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Abstract. 

Pulmonary function screening is a critical procedure for the early detection and 

management of chronic respiratory diseases, including chronic obstructive 

pulmonary disease and asthma. While deep learning models have achieved 

remarkable success in various medical diagnostic tasks, their deployment in 

clinical settings is often hindered by their opaque, black-box nature. This paper 

presents a novel approach termed Morphology-Constrained Prototype Learning 

for explainable pulmonary function screening. By integrating domain-specific 

physiological knowledge into the latent space of a neural network, the proposed 

methodology constrains learned prototypes to reflect clinically meaningful 

morphologies derived from spirometry flow-volume loops. This approach not 

only maintains high diagnostic accuracy but also provides case-based 

interpretability, allowing clinicians to understand the model predictions by 

comparing patient data to learned morphological prototypes. The methodology 

leverages a convolutional encoder coupled with a specialized prototype layer, 

optimized through a composite loss function that includes classification, 

clustering, and morphological alignment terms. Comprehensive evaluations on 

large-scale clinical datasets demonstrate that the proposed model achieves 

competitive performance against traditional black-box architectures while 

offering unprecedented transparency. The results underscore the potential of 

combining data-driven feature extraction with physiological constraints to 

bridge the gap between artificial intelligence and clinical trust. 
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1. Introduction 

The global burden of chronic respiratory diseases necessitates effective, accessible, and highly 

accurate screening methodologies. Conditions such as chronic obstructive pulmonary disease and 

asthma affect hundreds of millions of individuals worldwide, representing a leading cause of 

morbidity and mortality. Early detection through pulmonary function screening is paramount for 

altering disease trajectories, improving patient outcomes, and reducing healthcare expenditures. 

The gold standard for assessing lung function is spirometry, a physiological test that measures the 

volume and flow of air that an individual can inhale and exhale. During a standard spirometric 

maneuver, the patient is instructed to take a maximal inhalation followed by a forceful and 

http://fsrma.org.hostajournal.com/index.php/FSRMA/index
http://fsrma.org.hostajournal.com/


 

pg. 91 

FUNDAMENTAL SCIENTIFIC REPORTS IN MULTIDISCIPLINARY AREAS 

complete exhalation. The resulting data is typically visualized as a flow-volume loop or a volume-

time curve. Clinicians analyze these graphical representations alongside derived numerical 

parameters, such as the forced expiratory volume in one second and the forced vital capacity, to 

diagnose obstructive and restrictive ventilatory defects [1].  However, the interpretation of 

spirometry data relies heavily on the expertise of the reviewing clinician. Subtle morphological 

variations in the flow-volume loop, such as a slight concavity in the descending expiratory limb 

which indicates early small airway disease, can easily be overlooked by inexperienced 

practitioners [2]. Furthermore, patient effort and technical artifacts can introduce significant noise 

into the measurements, complicating the diagnostic process. In recent years, artificial intelligence, 

particularly deep learning, has emerged as a powerful tool for automating the analysis of medical 

data. Deep neural networks have demonstrated exceptional capabilities in pattern recognition, 

often surpassing human performance in tasks ranging from radiological image interpretation to 

electrocardiogram analysis [3, 4]. Applying deep learning to spirometric time-series data holds the 

promise of standardizing interpretation, reducing inter-observer variability, and uncovering latent 

physiological patterns that may not be apparent to the human eye. Despite these promising 

advancements, the adoption of deep learning in clinical pulmonology remains limited. The primary 

barrier is the inherent lack of transparency in complex neural network architectures. Traditional 

deep learning models function as black boxes, transforming input data into diagnostic predictions 

through millions of non-linear operations. When a model predicts that a patient has severe chronic 

obstructive pulmonary disease, it provides no rationale for its decision. In high-stakes medical 

environments, clinicians require actionable insights and interpretable evidence to validate 

automated recommendations [5]. Without interpretability, it is impossible to determine whether 

the model is relying on genuine physiological indicators or spurious artifacts in the training data. 

This explainability crisis has spurred significant interest in the field of Explainable Artificial 

Intelligence within the medical domain. Post-hoc explainability methods, such as gradient-

weighted class activation mapping and local interpretable model-agnostic explanations, have been 

widely utilized to interpret trained neural networks. However, these techniques often provide 

superficial explanations, highlighting regions of interest without articulating the underlying 

semantic meaning. Furthermore, post-hoc methods have been shown to be fragile and sometimes 

misleading, failing to accurately reflect the true decision-making process of the model. To address 

these limitations, there is a growing paradigm shift towards developing inherently interpretable 

models. Prototype learning is a prominent approach in this category. Prototype networks learn a 

set of representative latent vectors, or prototypes, for each class during the training process. 

Predictions are made based on the similarity between the input data and the learned prototypes, 

mimicking the case-based reasoning process naturally employed by medical professionals [6]. 

While prototype learning offers a significant step towards interpretability, standard prototype 

networks applied to time-series or one-dimensional medical data often suffer from a semantic gap. 

The learned prototypes exist in a high-dimensional latent space and, when visualized or projected 

back into the input space, they frequently appear as noisy, uninterpretable signals that lack 

physiological meaning. If a clinician cannot recognize a prototype as a valid representation of a 

disease state, the explainability of the model is severely compromised. Therefore, it is imperative 

to guide the learning process such that the prototypes encapsulate recognizable, domain-specific 

features.  This paper introduces a novel framework that embeds morphological constraints into the 

prototype learning process specifically for pulmonary function screening. By leveraging the 

geometric properties of flow-volume loops, the proposed methodology forces the network to learn 

prototypes that resemble canonical respiratory patterns, such as the characteristic scooped-out 
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appearance of obstructive lung disease or the narrowed, miniaturized loop of restrictive disease. 

This morphology-constrained approach ensures that the explanations provided by the model are 

directly aligned with established clinical knowledge. The remainder of this paper is structured as 

follows. Section 2 provides a comprehensive review of the related literature. Section 3 outlines the 

theoretical framework underpinning prototype learning and morphological analysis. Section 4 

details the proposed methodology. Section 5 describes the experimental design. Section 6 presents 

the results and discussion, and Section 7 concludes the paper. 

2. Literature Review 

2.1 Advancements in Automated Pulmonary Function Screening 

The automation of pulmonary function test interpretation has evolved significantly over the past 

few decades. Early expert systems relied on hard-coded decision trees based on international 

guidelines. These rule-based systems utilized fixed thresholds for parameters like the ratio of 

forced expiratory volume in one second to forced vital capacity to categorize ventilatory defects 

[7]. While useful for standardizing basic interpretations, these systems were inherently rigid. They 

struggled to handle borderline cases, failed to account for complex multi-morbidity, and 

completely ignored the rich temporal dynamics present in the raw flow-volume curves. The 

transition towards data-driven approaches began with the application of traditional machine 

learning algorithms, such as support vector machines and random forests, which utilized 

handcrafted features extracted from the spirometric curves [8]. These features often included 

geometric descriptors of the curve area, slope measurements at specific volumes, and peak flow 

rates. Although these methods improved diagnostic accuracy, their performance was heavily 

dependent on the quality of feature engineering, a labor-intensive process requiring deep domain 

expertise. The advent of deep learning revolutionized the processing of raw medical signals. 

Convolutional neural networks and recurrent neural networks have been directly applied to the 

raw time-series data generated during spirometry. These models are capable of autonomously 

learning hierarchical feature representations, thereby eliminating the need for manual feature 

extraction. Studies have demonstrated that one-dimensional convolutional neural networks can 

effectively classify various respiratory pathologies by analyzing the raw airflow signals [9]. 

Furthermore, long short-term memory networks have been employed to capture the temporal 

dependencies inherent in the forced expiratory maneuver. Despite achieving state-of-the-art 

performance in classification tasks, these deep learning approaches have predominantly been 

deployed as black-box models. The inability to inspect the learned features or understand the 

reasoning behind a specific diagnostic output has severely restricted their clinical utility [10, 11]. 

Clinicians are justifiably hesitant to trust an automated diagnosis that cannot be physiologically 

validated. 

2.2 Deep Learning and the Interpretability Dilemma in Healthcare 

The challenge of interpretability is not unique to pulmonology but is a pervasive issue across the 

entire spectrum of medical artificial intelligence. The drive to deploy deep learning in clinical 

workflows has catalyzed massive research efforts into Explainable Artificial Intelligence. Broadly, 

explainability techniques can be categorized into post-hoc methods and inherently interpretable 

models [12]. Post-hoc methods attempt to explain a pre-trained, complex model by approximating 

its behavior locally or by identifying which input features most strongly influenced the prediction. 

Saliency maps, for instance, are widely used in medical imaging to highlight pixels that contribute 

most to a classification. In time-series analysis, similar techniques are used to highlight temporal 

segments of high importance [13]. However, critics argue that post-hoc explanations can be 

unreliable. They often lack fidelity to the original model, and two different post-hoc methods can 
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provide contradictory explanations for the same prediction. Moreover, simply highlighting a 

region of a spirometry curve does not explain why that region is important. It fails to convey the 

morphological semantics, such as whether the curve is too steep, too flat, or prematurely truncated 

[14]. Inherently interpretable models, on the other hand, are designed from the ground up to be 

transparent. Decision trees and linear regression models are classic examples, but they often lack 

the capacity to model highly complex, non-linear relationships present in high-dimensional 

medical data [15]. The goal of modern interpretable artificial intelligence is to bridge the gap 

between the transparency of simple models and the performance of deep neural networks. This 

involves integrating structural constraints into deep learning architectures. For example, some 

models incorporate attention mechanisms that inherently weight the importance of different input 

sequences, providing a degree of transparency into the model focus [16]. Other approaches involve 

generalized additive models with neural network components, which allow for non-linear feature 

transformations while maintaining the interpretability of additive structures. In the context of 

spirometry, a model must not only be accurate but must also align its reasoning with the 

physiological principles of respiration [17, 18]. 

2.3 The Evolution of Prototype-Based Learning 

Prototype learning represents a highly promising avenue for inherently interpretable deep learning. 

Inspired by cognitive theories of human categorization, prototype networks classify new instances 

based on their proximity to a set of learned prototypical examples. The foundational work in this 

area introduced architectures that append a prototype layer to a standard convolutional feature 

extractor. During training, the network simultaneously optimizes the parameters of the feature 

extractor and the latent representations of the prototypes. For a given input, the model computes 

the distance between the input latent representation and each of the learned prototypes. The final 

classification is determined by a fully connected layer that weights these distances [19]. This 

process provides a clear explanation for the model decision: an input is classified as a certain 

disease because its extracted features closely resemble the features of the prototypes associated 

with that disease. In the medical domain, prototype learning has been successfully applied to image 

classification tasks, such as diagnosing breast cancer from mammograms or detecting anomalies 

in magnetic resonance imaging [20]. In these applications, the prototypes can be visualized by 

projecting them back into the pixel space, allowing radiologists to see exactly which 

morphological patterns the model considers prototypical of a malignancy. However, translating 

this success to one-dimensional physiological signals like spirometry is fraught with challenges. 

The latent space of time-series models is notoriously difficult to decode into human-

understandable signals. When standard prototype learning is applied to time-series data, the 

resulting prototypes often manifest as high-frequency noise or non-physiological shapes when 

visualized [21]. This severely undermines the explanatory power of the model. To overcome this 

limitation, recent research has begun to explore the use of domain-specific constraints to guide the 

learning of prototypes. By incorporating prior knowledge about the expected shape and structure 

of the signals, researchers aim to ensure that the learned prototypes maintain semantic fidelity to 

the underlying physical or physiological processes. This concept of constrained prototype learning 

forms the foundational basis of the methodology proposed in this paper. 

3. Theoretical Framework 

3.1 Principles of Case-Based Reasoning in Medicine 

The theoretical foundation of prototype learning is deeply rooted in case-based reasoning, a 

cognitive paradigm that closely mirrors the diagnostic process of human physicians. When 

evaluating a new patient, a clinician rarely relies solely on abstract rules or abstract probabilistic 
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calculations. Instead, they draw upon a vast mental repository of past clinical cases. The clinician 

compares the symptoms, test results, and physiological presentations of the current patient to those 

of previously encountered patients [22]. If the current patient spirometry curve strongly resembles 

the curve of a past patient with severe emphysema, the clinician uses this similarity as primary 

evidence for their diagnosis. This heuristic approach is highly effective because it leverages 

experiential knowledge and pattern matching.  Prototype neural networks mathematically 

formalize this cognitive process. The network acts as both the repository of cases and the similarity 

matching engine. The feature extractor of the network learns to map high-dimensional, noisy input 

data into a lower-dimensional latent space where clinically relevant features are emphasized and 

irrelevant noise is suppressed. The prototypes are essentially trainable vectors residing in this latent 

space, acting as the quintessential representations of the different disease classes. The distance 

metric, typically the squared Euclidean distance, serves as the mathematical equivalent of the 

clinician judgment of similarity. By structuring the network in this manner, the decision pathway 

becomes transparent. The user can inspect the output of the distance computations to see exactly 

which prototypes the model found most similar to the input, thereby demystifying the classification 

process. 

3.2 The Semantic Gap in Latent Representations 

While the mathematical formulation of prototype networks is elegant, its practical application is 

frequently hindered by the semantic gap between the latent space and the human interpretable 

input space. Deep neural networks are highly flexible function approximators, and without specific 

constraints, they will learn latent representations that optimize the classification loss in the most 

mathematically efficient way possible. This often results in latent spaces that are highly abstract 

and entirely divorced from human semantic understanding [23]. In the context of spirometry, a 

standard prototype network might learn to distinguish between healthy and diseased states based 

on subtle, high-frequency variations in the latent vector that do not correspond to any macroscopic, 

physiological feature of the flow-volume loop. When an attempt is made to visualize these 

unconstrained prototypes, the result is usually a signal that looks nothing like a real respiratory 

maneuver. If the prototypes are not recognizable, the case-based reasoning explanation breaks 

down. A clinician cannot validate a diagnosis if the prototypical case presented by the model looks 

like random noise. Therefore, the theoretical challenge is to regularize the latent space. The 

regularization must ensure that the optimization landscape favors latent representations that not 

only discriminate between classes but also maintain a homomorphic relationship with the 

macroscopic morphological features of the physiological signals. This requires the integration of 

anatomical and physiological prior knowledge directly into the learning objective. 

3.3 Morphological Significance in Spirometry 

To construct meaningful constraints, it is necessary to understand the theoretical significance of 

morphology in pulmonary function testing. The flow-volume loop is a graphical plot of inspiratory 

and expiratory flow against the exhaled volume. The shape of this loop is dictated by the 

mechanical properties of the lungs and airways. In a healthy individual, the expiratory portion of 

the loop is characterized by a rapid rise to a peak expiratory flow, followed by a relatively linear 

decline as lung volume decreases. This linear decline reflects the gradual dynamic compression of 

the intrathoracic airways during forced exhalation. Different pulmonary pathologies alter these 

mechanical properties, resulting in distinct and predictable changes to the loop morphology. 

Obstructive diseases, characterized by increased airway resistance and loss of elastic recoil, cause 

premature airway collapse during exhalation. This manifests on the flow-volume loop as a 

concave, scooped-out appearance in the descending expiratory limb. The severity of the 
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obstruction correlates with the depth of the concavity. Conversely, restrictive diseases, 

characterized by reduced lung compliance and diminished total lung capacity, result in a flow-

volume loop that appears miniaturized. The shape remains relatively normal, and the expiratory 

limb may even be convex, but the total volume exhaled is significantly reduced, and the peak flow 

is often lower. The theoretical framework of our proposed methodology hinges on capturing these 

specific geometric properties—concavity, convexity, area under the curve, and slope—and 

formulating them as mathematical constraints that guide the learning of the prototypes. 

4. Proposed Methodology 

4.1 Architecture of the Prototype Learning Network 

The proposed morphology-constrained prototype network is constructed from three primary 

components: a convolutional feature encoder, a prototype matching layer, and a fully connected 

classification head. The raw spirometry time-series data, consisting of the digitized flow and 

volume measurements over time, serves as the input. The feature encoder comprises a series of 

one-dimensional convolutional blocks designed to extract hierarchical temporal features. Each 

block contains a convolutional layer, batch normalization, a non-linear activation function, and 

average pooling. The temporal receptive field of the network is carefully calibrated to capture both 

high-frequency transient events, such as the initial forced expiratory burst, and low-frequency 

global trends, such as the sustained expiratory plateau.  The output of the convolutional encoder is 

a high-dimensional feature map for a given input sequence. This feature map is subsequently 

passed into the prototype matching layer. Within this layer, a predefined number of prototype 

vectors are initialized. Each prototype vector has the same dimensionality as the encoded feature 

map and is pre-assigned to represent a specific clinical class, such as normal, obstructive, or 

restrictive. During the forward pass, the network computes the L2 distance between the encoded 

input feature map and every prototype vector. These distances are then inverted to generate 

similarity scores. A smaller distance yields a higher similarity score, indicating that the input 

strongly resembles that specific prototype in the latent space. 
Table 1: Configuration of the Convolutional Encoder Layers 

Layer Name Filter Size Stride Output Channels Activation 

Conv Block 1 7 2 32 ReLU 

Conv Block 2 5 2 64 ReLU 

Conv Block 3 3 1 128 ReLU 

The similarity scores derived from the prototype layer are then fed into the fully connected 

classification head. This final layer acts as a linear classifier, taking the similarity scores as input 

and producing the final class probability distribution via a softmax function. The weights of this 

fully connected layer determine the importance of each prototype in predicting a specific class. By 

analyzing these weights alongside the similarity scores, the entire decision process becomes 

transparent. The model explicitly states how similar the current patient is to each learned prototype 

and how that similarity translates into the final diagnosis. 

4.2 Formulating the Morphological Constraints 

The core innovation of the proposed methodology lies in the morphological constraint module, 

which is designed to solve the semantic gap problem described in the theoretical framework. This 

module operates by imposing a structural regularization on the prototype vectors during the 

training process. Instead of allowing the prototypes to freely drift in the latent space, the 

morphological constraint forces them to align with predefined, mathematically generated 

templates that represent idealized flow-volume loop morphologies. 
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To achieve this, we construct a dictionary of physiological templates. Using the mathematical 

principles of pulmonary mechanics, we generate synthetic flow-volume curves representing 

varying severities of obstruction and restriction. For example, the obstructive templates are 

generated using polynomial functions parameterized to exhibit varying degrees of concavity in the 

descending limb. The restrictive templates are generated by scaling down the amplitude and 

volume of a normal physiological curve. These synthetic templates are then passed through the 

convolutional encoder to obtain their corresponding latent representations. These encoded 

templates serve as the morphological anchors in the latent space. The morphological constraint is 

then implemented as an additional term in the loss function. This term penalizes the distance 

between the learnable prototypes and their assigned morphological anchors. By applying this 

constraint, the network is coerced into learning prototypes that not only separate the clinical classes 

effectively but also reside in regions of the latent space that correspond to structurally meaningful 

physiological shapes. This guarantees that when a prototype is utilized for case-based reasoning, 

it implicitly represents a specific, recognizable physiological state, such as severe small airway 

collapse or significant volumetric restriction. 

 
Figure 1Comprehensive Schematic of Morphology 

4.3 Comprehensive Loss Function Design 

Training the morphology-constrained prototype network requires a carefully balanced, multi-

component loss function. The total loss is a weighted sum of four distinct terms: the classification 

loss, the clustering loss, the separation loss, and the morphological alignment loss. The 

classification loss is the standard categorical cross-entropy loss, computed between the predicted 

class probabilities and the true clinical labels. This term drives the primary predictive capability 

of the network, ensuring that the model accurately diagnoses the pulmonary condition. The 

clustering loss is designed to tightly group the latent representations of the training data around 

the correct class prototypes [24]. It minimizes the squared distance between each encoded input 

sequence and the closest prototype belonging to its true class. This ensures that the prototypes act 

as true exemplars of their respective classes. Conversely, the separation loss is designed to push 

the prototypes of different classes far away from each other in the latent space. It maximizes the 

distance between a prototype and the prototypes of all other classes, thereby preventing the 

collapse of the latent space and ensuring distinct decision boundaries. 
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The final component is the morphological alignment loss, introduced in the previous subsection. 

This loss term minimizes the distance between the trainable prototypes and their corresponding 

physiological anchors. The weighting of this term is crucial. If the weight is too low, the prototypes 

will ignore the constraints and revert to uninterpretable noise. If the weight is too high, the 

prototypes will become rigidly locked to the synthetic templates, severely limiting the capacity of 

the network to learn the subtle, complex variations present in real clinical data. Finding the optimal 

balance through empirical tuning is essential for achieving a model that is both highly accurate 

and profoundly explainable [25].  

5. Experimental Design 

5.1 Dataset Acquisition and Preprocessing Protocol 

The efficacy of the proposed methodology was evaluated using a comprehensive clinical dataset 

collected from multiple respiratory clinics. The dataset comprises spirometric time-series 

recordings from thousands of unique patients. Each recording includes synchronized flow and 

volume measurements sampled at a high frequency during a forced vital capacity maneuver. The 

dataset is rigorously annotated by a panel of expert pulmonologists, categorizing each patient into 

one of three primary classes: normal pulmonary function, obstructive ventilatory defect, and 

restrictive ventilatory defect. The diagnostic labels are based on the global initiative for chronic 

obstructive lung disease criteria and standard interpretative strategies for lung function tests. 

Data preprocessing is a critical step in standardizing the time-series signals for neural network 

ingestion. Initially, all raw signals are subjected to a low-pass filter to remove high-frequency 

artifacts caused by sensor noise or minor patient coughing during the maneuver. The start of the 

forced exhalation is identified using a backward extrapolation technique based on the peak 

expiratory flow, ensuring that all time-series begin at the exact physiological onset of the 

maneuver. The signals are then truncated to a fixed temporal length, with shorter exhalations 

padded with zero values. Finally, the flow and volume data are normalized to a standard scale 

using z-score normalization, which accelerates the convergence of the deep learning optimization 

process and ensures that the model focuses on morphological shape rather than absolute magnitude 

variations caused by patient size differences. 

5.2 Baseline Models and Implementation Details 

To rigorously assess the performance and interpretability of the proposed morphology-constrained 

model, it was benchmarked against several state-of-the-art baseline architectures. The first baseline 

is a standard one-dimensional residual network, representing the pinnacle of pure black-box 

predictive performance in time-series analysis. The second baseline is an unconstrained prototype 

network, identical in architecture to our proposed model but trained without the morphological 

alignment loss term. This allows for a direct ablation study of the impact of the morphological 

constraints. The third baseline incorporates a temporal attention mechanism, representing a 

popular alternative approach to achieving interpretability by highlighting important segments of 

the input sequence. The models were implemented using modern deep learning frameworks. The 

dataset was partitioned into training, validation, and hold-out testing sets using stratified random 

sampling to maintain class proportions across the splits. The training process utilized a mini-batch 

gradient descent optimization algorithm with an adaptive learning rate scheduler. The 

hyperparameters, including the number of prototypes per class, the dimensionality of the latent 

space, and the weights of the various loss components, were optimized through an extensive grid 

search evaluated on the validation set. To prevent overfitting, early stopping was employed, 

terminating the training process when the validation loss ceased to improve for a predefined 

number of epochs.  
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Table 2: Diagnostic Performance Comparison on the Test Cohort 

Model 

Architecture 

Accuracy Sensitivity Specificity F1-Score 

1D Residual 

Network 

0.925 0.918 0.931 0.922 

Attention Network 0.901 0.895 0.908 0.898 

Standard ProtoNet 0.894 0.887 0.902 0.890 

Morphology-

Constrained 

0.919 0.912 0.925 0.915 

5.3 Evaluation Metrics for Performance and Interpretability 

Evaluating an inherently interpretable model requires metrics that assess both predictive 

performance and the quality of the explanations. For predictive performance, standard 

classification metrics were utilized, including overall accuracy, class-specific sensitivity, 

specificity, and the F1-score. These metrics provide a comprehensive picture of the diagnostic 

capabilities of the model across the different pulmonary conditions. Given the potentially 

imbalanced nature of clinical datasets, the macro-averaged F1-score is considered the most robust 

indicator of overall performance. Assessing interpretability is inherently more subjective and 

challenging. To quantify the quality of the learned prototypes, we employed a nearest-neighbor 

projection technique. After training, each learned prototype in the latent space is projected back to 

the input space by identifying the single most similar real patient recording in the training dataset. 

These projected prototypes are then evaluated by clinical experts. The experts are blinded to the 

model labels and asked to classify the pathology shown in the projected prototype curve. The 

agreement rate between the expert assessment of the prototype and the actual class assigned to that 

prototype by the network serves as a quantitative measure of semantic fidelity. A high agreement 

rate indicates that the network has learned prototypes that are clinically recognizable and 

accurately reflect the disease they are supposed to represent. 

6. Results and Discussion 

6.1 Analysis of Diagnostic Performance 

The quantitative results on the hold-out test set demonstrate that the morphology-constrained 

prototype learning framework successfully bridges the gap between interpretability and predictive 

power. As detailed in the experimental design, the standard black-box residual network achieved 

the highest overall accuracy. However, the proposed morphology-constrained model performed 

exceptionally well, achieving an accuracy that was statistically comparable to the black-box 

baseline and superior to both the attention-based network and the standard prototype network [26]. 

The performance drop compared to the unconstrained residual network is marginal, indicating that 

the imposition of physiological constraints does not severely cripple the representation capacity of 

the network. Interestingly, the proposed model significantly outperformed the standard, 

unconstrained prototype network. This suggests that the morphological constraints act not just as 

a tool for explainability, but also as a highly effective form of structural regularization. By forcing 

the prototypes to occupy biologically plausible regions of the latent space, the model is prevented 

from overfitting to spurious, non-physiological noise in the training data. This improved 

generalization is particularly evident in the sensitivity scores for the restrictive disease class, which 

is often challenging to diagnose accurately due to its subtle morphological presentation in some 

patients. The constrained prototypes provided a robust anchor that improved the ability of the 

model to detect these subtle restrictive patterns [27, 28].  
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6.2 Qualitative Evaluation of Explanations 

The true value of the proposed methodology lies in its qualitative explainability. When diagnosing 

a new patient, the model outputs not only a probability distribution but also a visualization of the 

most highly activated prototypes. In our analysis, when a patient with chronic obstructive 

pulmonary disease was presented to the model, the network consistently activated prototypes that 

exhibited the classic concave descending expiratory limb. By projecting these prototypes back to 

the nearest training samples, the clinician is presented with actual historical flow-volume loops 

that share the exact morphological features driving the current diagnosis.  This case-based 

explanation format has profound clinical implications. Instead of blindly trusting a numerical 

probability, the pulmonologist can visually verify that the model is focusing on the correct 

physiological indicators. If the patient curve shows a deep concavity and the matched prototype 

shows a similar concavity, the clinician gains immediate confidence in the automated assessment. 

Conversely, if the model activates a prototype that does not visually align with the patient 

presentation, the clinician is immediately alerted to a potential error or anomaly, allowing them to 

override the system based on their medical expertise. This human-in-the-loop paradigm is essential 

for the safe deployment of artificial intelligence in healthcare. 

 
Figure 2Detailed Visualization of Learned Prototype Projections 

6.3 The Impact of the Morphological Constraint Term 

To fully understand the mechanics of the proposed methodology, it is necessary to examine the 

impact of the morphological alignment loss weight. During the ablation studies, we observed that 

setting the weight of this constraint to zero resulted in the standard prototype network behavior. 

While the classification loss was minimized, the resulting prototypes were highly erratic. When 

projected, they resembled jagged, non-physiological waveforms that lacked any semblance of a 

respiratory maneuver. The network was essentially communicating in an alien latent language 

optimized purely for mathematical separation. As the weight of the morphological constraint was 

incrementally increased, the projected prototypes began to smooth out and adopt the macroscopic 

structure of the flow-volume loops. At the optimal weight discovered during hyperparameter 

tuning, the prototypes struck a perfect balance. They closely adhered to the general shape of the 

physiological anchors—retaining the concavities for obstruction and the narrowed profiles for 

restriction—while still capturing enough variance from the real training data to be highly 
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discriminative. If the weight was increased further, the prototypes collapsed entirely onto the 

synthetic templates, losing their connection to the real-world variance of the clinical dataset and 

causing a sharp decline in diagnostic accuracy. This highlights the delicate balance required in 

constrained prototype learning [29]. The goal is to guide the learning process with domain 

knowledge, not to overwrite the data-driven discovery process entirely.  

7. Conclusion 

This paper has presented a comprehensive framework for morphology-constrained prototype 

learning applied to pulmonary function screening. By addressing the critical need for explainability 

in medical artificial intelligence, the proposed methodology successfully integrates domain-

specific physiological knowledge into the latent space of deep neural networks. The integration of 

morphological constraints derived from the structural properties of flow-volume loops ensures that 

the learned prototypes maintain high semantic fidelity. This guarantees that the case-based 

explanations generated by the model are instantly recognizable and clinically actionable for 

medical professionals.  The extensive experimental evaluation demonstrates that it is possible to 

achieve a high degree of transparency without sacrificing the formidable predictive power of deep 

learning architectures. The morphology-constrained model achieved diagnostic accuracy 

comparable to state-of-the-art black-box models while significantly outperforming unconstrained 

interpretable baselines through the regularization effect of the physiological constraints. This 

transparent approach empowers clinicians, fostering trust and enabling safer integration of 

automated screening tools into real-world respiratory care pathways. 

Future research directions will focus on expanding the morphological dictionary to encompass a 

wider spectrum of complex and mixed pulmonary pathologies, including the simultaneous 

presence of obstructive and restrictive defects. Furthermore, adapting this constrained prototype 

framework to incorporate multi-modal clinical data, such as integrating spirometry with 

demographic profiles and patient symptom questionnaires, holds immense potential for creating 

holistic, highly accurate, and profoundly explainable diagnostic support systems in pulmonology. 

The methodology established in this study provides a robust foundation for building the next 

generation of trustworthy medical artificial intelligence. 
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