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Abstract:  

Nonlinear correlations in data that analysis of biological components often requires might 

be challenging for conventional analytical methods. The intricate nonlinear patterns in 

biological data could be difficult for conventional biochemical analysis methods to detect, 

thereby generating less accurate predictions and insights. This disparity highlights the need 

of more robust analytical techniques able to effectively model and grasp these complexity. 

We suggest to include nonlinear dynamics with statistical approaches inside deep learning 

models to raise the accuracy and interpretability of biochemical component analysis. We 

especially incorporate nonlinear dynamic systems theory into a deep neural network (DNN) 

architecture to raise the model's potential to identify complex temporal and spatial patterns 

in biochemical datasets. Embedded into the network design, dynamic system equations are 

applied in statistical techniques such variance decomposition and regression analysis to 

enhance model predictions. The proposed method was evaluated on diverse sized 

biochemical datasets (150,300, 450, and 600 samples). With a 600 sample dataset, the 

combined DNN model obtained a prediction accuracy of 92.5% compared to 85.7% with 

conventional techniques. Moreover, the improved model interpretability by 18% found by 

variance explained in the biochemical component analysis. Including nonlinear dynamics 

and statistical methods clearly improves the performance and interpretability of 

biochemical component analysis models, the results demonstrate. 

Keywords: nonlinear dynamics, deep learning, biochemical analysis, statistical methods, 

model integration. 

 

1. Introduction 

In many different scientific fields, including biochemical research [1] recently, deep learning coupled 

with nonlinear dynamics has become a powerful tool for handling difficult problems. Many times 

involving complicated interactions between numerous components, nonlinear linkages and temporal 
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dependencies describe biological processes [2]. Conventional modeling approaches may find it 

challenging to effectively represent these complexities; so, fewer than perfect projections and insights 

follow [3]. Since deep learning can repeat complex tasks over numerous layers and parameters, it has 

shown promise in addressing such challenges [4]. Still, the relatively new and growing discipline of 

including nonlinear dynamics into deep learning models offers the means for more accurate and 

interpretable study of biological data [5].  

The main challenges in biochemical component analysis are in capture of the dynamic behavior of 

biochemical systems, handling of high-dimensional data, and assurance of reliable and interpretable 

predictive models [6]. Nonlinear dynamics adds considerably more difficulty since it demands solving 

differential equations defining the temporal development of system states. Although maintaining their 

scalability and speed, this complexity could make it difficult to integrate dynamic constraints into deep 

learning models [7]. Furthermore, present models could not be able to fully use dynamic information, 

which would make exact prediction of interactions and behavior of biological components challenging 

[8].  

This work tackles is the need of a deep learning model that effectively incorporates nonlinear dynamics 

to increase the accuracy and interpretability of biochemical component analysis [9]. The objective is 

especially to develop a model that not only highly accurate prediction of biochemical consequences 

but also conforms to the basic dynamic constraints of the biochemical system [10]. This implies 

creating a deep learning framework that captures complex temporal and spatial relationships yet 

ensures the predictions correspond with the behavior of the dynamic system [11]. 

The primary objectives of this research are: 

1. To construct a deep learning model with nonlinear dynamics including into consideration better 

biochemical component analysis.  

2. To evaluate the performance of the suggested model in respect to computing economy, 

interpretability, and prediction accuracy.  

3. The proposed model will be compared with existing in use approaches as UniDL4BioPep, 

Neural Network Language Model (NNLM), and DeepBIO to demonstrate its advantages and 

efficiency. 

This approach is a novel combination for biological study of nonlinear dynamics using deep learning 

algorithms. Although standard deep learning models largely focus on prediction accuracy, the 

proposed method includes dynamic restrictions straight into the architecture and loss function of the 

model. By means of this integration, the model reflects complex temporal dependencies and 

interactions inherent in biochemical systems, hence producing more accurate and interpretable 

predictions. Moreover special from present methods is the proposed model, which makes use of new 

nonlinear differential equations adapted to the specific dynamics of biological processes. 

This research makes several key contributions: 

1. By including nonlinear dynamics using modified differential equations, a deep learning model 

improves its capacity to reflect complex biological interactions.  
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2. Emphasizing its improved accuracy, interpretability, and efficiency, a comprehensive 

performance analysis comparing the proposed model with present methods  

3. Dynamic limitations allow one to better understand biological processes, hence improving the 

knowledge of basic system interactions and behaviors. 

2. Related Works 

In high-throughput biological sequence analysis and cancer diagnosis, recent advances in deep learning 

and computational methods have significantly impacted many sectors of biological and biomedical 

research. Designed to address challenges in various domains, several state-of- the-art techniques and 

platforms each contribute in distinct ways to progress computational biology.  

DeepBIO is pioneering in the field of deep learning for biological sequence functional analysis. 

DeepBIO, as described in [12] is an automated, interpretable deep-learning method allowing high-

throughput biological sequence analysis. Its 42 advanced deep-learning algorithms let users evaluate, 

train, compare models with minimal human participation. From data preparation to result visualization, 

this web-based tool provides whole support for model development. DeepBIO makes especially use 

of methods for functional sequential region identification, model interpretability, and feature analysis. 

Moreover, it provides graphical images to enhance the dependability of annotated locations, therefore 

enabling nine basic-level functional annotations. Since researchers needing to efficiently manage big 

datasets and hard biological challenges depend on automation and interpretability, DeepBIO is a great 

tool for advancing computational biology.  

Combining machine learning (ML) with deep learning (DL) has transformed the biomarker detection 

from difficult multi-omics data in healthcare engineering. As reported in [13], recent studies on 

numerous computational methods—including feature selection strategies, ML, and DL approaches—

have sought markers in single and multi-omics datasets. The research underlines the ongoing 

challenges and constraints of several approaches including data dimensionality, the need of large 

labeled datasets, and the interpretability of complex models. Notwithstanding these challenges, ML 

and DL advances are improving the accuracy and efficiency of biomarketer discovery. The need of 

continuous invention and improvement in computational methods is therefore underlined by the study 

also underlining the necessity of easily available tools and methodologies to enable the implementation 

of these approaches in biomarker research.  

A significant development in cancer diagnosis is the use of deep learning algorithms with serum 

Raman spectroscopy. Based on [14], healthy controls, HER2-positive breast cancer, and triple-

negative breast cancer were advised a fast and fairly priced diagnostic technique. Using preprocessed 

Raman spectra as deep learning model inputs, the work comprised on 75 serum samples. We 

investigated three models: convolutional neural network, bidirectional long-short-term memory 

network (BiLSTM), and neural network language model (NNLM). Exceeding the NNLM (87.78%) 

and BiLSTM (90.37%), the CNN achieved a 91.11% accuracy level This work shows the ability of 

combining Raman spectroscopy with deep learning to provide reliable diagnosis tools for breast 

cancer, therefore stressing the efficacy of advanced computational approaches in improving cancer 

diagnosis.  
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Designed for bioactive peptide binary classification, UniDL4BioPep—as described in [15] is a 

universal deep-learning model architecture. By use of transfer learning, this method helps users to 

construct high-performance deep-learning models for peptide discovery. Modern performance is 

achieved from UniDL4BioPep by stable design demonstrated by uniform manifold approximation and 

projection analysis. The model demonstrated very significant increases in accuracy, Matthews 

correlation coefficient, and area under the curve (AUC) with increments of 0.7–7%, 1.23–26.7%, and 

0.3–25.6%. This progress highlights the ability of the model to effectively control bioactive peptide 

data, therefore providing a useful tool for peptide discovery and categorization in computational 

biology. 

Table 1: Summary  

Method Algorithm Methodology Outcomes 

DeepBIO [12] 42 deep-

learning 

algorithms 

Automated web service for 

high-throughput biological 

sequence analysis, including 

model training and 

evaluation. 

Comprehensive results 

visualization, high model 

interpretability, feature 

analysis, and functional region 

discovery. 

Computational 

Methods [13] 

Various ML 

and DL 

techniques 

Review of feature selection 

strategies, ML and DL 

approaches for biomarker 

discovery in multi-omics 

data. 

Improved accuracy in 

biomarker identification, 

ongoing challenges in data 

dimensionality and 

interpretability. 

Breast Cancer 

Diagnosis [14] 

NNLM, 

BiLSTM, 

CNN 

Utilized Raman spectroscopy 

data with deep learning 

models for cancer diagnosis 

in serum samples. 

CNN achieved 91.11% 

accuracy, demonstrating 

effective diagnostic capability 

with Raman spectroscopy. 

UniDL4BioPep 

[15] 

Fixed deep-

learning 

architecture 

Transfer learning model for 

bioactive peptide binary 

classification, validated with 

manifold approximation 

analysis. 

Enhanced accuracy (up to 

7%), Matthews correlation 

coefficient (up to 26.7%), and 

AUC (up to 25.6%). 

 

While current methods such DeepBIO, NNLM, and UniDL4BioPep show great advancement in their 

respective sectors, nonlinear dynamics still cannot be effectively added into deep learning models for 

biochemical component analysis. Mostly aiming at interpretability or forecast accuracy, current 

methods ignore the dynamic constraints of biological systems completely. Research has to lead 

development of models that not only include dynamic system equations but also maintain great 

computational efficiency and real-time applicability. This will improve overall analysis and forecast 

accuracy as well as assist to better show challenging biochemical interactions. 

3. Proposed Method 

Combining statistical methods with nonlinear dynamics inside a deep learning framework helps to 

improve biochemical component analysis. There are several crucial phases required in this integration. 
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We initially incorporate equations of nonlinear dynamic systems into the deep neural network (DNN) 

architecture. One achieves this by defining a set of dynamic equations reflecting the spatial and 

temporal dependencies in the biochemical data. The DNN then carries these equations concealed as 

extra layers or constraints. Second, we improve the model's forecasts by means of statistical techniques 

including regression analysis. This is matching statistical models including data variance and 

interaction effects to DNN outputs. Thirdly, by means of variance decomposition, we assess the 

contribution of different components, thereby improving interpretability. Together with the normal 

prediction error, the DNN is trained using a combined loss function comprising a regularization 

component obtained from the dynamic system equations. 

 

Figure 1: Proposed Workflow 

Pseudocode: 

# Define nonlinear dynamics 

def nonlinear_dynamics(input_data): 

    # Define and return nonlinear dynamic system equations 

    return dynamics_output 

# Define DNN architecture with dynamics embedding 

class DynamicDNNModel(nn.Module): 

    def __init__(self): 

        super(DynamicDNNModel, self).__init__() 

        self.dnn_layers = nn.Sequential( 

            nn.Linear(input_dim, hidden_dim), 

            nn.ReLU(), 

            nn.Linear(hidden_dim, output_dim) 

        ) 
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    def forward(self, x): 

        dnn_output = self.dnn_layers(x) 

        dynamics_output = nonlinear_dynamics(x) 

        combined_output = dnn_output + dynamics_output 

        return combined_output 

# Train the model 

def train_model(model, data_loader, optimizer, criterion): 

    model.train() 

    for batch in data_loader: 

        inputs, targets = batch 

        optimizer.zero_grad() 

        outputs = model(inputs) 

        loss = criterion(outputs, targets) + dynamic_regulation_term(outputs) 

        loss.backward() 

        optimizer.step() 

# Apply statistical methods 

def apply_statistical_methods(predictions, true_values): 

    # Fit regression models and compute variance decomposition 

    return refined_predictions 

# Main process 

model = DynamicDNNModel() 

optimizer = torch.optim.Adam(model.parameters()) 

criterion = nn.MSELoss() 

data_loader = DataLoader(dataset, batch_size=batch_size, shuffle=True) 

train_model(model, data_loader, optimizer, criterion) 

predictions = model(inputs) 

refined_predictions = apply_statistical_methods(predictions, true_values) 

4. Proposed Nonlinear Dynamics 

Dynamic system equations included into the neural network architecture assist to capture complex 

temporal and spatial correlations in biochemical data, thereby introducing nonlinear dynamics into the 

deep learning paradigm. Nonlinear dynamics describes systems whose outputs are not perfectly 
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proportionate to inputs, therefore enabling the modeling of complicated behaviors often observed in 

biological processes.  

We construct the biochemical system using a collection of nonlinear differential equations in this 

method. These equations clarify the interactions among numerous biological components and the 

changes in the system condition with time. General expression for the dynamic system of a biological 

system with state variables x(t) and inputs u(t) can be nonlinear differential equation: 

( )
( ( ), ( ), )

dx t
f x t u t

dt
=  

where: 

x(t) - state variables of biochemical system at time t, 

u(t) - external inputs or control variables, 

θ- parameters of the system, 

f - nonlinear function that defines the dynamics of the system. 

One could specify the function f as a polyn, a neural network, or any other nonlinear function suited 

for the dynamics of the biological process. In biological modeling, one often used nonlinear function 

is, for example: 

2

1 2 3( ( ), ( ), ) ( ) ( ) ( )sin( ( ))f x t u t x t x t u t x t   = + +  

Deep learning includes these dynamic equations into the DNN as extra layers or constraints. Apart 

from expected results from the input data, the network is meant to produce outputs matching the 

dynamic system equations. Including the dynamic system equations into the DNN's loss function can 

allow one to achieve this: 

Loss PredictionError DynamicRegulationTerm= +   

From the model learning to account for complicated interactions and temporal dependencies in 

biochemical data by including nonlinear dynamics into the DNN, improved accuracy and 

interpretability of biochemical component analysis ensue. 

5. Embed Dynamics into DNN 

Embedding nonlinear dynamics into a deep neural network (DNN) means putting dynamic system 

equations right into the network design thereby allowing the model to integrate temporal and spatial 

correlations inherent in biological data. This method improves the DNN's capacity to capture and 

depict complex interactions by means of the structure and behavior specified by nonlinear dynamics.  

We develop the network with dynamic components to integrate dynamics into the DNN. We especially 

apply additional layers or modifications to enforce the restrictions of the nonlinear dynamic system. 

Let the first DNN model project from inputs. The integration consists in building a dynamic module 

containing the differential equations of the system into the prediction mechanism.  

Consider a nonlinear dynamic system stated by: 
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( )
( ( ), ( ), )

dx t
f x t u t

dt
=  

where  

f - nonlinear function representing the system dynamics.  

We augment the DNN including a dynamic module. One may describe the better model output as: 

ˆ DNN( ) Dynamics( )y x x= +  

where,  

Dynamics(x) included as a layer above the network is a function solves the nonlinear differential 

equation. One can capture temporal dynamics either explicitly including dynamic functions into the 

feedforward structure or recurrent layers—e.g., LSTM or GRU. 

6. Dynamic System Constraints in Loss Function 

The network's training process has to follow dynamic equation adherance. We do this by considering 

a factor in the loss function punishing deviations from the dynamic system limitations. The general 

loss function of the DNN is stated as follows: 

prediction dynamicsLoss Loss= + L  

2

prediction

1

1
ˆLoss ( )

N

i i

i

y y
N =

= −  

2

dynamics

1

( )1
Loss ( ( ), ( ), )

N
i

i i

i

dx t
f x t u t

N dt


=

= −  

Where 

λ - strikes a compromise between forecast accuracy and adherence to dynamic restrictions. 

Comprising dynamic system constraints as well as the prediction error, the DNN is designed to 

minimize the overall loss during training. This approach ensures both precise predictions and respect 

of the basic dynamic behavior of the biological system.  

Function DynamicSystemConstrainedLossFunction(model, data, constraints, lambda): 

    Input: 

        model: The machine learning model being trained 

        data: Dataset consisting of input features and corresponding target values 

        constraints: List of dynamic constraints functions 

        lambda: Penalty parameter for constraints 

    Output: 

        total_loss: The loss value incorporating the constraints 

    # Initialize total loss 

    total_loss = 0.0 

        # Compute the primary loss (e.g., Mean Squared Error, Cross-Entropy) 
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    primary_loss = ComputePrimaryLoss(model, data) 

        # Initialize constraints penalty 

    constraints_penalty = 0.0 

        # Iterate over each constraint function 

    For each constraint in constraints: 

        # Compute the constraint violation for the current constraint function 

        violation = constraint(model, data) 

                # Add the penalty for the constraint violation 

        constraints_penalty += violation 

        # Incorporate constraints penalty into the total loss 

    total_loss = primary_loss + lambda * constraints_penalty 

        Return total_loss 

Function ComputePrimaryLoss(model, data): 

    Input: 

        model: The machine learning model being trained 

        data: Dataset consisting of input features and corresponding target values 

    Output: 

        primary_loss: The computed loss value based on the model's predictions and the true target 

values 

    # Extract input features and target values from data 

    features, targets = ExtractFeaturesAndTargets(data) 

        # Get model predictions 

    predictions = model.Predict(features) 

        # Compute the primary loss (e.g., Mean Squared Error, Cross-Entropy) 

    primary_loss = CalculateLoss(predictions, targets) 

        Return primary_loss 

Function ExtractFeaturesAndTargets(data): 

    Input: 

        data: Dataset consisting of input features and corresponding target values 

    Output: 

        features: Input features 

        targets: Target values 

    # Extract input features and target values from data 

    features = data.features 

    targets = data.targets 

        Return features, targets 

Function CalculateLoss(predictions, targets): 

    Input: 

        predictions: Model predictions 

        targets: True target values 

    Output: 

        loss: Computed loss value 
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    # Compute the loss (e.g., Mean Squared Error) 

    loss = MeanSquaredError(predictions, targets) 

        Return loss 

Function MeanSquaredError(predictions, targets): 

    Input: 

        predictions: Model predictions 

        targets: True target values 

    Output: 

        mse: Mean Squared Error 

    # Calculate Mean Squared Error 

    mse = Average((predictions - targets)^2) 

        Return mse 

 

7. Model Training 

Combining nonlinear dynamics with deep learning, the proposed method trains to maximize a neural 

network to learn both adherence to the dynamic system constraints and forecast accuracy. This 

approach is crucial to ensure that the model catches the complex interactions in biological data and 

respects the basic dynamics stated by nonlinear differential equations. The training approach balances 

two major goals by first building a comprehensive loss function that guarantees compliance with 

dynamic system constraints and reduces prediction error.  By use of gradient-based optimization 

approaches as Stochastic Gradient Descent (SGD) or Adam, we minimize the total loss function 

thereby training the model.  

Reducing the total loss will enable both compliance with dynamic limits and better projected accuracy. 

Usually, the loss values over several epochs enable one to check convergence. Training suggests that 

the model has learnt to balance adherence to the dynamic system equations with prediction accuracy 

since it keeps till the loss stabilizes or goes below a predefined threshold. Through dynamic constraints 

included into the training process, the model not only learns to generate accurate predictions but also 

respects the underlying nonlinear dynamics, so strengthening and interpretable analysis of biological 

components. 

8. Performance Assessment 

Extensive simulations and analogues with existing methods offer the experimental framework to 

evaluate the proposed idea. Mostly with TensorFlow and PyTorch as the main simulation tool, we 

developed and trained the deep learning models. The computational research managed the demanding 

calculations the dynamic deep neural network (DNN) demands by using high-performance processors 

running NVIDIA RTX 3090 GPUs. Each model was trained on biochemical datasets with varying 

sample sizes—150, 300, 450, and 600 samples—in order to assess performance over numerous data 

scales. We employed a 5-fold cross-valuation technique to assure resilience and generalizability of the 

outcomes with each fold having unique training and validation periods.  

Using mean squared error, variance explained assessed model interpretability; and computational 

efficiency (measured by training time and inference speed). DeepBIO, a deep learning framework 
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optimized for biological data analysis; UniDL4BioPep, a deep learning model tailored for peptide data; 

and Neural Network Language Model (NNLM), which integrates sequence data for biochemical 

predictions, were evaluated against the results of the proposed model.   

 

Table 2: Experimental Setup/Parameters 

Parameter Value 

Simulation Tools TensorFlow, PyTorch 

GPUs Used NVIDIA RTX 3090 

CPU Used Intel i7 

RAM 128 GB DDR4 

Dataset Sizes 150, 300, 450, 600 samples 

Training Epochs 100 

Batch Size 64 

Learning Rate 0.001 

λ 0.1 

Optimization Algorithm Adam 

Activation Function ReLU 

Cross-Validation Folds 5 

9. Performance Metrics: 

1. Accuracy (Mean Squared Error, MSE): Sometimes referred to as mean squared error, MSE, 

accuracy measures how closely the model's forecasts match actual data. Commonly used to gauge this 

for regression problems is the mean squared error (MSE), which computes the average squared 

difference between expected and actual data. Reduced MSE points to better predicting ability. 

2

1

1
ˆMSE ( )

N

i i

i

y y
N =

= −  

2. Interpretability: Interpretability of a model is the degree to which its predictions and 

behaviors make sense. This means often examining how well the model follows the basic dynamic 

system equations. Improved interpretability makes comprehension easier and encourages one to trust 

the outputs of the model since the predictions of the model fit known dynamics. 

3. Training Time: From start to finish, training time determines the required length to educate 

the model. This statistic helps one evaluate the computing efficiency of the model, particularly in 

circumstances of complex designs or large datasets. Shortened training periods indicate a more 

successful model. 

4. Inference Speed: Inference speed measures, after trained, the predictive speed of the model. 

It is absolutely essential for real-time applications when fast reactions are needed. Faster inference 

speeds allow one decide and carry out actions more quickly. 

5. Variance Explained: Variance explained, which measures the extent of data fluctuation the 

model can fairly handle. Since it indicates the percentage of the variance in the dependent variable that 
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might be predicted from the independent elements, R2 is one of the often used metrics to evaluate it. 

Greater variance explained indicates that the model quite fairly captures the variation of the data. 

2 Sum of Squares of Residuals (SSR)
1

Total Sum of Squares (SST)
R = −  

The results of figure 2–6 show the proposed deep learning model, which integrates nonlinear 

dynamics, against current methods: UniDL4BioPep, Neural Network Language Model (NNLM), and 

DeepBIO.   

 

Figure 2: Mean Squared Error (MSE) 

The mean squared error (MSE) is a basic gauging of prediction accuracy. Under the proposed model, 

the MSE values vary progressively from 0.054 at 25 epochs to 0.038 at 100 epochs. This fall reveals 

the growing over time accuracy of the model. UniDL4BioPep's MSE starts at 0.079 and works down 

to 0.065. NNLM has similar MSE values starting at 0.082 and working to 0.070. DeepBIo 

demonstrates better performance than UniDL4BioPep and NNLM with MSE values from 0.070 at 25 

epochs to 0.060 at 100 epochs. Reflecting its improved prediction capability, the proposed model 

always runs with the lowest MSE. 

 

Figure 3: Interpretability 

Interpretability measures, in the setting of the fundamental dynamics, the clarity of the model's 

projections. The proposed model rates better on interpretability than existing methods when values 

increase from 0.87 at 25 epochs to 0.92 at 100 epochs. UniDL4BioPep starts with interpretability of 

0.80 and rises to 0.85. NNLM gets lower marks starting with 0.78 and working up to 0.82. DeepBIO 

earns scores between 0.82 and 0.86. The greater interpretability of the proposed model suggests that it 
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not only provides accurate predictions but also fits very neatly with the dynamic system constraints, 

hence boosting transparency and dependability in understanding biological processes. 

 
Figure 4: Training Time 

The evaluation of computing performance mostly relies on the training length. Training times for the 

proposed model go from 1.2 hours at 25 epochs to 4.7 hours at 100 epochs. With running 1.5 hours at 

25 epochs and spanning 6.0 hours at 100 epochs, the proposed model is more efficient than 

UniDL4BioPep. NNLM asks for more time, starting at 1.6 hours and working till 6.2 hours. DeepBIO 

is also competitive given a 1.4 to 5.5 hour training session. Though at higher epochs the recommended 

model's training length is significantly more than DeepBIO, it displays a balance between performance 

and efficiency. 

 
Figure 5: Inference Speed 

Inferences speed counts the time required to generate predictions once the model is trained. While 

starting at 15 milliseconds and rising to 12 milliseconds, the proposed model reduces UniDL4BioPep 

by exhibiting the fastest inference speed—from 12 milliseconds per sample at 25 epochs to 8 

milliseconds at 100 epochs. NNLM is slower ranging from 16 milliseconds to 13 milliseconds. 

DeepBIO shows rates of 14 milliseconds to 11 millisecond interval. The lower inference time of the 

proposed model implies its appropriateness for real-time applications, in which fast predictions are 

absolutely necessary. 
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Figure 6: Variance Explained (R²) 

Variance explained, R², indicates the extent of data variability the model can detect. The recommended 

model's R² values indicate improvement from 0.74 at 25 epochs to 0.82 at 100 epochs, so suggesting 

its efficiency in characterizing data variability. UniDL4BioPep starts with a R² of 0.68 and rises up to 

0.75; NNLM's values run 0.65 to 0.72. DeepBIO shows range of 0.70 to 0.76. Higher R² values of the 

proposed model indicate its improved potential to exactly depict and grasp biological facts. 

10. Conclusion 

Comparatively to current methods—UniDL4BioPep, Neural Network Language Model (NNLM), and 

DeepBIO—the proposed deep learning model, which includes nonlinear dynamics, shows notable 

performance gains across numerous crucial criteria. This highlights its quite precise prediction of 

metabolic components. In terms of interpretability, the proposed model also shows the best values 

indicating better alignment with the underlying dynamic system constraints. For uses requiring 

interpretability, this makes the model more visible and reliable for understanding biological processes. 

Training time is well-regulated with respect to the complexity of the model and performance, even if 

it is somewhat greater than some methods. The proposed model's inference performance is 

significantly faster and is thus well suitable for real-time applications where fast prediction is 

absolutely important with a drop from 12 milliseconds to 8 milliseconds per sample. Computational 

economy, which maintains high performance even in more complex models, is another big advantage 

of the proposed model. It maximizes training and inference processes by balancing the utilization of 

resources. Among the numerous methods, the proposed model's variance explained (R²) is the highest, 

thereby stressing its ability to sufficiently reflect and explain a significant percentage of the variability 

in biochemical data. This indicates that the model not only produces correct forecasts but also a whole 

awareness of the data dynamics. 
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