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Abstract
Non-invasive intracranial pressure (ICP) monitoring can help clinicians safely and efficiently monitor spaceflight-associated 
neuro-ocular syndrome (SANS), idiopathic intracranial hypertension, and traumatic brain injury in astronauts. Current 
invasive ICP measurement techniques are unsuitable for austere environments like spaceflight. In this study, we explore the 
potential of plasma-derived cell-free RNA (cfRNA) biomarkers as non-invasive alternatives to cerebrospinal fluid (CSF) 
markers for ICP assessment. We conducted a secondary analysis of NASA's Open Science Data Repository datasets 363–364, 
focusing on plasma and CSF biomarkers related to ICP and neurovascular health. An ensemble model combining Support 
Vector Machine, Gradient Boosting Regressor, and Ridge Regression was developed to capture plasma-CSF biomarker 
relationships. To address limited sample size, we employed a Generative Adversarial Network (GAN) to generate synthetic 
plasma-CSF biomarker pairs, expanding the dataset from 29 to 279 samples. The model's performance was evaluated using 
Mean Squared Error (MSE) and validated against real biomarker data. The GAN-augmented ensemble model achieved 
high predictive accuracy with an MSE of 0.0044. Synthetic plasma-CSF pairs closely aligned with actual biomarker dis-
tributions, demonstrating their effectiveness in reducing overfitting and enhancing model robustness. Strong correlations 
between plasma-derived RNA biomarkers and corresponding CSF indicators support their potential as non-invasive proxies 
for ICP assessment. This study establishes a novel framework for non-invasive ICP monitoring using plasma cfRNA profiles 
enriched with GAN-generated synthetic data. The approach shows promise for both spaceflight and clinical applications, 
potentially broadening diagnostic capabilities for ICP-related conditions. However, further validation across diverse popula-
tions is necessary, along with careful consideration of bioethical and data security issues associated with synthetic data use 
in clinical diagnostics.
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Introduction

Spaceflight-Associated Neuro-Ocular Syndrome (SANS) is 
a condition commonly faced by astronauts that is charac-
terized by optic disc edema and globe flattening in during 

extended space missions (Félix & Oliveira, 2022; Jasien 
et al., 1985; Kamran et al., 2024; Martin Paez et al., 2020; 
Wojcik et al., 2020). As SANS likely stems from micro-
gravity-induced cephalad fluid shifts, real-time intracranial 
pressure (ICP) monitoring is crucial for understanding and 
mitigating vision impairment (Huang et al., 2019; Ong et al., 
2022; Wostyn et al., 2022). However, Current invasive ICP 
measurement methods are impractical to use on the interna-
tional space station (ISS), necessitating non-invasive alterna-
tives (D'Antona et al., 2021; Engelborghs et al., 2017; Kim, 
2022; Munakomi & Das, 2024; Raboel et al., 2012). In this 
study, we explored cell-free RNA (cfRNA) in blood plasma 
as minimally invasive biomarkers (Albrecht et al., 2022; 

Description: Our study introduces a novel approach to non-invasive 
intracranial pressure monitoring using plasma-derived RNA 
biomarkers, enhanced by machine learning techniques. by analyzing 
NASA datasets and employing generative adversarial networks, 
we developed a predictive model that could revolutionize ICP 
assessment in both space and terrestrial medical applications.
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Cheung et al., 2019; Roskams-Hieter et al., 2022; Zaporozh-
chenko et al., 2018) that can potentially reflect ICP fluctua-
tions through tissue-specific gene expression and systemic 
physiological changes. In doing so, we aimed to capture a 
broad range of biological variability, including physiologi-
cal stressors such as circadian rhythm disruptions, neuroin-
flammatory responses, and psychological stress (Brasil et al., 
2023; Burgos et al., 2014; Glinge et al., 2017; Goodman 
et al., 2008; Sohel Md Mahmodul, 2016; Thomou et al., 
2017; Zhou et al., 2016). Our team analyzed NASA's Open 
Science Data Repository datasets 363–364 using an ensem-
ble modeling approach enhanced by generative adversarial 
networks (GANs) (Bannick et al., 2021; Kang et al., 2023; 
Kuo et al., 2023; Mahajan et al., 2023; Naderalvojoud & 
Hernandez-Boussard, 2024a; Nguyen et al., 2021; Paladugu 
et al., 2023). This allowed us to generate a predictive model 
for CSF characteristics, which can be applied beyond space-
flight for conditions like idiopathic intracranial hypertension 
and traumatic brain injury (Evensen & Eide, 2020; Müller 
et al., 2023; Stocchetti et al., 2007). In essence, our non-
invasive ICP estimation technique presents an initial step 
towards remote neurological monitoring, thereby allowing 
space agencies and terrestrial physicians to monitor intracra-
nial dynamics without relying on invasive procedures.

Materials and Methods

Data Collection and Processing

We conducted a secondary analysis of plasma and CSF 
biomarker samples from NASA’s OSDR datasets 363–364 
(Zanello et  al., 2018), focusing on mRNA and miRNA 
expression profiles associated with ICP regulation and neu-
rovascular health. We used the GPT Neural Network Large 
Language Model (LLM) for code generation (Leike et al., 
2023) and ensured that synthetic data generation closely 
mirrored the original plasma-CSF distribution while pre-
serving biological variability (Giuffrè & Shung, 2023; Zhou 
et al., 2024). To enhance data diversity, the LLM-aided GAN 
generated synthetic plasma-CSF data pairs, which we inte-
grated into the training set to expand the sample size. We 
then used prompt engineering to optimize the adversarial 
training process (He et al., 2023; Meskó, 2023; Priyadar-
shana et al., 2024; Wang et al., 2024), balancing the genera-
tor and discriminator networks over 3,000 epochs to achieve 
stable convergence (Cao et al., 2024; Khan et al., 2023). 
The synthetic dataset, which has 250 samples, was carefully 
checked using Kolmogorov–Smirnov tests and Jensen-Shan-
non divergence to ensure it matched the real data distribu-
tions (29 miRNA and 13 mRNA paired samples). The final 
synthetic dataset was validated for alignment with real data 
distributions (Azizi et al., 2021).

After preprocessing, 29 paired plasma-CSF samples for 
miRNA and 13 for mRNA were aligned based on gene iden-
tifiers to form the final dataset. Plasma biomarkers were used 
as input features, while CSF biomarkers were designated as 
target outputs, establishing a foundational predictive map-
ping for supervised machine learning (Figure 1)

Preprocessing and Data Standardization

We standardized fold change values to align plasma and CSF 
distributions and log-transformed p-values to ensure consist-
ent statistical scaling (Feng et al., 2014; Lee, 2020). Out-
liers beyond ± 2 standard deviations of Log₂(FoldChange) 
were retained if they showed cosine similarity > 0.85 
with GLDS-373 stressor-aligned transcriptomes. We also 
validated expression trends against circadian and stress-
inducible transcripts (e.g., PER1, miR-219, miR-132) in 
CircaDB and GLDS-377 to ensure biological plausibility. 
Missing values were imputed using iterative multivariate 
imputation via chained equations (MICE), and we predic-
tively mean matched for continuous variables and performed 
logistic regression for categorical indicators (Emmanuel 
et al., 2021). Imputed values were constrained within ± 1.5 
SD of real sample distributions and validated using Kol-
mogorov–Smirnov tests (p > 0.1). Performance sensitivity 
analysis showed that retaining these biologically grounded 
outliers improved model accuracy by 12% (MSE reduction 
from 0.0050 to 0.0044), supporting their role in enhancing 
generalizability.

Custom Three‑Layer GAN for Synthetic Data 
Generation

To address the limited sample size, we developed a Custom 
Three-Layer GAN model (Jiang et al., 2023; Lan, 2021; Lan 
et al., 2020; Li et al., 2022; Vaz & Balaji, 2021) to gener-
ate synthetic plasma-CSF biomarker pairs aligned with the 
original data distribution. The generator and discriminator 
are both fully connected neural networks with three hid-
den layers ([data_dim, 32, 16, data_dim] for the generator; 
[data_dim, 32, 16, 1] for the discriminator), using tanh acti-
vations for smooth transformations and a final sigmoid layer 
for binary classification (Ge et al., 2020; Kunc & Kléma, 
2021; Montesinos López et al., 2022; Santos et al., 2023). 
The sigmoid maps outputs to probabilities (0 = synthetic, 
1 = real), which we optimized through binary cross-entropy 
loss. We then raining proceeded over 3,000 epochs with a 
learning rate of 0.001 and batch size of 128, which facili-
tated convergence and minimized mode collapse (Alhoraibi 
et al., 2024; Cao et al., 2024; Dimitriadis et al., 2022; Khan 
et al., 2023; Zhang et al., 2020). This adversarial process 
yielded 250 high-fidelity synthetic samples, which we vali-
dated against real distributions using Kolmogorov–Smirnov 



Neuroinformatics           (2025) 23:38 	 Page 3 of 13     38 

tests and Jensen-Shannon divergence (Fig. 2) to confirm 
alignment across entropy and variance metrics.

While synthetic augmentation improved data diversity 
and model generalizability (Chen et al., 2021; Gao et al., 

2023; Gygi et al., 2023; Montesinos López et al., 2022), 
we recognize that unconditioned GANs may underrepre-
sent circadian, immune, or stress-induced transcriptomic 
dynamics critical to ICP regulation. In future trials, we 

Fig. 1   Correlation Matrix of 
Plasma-CSF Biomarkers. This 
heatmap shows pairwise cor-
relation coefficients between 
plasma and CSF biomarkers, 
with indices 0–9 correspond-
ing to plasma miRNA and CSF 
mRNA pairs listed in Sup-
plementary Table 1. Red cells 
indicate positive correlations, 
blue cells negative correlations, 
with values near 1 (deep red) 
or −1 (deep blue) suggesting 
strong associations

Fig. 2   Scatter Plot of Original 
vs. Synthetic Plasma-CSF Data. 
This scatter plot illustrates the 
Log2(FoldChange) values of 
original (blue circles) and GAN-
generated synthetic (green tri-
angles) plasma-CSF biomarker 
pairs. The x-axis represents 
plasma Log2(FoldChange), 
while the y-axis shows CSF 
Log2(FoldChange). The close 
clustering of synthetic data 
points around the distribution of 
original data demonstrates the 
GAN model’s effectiveness in 
replicating the variability and 
range of the original plasma-
CSF biomarker dataset, high-
lighting its ability to enhance 
data diversity for model training
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aim to continuously train our GAN using GLDS-tagged 
stressor metadata to simulate microgravity-driven vari-
ability more accurately. In parallel, we will conduct abla-
tion studies to explore reduced synthetic-to-real ratios 
(e.g., 100 or 150 synthetic pairs) to quantify the perfor-
mance tradeoffs and prevent overfitting.

Ensemble Learning Model Architecture

To map plasma to CSF biomarker levels, we developed 
an ensemble model combining three base models (Nad-
eralvojoud & Hernandez-Boussard, 2024b; Sarker et al., 
2024): Support Vector Machine (SVM) (Ben-Hur & Wes-
ton, 2010), Gradient Boosting Regressor (GBR) (Li et al., 
2018), and Ridge Regression (Wang et al., 2022). The 
SVM, using a radial basis function (RBF) kernel with 
optimized hyperparameters (C = 0.1, ε = 0.01) (Ben-Hur 
& Weston, 2010; Xia et al., 2020), captured non-linear 
relationships. The GBR, configured with 200 estimators, 
a learning rate of 0.2, and a maximum depth of 4, identi-
fied complex hierarchical dependencies among plasma 
biomarkers linked to CSF characteristics (Li et al., 2018). 
Ridge Regression served as a meta-model, aggregating 
outputs from the SVM and GBR while using a regulari-
zation parameter (α = 10) to reduce overfitting (Ridge & 
Regularization, 2020).

Results

Predicted vs. Actual CSF Log2(FoldChange)

We evaluated the ensemble model's performance by com-
paring predicted and actual CSF Log2(FoldChange) values 
across the validation dataset (Fig. 3).

We found that the ensemble model demonstrated strong 
predictive performance, and calculated a Mean Squared 
Error (MSE) of 0.0044 and tight alignment between pre-
dicted and actual CSF Log₂(FoldChange) values (Chicco 
et al., 2021; Dammer et al., 2022; Orf et al., 2023). By 
including synthetic data, we were able to improve gener-
alizability compared to a real-only baseline (Fig. 5). Slight 
deviations from the identity line likely reflect biologically 
relevant variability—such as circadian or stress-induced 
shifts—which is not fully captured by synthetic augmenta-
tion (Gonzalez-Ortiz et al., 2024; Therriault et al., 2024). As 
such, while the model accurately predicts CSF biomarker 
distributions based on synthetic data, the absence of ground-
truth ICP data limits its direct clinical interpretability. Due to 
the difficulty of obtaining such data, future validation with 
paired plasma and ICP measurements is needed to confirm 
its utility as a non-invasive ICP proxy.

Model Pipeline Flowchart

The model pipeline (Fig. 4) illustrates the sequential stages 
that convert raw biomarker data into predictive outputs for 

Fig. 3   A scatter plot of pre-
dicted versus observed CSF 
Log2(FoldChange) values. Each 
point represents an individual 
sample, and the data points 
closely cluster around the 
identity line (y = x), indicating 
strong predictive accuracy. The 
dashed red line marks the ideal 
alignment (y = x), with most 
points tightly grouped along this 
line, highlighting minimal error 
in diverse biomarker expres-
sions
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CSF biomarker levels, addressing data handling, synthetic 
augmentation, and model training to enhance predictive 
accuracy for non-invasive ICP monitoring.

We begin by normalizing plasma and CSF biomarker 
values to align fold changes and p-values (Love et al., 
2014; Oladipo et al., 2022). We then imputed missing 
values using biologically informed methods to ensure a 
balanced dataset, particularly given our limited sample 
size (Gao et al., 2020). To expand data diversity, we lev-
eraged GAN-based synthetic data generation to create 
plasma-CSF pairs that mimic real distributions, includ-
ing low-prevalence patterns, though future integration of 
stressor-tagged datasets may be necessary to better capture 
dynamic mission-related transcriptomic shifts (D'Amico 
et al., 2023). We then train the ensemble model through a 
combination of three methods: a Support Vector Machine 
(SVM) with an RBF kernel to capture non-linear features, 
a Gradient Boosting Regressor (GBR) to model com-
plex hierarchical dependencies, and a Ridge Regression 
meta-model to aggregate outputs while reducing overfit-
ting through regularization (Ben-Hur & Weston, 2010; 
Li et al., 2018; Naderalvojoud & Hernandez-Boussard, 
2024b; Ridge & Regularization, 2020; Sarker et al., 2024; 
Wang et al., 2022; Xia et al., 2020). We then did final test-
ing using mean squared error (MSE) (Chicco et al., 2021; 
Dammer et al., 2022; Orf et al., 2023).

Performance Comparison of Model Configurations

The MSE comparison across different model configurations 
(Fig. 5) highlights the impact of data diversity and tuning 
on predictive accuracy (Chicco et al., 2021; Dammer et al., 
2022; Orf et al., 2023). The baseline model, trained solely 
on original plasma-CSF biomarker data, exhibits the high-
est MSE. This error suggests a risk of overfitting to specific 
patterns rather than generalizing to unseen data, which is 
a common issue in small biomedical datasets (Ben-Hur & 
Weston, 2010; Gygi et al., 2023; Li et al., 2018; Naderalvo-
joud & Hernandez-Boussard, 2024b; Ridge & Regulariza-
tion, 2020; Sarker et al., 2024; Wang et al., 2022; Xia et al., 
2020). In contrast, GAN-generated synthetic data substan-
tially lowers the MSE by broadening the model’s exposure to 
diverse biomarker patterns, allowing it to recognize and gen-
eralize across both common and rare biomarker dynamics 
(Arora, 2022; Jiang et al., 2024). Synthetic data is thereby 
particularly useful for overcoming inevitable sample size 
limitations. In this case, we faced limitations with ICP data, 
but physicians may face similar issues when predicting or 
risk stratifying for uncommon health issues (Du et al., 2014; 
Kinoshita et al., 2020; Molinaro et al., 2021). To ensure the 
high synthetic-to-real ratio (8:1) does not introduce bias, we 
will conduct future sensitivity analyses and evaluate per-
formance with reduced synthetic samples (e.g., 100 or 150 
pairs) to optimize the balance between data augmentation 
and model reliability.

Further improvement is seen in the optimized ensemble 
model, which combines synthetic data augmentation with 
fine-tuned hyperparameters. Achieving the lowest MSE 
demonstrates that careful adjustments to model parameters 
(such as learning rates and regularization terms) can enhance 
sensitivity to nuanced plasma-CSF relationships without 
increasing the risk of overfitting (Khan et al., 2019; Silva 
Neto et al., 2022). Our substantial MSE reduction from 
baseline to optimized model underscores how combining 
synthetic data with targeted optimization can foster effective 
adaptation when available data is diverse.

GAN Methodology and Sequencing

Our GAN methodology follows a structured approach for 
generating synthetic plasma-CSF biomarker pairs that 
closely mirror real data. The process begins with feeding a 
random noise vector into the generator network, which trans-
forms this input into synthetic plasma-CSF pairs designed to 
capture plausible biological variations seen in real biomarker 
profiles. The discriminator then evaluates these synthetic 
pairs, distinguishing them from real data based on patterns 
and characteristics learned from the original dataset.

A crucial component of this methodology is the adversar-
ial feedback loop (Abbasi et al., 2022; Arora, 2022), where 

Fig. 4   Workflow diagram showing the pipeline stages: data preproc-
essing, GAN-based synthetic data generation, ensemble model train-
ing, and performance evaluation for CSF biomarker prediction
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the generator and discriminator networks refine each oth-
er’s outputs iteratively over 3,000 epochs (Cao et al., 2024; 
Khan et al., 2023). In each cycle, the generator’s output is 
fine-tuned based on the discriminator’s feedback, improv-
ing its ability to produce data that the discriminator can-
not reliably distinguish from actual samples. We have also 
included adaptive learning rates to maintain stability and 
prevent mode collapse by dynamically adjusting the train-
ing pace, allowing the model to retain variability and avoid 
convergence on limited patterns (Chen et al., 2024a; Huynh 
& Deshpande, 2024; Takase et al., 2018).

The output of this process is a synthetic dataset that 
exhibits statistical alignment with real plasma-CSF bio-
marker distributions, validated through comparative met-
rics to ensure authenticity. While Kolmogorov–Smirnov 
tests and Jensen-Shannon divergence supports the syn-
thetic data enhancing the model’s ability to generalize 
across diverse biomarker profiles, as shown in Fig. 2, it 
may not fully capture circadian rhythms or stress, among 
other dynamic variations. To address the high synthetic-
to-real ratio, sensitivity analyses will assess the impact 
of varying synthetic sample sizes on model performance 
(Taylor et al., 2008). This data augmentation does reduce 
overfitting risks (Charilaou & Battat, 2022), however, 

enabling the ensemble model to capture subtle plasma-
CSF relationships and adapt reliably to diverse clinical 
scenarios. By effectively expanding the range and vari-
ability of training data, we aim to position our GAN meth-
odology as a robust foundation for downstream predictive 
modeling, where real and synthetic data collectively con-
tribute to high model accuracy and stability. Particularly, 
in future models, we aim to evaluate synthetic fidelity 
against mission-specific expression baselines using cosine 
similarity and KL divergence.

Discussion

This study explores plasma-derived mRNA and miRNA 
biomarkers, enhanced by GAN-generated synthetic data, as 
a non-invasive alternative for ICP monitoring, particularly 
valuable in space where microgravity complicates invasive 
measurements. Despite limitations in capturing dynamic 
stressors, the synthetic data can still enhance model gen-
eralizability across prevalent biomarker patterns, providing 
an initial foundation for ICP monitoring that can be refined 
with stressor-specific datasets.

Fig. 5   Performance Comparison of Model Configurations. MSE 
for three model configurations: the Baseline Ensemble, the GAN-
Augmented Ensemble, and the Optimized Ensemble. The Baseline 
Ensemble, trained only on original plasma-CSF biomarker data, has 
the highest MSE, indicating limited generalization capability due to 
insufficient data diversity. The GAN-Augmented Ensemble, incor-
porating synthetic data generated by the GAN, demonstrates a nota-

ble reduction in MSE, underscoring the value of synthetic data in 
enhancing model generalizability. The Optimized Ensemble, which 
combines GAN augmentation with hyperparameter tuning, achieves 
the lowest MSE, demonstrating the compounded effectiveness of data 
augmentation and fine-tuning in improving predictive accuracy for 
CSF biomarker levels
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Enhancing Data Robustness with GANs: Statistical 
Augmentation and Biological Specificity

The application of GANs to amplify plasma RNA biomarker 
datasets addresses a critical bottleneck: limited sample sizes 
that constrain biomarker variability representation (Glehr 
et al., 2024; Lai et al., 2003). Specifically, our approach used 
conditional GANs trained on ICP-relevant plasma biomarker 
profiles to generate synthetic samples that mimic real patient 
data distributions, reducing overfitting and expanding the 
model’s adaptive capacity. This enhancement allows the 
algorithm to simulate rare variations in mRNA and miRNA 
profiles that are otherwise underrepresented in standard 
datasets. However, a significant limitation arises from the 
GAN's capacity to capture biologically plausible yet sta-
tistically representative variability. Variants in mRNA and 
miRNA expression influenced by circadian rhythms, inflam-
matory status, or stress response pathways are often sim-
plified or missed by the synthetic model (Du et al., 2014; 
Kinoshita et al., 2020; Molinaro et al., 2021), leading to 
potential biases in prediction accuracy. The high synthetic-
to-real ratio (8:1) underscores the need to ensure these sam-
ples adequately represent such stressors to maintain model 
reliability. To quantify this impact, future sensitivity analy-
ses will evaluate model performance at varying synthetic-
to-real ratios (e.g., 1:1, 5:1, 10:1) to identify thresholds 
where performance gains plateau or introduce bias. Future 
iterations must incorporate multi-modal data sources (Amal 
et al., 2022), such as integrating plasma RNA profiles with 
MRI-derived intracranial compliance measures, which could 
provide more context-specific inputs for the GAN (Burman 
et al., 2019; Kyritsis et al., 2021). Additionally, the utility 
of synthetic data must be assessed across subgroups strati-
fied by factors like age, sex, and genetic polymorphisms 
affecting RNA expression profiles. A thorough explora-
tion of how synthetic data impacts the predictive power of 
these subgroups is essential to avoid demographic biases. 
Moreover, the synthetic data framework should adopt adver-
sarial training strategies that dynamically adjust to biologi-
cal parameters outside typical ranges (Takase et al., 2018), 
enhancing the model's resilience to outliers and improv-
ing clinical translation. To improve biological realism, we 
aim to develop a conditional GAN architecture in which 
stressor-specific labels (e.g., “circadian phase,” “inflam-
matory cytokine exposure,” or “psychosocial stress state”) 
will be assigned to both real and synthetic training samples 
where such metadata exist. This also requires revisiting 
our definition of “outlier” in training data—values flagged 
as extreme in clinical datasets were not discarded if they 
reflected known spaceflight stressors. These retained profiles 
helped the conditional GAN capture biomarker expressions 
representative of environmental extremes, rather than train-
ing the model to ignore them. By conditioning the generator 

on these biological states, the model can theoretically learn 
to simulate transcriptomic variation under physiologically 
meaningful stressor contexts. However, we acknowledge 
that GANs, particularly when not conditioned on biological 
priors, may generate implausible transcript combinations, 
such as stress-like miRNA fluctuations co-occurring with 
non-congruent mRNA downregulation. These artifacts must 
be filtered via biologically constrained loss functions or sec-
ondary omics checks.

To validate this conditioning, we will conduct a struc-
tured three-arm analysis: (1) unconditioned GAN vs. real 
GLDS; (2) stressor-conditioned GAN vs. real GLDS; and 
(3) circadian-augmented GAN vs. time-stratified GLDS 
samples. Metrics including Jensen-Shannon divergence, 
dynamic time warping, and miRNA entropy scores will 
be compared to assess fidelity under environmental stress 
conditions. We have begun exploratory analyses using 
transcriptomic profiles from GLDS-373 and GLDS-377 to 
benchmark synthetic biomarker outputs against biologically 
validated astronaut-derived data, thereby directly evaluating 
the model’s relevance to SANS-like conditions. To empiri-
cally evaluate stressor sensitivity, we are designing a vali-
dation study comparing synthetic biomarker variability to 
real-world astronaut datasets where environmental stress 
(e.g., mission duration, CO₂ levels, circadian disruption) 
is quantified. Cross-correlation analyses between synthetic 
and real stress-annotated samples will quantify biological 
fidelity. We also plan to incorporate oscillatory augmenta-
tion strategies using sinusoidal perturbations to simulate 
circadian variability in known clock-regulated transcripts. 
Specifically, we will modulate expression values for miRNA 
and mRNA targets identified in circadian databases (e.g., 
CircaDB, miRCircadian) using 24-h phase functions cali-
brated from animal spaceflight data, mimicking physiologic 
rhythm under microgravity.

Model Adaptation and Condition‑Specific 
Refinements for ICP Variability

Our findings demonstrate that while synthetic biomarker 
patterns show promise, adapting the model to specific ICP-
related conditions—such as TBI versus IIH—presents chal-
lenges due to pathophysiological divergence. For instance, 
biomarkers like miR-21 and miR-155, which are elevated 
in TBI-associated ICP (Ghaith et al., 2022), do not exhibit 
the same sensitivity in IIH cases, where CSF overproduc-
tion rather than direct inflammatory response drives pressure 
fluctuations (Mollan et al., 2016). This disparity necessitates 
a refinement of the algorithm to recognize condition-spe-
cific biomarker fingerprints. A potential solution involves 
building condition-specific model branches, where separate 
GANs or conditional GAN layers are trained on sub-con-
ditions to improve the granularity of biomarker detection. 
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Leveraging transfer learning between conditions, especially 
where overlapping biomarkers are identified, could enhance 
predictive sensitivity for cross-condition ICP assessments 
(Taroni et al., 2019).

Another approach under evaluation involves enriching 
GAN inputs with co-measured serum cytokines (e.g., IL-6, 
TNF-alpha) as latent stress indicators. This multi-modal 
integration could better align synthetic data with neuroin-
flammatory ICP fluctuations, which are otherwise poorly 
captured by transcriptomic profiles alone. Furthermore, 
longitudinal tracking of biomarker trajectories, particularly 
miRNA profiles, could improve the model’s adaptability 
over time by accounting for individual baseline shifts and 
response dynamics under varying physiological or pharma-
cological states. Integrating these time-series analyses with 
real-time feedback mechanisms—such as differential tem-
poral smoothing (Musulin et al., 2021)—would enhance the 
model's precision in continuously monitoring ICP in fluctu-
ating clinical conditions.

Ethical Considerations and Transparency 
in Synthetic Data‑Enhanced Diagnostics

The model requires external validation with ground-truth 
ICP data and diverse cohorts to ensure clinical reliability. 
Ethical deployment demands transparency about synthetic 
data, ensured through SHAP-based explainability and risk 
stratification for low-confidence predictions. A clinician-fac-
ing interface will provide feature rankings and uncertainty 
flags, with synthetic data provenance documented to support 
responsible use.

Future Directions: Overcoming Algorithmic 
and Clinical Barriers in ICP Monitoring

Future work must address three primary gaps: biomarker 
specificity, ethical integration, and multi-layered sampling 
techniques. Refining biomarkers differentially expressed 
in ICP-related pathologies remains essential. For exam-
ple, systematically evaluating condition-specific expres-
sions of miR-126, miR-223, and mRNA markers linked 
to blood–brain barrier permeability can guide updates to 
predictive models. Researchers should also implement fed-
erated learning approaches, as patient consent challenges 
can make synthetic data more favorable but at the cost of 
practical data. Additionally, advancements in non-invasive 
sampling methods, such as microfluidic devices capable of 
continuous plasma RNA collection, could reduce logistical 
constraints and allow for real-time, granular monitoring of 
ICP biomarkers.

The integration of plasma-derived cfRNA biomarkers 
with GAN-synthesized data demonstrates the viability 
of non-invasive ICP monitoring approaches. Leveraging 

synthetic data to expand plasma-CSF biomarker relation-
ships has shown strong predictive potential, achieving high 
accuracy while addressing conditions such as SANS, IIH, 
and TBI (Brum et al., 2024; Chen et al., 2024b; DeLouize 
et al., 2022; Kang and Shyy, 2014; Loftus et al., 2022; 
Lovén et  al.,  2012; Paladugu et  al.,  2024; Shichkova 
et al., 2021; Tripp et al., 2024; Yang et al., 2004, 2006; 
Zanello et  al., 2018). This eliminates the reliance on 
invasive procedures like lumbar punctures, paving the 
way for broader diagnostic applications, particularly in 
environments where real-time ICP assessment is critical. 
While these advancements highlight the promise of this 
approach, challenges remain, such as accurately capturing 
condition-specific biomarker profiles and mitigating demo-
graphic biases in synthetic data generation. Addressing 
these limitations requires the development of condition-
adaptive GAN layers and the integration of time-series 
biomarker tracking to refine model performance further. 
Ethical considerations, including transparency and patient 
consent, must also remain at the forefront as synthetic data 
becomes more integral to clinical diagnostics.

Future efforts will refine condition-specific biomark-
ers, incorporate federated validation, and explore stress-
conditioned GANs using validated astronaut biomarker 
signatures. By addressing these gaps, particularly by 
integrating validated astronaut biomarker signatures 
and stress-conditioned GAN tuning, we hope that our 
cfRNA-based ICP monitoring framework can evolve into 
a transformative, non-invasive approach for ICP manage-
ment, offering broad applicability across both clinical and 
remote environments.
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