentation
2.1 Object Detection, Semantic Segmentation, and Instance Segmentation

Object detection typically indicates the location of a target in an image using
a bounding box and a confidence score. The box may also include healthy tissue
surrounding the lesion. In semantic segmentation, however, each pixel is assigned
a class, and adjacent regions within the same class may not have distinct object
identifiers. Instance segmentation represents each target as a separate object in
addition to the pixel mask. When multiple polyps are present in a colonoscopy
image, this distinction becomes important for counting and evaluating the lesions
individually. YOLO segmentation models produce a bounding box, class,
confidence score, and object mask. In the experiments discussed in this section,
the target class is “polyp.” In the training and validation logs, bounding box
metrics are denoted with the suffix “B,” while mask metrics are denoted with the
suffix “M.” For example, bounding box mAP50-95 evaluates the positioning of
the lesion within a rectangle, whereas mask mAP50-95 is based on the overlap
between the predicted region and the reference object mask. Although both
metrics are calculated from the same images, they are sensitive to different types
of errors. The correct placement of the bounding box does not, by itself, prove
that fine indentations and protrusions at the lesion edges are accurately
represented in the mask. The unit of evaluation is also part of the task. Obtaining
an accurate mask in a single image does not indicate that the lesion was detected
the moment it first appeared in the video or that few false alarms were generated
along the normal mucosa. Performance at the image, lesion, and procedure levels
answers different questions.

2.2 Effects of Image and Label Properties

The level of detail a segmentation model can learn depends not only on the
quality of the input image but also on the representation of the target mask. In
regions where the reference boundary may be interpreted differently by experts,
it becomes difficult to distinguish between model error and label ambiguity. A
boundary shift of just a few pixels in a small polyp can alter the overlap ratio
more significantly than in a large polyp. This is one of the reasons why a single
average score cannot adequately account for lesions of different sizes. Analysis
by size and appearance subgroups can reveal examples that perform below the
average. Converting masks into a format usable for model training is also a
distinct methodological step. When generating polygonal labels from a pixel

7



mask, the selection of contour points, the preservation of small components, and
the handling of internal voids can all affect the result. When the image is rescaled,
the labels must undergo the same geometric transformation. Therefore, the data
preparation process should not be viewed merely as a file format conversion.
Verifying the overlap of the transformed label with the original mask helps
identify any systematic errors that may arise before model training. Visual
similarity and source relationships should also be considered when dividing
examples into training, validation, and test sets. While ensuring that the same file
name does not appear in two sets is a necessary check, it does not preclude similar
frames from the same patient or the same video sequence from being distributed
across different sets. Such a split may overestimate model performance by
including evaluation images that closely resemble training images. Fitzgerald and
Matuszewski (2023) discuss the importance of video-induced data leakage in
polyp segmentation from an evaluation perspective. When patient or video
identifiers are available, splitting the data by these groups provides stronger
independence between subsets.

2.3 Evaluation Metrics

To evaluate the accuracy of the segmentation outputs generated by the model,
it is necessary to quantitatively measure the overlap between the predicted masks
and the ground-truth masks. For this purpose, Intersection over Union (IoU) and
the Dice similarity coefficient are commonly used in segmentation studies. loU
is defined as the ratio of the intersection area between the predicted mask (A) and
the ground-truth mask (G) to the union area of these two masks, and is calculated
as shown in Equation (1).
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Here, |A N G| represents the area covered in common by the predicted and
ground-truth masks, while |A U G| represents the total coverage area of the two
masks. The IoU value ranges from 0 to 1; as the value approaches 1, it indicates
an increase in the spatial overlap between the predicted mask and the ground-
truth mask.

The Dice similarity coefficient, on the other hand, evaluates the same overlap
using a different normalization approach and is defined as the ratio of twice the
intersection area of the predicted and reference masks to the total area of the
masks. The Dice coefficient is calculated using Equation (2):

Di 2|1A n G| @
ice = ———
|Al + |G|

The Dice coefficient also takes values between 0 and 1, and higher values

indicate a greater degree of overlap between the predicted region and the
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reference region. There is a mathematical relationship between the Dice and IoU
metrics for the same prediction—reference mask pair. This relationship is given in
Equation (3).

(3)

Although Equation (3) holds for a single prediction—reference mask pair,
directly applying the same transformation to the Dice and IoU values—which are
calculated separately across the dataset and then averaged—is generally not valid.
The main reason for this is that the transformation in Equation (3) is nonlinear,
and the averages of the scores calculated on a per-example basis are not preserved
under this nonlinear transformation. Therefore, the average Dice and average loU
values at the dataset level must be calculated independently of one another.

Precision is the ratio of true positive predictions to all positive predictions and
is calculated using Equation (4).
Precision = L 4
recision = TP 4)
Recall (sensitivity) is the proportion of ground-truth positives correctly
identified by the model and is calculated using Equation (5).

TP

Sensitivity = TP-{-—FN

(5)

In Equations (4) and (5), TP, FP, and FN denote true positives, false positives,
and false negatives, respectively. It should also be specified whether counts are
performed at the pixel level or at the matched object level. In this section, the
precision and sensitivity in the validation tables are based on object matching,
while their counterparts in the test tables are based on pixel counts.

Average precision (AP) summarizes the precision—recall curve generated by
varying the confidence threshold. mAP50 represents the average precision at an
IoU matching threshold of 0.50, while mAP50-95 represents the average of the
AP values calculated at ten IoU thresholds ranging from 0.50 to 0.95. In the
single-class polyp problem, the average across classes is effectively reduced to a
single class. The inclusion of high IoU thresholds requires not only the
approximate location of the target but also a tighter overlap of the mask.
However, mAP50-95 does not measure the error of the boundaries in physical
millimeters. mAP evaluates detection and instance segmentation together. Dice
per image and foreground IoU examine region overlap, while boundary distances
examine contour errors. In this study, validation mask AP metrics were used for
model selection, while pixel and boundary metrics on the test set were used to
evaluate the performance of the selected weights on held-out images. Since Dice



is equivalent to the F1 score in binary pixel classification, it was not repeated as
a separate, independent metric.

3 Deep learning approaches and related research
3.1 Encoder-decoder based networks

U-Net features a symmetric encoder—decoder architecture that learns
contextual features in the contracting encoder path while reconstructing spatial
resolution in the expanding decoder path. The skip connections between
corresponding encoder and decoder layers facilitate the integration of high-level
semantic features with low-level spatial details, thereby contributing to the
preservation of fine boundaries in particular. This architecture has become a
fundamental approach in biomedical image segmentation due to the need for
learning with a limited number of labeled examples and the requirement for
detailed localization (Ronneberger et al., 2015). However, the significant
variability of polyps in terms of size, shape, color, and texture, the low contrast
between lesion boundaries and the surrounding mucosa, and the limited
distinguishing features in small polyps can challenge the standard U-Net
architecture’s capacity for representation and boundary detection. Therefore,
rather than simply increasing the network depth, various design strategies have
been developed, such as processing multi-scale features, utilizing attention
mechanisms, enhancing boundary information, modeling contextual
relationships, and improving computational efficiency. Subsequent encoder—
decoder-based approaches, such as PraNet, HarDNet-MSEG, Li-SegPNet,
DCRNet, ResUNet++, and SANet, aim to address these limitations in polyp
segmentation by extending U-Net’s fundamental structure with different
architectural components and feature processing strategies.

PraNet refines the initial map, constructed from high-level features, using
reverse attention mechanisms. Fan et al. (2020) proposed the combined use of
region and boundary cues as a solution to the diversity in polyp appearance. This
approach demonstrates the benefit of refocusing on areas not covered or left
ambiguous by the initial prediction. It highlights that, in polyp segmentation, it is
necessary to investigate not only the selection of a robust backbone but also how
the decoder design and boundary information are utilized.

HarDNet-MSEG balances segmentation quality and processing speed by
using the HarDNet encoder and a simple decoder. Huang, Wu, and Lin (2021)
reported an average Dice score above 0.90 and 86 FPS in their experimental
setup. The study demonstrates that an efficiency-focused design can also be
applied to the encoder—decoder family. The significance of speed measurements
should be evaluated in conjunction with the resolution and hardware used.

Li-SegPNet aims for lightweight segmentation through modified attention
blocks and multi-scale context processing. Sharma, Gautam, Maji, Pachori, and
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Balabantaray (2023) examined its generalizability on external datasets in addition
to evaluations on Kvasir-SEG and CVC-ClinicDB. DCRNet, on the other hand,
utilizes both intra-image and inter-image contextual relationships. Thus, the
representation of a pixel is not limited solely to the local neighborhood of the
image in which it is located (Yin, Liang, Ma, & Guo, 2022).

ResUNet++ processes multi-scale features by combining residual units,
Atrous Spatial Pyramid Pooling (ASPP), Squeeze-and-Excitation (SE), and
attention components. Jha et al. (2019) presented comparisons between U-Net
and ResUNet on Kvasir-SEG and CVC-ClinicDB within their own experimental
setup. SANet, on the other hand, addresses color variations, loss of detail in small
polyps, and foreground—background imbalance. The color transformation
process, the attention module that reduces background noise in shallow features,
and the probability adjustment strategy applied during inference are the key
components of this design (Wei et al., 2021). These studies demonstrate that, in
addition to network depth, feature fusion and training or inference strategies must
also be evaluated.

3.2 Transformer and hybrid models

The goal of Transformer-based methods is to represent relationships between
distant regions. When used in conjunction with convolutional networks, the aim
is to combine local texture information with a broader context. FCB-SwinV2 is
one example that examines polyp segmentation by combining convolutional and
Transformer components (Fitzgerald & Matuszewski, 2023). Wang, Wang, and
Sun (2025), on the other hand, proposed an architecture that incorporates a
ConvNeXt-based encoder, cross-attention, and Transformer components in the
decoder. These designs demonstrate that different information flows are being
explored to improve segmentation quality.

Polyp-PVT combines the Pyramid Vision Transformer encoder with the
Cascaded Fusion (CFM), Camouflage Identification (CIM), and Similarity
Aggregation (SAM) modules. CFM aggregates semantic and spatial information
from high-level features, while CIM identifies polyp information in low-level
features. SAM contributes to the integration of different feature levels (Dong et
al., 2023). The acronym SAM here refers to the similarity aggregation module
and is not the same architecture as the Segment Anything Model. ColonFormer,
on the other hand, processes long-range relationships and multi-level features
using a lightweight transformer encoder, a hierarchical decoder, and a boundary-
enhancing module (Duc, Oanh, Thuy, Triet, & Dinh, 2022).

Research is also being conducted on adapting pre-trained foundation models,
trained on large-scale image data, for polyp segmentation. In their study Polyp-
SAM, Li, Hu, and Yang (2023) compared fine-tuning only the mask decoder
while keeping the encoders frozen with jointly fine-tuning the encoders and
decoder of the Segment Anything Model. In the study, bounding boxes derived

11



from ground-truth labels were used as prompts during training and evaluation.
Therefore, the results should be interpreted in conjunction with this prompt
condition, which provides information about the lesion location. This setup is not
directly equivalent to YOLO models that automatically generate boxes and masks
from images. The need for fine-tuning, how the prompt is obtained, and the
computational cost on the target hardware should be evaluated together when
deploying foundation models into practice. The pre-training, input resolution, and
feature fusion scheme used in hybrid models should be evaluated collectively.
The convolutional and transformer branches of FCB-SwinV2 are examples of
this integration.

3.3 Instance Segmentation with YOLO

YOLO is a detection approach that estimates object locations and classes in a
single network evaluation (Redmon, Divvala, Girshick, & Farhadi, 2016). In the
segmentation extension, object masks are added to these outputs. The idea of
combining common mask prototypes with object-specific coefficients is
described in YOLACT through two parallel branches (Bolya, Zhou, Xiao, & Lee,
2019). In the Ultralytics implementation, detection and mask generation are also
performed within the same network (Ultralytics, 2025). The workflow is
summarized in Figure 1. The backbone extracts feature maps at different
resolutions from the input image. Feature fusion layers combine detailed location
information with a broader context. The segmentation head generates mask
prototypes and their weights for each object, in addition to bounding box and
class predictions. A weighted combination of these prototypes forms the object-
specific mask response. Selected bounding boxes are transformed to the output
image coordinates via rescaling steps. This allows separate masks to be generated
for multiple objects within the same image.

Image and preprocessing

]

Backbone and multiscale features

]

Feature fusion

T~

‘ Bounding box and class ‘ ‘ Mask prototypes ‘

predictions and instance coefficients

~.

Mask generation for selected objects
and mapping to image coordinates

Figure 1. Conceptual workflow of YOLO instance segmentation.
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An examination of the model configurations used in this study reveals that the
YOLOVS architecture employs C2f blocks as its basic feature processing units,
while the YOLOI1 architecture uses C3k2 blocks. YOLOI11 also includes the
C2PSA block, which is based on an attention mechanism (Ultralytics, n.d.). In
both architectures, the SPPF module integrates multi-scale contextual
information, fuses representations at different resolution levels through
upsampling and feature fusion, and transfers the resulting features to the
segmentation head at three different scales. In the YOLO11 configuration, these
feature maps correspond to resolution levels that are downsampled by a factor of
8, 16, and 32, respectively, relative to the input image. The fact that the C2f and
C3k2 blocks have different internal connection arrangements and that the
YOLOI11 architecture includes a C2PSA module indicates that the two model
families adopt different architectural approaches in terms of feature extraction
and feature reorganization (Ultralytics, 2025). However, since these components
were not independently modified and compared in this study, it is not possible to
directly attribute the observed performance differences to the effect of a specific
architectural component. The variants n, s, m, 1, and x scale the network’s depth
and channel width. The same scale name does not imply an equal number of
parameters across the two families. When adapting the pre-trained network to the
polyp task, the number of classes is reduced to one, while the instance mask
generation mechanism is preserved.

Sahafi, Koulaouzidis, and Lalinia (2024) investigated the segmentation of
polypoid lesions in wireless capsule endoscopy images using YOLOv8. This
study is an application of instance segmentation in gastrointestinal images.
Capsule images constitute a distinct data domain compared to standard
colonoscopy. As an example of a direct colonoscopic comparison, Xu, Liu, and
Tang (2026) evaluated the YOLOvV8-Seg and YOLOv11-Seg models alongside
other segmentation networks on the Kvasir-SEG dataset in their BAR-UNet
study. In this study, object masks were merged into a common foreground mask
to calculate Dice and IoU. This detail clarifies under which transformation YOLO
outputs can be compared with semantic segmentation networks.

3.4 Context of the Comparison in the Literature

When the studies under review are evaluated collectively, it cannot be said
that a single architectural family meets all the requirements for polyp
segmentation. Detailed representation of boundaries, the ability to operate on
limited hardware, robustness against external data, and the production of
consistent output throughout the video are different priorities. Sanchez-Peralta,
Picon, Sanchez-Margallo, and Pagador (2020), who investigated the effect of data
augmentation, also present an evaluation showing that method performance
cannot be reduced solely to the network architecture. Examining different scales
under a common protocol makes only a portion of this multidimensional choice
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controllable. Table 1 summarizes the technical contributions and scope of
evaluation of the studies.

Table 1. Comparison of Proposed Approaches to Polyp Segmentation

Method and
source

ResUNet++
Jha et al. (2019)

PraNet
Fan et al. (2020)

SANet
Wei et al.
(2021)

HarDNet-
MSEG
Huang et al.
(2021)

DCRNet
Yin et al. (2022)

ColonFormer
Duc et al.
(2022)

FCB-SwinV2
Fitzgerald and
Matuszewski
(2023)

Polyp-PVT
Dong et al.
(2023)

YOLOvVS
Sahafi et al.
(2024)

Polyp-SAM
Lietal. (2023)

BAR-UNet
Xu et al. (2026)

Key contribution

Residual blocks,
ASPP, and channel
attention modules

Combining region
and boundary
information using
reverse attention

Color shift, shallow
attention, and
probability
correction

An efficient encoder
and a simple
decoder

Intra-image and
inter-image
contextual
relationships

Lightweight
transformer encoder
and hierarchical
decoder

Parallel
convolutional and
SwinV2 branches

PVT encoder; CFM,
CIM, and SAM
modules

Instance
segmentation of
polypoid lesions

Fine-tuning for the
encoder and decoder

Boundary and
appearance
consistency; YOLO-
Seg comparisons

Datasets

Kvasir-SEG
and CVC-
ClinicDB

Kvasir-SEG
and CVC
datasets

Kvasir-SEG
and CVC
datasets

Kvasir-SEG,
CVC-
ClinicDB, and
external
datasets

Kvasir-SEG,
EndoScene
and PICCOLO

Kvasir-SEG,
CVC datasets,
and ETIS-
Larib

Kvasir-SEG
and CVC-
ClinicDB

Kvasir-SEG,
CVC, ETIS-
Larib

Wireless
capsule
endoscopy

Kvasir-SEG
and
multicenter
data

Kvasir-SEG
and external
datasets
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Metric

Dice,
mloU

Dice,
IoU

Dice,
ToU

Dice,
IoU, FPS

Dice,
ToU

Dice,
ToU

Avg.
Dice

Dice,
IoU,
MAE

Mask
mAP

Dice,
TIoU

Dice,
ToU,

Comparison
limitation

Different training
and testing
protocols

Different training
and test splits

Different
hardware and data
splits

Speed depends on
hardware and
resolution

Not retrained in
this study

Different
resolution settings

Data splitting and
video-level
dependencies
matter

Different
pretraining and
data splits

Different imaging
modality from
colonoscopy

Uses box prompts
derived from
ground-truth
labels

Instance masks
are merged into a

boundary foreground mask



4 Experimental Design and Methods
4.1 Dataset

In this study, the open-access Kvasir-SEG dataset, developed for pixel-level
segmentation of colorectal polyps, was used. The dataset consists of 1,000
endoscopic images from the “polyp” class of the Kvasir dataset—collected at the
Vestre Viken healthcare facility in Norway—and their corresponding
segmentation masks. The polyp boundaries were manually annotated by a team
consisting of an engineer and a medical doctor, and subsequently reviewed by an
experienced gastroenterologist. In the masks, the polyp regions represent the
foreground, while the remaining pixels represent the background. Additionally,
bounding box coordinates derived from the segmentation masks are provided (Jha
etal., 2020). The dataset is divided into 700 training (70%), 150 validation (15%),
and 150 test (15%) examples at the image level. Comparisons were conducted on
a common data split by using the same subsets for all models. For the test
evaluation, the file lists from the fixed split used in model training were used as
the basis. No random resplitting was performed. Each image’s unique filename
was used as the sample ID, and the corresponding mask was matched using the
same ID. To ensure the traceability and reproducibility of the splitting, an index
record was created containing the sample IDs, subset assignments, image and
mask file paths, and SHA-256 file hashes.

As part of the data leakage audit, the sample identifiers of the training,
validation, and test sets were compared, and no common file names were found
across the subsets. Furthermore, a comparison based on SHA-256 hashes
revealed no images with identical file contents across different subsets. However,
these audits evaluate duplicates at the file level. These checks do not prove that
different or visually similar frames belonging to the same patient or video
recording are not present across subsets. Since the data used did not contain
identifiers that allow grouping at the patient or video level, the independence of
the split at the patient level could not be verified. The training set was used to
learn the model parameters, while the validation set was used to monitor the
training process and select the model weights. The test set was set aside for the
final performance evaluation. No optimization of weights, hyperparameters, or
decision thresholds was performed on this set. The target input size was set to
640 pixels for all models. Image resizing and padding to preserve the aspect ratio
were performed in the Ultralytics data processing pipeline. This prevented
geometric distortions that could have resulted from directly stretching the original
images to a square format. During the testing phase, images were prepared to fit
a 640 x 640-pixel input area, while prediction masks were generated at the
original image resolution for comparison with reference masks.

Data augmentation operations were applied only to the training set after data
splitting. Since the transformations were generated online during training, the
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augmented images were not transferred as separate instances to the validation or
test sets. The correspondence between the image and the segmentation labels was
preserved during geometric transformations. In the recorded training
configuration, the horizontal flip probability was set to 0.5, the translation
parameter to 0.1, and the scaling parameter to 0.5. The parameters used for hue,
saturation, and brightness changes in the HSV color space were 0.015, 0.7, and
0.4, respectively. The probability of Mosaic data augmentation was set to 1.0, and
this transformation was disabled during the last 10 epochs. MixUp and Copy-
Paste transformations were not used. Blur, MedianBlur, ToGray, and CLAHE
transformations were also applied with low probability during training sessions.

Random data augmentation was not applied during the validation and testing
phases. No additional image enhancement or runtime data augmentation was used
during testing. Using the same data splitting and augmentation configuration for
all models ensured consistency in the experimental conditions. However, since
the individual contributions of the augmentation methods to performance were
not examined through separate ablation experiments, the results were evaluated
based on the training configuration as a whole.

4.2 Model Families and Training Environment

The training was initiated using pre-trained weights from the n, s, m, I, and x
segmentation variants of the YOLOvS8 family and the same five scale variants of
the YOLOI1 family. In this section, abbreviations such as YOLOv8n and
YOLOL11s refer to segmentation models. The training of the ten models was
performed on an NVIDIA A100-SXM4-40GB GPU using Python 3.12.12,
PyTorch 2.9.0+cul26, and Ultralytics 8.3.233 (Ultralytics, 2025). Each model
was trained for 70 epochs using batches of four images. Pre-trained segmentation
weights, the deterministic run option, and automatic mixed-precision training
were used. The optimizer = auto option in the configuration was resolved in the
logs as AdamW, with an initial learning rate of 0.002 and a momentum parameter
of 0.9. Table 2 lists the learning rate actually selected, rather than the default 1r0
= 0.01 specified in the file. The weight decay is 0.0005, the warm-up period is
three epochs, and the patience value is 100. All training runs completed the
planned 70 epochs and were not shortened by early stopping.
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Table 2. Common Training and Evaluation Settings

Component Recorded Value

Data split 700 for training, 150 for validation, 150 for testing
Training 70 epochs; batch = 4; imgsz = 640

GPU NVIDIA A100-SXM4-40GB

Software Izjgrgiyctlllclsz 2.3.233, Python 3.12.12; PyTorch
Initialization Pre-trained segmentation weights

Optimization AdamW; initial Ir = 0.002; momentum = 0.9
Regularization weight decay = 0.0005

Reproducibility deterministic = true

Other settings amp = true; mask ratio = 4; overlap_mask = true
Mosaic Probability 1.0; disabled for the last 10 epochs

Validation summary Highest validation mask mAP50-95

4.3 Loss Functions and Evaluation Protocol

Box, segmentation, classification, and distribution focal localization losses
were tracked separately throughout training. The box and Distribution Focal Loss
(dfl_loss) are aimed at learning the localization representation, the segmentation
loss at learning the mask prediction, and the classification loss at learning the
target class. In evaluation, task metrics calculated on the validation set were used
instead of the training losses. The primary metric for comparing validation
records was set as mask mAP50-95. For each model, the precision, sensitivity,
and mask AP values from the epoch where this metric was highest were provided
together. In the test, the best.pt checkpoint saved by each training session was
used. In the Ultralytics 8.3.233 application, the checkpoint selection score for
segmentation is the sum of the box and mask mAP50-95 values.

4.4 Evaluation of Computational Cost

The number of parameters and GFLOPs were taken from the fused network
summaries in the logs. These represent, respectively, the model capacity and the
software’s estimated computational cost. They are not measures of energy
consumption or working memory. The single-class network summaries used in
the experiment were used as the basis, rather than the number of general-purpose
classes in the model files. Training time was calculated from the “total time” field
in the last row of the CSV file. Inference time is the average forward pass time
per image reported in the “best.pt” validation file at the end of training.
Preprocessing, postprocessing, video streaming, and screen rendering are not
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included in this value. Since no repeated speed measurements were taken, the
times are presented as the recorded values for the session.

4.5 Pixel and Boundary Evaluation on the Held-Out Test Set

All models used in the study were evaluated on a separate set of 150 test
images under the same inference conditions. Float32 inference was performed on
a CPU using Ultralytics 8.3.233, PyTorch 2.14.0, and Python 3.12.0. Images were
processed individually, with the target size set to 640 pixels, the confidence
threshold set to 0.25, the bounding box IoU threshold for non-maximum
suppression set to 0.70, and the maximum number of predictions per image set to
300. The original reference masks were binarized such that pixels with grayscale
values above 127 were considered foreground. Prediction masks were calculated
at the original image resolution. A mask logit greater than zero was considered
foreground. This rule corresponds to a threshold of 0.5 for the sigmoid
probability. The union of object masks that passed the confidence threshold was
evaluated as a single foreground mask.

In boundary evaluation, the bidirectional Fuclidean distances between the
inner contours extracted using 8-neighbor erosion were combined. The 95th
percentile of these distances was calculated as HD95, and the arithmetic mean
was calculated as the average symmetric surface distance (ASSD). Measurements
were obtained in pixels at the original resolution; values normalized to the image
diagonal were also reported to minimize the effect of different image sizes. Since
the physical pixel spacing was not defined, the distances were not interpreted in
millimeters. All test instances contain at least one foreground pixel. In the case
of an empty prediction, Dice, loU, precision, and recall were set to zero; HD95
and ASSD were penalized by the image diagonal length. Thus, failed predictions
were not excluded from the mean calculations. The 95% confidence intervals for
mean Dice and IoU were calculated using 10,000 image-level bootstrap
resamples, each containing 150 images sampled with replacement. Dice
differences relative to YOLOI 1s were calculated using paired resampling of the
same images.

5 Experimental findings
5.1 Mask performance and model ranking

The highest validation mask mAP50-95 values are shown in Table 3.
YOLO11s took first place, reaching a value of 0.79535 at the 62nd epoch. At this
epoch, the mask mAP50 value was 0.96761, with a precision of 0.96444 and a
recall of 0.87333. YOLOVS8x, in second place, achieved a value of 0.78507;
YOLOVSs, in third place, achieved 0.78488; and YOLOv8m, in fourth place,
achieved 0.78430. The difference between the top two models is 1.028 percentage
points. The difference between YOLOv8x and YOLOvVSs, however, is only 0.019
percentage points.
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Table 3. Validation mask metrics for the selected epochs

Model Epoch  Precision Recall mAP5(0 mAP50-95
YOLOLl11s 62 0.96444 0.87333 0.96761 0.79535
YOLOv8x 67 0.92953 0.89333 0.94855 0.78507
YOLOv8s 65 0.92472 0.90083 0.95051 0.78488
YOLOv8m 70 0.93562 0.92000 0.94873 0.78430
YOLO11m 68 0.91306 0.91333 0.95812 0.78044
YOLO111 66 0.93657 0.91333 0.95824 0.76912
YOLOv8n 63 0.91199 0.89813 0.93879 0.76721
YOLOvSI 70 0.93544 0.88667 0.94830 0.76596
YOLOI11n 53 0.94030 0.88667 0.94730 0.76548
YOLOI11x 66 0.94682 0.88000 0.95746 0.76379

Figure 2 shows the ranking of the ten models. The close scores of YOLOVSX,
YOLOVS8s, and YOLOv8m illustrate how small the differences in a ranking based
on a single training run can be. In particular, the 0.019 percentage point difference
between YOLOv8x and YOLOvS8s does not, on its own, constitute a practical
reason for preference. YOLO11s achieved the highest validation mask mAP50-
95 under this protocol.

YOLO11s 0.7954
YOLOV8x 0.7851
YOLOv8s 0.7849
YOLOV8m 0.7843
YOLO11m 0.7804
YOLO11l 0.7691
YOLOV8N 0.7672
YOLOV8I 0.7660
YOLO11n 0.7655
YOLO11x 0.7638
0.0 0.2 0.4 0.6 0.8 1.0

Highest validation mask mAP50-95

Figure 2. The models' highest validation mask mAP50-95 values.
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When precision and sensitivity are evaluated together, it is observed that the
highest mAP value does not coincide with the highest sensitivity at every
operating point. In the selected epochs, YOLOv8m’s sensitivity is 0.92000, while
YOLOL11s’ sensitivity is 0.87333. YOLO11s demonstrates higher precision. In
the epoch selected using the mask metric, the box mAP50-95 value for YOLO11s
is 0.77377, while that for YOLOv8x is 0.78008.

5.2 Training Dynamics and Sensitivity to Epoch Selection

Figure 3 shows the change in mask mAP50-95 for each model over 70 epochs.
The rising, fluctuating, and plateau regions in the curves illustrate the model’s
learning trajectory on this validation set. Disabling Mosaic augmentation during
the last 10 epochs is a standard protocol step that alters the data distribution in
the final phase of training. In the graph, this transition is indicated by the dashed
line between the 60th and 61st epochs.

0.8 A
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0.4 1

0.2 1

Mask mAP50-95

0.0

0.8 -

0.6 -

0.4+

Mask mAP50-95

0.2 1

0.0

0 10 20 30 40 50 60 70
Epoch

Figure 3. Validation mask mAP50-95 curves for the YOLOvVS and YOLO11 models.

The rankings change when the results from the last epoch are used. YOLOv8m
ranks first with a score of 0.78430 at epoch 70. YOLOVSs has a score of 0.77879,
YOLOv8x has a score of 0.77606, and YOLO11s has a score of 0.77581. The
difference between YOLOI11s’s highest value and its final value is 1.954
percentage points. For YOLOI11n, this difference reaches 2.513 percentage
points.
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Table 4. Validation mask mAP50-95 by epoch selection

Model Maximum Final epoch Mean of final 10 epochs
YOLOv8n 0.76721 0.75047 0.75459
YOLOv8s 0.78488 0.77879 0.77622
YOLOvV8m 0.78430 0.78430 0.76785
YOLOvSI1 0.76596 0.76596 0.75702
YOLOv8x 0.78507 0.77606 0.77204
YOLO11n 0.76548 0.74035 0.73930
YOLOl11s 0.79535 0.77581 0.78143
YOLO11m 0.78044 0.77344 0.77181
YOLO111 0.76912 0.76392 0.75828
YOLOI11x 0.76379 0.76008 0.75150

When the averages for the last 10 epochs in Table 4 are evaluated together, it
can be seen that YOLO11s performs the best.

5.3 Model Capacity and Runtime

Table 5 presents the number of parameters, computational cost, and runtime
of the models. YOLO11s, with approximately 10.07 million parameters and 32.8
GFLOPs, achieved the highest mask mAP50-95 value in this comparison.
Although YOLOvVS8x requires approximately 71.72 million parameters and 327.9
GFLOPs, it has a lower maximum mask mAP50-95 value. The difference
between these two models demonstrates that increasing computational capacity
does not automatically translate into improved task performance.
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Table 5. Model capacity and times recorded during the A100 validation session

Model Pg:;;lllil:;es;s GFLOPs Training (min) Inference (ms)
YOLOv8n 3.26 11.3 17.85 1.7
YOLOv8s 11.78 399 18.15 1.7
YOLOv8m 27.22 104.3 21.38 3.0
YOLOvSI 45091 210.1 24.56 33
YOLOv8x 71.72 327.9 25.94 4.7
YOLO11n 2.83 9.6 21.99 2.3
YOLOl11s 10.07 32.8 22.36 2.3
YOLO11m 22.34 112.9 26.04 34
YOLO111 27.59 131.8 34.45 3.7
YOLOI11x 62.00 295.9 36.33 5.4

Figure 4 illustrates the relationship between capacity and mask performance.
When considering both the number of parameters and the highest mask mAP50—
95, YOLOI11s achieved a higher score than larger models.
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Figure 4. Relationship between the number of parameters and the highest validation
mask mAP50-95.

The recorded inference times are 1.7 ms per image for YOLOvS8n and
YOLOVSs, and 2.3 ms for YOLO11n and YOLO11s. YOLOv8x has a value of
4.7 ms, while YOLO11x has a value of 5.4 ms. In these sessions, the YOLO11
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model at the same scale did not demonstrate a shorter inference time compared
to its YOLOvV8 counterpart. The calculated training times range from 17.85 to
36.33 minutes. Data transfer and environment setup are not included in these
times.

5.4 Results on the Held-Out Test Set

Table 6 shows the pixel metrics for each model on a separate set of 150 test
images. YOLO11s, the reference candidate selected from the validation results,
achieved the highest average Dice score of 0.8623 (95% confidence interval
0.8241-0.8958). The same model’s average foreground loU value was 0.8040
(95% confidence interval 0.7634-0.8405). YOLOvVS8] demonstrated similar
overlap performance with a Dice score of 0.8616 and an IoU of 0.8046, achieving
the highest value in terms of average IoU. This slight difference in the Dice and
IoU rankings reflects the impact of image-level error distributions on the mean.
The test metrics correspond to binary foreground predictions compared to the
original ground-truth masks. Table 7 presents boundary errors and pixel
specificity as complementary metrics. For HD95 and ASSD, a smaller value
indicates lower boundary error. Distances expressed as a percentage of the
diagonal summarize different resolutions on a common relative scale. The
diagonal penalty applied to empty predictions prevents the optimism that could
result from excluding failed images from the average.

For YOLOI11s, the average HD95 was calculated as 66.83 pixels and 7.98%
of the diagonal. Among the models used in the study, the lowest average
normalized HD95 was achieved with YOLOI1s, while the lowest average
normalized ASSD was achieved with YOLO11n. YOLO11s produced empty
predictions in 2 out of 150 images. This demonstrates that a single high average
score does not necessarily imply reliable segmentation across all images. Figure
5 shows the average Dice values along with 95% bootstrap confidence intervals
at the image level. The intervals reflect the uncertainty of the fixed weights in this
test sample. Model differences were also calculated in a paired manner on the
same images.
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Table 6. Average pixel metrics per image in the test set

Model
YOLOl11s
YOLOvSI
YOLOv8x

YOLOv8m
YOLOL111
YOLOl1n
YOLOI1m
YOLOVS8n
YOLOVSs

YOLOI11x

Dice / F1
0.8623
0.8616
0.8580
0.8533
0.8523
0.8485
0.8423
0.8330
0.8289

0.8251

Foreground IoU

0.8040
0.8046
0.7987
0.7987
0.7952
0.7808
0.7779
0.7779
0.7750

0.7606

Precision
0.8607
0.8629
0.8518
0.8449
0.8483
0.8233
0.8289
0.8408
0.8267

0.8123

Recall
0.9104
0.9091
0.9078
0.8891
0.9083
0.9369
0.9144
0.8660
0.8836

0.8881

Table 7. Complementary pixel and boundary metrics in the test set

Model

YOLOLll1s

YOLOVSI

YOLOv8x
YOLOvV8m
YOLOL111

YOLOl1n
YOLOI1m
YOLOVS8n
YOLOVSs

YOLOl11x

Specificity

0.9680
0.9692
0.9696
0.9691
0.9688
0.9471
0.9553
0.9772
0.9604

0.9585

MAE

0.0413
0.0388
0.0412
0.0372
0.0446
0.0511
0.0506
0.0395
0.0493

0.0486

HD9Y5 (% of
diagonal)

24

7.98
8.47
8.80
10.14
8.26

9.20
10.47
11.61

11.59

ASSD (% of
diagonal)

3.40
3.61
4.08
5.84
3.51
3.20
3.42
6.05
6.95

6.02

Empty
predictions

2
2
3



YOLO11s A ——
YOLOvEI —e—
YOLOv8xX 4 —e—
YOLOv8m A ——
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Mean Dice and 95% bootstrap confidence interval

Figure 5. Average Dice score on the test set and 95% bootstrap confidence intervals at
the image level.

5.5 Qualitative Error Analysis in Test Images

Figure 6 shows the original image, the reference mask, and the predictions
from YOLOv8s and YOLO11s for three images in the test set. The examples
were selected as the 15th, 75th, and 135th images when the test images were
sorted by the image-level Dice scores of the preselected reference model,
YOLOLl1s. This selection highlights low, medium, and high levels of overlap
using the same criterion; the three examples were not used to represent the entire
error distribution.
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A — lower overlap Reference mask YOLOvS8s - Dice 0.890 YOLO11s - Dice 0.649

B — middle overlap Reference mask YOLOv8s - Dice 0.961 YOLO11s - Dice 0.951

Reference mask YOLOv8s - Dice 0.982 YOLO11s - Dice 0.979

Figure 6. Examples of different overlap levels in the test set.

C — higher overlap

4

Samples A, B, and C represent low, medium, and high levels of overlap,
respectively. Presenting the predictions of two models side by side in the same
image allows us to examine how missed regions and boundary oversegmentation
vary from model to model. Qualitative results should be evaluated in conjunction
with aggregate pixel and boundary metrics. The predictions used in the visual
analysis were generated using the same weights and thresholds as those used in
the quantitative evaluation. Dice and IoU values were calculated from the
original-resolution binary masks, not from scaled panels used for display.

6 Discussion

The findings of this study highlight three key points. First, increasing the
model scale did not result in a consistent improvement in segmentation
performance. While YOLOI11s achieved the highest value for the primary
validation metric—mask mAP50-95—Ilarger m, 1, and x variants from the same
family yielded lower results. Similarly, in the YOLOvVS family, an increase in the
number of parameters did not translate linearly into validation performance.
Second, the ranking based on validation metrics did not fully align with the pixel-
based ranking on the held-out test set. While YOLO11s achieved the highest
average Dice score on the test set, the highest average IoU was obtained with
YOLOVSI. Third, the fact that the test Dice difference between YOLO11s and
YOLOVSI is quite small, and the confidence interval for the paired difference
does not support a claim of statistical superiority, indicates that one should not
conclude that one model family is generally superior to another based on a single

26



training session. When these findings are evaluated together, it becomes clear that
model selection should be based not only on the architectural version or the
number of parameters, but also on the validation metric, test performance, and
computational cost.

These results show that higher model capacity does not automatically result
in better representation on a dataset of limited size. The fact that YOLO11s, with
approximately 10 million parameters, achieves higher scores on the main
validation metric than larger models demonstrates that an increase in capacity
alone is not sufficient in this experimental setup. However, since the architectural
differences between YOLOvVS and YOLO11 were not examined through ablation
experiments, the observed results cannot be directly attributed to the influence of
C3k2, C2PSA, or any other component. The findings illustrate the behavior of
the examined off-the-shelf model configurations under this data and training
protocol, rather than the superiority of specific architectural components.

Approaches in the literature focus on different design challenges. PraNet
addresses edge detail, HarDNet-MSEG addresses processing efficiency, and
FCB-SwinV2 addresses the joint representation of local and global context.
Rather than proposing a new segmentation architecture, the experimental section
of this chapter examines the scale selection of off-the-shelf YOLO segmentation
architectures under a common protocol. When these two levels are evaluated
together, it becomes evident that success in polyp segmentation depends not only
on architectural design but also on data preparation, training configuration, model
selection criteria, and the evaluation protocol—all of which are decisive in
interpreting the results.

Similar to the evaluation conducted by Xu et al. (2026), who converted object
masks into a common foreground mask, in this study, test Dice and IoU values
were calculated using binary foreground masks created by merging object masks
that passed the confidence threshold. This transformation enables YOLO models
that produce instance segmentation to be evaluated using pixel-based
segmentation metrics. However, the use of the same dataset and the same metric
names does not, by itself, constitute a fair comparison between studies.
Differences in training and testing splits, pre-training strategies, input resolution,
data augmentation, prompt usage, and decision thresholds can all influence the
results. Therefore, no direct ranking of superiority has been established based on
the numerical results reported in different publications.

Qualitative examples demonstrate that locating the polyp region and
accurately defining its boundary exhibit distinct error characteristics. Even if a
prediction correctly identifies the general location of a polyp, masks that extend
into surrounding tissue or exclude part of the target can affect Dice, loU, and
boundary metrics in different ways. Extra masks can lead to the same target being
represented as multiple objects, while overextended masks can result in
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surrounding tissue being included in the target region. Therefore, relying on a
single overlap metric alone is insufficient to fully explain the error structure.
Future evaluations that are broken down into subgroups—such as small lesions,
low contrast, reflections, partial visibility, and boundary ambiguity—could
provide a more detailed understanding of the image conditions under which
models fail.

In real-time or video-based applications, image-level segmentation
performance alone is not sufficient. In addition to the targeted sensitivity level,
false alarm duration, first-detection delay, and the temporal consistency of masks
generated across consecutive frames must also be evaluated. In this study, the
forward pass time recorded on the A100 represents only the model inference
component of a system’s total latency.

This study has some limitations. The analysis is based on a single data split
and a single training run for each model. Although the separate test set allowed
for evaluation on images independent of the validation process, it does not
demonstrate that the small differences between models would be preserved under
different initial conditions and in independent training runs. Image-level
bootstrap confidence intervals quantify a portion of the uncertainty arising from
test sampling but do not account for the variability resulting from independent
training runs. Furthermore, the models were compared on the same test set, and
no multiple comparison correction was applied to the confidence intervals of the
paired differences.

7 Conclusion

This chapter presents the theoretical foundations of colorectal polyp
segmentation, relevant deep learning approaches, and experimental findings
regarding ten scale variants of the YOLOv8 and YOLOI11 families. In the
common training setup, the highest validation mask mAP50-95 value was
achieved with YOLOI11s at 0.79535. YOLO11s, which produced the highest
average Dice score on a separate set of 150 test images, achieved a Dice score of
0.8623 and a foreground IoU of 0.8040. YOLOVS8I’s Dice score of 0.8616 is very
close to this result.

The findings demonstrate that model selection cannot be based solely on
version name or the number of parameters. Validation AP values, pixel overlap,
and boundary errors in the test set reflect different dimensions of segmentation
performance. Therefore, evaluation metrics, checkpoint selection rules, and
computational conditions must all be considered together in model comparisons.
Although the test evaluation based on original masks complements the validation
findings, it should be noted that the results are limited to a single dataset and a
single training run for each model.
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In future studies, the stability and generalizability of the results will be
evaluated using repeated training runs with different random seeds and
independent external datasets at the patient or video level. Examining
architectures such as U-Net, ResUNet++, PraNet, and Polyp-PVT under the same
data partitioning and comparable training budgets will enable a more
comprehensive comparison among architectural families.
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1. Introduction and Theoretical Foundations

The successful deployment of machine learning frameworks relies
fundamentally on systematically aligning algorithmic capacity with the
underlying data-generating distribution (Lavie, Levi, & Kahn, 2026; Massaro,
Maritati, Galiano, Birardi, & Pellicani, 2018; Seker, Sadi). Rather than treating
model complexity as unbounded, a principled methodology must be grounded in
theoretical limits—most notably the No Free Lunch theorem and structural
inductive biases—which dictate that no single architecture possesses universal
superiority across all empirical settings (Du, Zhang, Jiang, Zeng, & Lu, 2025;
Goldblum, Finzi, Rowan, & Wilson, 2024; Wilson, 2025). Building upon these
foundational constraints, systematic algorithmic selection is governed by a
multidimensional decision framework that simultaneously evaluates dataset
topology, task formulation, computational budgets, and interpretability
requirements (Li, Wu, Ling, & Tu, 2026; Vanschoren, 2017). Operationalizing
this framework necessitates moving beyond ad-hoc heuristics into an end-to-end
procedural workflow encompassing initial data and dimensionality diagnostics,
constraint formalization, hypothesis space pruning, and leakage-free validation
(Du et al.,, 2025; Haiyun He & Goldfeld, 2025) . Coupled with post-hoc
explainability protocols (such as SHapley Additive exPlanations (SHAP), Partial
Dependence Plots (PDP), and Gradient-weighted Class Activation Mapping
(Grad-CAM)), this decision pipeline provides a repeatable methodology that
reconciles computational tractability with mechanistic plausibility across diverse
predictive modeling tasks (Friedman, 2001; Lundberg, Allen, & Lee; Selvaraju
etal., 2017).

1.1. The Model Selection Problem in Machine Learning

The predictive ability and generalizability of any machine-learning (ML)
framework are intrinsically dependent upon the degree of correspondence
between the mathematical assumptions of an algorithm and the data-generating
distribution. In applied computational sciences and predictive modelling, a
frequent methodological error is the unthinking usage of default algorithms with
high parameter counts, especially complex deep neural networks or ensemble
architectures, under the assumption that higher representational capacity
guarantees better performance. Essentially, this premise fundamentally
contradicts the No Free Lunch theorem (Goldblum et al., 2024; Ruben, Tong,
Chaudhry, & Pehlevan, 2025; Sroka, 2026), which establishes that no single
learning algorithm possesses a universal performance advantage across the space
of all possible data distributions and objective functions. A model attains high
predictive accuracy only when its inductive biases—that is, the implicit and
explicit prior assumptions incorporated in its optimization objective and
functional form—match well with the true structural properties of the target
system. Consequently, choosing a model arbitrarily while disregarding factors
such as dataset geometry, dimensionality, signal-to-noise dynamics, and feature
dependencies directly leads to severe overfitting, underfitting, prohibitive
computational overhead, or uninterpretable black-box artifacts (Du et al., 2025;
Lavie et al., 2026; Li et al., 2026; Wilson, 2025).
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1.2. Multidimensional Criteria for Algorithmic Selection

Tackling central problems in technique rather than data lies at heart of most
fundamental challenges in applied machine learning. Choosing the right
algorithm requires a systematic consideration of the properties of the underlying
dataset, as well as implementation trade-offs (Goldblum et al., 2024). The model
selection process should not be considered in isolation, but rather formulated as
a pipeline directly linking intrinsic data properties to model shapes and
deployment constrains (Wilson, 2025) . The interaction of the dataset topology
and geometry, the nature of the target task and the form of objective,
computational and latency bounds (Li et al., 2026) , and interpretability
constraints governs this selection pipeline (Figure 1.1). The criteria are evaluated
simultaneously so that the framework determines the best choice of algorithm,
and a post-hoc check as well as an XAI check establishes generalization and
interpretability (Mohammed & Kora, 2023a; Tinmaz, 2025; Vanschoren, 2017)

Dataset Topology
& Geometry
Target Task &
Objective Form Ooti
ptimal .
Algorithmic - Ve”f';itlm” &
Computational & Selection

Latency Bounds

Interpretability
Constraints

Figure 1.1. An End-to-End Framework for Data-Driven Model Selection and
Explainable Verification.

Algorithm selection is fundamentally governed by measurable properties
across both conceptual geometry and computational domains. Assessing
architectural compatibility should not rely merely on post hoc empirical
observations—namely, retrospective trial-and-error evaluations conducted only
after model training. Instead, architectural compatibility must be determined a
priori, guided by theoretical principles that account for data geometry,
optimization objectives, computational resources, and explainability (Hollmann,
Miiller, Eggensperger, & Hutter; Huang et al., 2025; Qu, Holzmiiller, Varoquaux,
& Morvan, 2026). To structure this evaluation rigorously, the primary decision
criteria governing algorithmic selection are delineated as follows:

Dataset Topology and Structural Characteristics: Determining the risk of
overparameterization in sample-scarce regimes (N < 103) versus scalability
requirements in large-scale domains (N > 10°); managing the dimensionality
ratio (p >» N) through structural regularization (£,/€, penalties) or manifold
learning; and distinguishing tabular/heterogeneous matrices from grid-structured,
sequential, or topological data formats (Kukacka, Golkov, & Cremers, 2017;
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Lavie et al., 2026; Li et al., 2026; Ng, 2004; Xu, Zhang, Wang, Chang, & Liang,
2010) .

Task Formulation and Objective Function: Formalizing the optimization
problem across continuous function approximation (regression), discrete
boundary separation (classification under class imbalance), latent space
projection (unsupervised dimensionality reduction), or constrained generative
synthesis (Du et al., 2025; Goldblum et al., 2024; Haibo He & Garcia, 2009) .

Computational Complexity and Resource Budgets: Balancing algorithmic
scaling behavior O(N) and O(p) against memory constraints during
backpropagation or matrix inversion, while reconciling discrepancies between
offline training capacity and low-latency inference requirements (Bottou, Curtis,
& Nocedal, 2018; Chen & Guestrin, 2016; Ke et al., 2017) .

Interpretability and Domain Adherence: Navigating the intrinsic trade-off
between self-explanatory models (e.g., generalized additive models, sparse linear
frameworks) and high-capacity universal approximators, integrating post-hoc
explainability protocols such as SHapley Additive exPlanations (SHAP) and
Partial Dependence Plots (PDP) (Lundberg et al.; Molnar et al., 2023; TreeSHAP;
Wilson, 2025) and ensuring strict adherence to underlying physical or
mathematical principles .

Accordingly, principled machine learning model selection necessitates the
construction of an end-to-end data-centric taxonomy and decision-theoretic
framework (Du et al., 2025; Vanschoren, 2017). We can systematically reconcile
prescriptive modeling paradigms with empirical problem settings by formalizing
the mathematical relationships between raw data modalities, statistical
constraints and algorithmic inductive biases (Goldblum et al., 2024; Wilson,
2025) . Instead of using ad hoc empirical benchmarks, algorithmic selection
should be performed on a common methodological decision framework that
allows practitioners to characterize dataset geometry and rationally decide on the
optimal model architecture, validation protocol and explainability pipeline
(Friedman, 2001; Li et al., 2026; Lundberg et al.) .

2. Taxonomy and Mathematical Characterization of Data Modalities

The performance and stability of machine learning algorithms are conditioned
by the algebraic and statistical properties of the input representation space. Prior
to formulating the optimization objective or selecting an algorithmic architecture,
the input domain must be classified according to its mathematical topology,
degree of continuity, dependency structure and dimensionality constraints
(Coecke, Sadrzadeh, & Clark, 2010; Hong, 2022; Huang et al., 2025) .

2.1. Tabular and Heterogeneous Data Matrices

Tabular data represents the most ubiquitous modality in experimental and
observational sciences, typically formalized as an input design matrix X € RV*?,
accompanied by a target response vector y € YV, where N denotes the number
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of observations and p denotes the cardinality of the feature space.(Borisov et al.,
2024; Grinsztajn, Oyallon, & Varoquaux; Hastie, Tibshirani, & Friedman, 2009)

Unlike continuous signals or spatial grids, tabular matrices exhibit critical
intrinsic challenges:

Heterogeneous Measurement Scales and Semantic Discontinuity: The
feature space of tabular data comprises various statistical variable types, such as
continuous numerical measurements (R), integer counts (N), ranked ordinal
scales and unordered categories (C) (Borisov et al., 2024) . Unlike image or audio
signals, adjacent entries in a tabular matrix do not indicate any inherent physical
organisation or temporal sequence (Grinsztajn et al.) . Consequently, rearranging
the order of rows or columns leaves the true underlying relationships completely
unchanged. This means that continuous geometric proximity cannot be reliably
assumed across tabular coordinates (Borisov et al., 2024; Hastie et al., 2009) .

Complex Nonlinear Interactions without Local Smoothness: Tabular
feature manifolds often exhibit sharp local decision boundaries and interaction
terms of varying orders (e.g., x; X x;). Continuous neural networks with smooth
activation functions (such as Gaussian error linear units or Rectified Linear Units)
frequently underperform on unnormalized tabular structures due to rotational
invariance issues, whereas axis-aligned recursive partitioning methods (e.g.,
decision trees) naturally isolate discrete hypercubes in the feature domain
(Grinsztajn et al.) .

2.2. Sequential and Temporal Dynamics

When the assumption of independent and identically distributed observations
is violated by temporal or sequence-dependent generation, the dataset is
formalized as a discrete-time sequence in Equation (2.1):

§= {(Xt'Yt)}Lp x; € RP (2.1

As formulated in Equation (2.2), the conditional probability of the state at time
t depends strictly on the preceding historical states:

P(X¢ | X¢_1,X¢—2, ) X1) 2.2)

The mathematical characteristics governing sequential modalities include:

Autoregressive Dependencies and Stationarity: Real-world time series and
process data frequently display stochastic trends, cyclical patterns, and non-
constant variance (heteroscedasticity). Establishing weak stationarity—constant
mean E[X;] = u and autocovariance y(t,t — t) = y() independent of time t—
is a prerequisite for classical linear formulations (e.g., ARIMA), whereas
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nonlinear dynamical architectures (e.g., gated recurrent units, temporal
convolutional networks) learn non-stationary transition operators directly (Box,
Jenkins, Reinsel, & Ljung, 2015; Cho, Bahdanau, Bougares, Schwenk, & Bengio,
2014; Hamilton, 1994) .

Varying Memory Horizons: Dependencies may be short-range (Markovian
transitions) or long-range (power-law decay in autocorrelation functions). The
primary modeling challenge involves circumventing exponential vanishing or
exploding gradients across extended time steps T during optimization (Bengio,
Simard, Frasconi, & Member, 1994; Cho et al., 2014) .

Temporal Leakage in Validation Schemes: Because observations preserve
a strict chronological arrow of time, standard uniform cross-validation induces
severe forward-looking information leakage. Sequential data dictates strictly
causal validation strategies, such as rolling-origin splits or forward-chaining
backtesting (Bergmeir & Benitez, 2012; Hamilton, 1994; Sasse et al., 2025) .

2.3. Dimensionality Regimes and the p > N Paradigm

The ratio between the number of available training observations N and the
dimensionality of the feature space p fundamentally dictates the geometric
conditioning of empirical risk minimization and governs algorithmic
generalization bounds. In canonical large-sample regimes (N > p), data points
densely populate the underlying continuous manifold, satisfying standard
asymptotic consistency conditions and enabling high-capacity learners—such as
deep neural networks and deep gradient-boosted ensembles—to resolve intricate,
nonlinear decision boundaries without collapsing into empirical variance (Hastie
etal.,2009; Lavie et al., 2026). Conversely, when the parameter space far exceeds
the sample size, the learning dynamics enter a severely unwell-posed
optimisation state, which is characterised by extreme geometric sparsity and the
curse of dimensionality (Beyer, Goldstein, Ramakrishnan, & Shaft, 1997). High-
dimensional representations can produce rank-deficient or computationally
burdensome matrix structures, motivating low-rank approximations and
dimensionality-reduction strategies (Li et al., 2026). Consequently, tractable
learning in this regime often benefits from models endowed with explicit
structural priors—such as parameter shrinkage via regularization, sparse
subspace projections, or margin-maximizing kernels—to constrain the effective
hypothesis space (Katirci, CELIK, & Oguz, 2025; Kukacka et al., 2017; Ng,
2004; Xu et al., 2010) .

2.4. Data Incompleteness and Missingness Regimes

From an algorithmic selection perspective, these mechanisms impose strict
operational constraints. While certain tree-based ensembles natively manage
missing states via default split routing in tabular matrices, continuous
architectures across temporal, spatial, and tabular domains require rigorous
multivariate imputation protocols—such as low-rank matrix completion, iterative
chained equations, or spatio-temporal interpolation—to avoid catastrophic
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estimation bias and maintain geometric consistency prior to model fitting
(Grinsztajn et al.; Roderick, Little, & Rubin, 2020; Sasse et al., 2025) .

Missing Completely at Random (MCAR): The probability of missingness
is strictly independent of both observed and unobserved data coordinates (e.g.,
stochastic sensor transmission loss or purely random dropouts). Under MCAR,
complete-case analysis remains unbiased, though statistical efficiency is
substantially diminished.

Missing at Random (MAR): Missingness depends systematically on
observable covariates but is conditionally independent of the unobserved missing
values themselves. Valid inference under MAR necessitates conditioning on all
predictive covariates.

Missing Not at Random (MNAR): Missingness is non-ignorable and directly
coupled with the latent value itself or system failure states (e.g., extreme values
falling outside instrument detection thresholds or equipment failure under critical
stress). In such regimes, the absence of data itself constitutes a predictive signal,
frequently introducing structural null states or degenerate matrix representations.

3. Model Selection Criteria and Machine Learning Models

Algorithmic model selection fundamentally hinges on reconciling the
geometric and statistical properties of an empirical dataset with the inductive
biases inherent in candidate hypothesis spaces. An inductive bias represents the
foundational set of mathematical assumptions an algorithm leverages to prioritize
certain predictive functions over others in the absence of complete empirical data
(Goldblum et al., 2024; Wilson, 2025). Deploying high-capacity learning
machines without validating whether their operational mechanics align with the
data-generating mechanism results in severe empirical degradation, numerical
instability, or catastrophic overfitting (Grinsztajn et al.; Suh & Cheng, 2024) . To
establish a rigorous decision framework, this section categorizes the major
machine learning paradigms across five critical structural regimes, delineating
their mathematical formulations, geometric properties, governing constraints,
and precise selection boundaries (Hastie et al., 2009; Vanschoren, 2017) .

3.1. Sample-to-Feature Geometry and Regularized Formulations

The ratio between the number of training observations and covariate
dimensionality dictates the numerical conditioning of parameter estimation and
the stability of optimization trajectories. In canonical linear regression, standard
ordinary least squares relies on an unconstrained squared error loss. However,
when the feature space approaches or exceeds the sample size, or when severe
multicollinearity is present, the empirical Gram matrix becomes singular and
rank-deficient. Under these conditions, estimator variance diverges toward
infinity, producing severe coefficient oscillation, non-unique interpolating
solutions, and catastrophic generalization error on unseen test distributions(Du et
al., 2025; Hastie et al., 2009) .
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To stabilize this underdetermined optimization space, structural regularization
introduces explicit inductive biases by constraining parameter magnitudes
(Wilson, 2025) . Ridge regression incorporates a continuous quadratic penalty on
coefficient magnitudes, which bounds the condition number of the system,
stabilizes matrix inversion, and suppresses estimation variance while retaining all
predictors. Conversely, the Least Absolute Shrinkage and Selection Operator
(Lasso) imposes an absolute magnitude penalty, generating sharp geometric
corners that drive non-informative coefficients exactly to zero, thereby executing
simultaneous shrinkage and sparse variable selection (Li et al., 2026) . When
high-dimensional datasets exhibit groups of strongly correlated predictors, the
Elastic Net formulation linearly synthesizes both penalty terms, overcoming the
rank saturation limits of Lasso and ensuring group-wise coefficient stability
across ill-posed empirical regimes (Katirci et al., 2025; Zou & Hastie, 2005) .

In small-to-moderate sample settings (N < 5,000), Support Vector Machines
(SVM) and Support Vector Regression (SVR) model complex, non-linear
relationships by finding an optimal decision margin. Instead of manual feature
engineering, these methods project data into higher dimensions using kernel
functions (such as radial basis functions) to separate patterns cleanly. By ignoring
errors below a specified tolerance threshold, the model focuses only on key data
points along the boundary (the support vectors). Because this optimization
guarantees a single best solution and resists outlier noise, kernel SVM/SVR
provides a dependable choice for non-linear tasks where sample size is too limited
for deep neural networks (Dedieu, Mazumder, & Wang, 2022; Drucker, Surges,
Kaufman, Smola, & Vapnik, 1997; Hawkins, 2012) .

3.2. Tabular Complexity, Nonlinear Decision Boundaries and Tree
Ensembles

When the underlying response surface exhibits severe non-convexities, step-
like local discontinuities, or high-order predictor interactions, linear formulations
suffer from substantial structural bias. In structured tabular domains—where
continuous coordinates lack spatial continuity or temporal ordering—decision-
tree ensembles provide an optimal inductive bias through axis-aligned recursive
partitioning. By recursively segmenting the feature space into orthogonal
hypercubes, tree architectures capture complex non-linear thresholds without
requiring numerical feature normalization, monotonic transformations, or explicit
interaction modeling (Borisov et al., 2024; Ganaie, Hu, Malik, Tanveer, &
Suganthan, 2022; Grinsztajn et al.; Mohammed & Kora, 2023b) .

The algorithmic selection of tree ensembles bifurcates into two distinct
learning paradigms based on dataset cardinality and noise characteristics:

Bagging Ensembles (Random Forest): Recommended for moderate sample
sizes contaminated by heavy outlier noise or measurement variance. By
constructing deep, low-bias decision trees over bootstrap samples and
decorrelating them via random feature subspace selection, Random Forests
systematically suppress estimator variance. Because individual trees train
independently, the architecture demonstrates remarkable resistance to overfitting
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and insensitivity to extreme covariate values, serving as a reliable default baseline
across unnormalized tabular matrices (Breiman, 1999; Lujan-Moreno, Howard,
Rojas, & Montgomery, 2018) .

Gradient Boosted Decision Trees (GBDT: XGBoost, LightGBM,
CatBoost): Indispensable for large-scale tabular regimes requiring maximum
predictive accuracy across complex interaction manifolds. Gradient boosting
builds shallow, high-bias trees additively to minimize arbitrary differentiable loss
functions via stage-wise optimization. Specific algorithmic variants resolve
distinct operational bottlenecks:

XGBoost is an efficient gradient-boosting framework that constructs
ensembles of decision trees through regularized objective optimization,
incorporating second-order gradient information and tree-complexity control
(Chen & Guestrin, 2016; Guang-Yu & Geng, 2019) .

LightGBM minimizes memory footprints and computational overhead across
massive sample sizes through histogram-based feature binning and gradient-
based one-side sampling (Corporation, 2026; Ke et al., 2017) .

CatBoost eliminates prediction shift and target leakage in datasets with high-
cardinality nominal predictors through ordered target statistics and symmetric
oblivious trees. Furthermore, gradient boosted ensembles natively accommodate
missing feature coordinates via default split routing, bypassing the estimation
bias frequently induced by external imputation protocols (Breiman, 1999; Lujan-
moreno, Howard, Rojas, & Montgomery, 2018; Prokhorenkova, Gusev,
Vorobev, Dorogush, & Gulin, 2018) .

3.3. Sequential, Temporal and Autoregressive Architectures

Standard static estimators suffer from structural failure when empirical
observations violate the assumption of independent and identically distributed
variables through sequential, temporal, or process-dependent generation
(Hamilton, 1994) . Sequential data modalities require models that can capture
directional dependencies, temporal autocorrelation and varying memory horizons
without causing informational leakage (Du et al., 2025; Sasse et al., 2025). To
reconcile these operational constraints, sequential learning architectures evolve
from basic recurrent formulations to more advanced gated and non-recurrent
temporal approaches (Bai, Kolter, & Koltun, 2018; Hochreiter, 2016) .

Recurrent Neural Networks (Standard RNNs):

Standard recurrent networks introduce feedback loops where the current
hidden state is continuously conditioned on both the immediate input vector and
the immediate historical hidden state. This design creates a cyclical parameter-
sharing mechanism suitable for short, low-order autoregressive dependencies
(Hamilton, 1994) . However, their practical hypothesis space is strictly bounded:
as the sequence length expands, gradient signals backpropagated through time
decay or explode exponentially. Consequently, basic RNNs exhibit severe
memory decay, rendering them incapable of modeling long-range temporal
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horizons or delayed response kinetics(Bengio et al., 1994; Celik, Katirc1, & Islek,
2024; Hochreiter, 2016) .

Gated Recurrent Architectures (LSTM and GRU):

To bypass the vanishing and exploding gradient dilemma of basic RNNs,
gated recurrent mechanisms introduce regulated linear channels and continuous
memory storage:

Long Short-Term Memory (LSTM): Regulates information flow across
extended time horizons through three distinct gating structures: a forget gate that
discards redundant historical states, an input gate that incorporates novel
sequential perturbations, and an output gate that modulates latent activations.
This explicit cell state preservation ensures stable gradient flow across prolonged
experimental trajectories, dynamic sensor streams, and longitudinal degradation
curves (CAN, 2019; Hochreiter, 2016) .

Gated Recurrent Units (GRU): Condenses the LSTM mechanics by coupling
the cell state and hidden state into a single representation and merging the gating
dynamics into reset and update gates. By reducing structural parameter volume,
GRUs mitigate overfitting risks across moderate sample sizes and provide faster
optimization convergence with negligible loss in modeling capacity (Chung;
Islek, Katirc1, & Celik, 2024) .

Temporal Convolutional Networks (TCNs)

As sequence length increases substantially, recurrent architectures encounter
sequential execution bottlenecks that prohibit layer-wise parallelization (Du et
al., 2025) . Temporal Convolutional Networks circumvent this operational limit
by deploying 1D dilated causal convolutions (Bai et al., 2018) . Causal masking
strictly preserves the chronological arrow of time to prevent forward-looking
information leakage, while exponential dilation factors expand the receptive field
without an explosive growth in parameter density, outperforming classical
recurrent models on complex, long-range univariate and multivariate time series
(Bai et al., 2018; Sasse et al., 2025) .

Sequential Attention and Temporal Foundation Models

When multivariate temporal spaces exhibit intricate inter-variable
dependencies alongside variable-length delays, attention-based sequence models
displace recurrent routing altogether (Du et al., 2025) . By computing pairwise
dot-product affinities across the entire temporal window, attention mechanisms
dynamically assign focus to critical transition thresholds, overcoming the
sequential step-by-step memory bottleneck and excelling in high-dimensional,
long-context forecasting regimes (Vaswani et al., 2017) .

3.4. Deep Representation Learning and Large-Scale Regimes

Deep neural networks approximate highly non-linear operators through
hierarchical compositions of parameterized affine transformations and non-linear
activation functions. While the Universal Approximation Theorem guarantees
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that a single hidden layer with sufficient width can approximate any continuous
function on compact subsets of Euclidean space, deep architectures leverage
depth to achieve exponential expressiveness with polynomially fewer parameters
(Du et al., 2025) . Despite their dominance in unstructured vision, audio, and
language domains, standard Multi-Layer Perceptrons (MLPs) and naive
transformer architectures frequently underperform tree-based ensembles on
structured tabular data. This empirical degradation stems primarily from
rotational invariance: rotating the coordinate system of the input matrix does not
alter the hypothesis class or the optimization trajectory of fully connected
networks. However, tabular features represent distinct physical semantics (e.g.,
temperature, pressure, concentration), where arbitrary coordinate rotations
destroy the coordinate-aligned inductive structures that tree ensembles naturally
preserve (Borisov et al., 2024; Grinsztajn et al.).

Consequently, deep neural architectures become statistically viable and
methodologically superior under specific empirical configurations:

Extensive Sample Volume (N > 10°): Large-scale datasets provide the
dense manifold coverage necessary for stochastic gradient descent to converge
without succumbing to sample memorization or variance collapse (Wilson,
2025).

Multi-Modal Data Integration: Predictive settings requiring joint, end-to-
end representation learning across heterogeneous sources—such as combining
numerical metadata, temporal sensor streams, and spatial image tensors—rely on
modular deep architectures (Borisov et al., 2024) .

Self-Supervised Pre-Training and Transfer Learning: Settings where
large uncurated corpora can be leveraged to pre-train expressive latent
representations that are subsequently fine-tuned on sample-scarce downstream
tasks (Lan et al., 2020) .

3.5. Variational Autoencoders and Generative Adversarial Networks

Beyond discriminative mapping, deep architectures excel in continuous
density estimation and manifold sampling through generative paradigms.
Variational Autoencoders (VAEs) map high-dimensional covariates into smooth,
probabilistic latent spaces via variational inference, enforcing continuity through
Kullback-Leibler divergence regularizers to enable structured interpolation and
property-guided inverse optimization (Kingma & Welling, 2019, 2022) .
Concurrently, Generative Adversarial Networks (GANs) formulate synthesis as
a minimax game between generator and discriminator networks, capturing
complex, high-order empirical distributions without explicit likelihood
tractability (Eckerli & Osterrieder, 2021; Goodfellow et al.) . In experimental and
engineering disciplines, these generative frameworks provide critical utility for
conditional synthetic data augmentation, candidate screening, and inverse
material/process design under resource constraints.
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3.6. Domain-Constrained, Physics-Informed, and Symbolic Syntheses

In scientific, chemical, and physical engineering applications, experimental
data generation is frequently constrained by prohibitive operational costs,
yielding extreme sample scarcity (N < 100) . Fitting unconstrained, high-
capacity black-box models in this data-sparse regime leads to severe empirical
failure, unstable extrapolation, and physically implausible predictions—such as
negative concentrations, non-monotonic rate laws, or violations of conservation
principles (Du et al., 2025; Wilson, 2025) . To enforce mechanistic consistency,
domain knowledge must be integrated directly into the learning objective through
specialized paradigms:

Physics-Informed Neural Networks (PINNs): PINNs resolve severe sample
scarcity by embedding known governing differential equations directly into the
empirical risk optimization objective via automatic differentiation. By penalizing
the residual norms of the governing equations across domain collocation points,
PINNSs ensure that model trajectories satisfy underlying conservation laws and
boundary conditions, even when trained on highly sparse observational
measurements (Raissi, Perdikaris, & Karniadakis, 2018) .

Symbolic Regression and Gene Expression Programming (GEP): When
domain practitioners require transparent, closed-form algebraic formulations
rather than opaque parameterizations, symbolic learning applies evolutionary
optimization to discover parsimonious mathematical equations. By constructing
and mutating expression trees over primitive arithmetic operators, GEP yields
fully interpretable, compact analytical laws that combine predictive accuracy
with explicit scientific explainability (Ferreira, 2021) .

4. Model Validation Strategies, Hyperparameter Optimization, and
Explainable AI (XAI)

Model selection must be coupled with rigorous validation schemes, systematic
hyperparameter optimization, and transparent post-hoc interpretability protocols
to ensure generalization and guard against empirical artifacts (Hastie et al.,
2009).

4.1. Validation Protocols and Mitigation of Data Leakage

Data leakage—the inadvertent incorporation of out-of-sample information
into the model training pipeline—artificially inflates performance metrics and
leads to generalization failures on unseen data (Sasse et al., 2025) . Validation
protocols must strictly mirror the underlying data topology:

k-Fold Cross-Validation:

For independent and identically distributed (i.i.d.) tabular data, K-Fold cross-
validation partitions the dataset into K mutually exclusive subsets, or folds, and
iteratively uses each fold as a hold-out validation set while training the model on
the remaining folds. When the target variable is class-imbalanced, Stratified K-
Fold cross-validation preserves the empirical class proportions across folds,
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thereby maintaining a more representative class distribution during model
validation (Hastie et al., 2009) .

Rolling-Origin and Causal Temporal Splits:

Conventional randomised data splitting can violate temporal causality for
dynamic time series, sensor streams and degradation trajectories by allowing
information from future observations to influence model training, thereby
introducing forward-looking leakage. Forward-chaining validation addresses this
issue by ensuring that each training set comprises observations from historical
intervals preceding the corresponding evaluation window. This preserves the
temporal ordering between the training and evaluation data (Bergmeir & Benitez,
2012).

Encapsulation of Data Preprocessing:

Feature transformations—including scaling, mean/median imputation, and
dimensionality reduction—must be computed exclusively on the active training
split and then mapped onto the validation fold. Fitting transformation parameters
globally across the entire corpus causes direct information leakage (Hastie et al.,
2009; Sasse et al., 2025) .

4.2. Hyperparameter Optimization Frameworks

Exhaustive grid searches and unguided random searches scale poorly across
high-dimensional parameter spaces. Probabilistic sequential optimization
mitigates this computational burden:

Bayesian Optimization and Gaussian Process Surrogates:

Bayesian Optimization constructs a probabilistic surrogate model of the
objective function to map hyperparameters to expected cross-validation
performance and employs acquisition functions, such as Expected Improvement,
to balance exploration of uncertain regions with exploitation of known high-
performing parameter subspaces(Snoek, Larochelle, & Adams, 2012).

Modern Adaptive Frameworks:

Within automated hyperparameter optimization, Optuna combines Tree-
structured Parzen Estimators (TPE) with automated pruning mechanisms, such
as the Successive Halving Algorithm, to efficiently explore promising
configurations while terminating underperforming trials at an early stage
(Watanabe & Irie, 2026). For larger-scale optimization tasks, Keras Tuner and
distributed frameworks extend this process through scalable Hyperband-based
scheduling and neural architecture search, enabling efficient exploration of deep
neural network architectures (Liao, Li, Shang, & Ma, 2022).

4.3. Model Interpretability and Explainable AI (XAI)

Non-linear ensemble methods and deep neural networks can achieve strong
predictive performance, but their internal decision-making processes often
remain opaque and difficult to interpret (Du et al., 2025) . This lack of
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transparency creates a need for post-hoc, model-agnostic explainability methods
that can provide mechanistic insight into model behavior and assess whether the
learned relationships are consistent with underlying physical and empirical
principles (Sasse et al., 2025) .

Shapley Additive exPlanations (SHAP):

SHAP is grounded in cooperative game theory and quantifies the marginal
additive contribution of each predictor to individual model predictions. By
decomposing predictions into feature-level contributions, SHAP provides both
global feature-importance rankings and local instance-level attribution profiles
while satisfying key properties such as local accuracy, missingness, and
consistency (Lundberg et al.; TreeSHAP) .

Partial Dependence Plots (PDP) and Individual Conditional Expectation
(ICE):

Partial dependence plots (PDPs) are used to interpret global models. They
estimate the marginal average effect of one or two selected features on model
predictions across the population, providing an overall view of the relationship
between feature values and predicted outcomes (Beyer et al., 1997; Friedman,
2001) . However, averaging across observations can mask significant differences
in individual responses. Individual Conditional Expectation (ICE) overcomes this
issue by breaking down the population-level relationship into observation-
specific response curves. This allows for the identification of heterogeneous
feature effects and potential interaction patterns at the individual level (Goldstein,
Kapelner, Bleich, & Pitkin, 2015).

Spatial Attribution and Tensor Visualizations:

In regard to convolutional neural networks (CNNs), the Grad-CAM method
highlights decisive pixel regions and spatial boundary activations directly within
the input tensors (Selvaraju et al., 2017) .

5.  Summary and Model Selection Framework

Navigating the landscape of statistical learning requires reconciling the
mathematical assumptions of candidate algorithms with the empirical geometry
and constraints of the data domain. Rather than relying on unguided heuristics or
assuming the universal superiority of high-capacity models, practitioners must
adopt an integrated decision pipeline that links data modality, sample volume,
parameter ratios, and domain knowledge to inductive biases. The following
framework synthesizes these principles into an actionable decision taxonomy and
a step-by-step procedural workflow, establishing a systematic pathway for robust
and generalizable model deployment.

In order to guide practitioners in identifying optimal model-data pairings,
Table 1 provides a systematised classification that maps empirical dataset
properties, dimensionality regimes, and task constraints to appropriate
algorithmic families and their associated validation protocols. Aligning the
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geometric characteristics of the feature space with the correct inductive biases
can reduce the risk of overfitting and significant empirical decline.

Table 1. Decision Framework for machine learning model selection across data

modalities, dimensionality regimes, and constraints.

Sample . . . Governing Recommend Validation &
Data Dimensionali . ed
Modalit Volume ty (p) Constraint / Algorithmic XAI
y o) v Challenge o Protocols
Family
L . k-Fold CV,
Tabular Small High (p » N, g/[ultlcolhstgz;rrl; Elastic Net, penalty trace
(N <500) Spectral) overfitting risk Lasso, Ridge ({fl /%2) ‘
diagnostics
i/[n(l)a(lilelrateto Low - Non-linear Bayesian
Tabular margin SVR/SVM optimization,
(N< Moderate .
5,000) separation SHAP
. Out-of-bag
MO(zlerate Moderate  to Noisy featpre Random (OOB) error
Tabular (10° < . space, high o
N <105 High outlier densi Forest estimation,
) ty SHAP, PDP
Laree High High-accuracy  CatBoost, Stratified k-
Tabular ( Ni 10%) categorical non-linear LightGBM, Fold, SHAP,
cardinality mapping XGBoost ICE
. Autocorrelation Rolling-
Sequentia Dynamic / Ordered vanishing origin /
Longitudin ; LSTM, GRU
1 al sequence temporal causal
gradients temporal split
Moderate Structural zsgrsr?éntation
Spgnal /  to Large 2D/3D tensor translation CNN S, Grad-
Grid (N> pixels L
1,000) equivariance CAM, feature
! maps
Latent space
. interpolation,
. Moderate Ir.lve?se d esign, reconstructio
Generativ to  Laree Hieh / Multi- distribution N loss
e/ Latent & g matching, VAEs, GANs . ’
(N > modal . Fréchet
synthetic data .
1,000) . Inception
augmentation Distance
(FID)
. Residual
Governing
. . . - PDE loss
Physical /  Sparse Differential conservation -
R . . PINNs monitoring,
Kinetic (N <100) equations and  physical
L, error
laws
norms
Closed-form Parsimony
Symbolic  Small Low to analytical GEP / validation,
Target (N <500) Moderate formula Regression expression
requirement tree analysis

A higher parameter count does not ensure superior out-of-sample
performance. Lasting predictive reliability is achieved when algorithmic
inductive bias closely corresponds to the underlying data structure. By evaluating
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sample scale, feature geometry, and structural constraints together, researchers
minimize the risk of empirical failure while building interpretable, reproducible
machine learning workflows.

6. Future Directions and Open Challenges

As data-driven modeling paradigms continue to mature, emerging
methodologies introduce both novel opportunities and rigorous technical
challenges to systematic model selection:

Tabular Foundation Models and In-Context Learning: The success of
large-scale pre-trained transformer architectures in natural language processing
and computer vision has recently extended to tabular domains. Emerging tabular
foundation models (e.g., TabPFN, TabNet) exhibit remarkable capabilities in
zero-shot and few-shot prediction across sample-scarce regimes. Nevertheless,
determining whether these pre-trained representations can consistently surpass
highly optimized gradient boosted decision trees (GBDTs) across heterogeneous,
high-cardinality, and heavy-tailed industrial datasets remains an open research
question.

Limitations of Automated Machine Learning (AutoML) vs. Domain
Expertise: While AutoML pipelines dramatically streamline hyperparameter
search and baseline algorithm screening, they frequently operate as unconstrained
empirical optimizers. Consequently, they remain vulnerable to latent data
leakage, the propagation of spurious collinearities, and the failure to enforce
mandatory physical or mathematical invariants. Advancing beyond naive search
heuristics necessitates the development of constraint-aware AutoML frameworks
that natively incorporate domain-specific priors into the objective function.

Optimization and Scalability in Physics-Informed Architectures: Physics-
Informed Neural Networks (PINNs) provide a robust inductive bias for sample-
scarce engineering problems governed by differential equations. However,
scaling PINNs to stiff, chaotic, or multiscale dynamical systems presents
substantial optimization bottlenecks. Resolving gradient pathologies, balancing
multi-objective loss landscapes, and handling non-convex boundary value
problems without prohibitive computational latency remain key computational
frontiers.

Causal Robustness in Post-Hoc Explainability (XAI): Established post-hoc
attribution frameworks—principally Shapley Additive exPlanations (SHAP) and
Partial Dependence Plots (PDP)—tely heavily on observational marginal
distributions. Under high multicollinearity, these methods may evaluate
permutations in physically impermissible feature spaces, producing misleading
attribution metrics. Bridging model-agnostic explainability with formal causal
inference and structural equation modeling is imperative to ensure that
explanatory outputs reflect genuine mechanistic dependencies rather than
statistical artifacts.
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