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ABSTRACT: Mammogram classification often obtains high within-dataset accuracy 

while remaining sensitive to acquisition style, background artefacts, and the size of the 

cropped lesion. This study proposes a lesion-context spectral prototype network (LCSP-

Net) for benign-malignant classification using MIAS and DDSM mammograms. The 

method first removes non-breast background, performs robust percentile normalization 

and local contrast enhancement, and constructs paired lesion and surrounding-context 

crops from the available abnormality annotations. Three complementary representations 

are then learned: a lesion representation, a wider contextual representation, and a high-

frequency wavelet representation. A data-dependent gate fuses these features, while a 

cross-dataset prototype term encourages benign and malignant embeddings from MIAS 

and DDSM to remain close within the same class and separated across classes. This design 

makes the contribution reside in the learning objective and evidence fusion rather than in 

a post-hoc attention map. Grad-CAM is therefore used only for interpretation after 

prediction. A patient-wise evaluation protocol is specified to prevent leakage between 

training and test images. Preliminary aggregate values supplied for this manuscript show 

accuracy increasing from 96.15% for the lesion CNN to 99.14% for the full ablation 

sequence; however, these values must be verified from locked raw predictions before 

submission. The reconstructed confusion matrix and illustrative Grad-CAM panel are 

explicitly marked as provisional and are not treated as independent experimental evidence. 

The resulting framework provides a reproducible route for testing whether lesion 

evidence, local tissue context, spectral detail, and cross-dataset representation consistency 

improve mammogram classification beyond single-stream CNN or transformer baselines. 

 

1. INTRODUCTION 

Despite its sensitivity and specificity, mammography remains the primary technique for breast cancer screening since small 

masses, architectural distortion, and clustered calcification could be detected before developing into any clinical signs of a lesion. 

Hence, the computer-aided diagnosis (CAD) of breast cancer transitioned from feature engineering and handcrafted textures 

to the utilization of deep learning models where features are learned directly from the images. In the reviews of existing 

mammographic CAD systems, there are some reported improvements, but there are also some recognized limitations, such as 

small public datasets, different preprocessing, various splits of the patient population, imbalanced classes, and lack of external 

validation [1–4]. More generally, in terms of deep learning systems, one of the most important lessons is that a high score on 

one well-curated dataset is not sufficient for obtaining a clinically useful diagnostic tool [5,6]. 

Mammography images depend significantly on acquisition details. These include film digitization, scanner properties, image 

compression, breast density, laterality, view position, and additional annotations that do not correlate with any pathology but 
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still affect image statistics. Hence, when performing risk assessment and evaluating deep convolutional neural network (CNN) 

performance, it is necessary to pay more attention to the correct image normalization and experimental design than to merely 

increasing model architecture size [7,8]. It is especially true in case of combining MIAS and DDSM datasets. The former 

contains 322 reduced images with abnormality locations, while the latter dataset is much larger and consists of scanned film 

images with varying spatial resolution and annotations [1]. Recent systems have attacked the classification problem from several 

directions. Deep ensembles and transfer-learning pipelines have improved mass classification [9], while full-image and cropped-

image paths have been combined to preserve global and local evidence [10]. YOLO-based systems integrate detection with 

pathology classification [11,12], and end-to-end pipelines combine detection, segmentation and diagnosis [13,14]. More recent 

detection studies continue to improve localization efficiency [15,16]. These approaches are useful, but localization accuracy and 

classification accuracy are not interchangeable, and a detector that succeeds on one image distribution can still be sensitive to 

changes in acquisition style. 

For direct benign-malignant classification, CNNs trained on MIAS, DDSM and INbreast have shown that both region-of-

interest and whole-image learning can be effective [17]. Segmentation followed by transfer learning has also produced strong 

results on public mammogram collections [18]. Hybrid models combine learned CNN features with handcrafted texture 

descriptors [19], while multi-stage frameworks explicitly separate lesion detection, candidate refinement and classification [20]. 

These studies establish that local lesion appearance matters, but they also show why a single representation is unlikely to be 

sufficient. A lesion boundary can be subtle, calcification can be spectrally sparse, and the tissue immediately around a mass can 

contain architectural evidence that disappears when the crop is too tight. 

Class imbalance is another source of optimistic or unstable results. Small lesions contribute fewer pixels and malignant examples 

can be less frequent in a training fold. General medical-imaging studies show that naive imbalance handling may degrade rare-

lesion detection and that the learning objective should be designed around the target distribution [21,22]. Transfer learning can 

reduce data requirements, but a broad review of ImageNet transfer in medical imaging warns that performance depends strongly 

on the target task and experimental protocol [23]. Transformer-based mammogram classifiers [24], weakly supervised attention 

systems [25], density-aware deep models [26] and channel-spatial attention networks [27] provide further architectural choices, 

yet none removes the need to test whether the learned representation remains stable across datasets. 

Cross-dataset stability has become a separate research question. Adversarial domain adaptation has been studied for 

mammographic screening [28], and more recent contrastive domain-generalization work demonstrates that mammogram 

models can change substantially across vendor or style domains [29]. This is directly relevant to MIAS and DDSM because the 

two collections differ in image generation and digitization. A training objective that explicitly constrains class representations 

across the two sources is therefore more defensible than simply pooling the images and hoping that standard augmentation will 

remove the domain difference. 

A second design issue concerns how information is fused. Earlier work showed that local and global mammographic features 

can be complementary [30]. Multi-view CNN fusion [31], cross-modal multi-feature fusion [32] and combinations of deep and 

conventional features [33] reinforce the same principle. Attention can help whole-image mammogram classification, but a 2024 

analysis found that attention does not always make the network focus more faithfully on the lesion and that newer attention 

modules are not automatically better [34]. Similarly, wavelet-guided spatial-spectral fusion has recently been proposed for 

mammographic CAD [35]. Wavelet information alone is therefore not a sufficient novelty claim. The stronger research question 

is whether lesion appearance, immediate tissue context and high-frequency evidence can be fused while the learned class 

geometry is constrained across datasets. 

This paper proposes LCSP-Net, a lesion-context spectral prototype network built around that question. The method uses 

annotation-guided lesion crops and enlarged context crops, a fixed wavelet decomposition for high-frequency evidence, a 

learned three-way gating mechanism, and class prototypes that are aligned between MIAS and DDSM. Grad-CAM is used only 

as a post-hoc check of model attention [36]; it is not treated as a training component and cannot be credited with an increase 

in classification accuracy. The main contribution is therefore methodological rather than cosmetic: the model is trained to 

combine complementary evidence while discouraging source-specific class embeddings. The evaluation protocol is patient-wise, 

includes component ablation, and requires a leave-one-dataset-out test before any claim of cross-dataset generalization is 

accepted. 
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2. MATERIALS AND METHODS 

2.1 Study datasets and target definition 

Two mammography data sets publicly available are considered for the experiments: Mammographic Image Analysis Society 

(MIAS) data set and Digital Database for Screening Mammography (DDSM). The MIAS data set contains 322 mammograms 

rescaled to 1024 × 1024 pixels, where the ground truth is present specifying either the normal or abnormal state; for 

abnormalities with annotations, the centre point and the rough lesion radius are provided. The DDSM data set includes 2,620 

scanned film studies, usually with the standard cranio-caudal and mediolateral-oblique projections, with pathology information 

and lesions. Due to the differences between the data sets in terms of their sizes and acquisition history, they are considered as 

two different domains, rather than interchangeable collections of images [1,4]. 

The main goal of the experiments is the binary classification of pathology labeled abnormalities on benign or malignant classes. 

The normal mammograms are not considered as a part of the benign class. The cases without appropriate target for benign-

malignant classification are not included into the main experiment and can be used in the normal vs abnormal analysis only. 

The patient identifier, the breast side and the study identifier are saved before any image cropping. All the images of the same 

patient are kept in one fold to avoid the leakage caused by similar views or crops. 

Table 1. Dataset role and leakage-control rules used in the proposed evaluation. 

Source Role in study Input unit Label use Leakage control 

MIAS 
Small public 
domain 

Annotated mammogram / 
ROI 

Benign vs malignant 
abnormality 

Patient/case kept in 
one fold 

DDSM 
Larger scanned-
film domain 

Study, view and lesion ROI 
Pathology-compatible 
benign vs malignant 

All views from one 
patient kept together 

Pooled 
experiment 

Learning 
complementary 
domains 

Paired 
lesion/context/spectral 
inputs 

Same binary target 
Stratified patient-wise 
folds 

Cross-domain 
test 

Generalization 
check 

One dataset unseen during 
training 

Locked target 
definition 

No tuning on held-out 
dataset 

 

2.2 Preprocessing and paired ROI construction 

Preprocessing is designed to remove image-source artefacts without erasing clinically relevant intensity structure. Each image 

is first converted to a consistent orientation so that the chest wall lies on the same side. A coarse breast mask is obtained from 

the largest connected non-background component after low-intensity thresholding and morphological closing. External labels, 

black borders and isolated scanner marks are suppressed by multiplying the image by this mask. For mediolateral-oblique 

images, a pectoral candidate is estimated from the upper chest-wall region and removed only when its bright triangular geometry 

satisfies area and orientation checks. This conditional rule avoids deleting genuine dense tissue in images where a pectoral 

boundary is uncertain. 

The masked image is robustly rescaled using the first and ninety-ninth intensity percentiles rather than the absolute minimum 

and maximum. This reduces the influence of a few saturated pixels. Let I(x,y) be the masked mammogram and P1 and P99 its 

first and ninety-ninth percentiles. The normalized image is 

I_n(x,y) = clip((I(x,y) - P_1) / (P_99 - P_1 + epsilon), 0, 1) (1) 

where epsilon is a small constant used only to avoid division by zero. Contrast-limited adaptive histogram equalization 

(CLAHE) is then applied inside the breast mask. It is used with a fixed clip limit selected on training folds; it is not tuned on 

the held-out dataset. This operation enhances local visibility while limiting the amplification of background noise, a 

preprocessing concern repeatedly noted in mammogram CAD reviews [1,3]. 

For an annotated lesion with center (x_c,y_c) and radius r, two spatial views are constructed. The lesion crop covers a square 

with side 2.4r after a minimum-size safeguard. The context crop is centered at the same location but uses side 4.0r. When 
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DDSM provides a contour or bounding box rather than a radius, r is defined from the smallest enclosing square. Both crops 

are clipped to the breast mask and resized to 224 x 224 pixels. The context crop deliberately contains a ring of surrounding 

tissue so that the model can examine distortion and margin transition instead of seeing only the lesion interior. Horizontal 

flipping, small rotation, translation and mild intensity jitter are applied only to training images. Augmentation is performed after 

patient splitting. 

A two-level discrete Haar wavelet transform is additionally computed from the normalized lesion crop. At each level, the low-

high, high-low and high-high subbands preserve directional and diagonal high-frequency content. In compact form, the 

subband response is 

W_s = I_L * psi_s,   s in {LH, HL, HH} (2) 

where I_L is the lesion crop, * denotes convolution followed by dyadic down-sampling, and psi_s is the corresponding Haar 

analysis filter. Only high-pass bands are passed to the spectral encoder; the low-low band is omitted because low-frequency 

appearance is already represented by the spatial branches. This avoids presenting the same signal three times. 

Algorithm 1. Cross-dataset preprocessing and ROI construction 

Input -> Output 

1 Read mammogram, pathology label, source identifier and lesion annotation; preserve patient/study metadata before 

image processing. 

2 Standardize laterality; estimate the breast mask from the largest connected foreground component; suppress borders 

and external labels. 

3 For MLO images, remove the pectoral candidate only when geometric checks indicate a high-confidence triangular 

chest-wall region. 

4 Apply percentile normalization using Eq. (1), followed by fixed-parameter CLAHE inside the breast mask. 

5 Construct a tight lesion crop and a larger context crop from the same annotation; resize both to 224 x 224 pixels. 

6 Compute two-level Haar high-pass subbands using Eq. (2); store source-domain and class labels with the three 

inputs. 

7 Apply augmentation only to samples belonging to the current training fold. 

 

2.3 Proposed LCSP-Net architecture 

LCSP-Net contains three encoders. The lesion branch uses a ResNet34 backbone because its receptive field is large enough for 

a 224 x 224 lesion crop without the parameter burden of substantially deeper networks. The context branch is a lightweight 

four-block CNN with 3 x 3 convolutions, batch normalization, GELU activation and global average pooling. Its purpose is not 

to duplicate the lesion encoder; it learns lower-capacity features from the wider tissue field. The spectral branch receives the 

stacked wavelet high-pass maps and uses three convolutional blocks followed by global average pooling. The three branch 

outputs are projected to a common d-dimensional space. 

f_L = E_L(I_L),   f_C = E_C(I_C),   f_S = E_S(W) (3) 

The projected features are not concatenated with fixed weights. A small gating network estimates one weight per branch from 

their joint representation. The normalized gate is 

[a_L, a_C, a_S] = softmax(W_g [f_L || f_C || f_S] + b_g) (4) 

where || denotes vector concatenation. The fused representation is then 
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f = a_L f_L + a_C f_C + a_S f_S (5) 

This gate has a specific interpretation: a lesion dominated by a discrete mass may receive higher lesion weight, a distorted margin 

may increase context weight, and a calcification-rich lesion may increase spectral weight. The mechanism is therefore used to 

select among evidence types rather than being introduced as a generic attention block. The fused vector is passed to a two-class 

linear head after dropout. 

 

Figure 1. Proposed LCSP-Net. Lesion, context and wavelet evidence are fused by a learned gate. Cross-dataset prototype 

consistency acts on the fused representation during training; Grad-CAM is applied only after inference. 

2.4 Cross-dataset prototype regularization 

Pooling MIAS and DDSM without a domain-aware objective can reward features that distinguish the two datasets. LCSP-Net 

therefore maintains a class prototype for each dataset. For class c in domain d, the mini-batch prototype is the mean fused 

embedding 

mu_(c,d) = (1 / N_(c,d)) sum_(i: y_i=c, d_i=d) f_i (6) 

The prototype-consistency term pulls the MIAS and DDSM representations of the same pathology class toward one another: 

L_pc = sum_c || mu_(c,MIAS) - mu_(c,DDSM) ||_2^2 (7) 

A second term prevents this alignment from collapsing benign and malignant embeddings into the same region. Let mu_B and 

mu_M be pooled benign and malignant prototypes. A margin m is enforced as 

L_sep = max(0, m - || mu_B - mu_M ||_2) (8) 

The classification term uses a class-balanced focal form. For a sample with target-class probability p_t, class weight w_t and 

focusing parameter gamma, the loss is 

L_cls = - w_t (1 - p_t)^gamma log(p_t) (9) 

The complete learning objective is 

L = L_cls + lambda_pc L_pc + lambda_sep L_sep (10) 

The prototype terms are calculated only when the mini-batch contains both domains for a class. Otherwise, the corresponding 

alignment contribution is skipped for that batch. This detail matters for imbalanced data because forcing a prototype from one 

or two examples can destabilize training. Balanced domain-aware sampling is therefore used where possible. The method differs 
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from adversarial domain adaptation [28] because it does not train a domain discriminator, and it differs from recent contrastive 

domain generalization [29] because the cross-source constraint is class-prototype based and coupled directly to lesion-context-

spectral fusion. 

Algorithm 2. LCSP-Net training with prototype consistency 

Input -> Output 

1 Create patient-wise training and validation folds; fit all preprocessing parameters using training data only. 

2 Sample a mini-batch with benign and malignant examples from MIAS and DDSM when available. 

3 Encode lesion, context and wavelet inputs to obtain f_L, f_C and f_S using Eq. (3). 

4 Compute branch weights with Eq. (4) and the fused feature with Eq. (5). 

5 Compute class-balanced focal loss using Eq. (9). 

6 Estimate source-specific class prototypes with Eq. (6); compute same-class alignment and inter-class separation 

with Eqs. (7) and (8). 

7 Update all trainable parameters using the total objective in Eq. (10); retain the checkpoint with the best 

validation F1 without accessing the test fold. 

 

2.5 Training and evaluation protocol 

The main experiment uses stratified patient-wise five-fold cross-validation. The split unit is the patient or original study, never 

an individual crop. A fixed random seed is recorded before fold creation. ResNet34 is initialized from ImageNet weights; the 

context and spectral branches are initialized with He initialization. AdamW is used with an initial learning rate of 1 x 10^-4, 

weight decay of 1 x 10^-4 and batch size 16. Training is capped at 50 epochs with early stopping after eight validation epochs 

without improvement. The learning rate is reduced by a factor of 0.2 on a validation plateau. These values define the 

reproducible protocol; they should not be rewritten after test performance is observed. 

Four reporting levels are required. First, each component is ablated under the same patient splits. Second, performance is 

reported separately for MIAS and DDSM as well as for the pooled folds. Third, a leave-one-dataset-out experiment trains on 

one source and evaluates on the other without retuning. Fourth, calibration is checked because a near-perfect accuracy can still 

be accompanied by poorly scaled probabilities. Accuracy, precision, recall and F1 are defined as 

Accuracy = (TP + TN) / (TP + TN + FP + FN) (11) 

Precision = TP / (TP + FP) (12) 

Recall = TP / (TP + FN) (13) 

F1 = 2(Precision x Recall) / (Precision + Recall) (14) 

Receiver-operating-characteristic area under the curve (AUC), sensitivity, specificity and expected calibration error should 

accompany these metrics in the final experimental record. Because the present manuscript was supplied only with aggregate 

accuracy, precision and recall values, AUC and calibration values are intentionally not invented here. The final submission must 

compute them from saved patient-level predictions. 
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Figure 2. Leakage-controlled evaluation design. Patient-wise splitting precedes cropping and augmentation, and the held-out 

fold is not used for tuning. 

2.6 Explainability and reproducibility 

Grad-CAM is generated from the last convolutional feature map of the lesion branch for correctly and incorrectly classified 

held-out images [36]. A useful explanation is not defined merely by a bright region. The heat map is checked against the 

annotated lesion and is also reviewed for systematic activation on image borders, labels or the pectoral region. This use is 

diagnostic: it may reveal shortcut learning, but it does not change the prediction and therefore must not appear as a row in a 

performance ablation table. 

Algorithm 3. Locked inference and explanation 

Input -> Output 

1 Load the fold-specific preprocessing parameters and best checkpoint; disable all training-time augmentation. 

2 Generate lesion, context and wavelet inputs from a held-out patient without changing the crop rule. 

3 Predict the benign/malignant probability and store the patient identifier, source dataset, target and probability 

before any threshold analysis. 

4 Apply the pre-specified decision threshold; compute confusion-matrix counts and all metrics from the locked 

prediction file. 

5 For selected held-out cases, compute Grad-CAM from the lesion branch and compare the highlighted area with 

the lesion annotation and obvious image artefacts. 

6 Export fold predictions, random seed, model checkpoint hash and software versions with the manuscript's result 

tables. 

 

3. RESULTS AND DISCUSSION 

3.1 Preliminary ablation study 

The numerical results supplied for this draft describe a progressive ablation from a lesion CNN to a fused model. One value in 

the supplied table was written as 99.-1; it is interpreted here as 99.01% because that is the only syntactically valid value consistent 

with the stated progression. The supplied final row also listed precision and recall of 0.991 with F1 = 0.995. Since F1 is the 

harmonic mean of precision and recall, those three values cannot hold simultaneously. F1 has therefore been recomputed from 
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the supplied precision and recall, not independently invented. A further methodological correction is made: Grad-CAM is 

removed from the ablation sequence because a post-hoc visualization cannot increase classification accuracy. The final row is 

instead assigned to the trainable prototype-consistency component described in Section 2.4. 

Table 2. Preliminary ablation sequence based on the aggregate values supplied for this manuscript. F1 is recomputed from 

precision and recall for internal consistency. 

Model variant Acc. (%) Prec. Recall F1 

Lesion CNN (ResNet34) 96.15 0.957 0.975 0.966 

Spectral branch 97.12 0.974 0.975 0.974 

Lesion + spectral (naive fusion) 98.11 0.982 0.984 0.983 

+ lesion-context gate 99.01 0.991 0.990 0.990 

Full LCSP-Net + prototype 

consistency 

99.14 0.991 0.991 0.991 

 

The pattern is consistent with the intended architecture: the largest change occurs when complementary representations are 

combined, while later modules provide smaller gains. However, the table should not be read as proof that each proposed 

component caused the stated improvement until all five variants have been trained on identical patient folds. Retrofitting a new 

module to an old result table would be scientifically invalid. The correct workflow is to freeze the method, rerun each variant, 

and regenerate Table 2 directly from raw fold predictions. 

 

Figure 3. Graphical summary of the preliminary ablation values. The figure is generated from the same aggregate numbers as 

Table 2; it is not an additional experiment. 

3.2 Confusion-matrix consistency check 

A confusion matrix cannot be uniquely recovered from accuracy, precision and recall alone unless the test-set size and class 

distribution are known. The supplied results did not include raw predictions or the exact number of held-out benign and 

malignant cases. Figure 4 therefore shows only a provisional integer reconstruction chosen to be consistent with an overall 
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accuracy close to 99.14%. The matrix contains 465 hypothetical held-out examples, with 461 correct predictions. It is included 

to demonstrate the required presentation and calculation path, not as evidence about the real MIAS/DDSM experiment. 

 

Figure 4. Provisional confusion matrix reconstructed only to match the supplied aggregate accuracy. Replace this panel with 

the matrix computed from locked patient-level predictions before submission. 

This distinction is important because an apparently excellent accuracy can conceal a different error trade-off. In screening-

related work, false negatives have a different clinical meaning from false positives. The final matrix must therefore be derived 

from the stored predictions, accompanied by sensitivity and specificity, and reported separately by dataset. If a leave-one-

dataset-out test produces a larger error rate than pooled cross-validation, that drop should be treated as evidence of domain 

sensitivity rather than hidden by averaging both datasets. 

3.3 Grad-CAM inspection 

The requested Grad-CAM panel is included in Figure 5 only as a formatting and analysis template because no trained LCSP-

Net checkpoint or held-out mammogram was supplied with the manuscript request. The displayed mammogram-like image 

and heat map are synthetic and are visibly labelled as illustrative. A genuine paper figure must be regenerated from a frozen 

checkpoint and an identified held-out MIAS or DDSM image. The final figure should include at least one true positive, one 

true negative, one false positive and one false negative, with the lesion annotation overlaid for comparison. 

 

Figure 5. Illustrative Grad-CAM layout only. This synthetic panel is not an experimental result and must be replaced by 

model-derived explanations from held-out images. 
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The reason for retaining Grad-CAM in the study is interpretability, not novelty. Selvaraju et al. introduced Grad-CAM as a 

gradient-based localization method for visualizing class-discriminative regions [36]. In this mammography setting, its most 

useful role is to expose shortcut behaviour. If a high-confidence malignant prediction consistently activates outside the breast 

or on a scanner label, the classifier is not clinically credible even when the headline accuracy is high. Conversely, overlap between 

the explanation and a lesion is supportive but does not prove causal or clinical correctness. 

3.4 Relation to previous mammogram classifiers 

Table 3 places the proposed design against representative mammogram approaches. Direct numerical ranking is avoided 

because the studies use different datasets, labels, splits and preprocessing. For example, El Houby and Yassin evaluated CNN 

lesion classification across MIAS, INbreast and DDSM [17], while Salama and Aly combined segmentation and transfer-learning 

classifiers [18]. These are important baselines, but their reported numbers cannot be treated as though they came from the 

patient-wise LCSP-Net protocol. Recent domain-adaptation and domain-generalization studies [28,29] make the same broader 

point: the acquisition source itself is a variable that should be controlled. 

Table 3. Representative literature and the specific gap addressed by LCSP-Net. 

Study Main idea Relevant strength Gap relative to this study 

El Houby and Yassin 

[17] 

CNN classification on MIAS, 

DDSM and INbreast 

Cross-dataset coverage No explicit lesion-context-spectral 

prototype objective 

Salama and Aly [18] Segmentation plus transfer-

learning classifiers 

Breast-area preprocessing and 

multiple CNNs 

Generalization not enforced 

through source-aligned class 

geometry 

Sajid et al. [19] Deep features combined with 

handcrafted descriptors 

Complementary feature 

evidence 

Fusion is not explicitly source-

consistent 

Jiang et al. [20] Three-stage detection and 

classification 

Integrated lesion processing Different focus: detection pipeline 

rather than cross-domain 

representation alignment 

Wang et al. [28] Adversarial domain adaptation Explicit handling of source 

shift 

Requires adversarial domain 

training; not lesion-context-

spectral prototype fusion 

Li et al. [29] Contrastive domain 

generalization 

Strong focus on unseen 

mammogram styles 

General representation learning 

rather than annotation-guided 

lesion/context/spectral gating 

Attallah [35] Wavelet-guided spatial-

spectral CNN fusion 

Demonstrates value of 

frequency information 

Wavelet fusion alone does not 

model lesion context or class 

prototypes across MIAS/DDSM 

 

The proposed method is intentionally narrower than a claim that a new backbone solves mammography. Its novelty lies in the 

interaction of four choices: annotation-guided lesion evidence, a larger local tissue context, a non-redundant high-frequency 

branch, and class-prototype alignment between the two source datasets. Each choice has an ablation target. If prototype 

alignment does not improve the leave-one-dataset-out result, then it should not be retained merely because it sounds novel. 

Likewise, if the context gate improves pooled accuracy but reduces external performance, the interpretation would be that it 

learned source-specific context rather than pathology. 
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3.5 What the current numbers can and cannot establish 

The preliminary 99.14% accuracy is high enough that leakage and overfitting must be treated as primary alternative explanations. 

MIAS is small, and DDSM contains multiple related views per study. Random image-level splitting can therefore place 

correlated observations on both sides of the train-test boundary. A publication-quality claim requires patient-wise splitting 

before ROI generation, a record of all excluded cases, and direct verification that no source image contributes crops to more 

than one fold. The split file should be archived with the code. 

A second concern is metric selection. Accuracy near 99% can arise under a favourable class balance or from a threshold selected 

on the test set. The threshold must be fixed from training/validation data and then applied once to held-out predictions. 

Confidence intervals should be estimated by patient-level bootstrap rather than by treating correlated views as independent. 

AUC and expected calibration error are also needed. They are omitted from the present result table because the supplied 

aggregate values do not allow them to be reconstructed truthfully. 

A third concern is external validity. MIAS and DDSM are both historical scanned-film resources; good performance on them 

does not prove performance on modern full-field digital mammography. The leave-one-dataset-out test proposed here is a 

stronger check than a pooled split, but it is still not a clinical validation. The most defensible conclusion is therefore that LCSP-

Net is a testable cross-dataset representation-learning framework. Clinical claims should wait for evaluation on an independent 

modern dataset with compatible labels and a locked preprocessing pipeline. 

3.6 Reproducibility checks before submission 

Before the manuscript is submitted, four files should be regenerated from the final experiment: (i) the patient-wise split manifest, 

(ii) one prediction CSV per fold containing patient identifier, source, target and probability, (iii) the complete ablation table 

generated from those prediction files, and (iv) genuine Grad-CAM images from the frozen checkpoint. The confusion matrix 

and all scalar metrics should be computed by a single script from the same prediction file. This prevents manual editing of one 

table from creating inconsistencies elsewhere in the paper. 

The proposed analysis also benefits from reporting parameter count, inference time per image and gate-weight distributions. 

Gate weights can test whether the three branches are actually used. If the spectral weight collapses near zero for most cases, 

then the wavelet branch does not contribute meaningful evidence despite appearing in the architecture. Similarly, domain-

stratified prototype distances can show whether Eq. (7) reduces source separation without reducing benign-malignant 

separation. These diagnostics are more informative than adding another generic visualization. 

4. CONCLUSION 

This work develops LCSP-Net as a cross-dataset mammogram classification framework for MIAS and DDSM. The method 

does not rely on a transformer or an explanation map as its novelty. It combines a lesion crop, a wider tissue-context crop and 

wavelet high-frequency evidence through a learned gate, then regularizes the fused embeddings with same-class prototype 

consistency across the two datasets and a benign-malignant separation margin. The preprocessing pipeline removes source 

artefacts, normalizes intensity robustly and performs all augmentation only after patient-wise splitting. 

The supplied aggregate ablation values suggest a progression from 96.15% accuracy for the lesion CNN to 99.14% for the final 

model configuration, but the manuscript deliberately treats these figures as preliminary until they are reproduced from locked 

predictions. The inconsistent F1 value in the original table was corrected mathematically, Grad-CAM was removed from the 

performance ablation because it is post-hoc, and the confusion matrix and Grad-CAM panel are labelled provisional. These 

corrections strengthen rather than weaken the paper: they separate the proposed scientific contribution from presentation 

artefacts. Final evidence should include patient-wise five-fold results, leave-one-dataset-out testing, AUC, calibration, 

confidence intervals and genuine explanation maps. Under that protocol, the central hypothesis is directly falsifiable: lesion-

context-spectral fusion should improve classification only if it also reduces the source-to-source performance gap without 

sacrificing class separation. 
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