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Introduction: This study explores using Neural Ordinary Differential Equations (NODEs) to analyze hormone dynamics in the hypothalamicpituitary-adrenal (HPA) axis during Trier Social Stress Tests (TSST) to classify patients with Major Depressive Disorder (MDD).
Methods: Data from TSST were used, measuring plasma ACTH and cortisol concentrations. NODE models replicated hormone changes without prior knowledge of the stressor. The derived vector fields from NODEs were input into a Convolutional Neural Network (CNN) for patient classification, validated through cross-validation (CV) procedures.
Results: NODE models effectively captured system dynamics, embedding stress effects in the vector fields. The classification procedure yielded promising results, with the 1x1 CV achieving an AUROC score that correctly identified 83% of Atypical MDD patients and 53% of healthy controls. The 2x2 CV produced similar outcomes, supporting model robustness.
Discussion: Our results demonstrate the potential of combining NODEs and CNNs to classify patients based on disease state, providing a preliminary step towards further research using the HPA axis stress response as an objective biomarker for MDD.
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INTRODUCTION
The use of Machine Learning (ML) and Artificial Intelligence (AI) for data analysis and pattern recognition has ballooned into a $500+ billion industry over the past several years (Artificial Intelligence Market, 2023), leading to myriad advances in academic disciplines as well. As part of the ML/AI advances, active research is ongoing to implement these methods for diagnostic assistance in clinical settings (Giordano et al., 2021; Huang et al., 2023), for precision medicine (Johnson et al., 2021), and for drug discovery and development (Mak et al., 2023).
This led us to explore the application of Neural Ordinary Differential Equations (NODEs) (Chen et al., 2018) to physiological systems (Lu et al., 2021a; Lu et al., 2021b; Bräm et al., 2023). Inspired by these works, we applied ML/AI to analyze dynamical hormone data from the hypothalamic-pituitary-adrenal (HPA) axis. The HPA axis is the primary regulator of cortisol, a steroid hormone involved in many physiological processes but primarily associated with the stress response. We have specifically examined the response of the HPA axis in healthy controls and subjects with Major Depressive Disorder (MDD) while the patients undergo Trier Social Stress Tests (TSST) (Kirschbaum et al., 1993; Allen et al., 2017).
In the presence of a stressor, the paraventricular nucleus (PVN) of the hypothalamus releases corticotropin-releasing hormone (CRH) into the hypophyseal portal system for transport to the anterior pituitary (Smith and Vale, 2006). Increased CRH concentration causes the anterior pituitary to release adrenocorticotropic hormone (ACTH) into the circulatory system. When circulating ACTH reaches the adrenal glands, it stimulates production of cortisol (Smith and Vale, 2006). ACTH and cortisol are easily measured from blood, while CRH is not released into the systemic circulation and therefore cannot be easily measured.
In this work, we apply NODE models to replicate hormone changes in patients undergoing TSST without prior knowledge of the stressor. Additionally, the trained model can forecast stress effects in new situations. Dynamic analysis indicates that the stress effect is embedded in the non-autonomous vector fields derived from the NODE model. These time-varying vector fields (represented in 3-dimensions) can then be used as input for a subsequent CNN. Our research illustrates how this combined pipeline of NODEs and CNNs can effectively classify patients from our dataset based on disease state. This represents a first step towards clinical applications using the HPA axis stress response as an objective biomarker for MDD. We also address the current limitations of our results and suggest possible improvements.
RESULTS
Figure 1 depicts the process by which classification decisions are made. We will discuss each step in turn, starting with the inputs to the system. The procedure requires the full time-series dataset for a patient, along with the time at which each datapoint was collected. We also need to have labels for the data, indicating the correct classification decision (for use when training the CNN in the final step of the process). See the Classification was performed based on trained NODEs subsection of Results for a description of the classification training procedure.
[image: Figure 1]FIGURE 1 | Workflow of control vs. MDD classification based on NODE encodings of the underlying system dynamics. See Classification Based on Trained NODEs subsection of Results for a more complete description of the procedure.
An augmented NODE system captures system dynamics accurately
The NODE architecture utilizes a feedforward artificial neural network (ANN) as the right-hand side of an ODE, and the ANN encodes a vector field. The NODE system is passed the initial conditions for time, ACTH and cortisol (by adding the time dimension to the inputs, we create an Augmented NODE system, as in Dupont et al. (2019), along with the time interval for integration. Due to the non-autonomous nature of the system being modeled (because stress is input at 30 min for each time-series), this dimension augmentation allows for more accurate learning of system dynamics. The ANN representing the vector field then outputs the instantaneous change in time, ACTH and cortisol. If the initial condition is varied, then the NODE yields different flows through the vector field it represents, equivalent to a traditional ODE system.
We remove time points iteratively from the beginning of an individual time-series dataset, obtaining 10 time-series from the 11 time points contained in the data, and train the NODE on all of these samples. Training the network with various initial time points allows the network to better learn the time dependence of the system, since networks trained without this procedure did not exhibit the same degree of time-dependent variation in the vector fields.
By solving this system (with the Python package torchdiffeq by Chen et al. (2018) in which the system is largely solved using the standard Python ODE solvers from the scipy package), we obtain time series of predicted values. Using the mean squared error (MSE) loss, we compare the predictions to the dataset for backpropagation. Training is stopped after 2,000 iterations or when the maximum MSE loss (for all 10 time-series) drops below 5% of the overall mean of the full dataset. See Figure 2 for examples of the predictions compared to the individual datasets (depicted are the first subjects from the Control and Atypical groups).
[image: Figure 2]FIGURE 2 | NODE fits for the first subject in (A) Control and (B) Atypical MDD. In both (A,B), the upper graph shows the ACTH concentration time series and the lower graph shows the cortisol concentration time series.
As an illustration of the NODE system as a vector field, Figure 3 shows the predicted time series when the initial conditions for ACTH and cortisol are adjusted by ±25%. The modifications to the initial conditions cause the flow to shift slightly. It is interesting to note that though stress signal is not part of the underlying NODE system, since we do not have data on its level, its effect on the hormone level changes were faithfully recaptured by the NODE encoder.
[image: Figure 3]FIGURE 3 | Demonstration of the effects of varying initial conditions by ±25% when solving the system learned by the NODE networks. Depicted subjects are the first subject from (A) Control and (B) Atypical MDD.
The stress effect is embedded in the non-autonomous vector fields computed from the NODE model
The ANN resulting from the above NODE training procedure is used to obtain a time-varying vector field by passing triples of (time, ACTH, cortisol) and obtaining a vector representing change in these values at that point. See Figure 4 for examples of these 3-dimensional vector fields learned from the individual subject time-series data. The subjects correspond to those shown in Figures 2, 3 and the flows through the vector fields are consistent with those figures. Figure 5 shows the ACTH-cortisol plane at two different times for the same patients, demonstrating the time-dependence of the system learned from the data.
[image: Figure 4]FIGURE 4 | Time-varying vector fields learned from the data for the first subject from (A) Control and (B) Atypical MDD. Axes are ACTH concentration in pg/mL, cortisol concentration in μg/dL and time in minutes. Rotating.gif versions of these plots are available in the Supplementary Material.
[image: Figure 5]FIGURE 5 | ACTH-cortisol plane at two different times for the first subject from (A) Control and (B) Atypical MDD. We see changes depending on time, as the network has learned the nonautonomous system dynamics.
Due to the time-varying nature of the 3-dimensional vector fields, we can see the effect of the stressor on the ACTH-cortisol plane when the patients’ hormone concentrations respond. The stressor was initiated at 30 min and ceased at 50 min in the TSST procedure. In Control Patient 1 (shown in Figures 2A–4A), the system behaves as we would expect for the observed hormone response to the stressor starting 10–15 min after it is initiated. The effect of the stressor is not apparent until roughly 20–30 min after initiation of the stressor in Atypical MDD Patient 1 (shown in Figures 2B–4B). This is caused by the unusual nature of the stress response in this patient, which the system is still able to effectively learn from the data.
These vector fields contain a considerable amount of information about the stress response of individual subjects, so we used the vector fields as inputs in a classification procedure.
Classification was performed based on time-varying vector field representations
Next, 10 × 10 × 10 × 3 representations of the vector fields for each individual were extracted and used with a CNN for classification. The representations were created by sampling 10 points for each of time, ACTH and cortisol and the corresponding 3-dimensional vector of their instantaneous change at that point. The samples were linearly spaced between the minimum value in the time series minus 5% and maximum value in the time series plus 5% for each variable.
Due to the limited availability of data for our tests, we were concerned about the possibility of overfitting. By expanding the 11 features of each individual patient to a 3D vector field, we increased the number of features used for classification substantially. To assess the impact of potential overfitting, we performed two separate cross-validation (CV) procedures wherein we tested the classification on many subsets of the data. These CV procedures allowed us to obtain an estimate of generalizability of the classification results. This involved leaving out one sample from each group as test data, training on the vector fields of the remaining individuals and comparing predicted classes to the labels using binary cross-entropy loss. This was repeated for all pairs of one subject from each group, a total of 210 train/test splits (15 control and 14 Atypical MDD subjects) which we term 1 × 1 CV. We also performed a similar procedure leaving out two subjects from each group, which we term 2 × 2 CV (9,555 train/test splits performed).
The classification results were evaluated using the area under the receiver operating characteristic curve (AUROC) as a metric (Prusty et al., 2022). Figure 6A shows the result of the 1 × 1 CV procedure, while Figure 6B shows the results for the 2 × 2 CV. Both procedures give roughly the same relationship between true positive rate (TPR) and false positive rate (FPR). For the 1 × 1 CV, the optimal threshold for classification (based on the MATLAB perfcurve function) gives 0.8286 TPR and 0.4714 FPR. This means that the classification procedure identified around 83% of Atypical MDD patients correctly, while still managing to classify healthy controls correctly around 53% of the time. It should be noted that the algorithm used for selecting the optimal classification threshold prioritizes TPR over FPR, as a false positive is assumed to be less harmful than a false negative.
[image: Figure 6]FIGURE 6 | ROC curves for classification between healthy control subjects and Atypical MDD subjects. (A) 1 × 1 CV, (B) 2 × 2 CV. See Classification was performed based on time-varying vector field representations subsection of Results for details of the cross-validation procedure.
DISCUSSION
There is an unmet need for objective diagnosis
Major Depressive Disorder (MDD) is a mental health condition characterized by weight loss or gain, hypersomnia or insomnia, anhedonia, and persistent low mood among other symptoms (Belmaker and Agam, 2008). The MDD subtypes are characterized by varied symptoms: Melancholic (weight loss and insomnia), Atypical (weight gain and hypersomnia), and patients that are neither Melancholic nor Atypical (Gili et al., 2012).
Currently, there are no reliable objective tools available for diagnosing major depressive disorder (MDD) or guiding treatment for those suffering from this condition. Diagnosis primarily relies on clinical interviews with questionnaires based on the DSM-5 (Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition) (American Psychiatric Association, 2013). However, even experienced interviewers face challenges in making accurate diagnoses, and significant variability exists among clinicians assessing the same patient (Regier et al., 2013). Factors affecting the reliability of diagnoses include comorbidities (Regier et al., 2013) and cultural influences on how symptoms are presented and reported (Sun et al., 2019).
Objective diagnosis based on measurable biomarkers would help address this challenge. For example, the hypothalamic-pituitary-adrenal (HPA) axis and the subsequent hormone regulation are reported to be dysregulated in patients with MDD (Yehuda et al., 1996; Gillespie and Nemeroff, 2005; Shea et al., 2005; Carroll et al., 2007; Fink and Taylor, 2007; Murri et al., 2014), though there is some dissent about what causes the dysregulation (Holsboer, 2000; Ceruso et al., 2020). Unfortunately, after much effort in classification of disease state based on TSST data, this goal remains elusive.
The limitations of the current results
Given the small number of patient samples used in this work (reported tests were between healthy control and Atypical MDD subjects and used 29 individuals), we cannot be certain of the generalizability of this classification method. While the AUROC measure after thorough cross-validation procedures can give a degree of confidence, we cannot be fully certain that this will be replicable across datasets.
Further, the lack of explainable parameters in ML/AI methods gives us pause when assessing the reasonability of model decisions. By contrast, traditional regression models or mechanistic ODE models have parameters that are explicitly defined and comparable among the model parameters. While differences in the observed data can be used for classification purposes, we cannot explicitly determine which features of the data are used in decision making due to the largely black-box nature of neural networks. In the next section, we will address these concerns and provide an overview of how confidence in the results can be increased in the future.
A limitation of the method unrelated to the mathematical underpinnings of the classification is that conducting a TSST is expensive and stressful. This limits the applicability of the method in its current state, although we do not believe these limitations are insurmountable. For instance, the use of Virtual Reality TSST has been shown to elicit comparable stress reactions to live TSST (Shiban et al., 2016). This could significantly decrease the cost of obtaining additional data and any eventual clinical applications of the method.
Perspective: how to build a stronger tool
There is much room for improvement in the data available for training. Ideally, further data from a larger population of control and MDD subjects, as well as other types of data, should be assembled for classification purposes. For example, positron emission tomography (PET) or functional magnetic resonance imaging (fMRI) scans, quantitative data on behavior changes, and other types of physiological indicators of stress could be used in combination with cortisol and ACTH. With the power of NODEs in translating time-series data into images ready for CNN classification, mixed types of data that include both time-series data and images from the same patients could be used together to maximize diagnostic accuracy.
The second concern we would address is with the lack of explainability in some ML/AI methods. There are interesting techniques, such as Layer-wise Relevance Propagation (LRP) (Bach et al., 2015), for explaining classification of images with CNNs. This method creates a heatmap of how relevant each pixel is to the final classification. The method has been extended to apply to recurrent neural networks (such as long short-term memory and gated recurrent unit networks) (Arras et al., 2017). The incorporation of such methods promises to make the results more explainable.
Using NODEs to learn the underlying vector field of a system is a first step towards a more complete understanding of the HPA axis under stress and how the system is dysregulated in MDD. With data scale and variety being overcome, objective diagnosis based on measurable biomarkers promises to aid clinicians in better helping MDD patients.
METHODS
Data collection and selection
In clinical settings, there are two main avenues for physicians/researchers to investigate patient HPA axis dynamics. The first common test for diagnosis of HPA axis dysregulation is the Dexamethasone Suppression Test (DST). In a DST, a small dose (0.25–1.0 mg) of the synthetic glucocorticoid dexamethasone is administered in the evening and plasma cortisol is measured several times the next day (Gillespie and Nemeroff, 2005). While there have been interesting results regarding the changes in MDD patient responses to DST, we have chosen to focus on the second method: stress tests.
A Trier Social Stress Test (TSST) involves placing research subjects in a stressful situation (mock interview and surprise mental arithmetic test) while taking measurements regarding their stress response (Kirschbaum et al., 1993; Allen et al., 2017). The TSST data we have used was from repeated blood draws at 10 or 15-min intervals during the test—the blood was subsequently assayed for plasma ACTH and cortisol concentrations. This data allows for examination of the system dynamics on a much shorter and more granular timescale than a DST, including the initial uptick in ACTH/cortisol on exposure to a stressor and its subsequent decline to baseline due to feedback effects. We have used data from a TSST study to perform this research (see Parker et al. (2022) for details of data collection).
The number of control subjects was 15, and the total number of MDD subjects was 43 (roughly evenly distributed between the three subtypes). In Supplementary Figures S1, S2, we have carried out boxplots of the hormone area under the curve (AUC) measures in all these four groups.
In this work, we chose to carry out the classification between the healthy control subjects and Atypical MDD subjects so that the two groups being classified are roughly equal in numbers. The code provided in the Supplementary Material can be modified to carry out similar classification between healthy controls and Melancholic or Neither MDD subtype groups, further demonstrating the generality of our toolset.
Artificial neural network (ANN)
In their most basic form, ANNs consist of a single fully-connected layer to perform a linear combination of the inputs followed by a non-linear activation function (such as ReLU or hyperbolic tangent) (Aggarwal, 2018). Adding in additional fully-connected layers (or additional hidden nodes in each layer) increases the complexity of the model and is thereby expected to improve performance to an arbitrarily accurate level given enough data (by the Universal Approximation Theorem (Hornik et al., 1989; Yu, 2021)).
In practice, however, this is not the case when using small datasets. Without sufficient data, increasing the size of any NN increases overfitting of the training data and thereby decreases generalizability (Aggarwal, 2018). Further, ANNs do not allow us to consider the data as a time-series, which loses information contained in the data. Therefore, we have turned to several network architectures that can accept time-series data as inputs.
Neural ordinary differential equation (NODE)
Another network architecture that we have applied is NODE—first introduced by Chen et al. (2018). NODEs represent the continuous time extension of Residual Neural Networks (ResNets). The architecture of a ResNet is a network containing residual connections in some subnetworks. These residual connections lead to the relation between inputs and outputs seen in Eq. 1.
[image: image]
where [image: image] represents the vector of inputs, [image: image] represents the vector of outputs, and [image: image] is a function representing the operations performed by the residual subnetwork. The residual connection passes the inputs directly through to sum with the outputs—propagating the input signal deeper into the network in part to combat the vanishing gradient problem (Aggarwal, 2018).
In deep ResNets, multiple residual subnetworks (often called Residual Blocks) are stacked. If we imagine stacking an infinite number of Residual Blocks, with each taking the inputs, adding some value depending on the inputs and then passing it to the next block, this is approximately equivalent to the NODE architecture (Dupont et al., 2019). In NODEs, the system has its right-hand side represented by a NN as shown in Eq. 2.
[image: image]
Where [image: image] is the vector of variable states and [image: image] represents the matrix of parameters (weights and biases) of the network. This system is residual because each time step of integration by the differential equation solver increments the output from the previous step. Unlike discrete-time ResNets, this process uses an adaptive step size to take an arbitrary number of steps covering the desired time interval of integration. It should be noted that Massaroli et al. (2020) dispute the equivalence of NODEs and infinite ResNets due to the depth-invariance of the parameters in the original NODE formulation. Every time step of the system described above has the same parameters [image: image] applied, while ResNets have a new parameter matrix for every layer.
Network training
We performed the network training with the AdamW optimizer using 1e-6 weight decay, 1e-3 learning rate and mean squared error (MSE) loss. Activations were ReLU by default, although we tested using alternatives including hyperbolic tangent. All code was written in Python using PyTorch and torchdiffeq packages for NN operations. All networks were trained/tested on a 2020 Macbook Pro with an Apple M1 chip. See Supplementary Material S1 for the full code archive. Various figures were generated in MATLAB (using the results from the Python code) to make use of the GUI for customization.
DATA AVAILABILITY STATEMENT
Publicly available datasets were analyzed in this study. This data can be found here: CP, EN, TZ. VeVaPy, a Python Platform for Efficient Verification and Validation of Systems Biology Models with Demonstrations Using Hypothalamic-Pituitary-Adrenal Axis Models. Entropy. 2022; 24(12):1747. https://doi.org/10.3390/e24121747.
AUTHOR CONTRIBUTIONS
CP: Writing–original draft, Writing–review and editing, formal analysis, software, methodology. EN: Data curation, Funding acquisition, Resources, Writing–review and editing. TZ: Conceptualization, Funding acquisition, Supervision, Visualization, Writing–original draft, Writing–review and editing.
FUNDING
The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. The work was supported by grant 1016183 ARMY W911NF-20-1-0192 to TZ and by grant NIMH K23MH067705 to EN.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2024.1375468/full#supplementary-material
REFERENCES
 Aggarwal, C. (2018). Neural networks and deep learning: a textbook. Switzerland: Springer. 
 Allen, A. P., Kennedy, P. J., Dockray, S., Cryan, J. F., Dinan, T. G., and Clarke, G. (2017). The trier social stress test: principles and practice. Neurobiol. Stress 6, 113–126. Epub 20161112. PubMed PMID: 28229114; PubMed Central PMCID: PMC5314443. doi:10.1016/j.ynstr.2016.11.001
 American Psychiatric Association (2013). Diagnostic and statistical manual of mental disorders. 5th ed. American Psychiatric Association. 
 Arras, L., Montavon, G., Muller, K.-R., and Samek, W. (2017). “Explaining recurrent neural network predictions in sentiment analysis,” in 8th workshop on computational approaches to subjectivity, sentiment and social media analysis ed . Editors A. Balahur, S. Mohammad, and E. van der Goot (Copenhagen, Denmark).
 Artificial Intelligence Market (2023). Artificial Intelligence Market Size, Share and COVID-19 Impact Analysis, By component (Hardware, software/platform, and services), by function (human Resources, marketing and sales, product/service deployment, service operation, risk, supply-chain management, and others (strategy and corporate finance)), by deployment (cloud and on-premises), by industry (healthcare, retail, IT and telecom, BFSI, automotive, advertising and media, manufacturing, and others), and regional forecast, 2023-2030. Fortune Bus. Insights, 2023 Contract No. FBI100114. 
 Bach, S., Binder, A., Montavon, G., Klauschen, F., Muller, K.-R., and Samek, W. (2015). On pixel-wise explanations for non-linear classifier decisions by layer-wise relevance propagation. PLOS One 10 (7), e0130140. doi:10.1371/journal.pone.0130140
 Belmaker, R. H., and Agam, G. (2008). Major depressive disorder. N. Engl. J. Med. 358 (1), 55–68. PubMed PMID: 18172175. doi:10.1056/NEJMra073096
 Bräm, D. S., Nahum, U., Schropp, J., Pfister, M., and Koch, G. (2023). Low-dimensional neural ODEs and their application in pharmacokinetics. J. Pharmacokinet. Pharmacodynamics 51, 123–140. doi:10.1007/s10928-023-09886-4
 Carroll, B. J., Cassidy, F., Naftolowitz, D., Tatham, N. E., Wilson, W. H., Iranmanesh, A., et al. (2007). Pathophysiology of hypercortisolism in depression. Acta Psychiatr. Scand. Suppl. 115 (433), 90–103. PubMed PMID: 17280575. doi:10.1111/j.1600-0447.2007.00967.x
 Ceruso, A., Martínez-Cengotitabengoa, M., Peters-Corbett, A., Diaz-Gutierrez, M. J., and Martínez-Cengotitabengoa, M. (2020). Alterations of the HPA axis observed in patients with major depressive disorder and their relation to early life stress: a systematic review. Neuropsychobiology 79 (6), 417–427. Epub 20200323. PubMed PMID: 32203965. doi:10.1159/000506484
 Chen, R. T., Rubanova, Y., Bettancourt, J., and Duvenaud, D. (2018) “Neural ordinary differential equations,” in 32nd conference on neural information processing systems . Montreal, Canada. 
 Dupont, E., Doucet, A., and Teh, Y. W. (2019) Augmented neural ODEs. Vancouver, Canada: NeurIPS. 
 Fink, M., and Taylor, M. A. (2007). Resurrecting melancholia. Acta Psychiatr. Scand. Suppl. 115 (433), 14–20. PubMed PMID: 17280566. doi:10.1111/j.1600-0447.2007.00958.x
 Gili, M., Roca, M., Armengol, S., Asensio, D., Garcia-Campayo, J., and Parker, G. (2012). Clinical patterns and treatment outcome in patients with melancholic, atypical and non-melancholic depressions. PLoS One 7 (10), e48200. Epub 20121026. PubMed PMID: 23110213; PubMed Central PMCID: PMC3482206. doi:10.1371/journal.pone.0048200
 Gillespie, C. F., and Nemeroff, C. B. (2005). Hypercortisolemia and depression. Psychosom. Med. 67 (Suppl. 1), S26–S28. PubMed PMID: 15953796. doi:10.1097/01.psy.0000163456.22154.d2
 Giordano, C., Brennan, M., Mohamed, B., Rashidi, P., Modave, F., and Tighe, P. (2021). Accessing artificial intelligence for clinical decision-making. Front. Digit. Health 3, 645232. Epub 20210625. PubMed PMID: 34713115; PubMed Central PMCID: PMC8521931. doi:10.3389/fdgth.2021.645232
 Holsboer, F. (2000). The corticosteroid receptor hypothesis of depression. Neuropsychopharmacology 23 (5), 477–501. PubMed PMID: 11027914. doi:10.1016/S0893-133X(00)00159-7
 Hornik, K., Stinchcombe, M., and White, H. (1989). Multilayer feedforward networks are universal approximators. Neural Netw. 2, 359–366. doi:10.1016/0893-6080(89)90020-8
 Huang, X., Zhou, S., Ma, X., Jiang, S., Xu, Y., You, Y., et al. (2023). Effectiveness of an artificial intelligence clinical assistant decision support system to improve the incidence of hospital-associated venous thromboembolism: a prospective, randomised controlled study. BMJ Open Qual. 12 (4), e002267. PubMed PMID: 37832969; PubMed Central PMCID: PMC10582876. doi:10.1136/bmjoq-2023-002267
 Johnson, K. B., Wei, W. Q., Weeraratne, D., Frisse, M. E., Misulis, K., Rhee, K., et al. (2021). Precision medicine, AI, and the future of personalized health care. Clin. Transl. Sci. 14 (1), 86–93. Epub 20201012. PubMed PMID: 32961010; PubMed Central PMCID: PMC7877825. doi:10.1111/cts.12884
 Kirschbaum, C., Pirke, K. M., and Hellhammer, D. H. (1993). The 'Trier Social Stress Test'--a tool for investigating psychobiological stress responses in a laboratory setting. Neuropsychobiology 28 (1-2), 76–81. PubMed PMID: 8255414. doi:10.1159/000119004
 Lu, J., Bender, B., Jin, J. Y., and Guan, Y. (2021a). Deep learning prediction of patient response time course from early data via neural-pharmacokinetic/pharmacodynamic modelling. Nat. Mach. Intell. 3, 696–704. Epub 21 June 2021. doi:10.1038/s42256-021-00357-4
 Lu, J., Deng, K., Zhang, X., Liu, G., and Guan, Y. (2021b). Neural-ODE for pharmacokinetics modeling and its advantage to alternative machine learning models in predicting new dosing regimens. iScience 24 (7), 102804. Epub 2021/07/27. PubMed PMID: 34308294; PubMed Central PMCID: PMC8283337. doi:10.1016/j.isci.2021.102804
 Mak, K.-K., Wong, Y.-H., and Pichika, M. R. (2023). “Artificial intelligence in drug discovery and development,” in Drug discovery and evaluation: safety and pharmacokinetic assays ed . Editors F. Hock, and M. Pugsley (Switzerland: Springer Nature).
 Massaroli, S., Poli, M., Park, J., Yamashita, A., and Asama, H. (2020) “Dissecting neural ODEs,” in 34th conference on neural information processing systems , Vancouver, Canada. 
 Murri, M. B., Pariante, C., Mondelli, V., Masotti, M., Atti, A. R., Mellacqua, Z., et al. (2014). HPA axis and aging in depression: systematic review and meta-analysis. Psychoneuroendocrinology 41, 46–62. doi:10.1016/j.psyneuen.2013.12.004
 Parker, C., Nelson, E., and Zhang, T. (2022). VeVaPy, a python platform for efficient verification and validation of systems biology models with demonstrations using hypothalamic-pituitary-adrenal axis models. Entropy (Basel). 24 (12), 1747. Epub 2022/12/24. PubMed PMID: 36554152; PubMed Central PMCID: PMC9777964. doi:10.3390/e24121747
 Prusty, S., Patnaik, S., and Dash, S. K. (2022). SKCV: stratified K-fold cross-validation on ML classifiers for predicting cervical cancer. Front. Nanotechnol. 4. doi:10.3389/fnano.2022.972421
 Regier, D. A., Narrow, W. E., Clarke, D. E., Kraemer, H. C., Kuramoto, S. J., Kuhl, E. A., et al. (2013). DSM-5 field trials in the United States and Canada, Part II: test-retest reliability of selected categorical diagnoses. Am. J. Psychiatry 170 (1), 59–70. PubMed PMID: 23111466. doi:10.1176/appi.ajp.2012.12070999
 Shea, A., Walsh, C., Macmillan, H., and Steiner, M. (2005). Child maltreatment and HPA axis dysregulation: relationship to major depressive disorder and post traumatic stress disorder in females. Psychoneuroendocrinology 30 (2), 162–178. PubMed PMID: 15471614. doi:10.1016/j.psyneuen.2004.07.001
 Shiban, Y., Diemer, J., Brandl, S., Zack, R., Mühlberger, A., and Wüst, S. (2016). Trier social stress test in vivo and in virtual reality: dissociation of response domains. Int. J. Psychophysiol. 110, 47–55. Epub 20161012. PubMed PMID: 27742258. doi:10.1016/j.ijpsycho.2016.10.008
 Smith, S. M., and Vale, W. W. (2006). The role of the hypothalamic-pituitary-adrenal axis in neuroendocrine responses to stress. Dialogues Clin. Neurosci. 8 (4), 383–395. PubMed PMID: 17290797; PubMed Central PMCID: PMC3181830. doi:10.31887/DCNS.2006.8.4/ssmith
 Sun, Y., Chen, G., Wang, L., Li, N., Srisurapanont, M., Hong, J. P., et al. (2019). Perception of stigma and its associated factors among patients with major depressive disorder: a multicenter survey from an Asian population. Front. Psychiatry 10, 321. Epub 20190515. PubMed PMID: 31156476; PubMed Central PMCID: PMC6529583. doi:10.3389/fpsyt.2019.00321
 Yehuda, R., Teicher, M. H., Trestman, R. L., Levengood, R. A., and Siever, L. J. (1996). Cortisol regulation in posttraumatic stress disorder and major depression: a chronobiological analysis. Biol. Psychiatry 40 (2), 79–88. PubMed PMID: 8793040. doi:10.1016/0006-3223(95)00451-3
 Yu, A. (2021). Arbitrary-depth universal approximation theorems for operator neural networks. arXiv. Epub 23 Sep 2021. 
Conflict of interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2024 Parker, Nelson and Zhang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/math_1.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		Applying neural ordinary differential equations for analysis of hormone dynamics in Trier Social Stress Tests		Introduction

		Results		An augmented NODE system captures system dynamics accurately

		The stress effect is embedded in the non-autonomous vector fields computed from the NODE model

		Classification was performed based on time-varying vector field representations





		Discussion		There is an unmet need for objective diagnosis

		The limitations of the current results

		Perspective: how to build a stronger tool





		Methods		Data collection and selection

		Artificial neural network (ANN)

		Neural ordinary differential equation (NODE)

		Network training





		Data availability statement

		Author contributions

		Funding

		Publisher’s note

		Supplementary material

		References









OPS/images/inline_6.gif





OPS/images/math_2.gif
@





OPS/images/inline_5.gif





OPS/images/inline_4.gif









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Genetics





OPS/images/fgene-15-1375468-g005.gif





OPS/images/fgene-15-1375468-g006.gif





OPS/images/fgene-15-1375468-g003.gif





OPS/images/fgene-15-1375468-g004.gif
Vector Field






OPS/images/inline_3.gif





OPS/images/inline_1.gif





OPS/images/inline_2.gif





OPS/images/cover.jpg
’ frontiers | Frontiers in Genetics

Applying neural ordinary
differential equations for
analysis of hormone dynamics in
Trier Social Stress Tests





OPS/images/fgene-15-1375468-g001.gif





OPS/images/fgene-15-1375468-g002.gif





