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High-frequency longitudinal RNA sequencing has emerged as a powerful approach for capturing 
dynamic transcriptional responses to therapeutic interventions, yet traditional differential expression 
analysis fails to identify genes with temporal variability that lack static expression differences. We used 
our previously developed computational framework for identifying Temporally Varying Genes (TVGs) 
from daily blood samples collected over 10–21 days in Sprague–Dawley rats treated with hepatotoxic 
compounds including tetracycline, isoniazid, carbon tetrachloride, and valproate. Our methodology 
employs variance-based scoring to detect genes exhibiting significant temporal fluctuations under 
treatment conditions. Unsupervised hierarchical clustering of TVGs identified three distinct temporal 
patterns: early-transient responses, sustained activation, and late-phase upregulation, each enriched 
for specific biological processes. Principal component analysis demonstrated clear treatment-induced 
transcriptomic shifts from baseline “Healthy Region” clusters to treatment-adapted “Response 
Region” states, with sample trajectories reflecting dose-dependent temporal dynamics. Cross-
compound analysis revealed 186 commonly regulated genes across all treatments, representing 
conserved hepatotoxicity signatures, while compound-specific responses highlighted distinct 
mechanistic pathways. This approach enables kinetic-pharmacodynamic modeling that distinguishes 
primary drug targets from secondary adaptive responses, advancing precision medicine applications 
through dynamic molecular portraits of drug action and individual treatment variability.

RNA sequencing (RNAseq) has been a foundational approach to understanding the effects of pharmaceuticals 
and treatments on a transcriptomic level1. Due to the highly dynamic nature of gene expression, monitoring 
these fluctuations is imperative for a deeper understanding of how biological systems adapt to various stimuli 
over time. Historically, RNAseq has been a powerful method for decoding gene expression patterns, particularly 
in pre-clinical drug trials2,3. However, traditional approaches rely on a cross-sectional view, comparing gene 
expression prior to treatment to a single time-point after treatment. While this approach has merit, it can often 
fail to capture the real-time fluctuations of dynamic gene regulation in response to external stimuli4.

With advancements in sequencing technologies, the capacity to perform high-resolution, longitudinal 
studies expanded significantly4. Repeated sampling of biological tissues over time offers a more detailed and 
dynamic view of gene expression, revealing changes in gene expression over weeks, days or even hours5–7. These 
temporal studies are especially valuable in pharmaceutical research, where a comprehensive understanding of 
drug induced gene expression changes is required to understand potential toxicities induced by treatment8. 
Longitudinal analyses can highlight transient or delayed gene responses that go otherwise unnoticed in 
traditional, static analyses9.

Temporally Varying Genes (TVGs) are of particular interest in this regard. TVGs exhibit changes in 
expression over time, rendering them a critical component in the research of the effects of drug treatment. 
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Identifying and understanding the behavior of these genes in response to external stimuli provides increased 
clarity into biological pathways and mechanisms driving treatment, as well as toxicity, responses. Traditional 
RNAseq analysis tools are not yet equipped to disseminate the complexities of longitudinal datasets, where 
temporal variability and biological noise can obscure significant gene expression changes.

To address these limitations, we have implemented previously developed methods designed to capture and 
quantify TVGs in a drug-dosing study designed to induce liver toxicities10. By employing these advanced and novel 
methods, we can more effectively distinguish routine gene expression fluctuations from biologically significant 
toxicity responses to treatment. The use of these methods grants deeper insight into temporal patterns of toxicity 
induced gene expression and highlights the potential of using these data sets to predict toxicity responses on an 
individual level. The applications of such technology are broad, such as providing increased insights into disease 
mechanisms to allow for the development of novel therapeutics or providing better understanding of individual 
response to therapeutics.

Results
Overview of longitudinal rat RNAseq studies
After acclimating the rats to their new environments for 3 days, we began daily blood draws, with Day 1 being 
defined as the first day of blood draws (Fig. 1a). Each blood draw was 200µL; this blood volume was selected 
as a balance between (1) obtaining sufficient biospecimen for analysis and banking and (2) not inducing undue 
harm to the rats from the bleeding process. The 200µL blood volume was decided considering of the potential 
accumulated effects of daily blood draws and followed IACUC approved protocols. To ensure reproducibility 
of results and minimization of the effects of potential confounding factors, all blood draws were performed at 
approximately 10:00am local time each day. The relevant rats dosed with the respective drug intravenously on 
their Day 3 or Day 8, about 30 min prior to the next blood draw. Consequently, the first blood sample after dosing 

Fig. 1.  Overview of longitudinal rat RNAseq studies. (a) Animal experiment design. Sprague Dawley rats 
are acclimated for 3 days at the contract research organization animal facilities before beginning daily blood 
draws (200 µL). Blood draws were performed at a consistent time of the day (around 10am) to minimize 
the impact of Circadian rhythm on gene expression. At least 2 daily blood draws were performed before 
dosing the animals with any drug molecules. (b) Workflow for mRNA sequencing and expression analysis. 
(c) Example longitudinal gene expression profiles for rats dosed with tetracycline just prior to Day 3 blood 
draw. (d) PCA trajectory of rat RNA-seq transcriptomic profiles. Each node represents the centroid of three 
biological replicates at a given time point. Blue dots: control group (no treatment); red dots: experimental 
group (tetracycline 200 mg/kg, single dose administered on Day 3). The light green shaded area indicates 
the “Healthy Region” where samples cluster near baseline; the white area indicates the “Response Region” 
representing acute drug response. Individual replicate data are shown in Supplementary Fig. 2. (e) 
Representative examples of TVG expression patterns over time in the control group (21-day observation, no 
drug treatment). Both genes exhibit temporal fluctuations potentially related to bleeding effects or periodic 
physiological responses. Itga4 (left, TVG+ /DEG+) shows significant temporal variation and is also identified 
as a DEG by cross-sectional comparison (Day 1 vs. Day 3, |log2FC|> 1, adjusted p-value < 0.05). Chac2 (right, 
TVG+ /DEG−) exhibits significant temporal variation but does not meet DEG criteria.
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likely do not reflect the full effects of each molecule, based on the pharmacokinetics properties of each molecule. 
Following the end of each experiment, rat liver necropsy samples were analyzed via standard histopathology.

RNA was extracted from whole blood within 6  h of collection. Subsequently, we used bead-based solid 
phase enrichment of mRNA from the total RNA sample using poly-T probes to remove noncoding RNA and 
ribosomal RNA. The enriched mRNA sample was then reverse transcribed using random hexamer primers, and 
the cDNA was sequenced using Illumina NGS at a depth of between 10 and 20 M reads per sample. After filtering 
and alignment, we obtained the raw RNA expression profile, which was subsequently normalized based on the 
number of reads in each NGS library. See Fig. 1b and the methods section for an overview and for additional 
details on experimental and bioinformatics preprocessing methods.

As a preview of the data we collected and analyzed, Fig. 1c shows the temporal expression dynamics for two 
example genes, Eif4h and Ints8. Both genes showed temporally stable expression for the control rats, but the 
Ints8 gene shows a fourfold drop in expression on Day 4 for all 3 rats before returning on pre-dose levels on 
Day 5. Principal component analysis was performed to visualize the temporal dynamics of the transcriptomic 
response. Each node represents the centroid of three biological replicates at a given time point, with blue and red 
dots indicating the control and tetracycline-treated groups, respectively (Fig. 1d). The PCA trajectory revealed 
a clear spatial separation between a “Healthy Region” (light green shaded zone) and a “Response Region” (white 
zone). Following a single dose of tetracycline on Day 3, the experimental group exhibited pronounced deviation 
from the control cluster during Days 3–6, representing the acute drug response phase. By Day 7 and beyond, 
the treated samples returned to positions proximal to the control group, indicating transcriptomic recovery to a 
healthy baseline state. Sample trajectories were colored according to experimental day (blue gradient, Days 1–21) 
and tetracycline dosing intensity (red scale, 1–10), demonstrating treatment-induced transcriptomic shifts. The 
PCA plot showed PC1 values ranging from − 100 to 150 and PC2 values from − 100 to 150, with numbered 
points (1–21) indicating specific timepoints and connected trajectories illustrating temporal progression. The 
trajectory of the rats through this parameter space shows that it took the rats roughly 4 days to fully recover 
from the dose, suggesting that the Ints8 gene is an “early responder” gene. The dynamics of the rats’ recovery 
back to full health follows similar trajectories for all the molecules we tested, though we also noticed important 
individual variabilities in the magnitude of TVG RNA perturbation and the speed at which the rats recovered.

To illustrate the distinction between cross-sectional and longitudinal approaches, we categorized genes based 
on their TVG and DEG status using control group data (21-day observation without drug treatment). DEGs 
were identified by comparing Day 1 vs. Day 3 expression levels (|log2FC|> 1, adjusted p-value < 0.05). Both 
Itga4 and Chac2 exhibited substantial temporal fluctuations in expression, potentially attributable to bleeding 
effects or periodic physiological responses (Fig. 1e). However, only Itga4 (TVG+ /DEG+) met the DEG criteria 
in cross-sectional analysis, while Chac2 (TVG+ /DEG−) was identified exclusively through longitudinal TVG 
analysis. This comparison underscores the unique capability of high-frequency longitudinal RNA sequencing to 
capture gene expression dynamics beyond the scope of traditional differential expression analysis. These profiles 
illustrated the complex temporal dynamics of drug-responsive genes, with multiple sample trajectories showing 
consistent directional changes in expression following tetracycline exposure. See Supplementary Excel 1 for the 
full list of called TVGs.

Comparative analysis of cross-sectional versus longitudinal differential gene expression
To compare the performance of cross-sectional and longitudinal designs in detecting drug-responsive genes, we 
analyzed DEGs from tetracycline-treated rats (200 mg/kg) using two approaches: a cross-sectional comparison 
between Days 2 and 4 and a longitudinal comparison contrasting the dosing window (Days 3–5) against pre-dose 
and recovery days (Days 1–2 and 8–10) (Fig. 2a). Venn analysis showed 361 overlapping DEGs, with 773 and 
256 genes uniquely detected by cross-sectional and longitudinal methods, respectively (Fig. 2b). To evaluate the 
reliability of DEGs identified by each method, we assessed their expression stability in the baseline control group 
(21-day observation without drug treatment). A robust drug-responsive DEG should exhibit stable expression in 
the absence of drug perturbation. As shown in Fig. 2c, while DEGs identified by both methods showed similar 
peak positions in median standard deviation, the cross-sectional DEGs exhibited a longer tail extending into 
higher variability values (std > 0.5), whereas longitudinal DEGs showed markedly reduced density in this region. 
This suggests that longitudinal analysis identifies DEGs with more consistent baseline expression, potentially 
reducing false positives arising from genes with inherently high expression variability.

A volcano plot of longitudinal DEGs showed both upregulated (red) and downregulated (blue) genes, with 
overlapping DEGs from the cross-sectional analysis highlighted in green (Fig.  2d). Several genes identified 
only in the longitudinal design, including Ilkap, Gnl1, and Aff4, exhibited low baseline expression followed by 
consistent increases across multiple days post-dose. These genes were not detected in the cross-sectional Day 2 
vs. 4 comparison due to their transient or delayed expression dynamics (Fig. 2e–f). Conversely, genes such as 
Amn1 and Alad, identified as DEGs in the cross-sectional design, did not show consistent changes during the 
dosing window and appeared to be false positives when evaluated in the full time course.

To assess the functional relevance of these distinct gene sets, we performed GO enrichment and GSEA 
analysis on DEGs uniquely identified by each method11,12. Longitudinal-specific DEGs were enriched for peptide 
biosynthetic process, ribonucleoprotein complex biogenesis, and translation-related pathways, consistent with 
tetracycline’s known mechanism of action on ribosomal inhibition (Fig. 2g)13. Cross-sectional-only DEGs were 
associated with immune-related and stress response pathways, including neutrophil migration and cytokine 
stimulus response. GSEA of the peptide biosynthetic process (GO:0043043) showed a strong enrichment signal 
in longitudinal DEGs but not in cross-sectional results (Fig. 2h). Together, these data demonstrate the improved 
resolution and understanding of biological systems that can be obtained when examining longitudinal gene 
expression rather than cross sectional.
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Identification of TVGs across drug treatments
We dosed the rats with 4 different small molecules: tetracycline, isoniazid, valproate, and carbon tetrachloride. 
The first 3 are FDA approved drugs, and the last is a formerly used drug (Necatorina) that is now a standard 
molecule for testing liver damage14–16. In our studies, we found that the highest number of TVGs in response to 
tetracycline dosing and will primarily display tetracycline results in the main text and figures. See Supplementary 
Excel 2 for more details on the experimental design. We dosed N = 3 rats at each of 4 different concentrations of 
tetracycline (4, 15, 50, and 200 mg/kg), and unsurprisingly the highest dose elicited the strongest gene expression 
response. Consequently, we used the 200 mg/kg dataset to do TVG identification, following the same method as 
previously10. In this analysis, we excluded the previously called 300 bleeding/baseline TVGs and identified 3206 
TVGs for associated with tetracycline response (Fig. 3a)10.
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Fig. 2.  Comparative analysis of cross-sectional versus longitudinal DEGs reveals distinct biological pathway 
enrichments and dynamic expression patterns. (a) Schematic overview of sampling design for the longitudinal 
study (Days 1–10) and the cross-sectional comparisons (Days 2 vs. 4). (b) Venn Diagram of differentially 
expressed genes (DEGs) in tetracycline-treated (200 mg/mL) samples. Cross-sectional analysis (Day 2 vs. Day 
4) is contrasted with longitudinal analysis (days 3, 4, 5 vs. days 1, 2, 8, 9, 10) (cutoff: adjusted p-value = 0.01, abs 
log2foldchange = 2). (c) Distribution of median standard deviation (std) for DEGs identified by cross-sectional 
(red) and longitudinal (blue) methods, measured in the baseline control group (21-day observation, no drug 
treatment). The scaled (0–1) density of median std across individual animals is displayed. Dashed line: 50th 
percentile. Reliable drug-responsive DEGs should exhibit stable baseline expression (low std). While both 
distributions show similar peak positions, longitudinal DEGs display reduced density in the high-variability 
tail region (std > 0.5), indicating that longitudinal analysis identifies DEGs with more consistent baseline 
expression. (d) Volcano plot of DEGs in longitudinal experimental design. Displaying the -log10 p-value vs. 
log2 fold change of DEGs (cutoff: p-adjust < 0.01, abs log2 fold change > 2) from the longitudinal experimental 
design. Upregulated genes are marked in red and downregulated in blue. DEGs also identified from cross-
sectional design are highlighted in green. (e) Example of false positive discovery gene and false negative gene 
using only cross-sectional data (Day 2 vs. Day 4). (f) Gene expression profiles of 3 male rats across 10 days 
with and without perturbations (Tetracycline, 200 mg/kg). Genes listed in (e) are depicted. (g) GO enrichment 
bar plots of biological processes uniquely identified by longitudinal-only or cross-sectional-only DEGs 
(BH adjusted p-value < 0.05). Longitudinal DEGs are enriched for core pharmacodynamic targets such as 
peptide biosynthetic processes and ribonucleoprotein complex biogenesis, whereas cross-sectional DEGs are 
enriched for immune-related and metabolic stress pathways. (h) GSEA plot for peptide biosynthetic process 
(GO:0043043) showing positive enrichment specifically among TVG+ /DEG− genes.

◂

Fig. 3.  Identification of TVGs across drug treatments. (a) Summary of TVG scores for 200 mg/kg tetracycline. 
3206 TVGs were identified. (b) Schematic of the drug-dosing information for the rat experiments. (c) Venn 
diagram illustrating the 4302 TVGs identified for each drug using the data from 482 blood samples from 30 
rats as shown in (b). The remaining 358 blood samples were not used for PCA because they used lower doses 
of drugs or resulted in animal death. In addition to the number of intersections TVGs shown, there were 134 
TVGs for tetracycline and valproate only and 55 TVGs for isoniazid and carbon tetrachloride. (d) Examples of 
up-regulated TVG, non-TVG, and down-regulated TVG for tetracycline. Horizontal lines show + /− 2 standard 
deviations from mean log expression.
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The multi-drug comparative study design incorporated five treatment groups with varying sample sizes and 
timepoints: no drug control (n = 2–3 mice, 21 timepoints), tetracycline 200 mg/kg (n = 2–3 mice, 10 timepoints), 
isoniazid 300 mg/kg (n = 2–3 mice, 10 timepoints), CCl4 2 ml/kg (n = 2–3 mice, 10 timepoints), and valproate 
500  mg/kg (n = 13 mice, 14 timepoints with specific sampling at days 7–8) (Fig.  3b). This design enabled 
comprehensive characterization of both drug-specific and shared transcriptional responses across multiple 
hepatotoxic compounds.

Using data from 482 blood samples across a total of 30 rats, we identified 4302 total unique TVGs across 
all treatments, with treatment-specific contributions varying substantially: tetracycline (3206 TVGs), isoniazid 
(1742 TVGs), CCl₄ (1233 TVGs), and valproate (1068 TVGs) (Fig.  3c). Notably, 186 genes were commonly 
regulated across all four compounds, indicating a core set of genes responsive to hepatotoxic insults regardless 
of the specific mechanism of action. To investigate the biological significance of the 186 shared TVGs, we 
performed pathway enrichment analysis (Supplementary Fig. 3). Ferroptosis17, an iron-dependent cell death 
mechanism implicated in drug-induced liver injury, was the most significantly enriched KEGG pathway 
(p.adjust = 1.74 × 10⁻⁶). GO analysis further identified ferric iron binding and iron ion homeostasis as top enriched 
terms, with multiple ferritin genes (Ftl1, Ftl1l1) and transferrin (Tf) among the shared TVGs. These results 
suggest that iron metabolism disruption and ferroptosis represent common molecular mechanisms underlying 
hepatotoxic drug responses. In addition to the number of intersections TVGs shown, there were 134 TVGs for 
tetracycline and valproate only, and 55 TVGs for isoniazid and carbon tetrachloride. The remaining 358 blood 
samples were not used for this because they used lower doses of drugs or resulted in animal death. Representative 
longitudinal expression profiles comparing control and tetracycline conditions demonstrated three distinct gene 
categories: upregulated TVGs (exemplified by Psmb4), non-TVG controls (Grk6), and downregulated TVGs 
(Tpm4), with clear temporal patterns emerging over the 10-day treatment period (Fig. 3d). The profiles showed 
that treatment initiation at Day 3 (marked by red dashed lines) consistently triggered measurable expression 
changes in TVGs while leaving non-TVG controls largely unaffected.

Temporal Clustering Reveals Distinct Response Patterns
To characterize the functional programs underlying drug response, we performed unsupervised soft clustering 
on the 3206 tetracycline-responsive TVGs using the Mfuzz algorithm (fuzzy c-means)18. The optimal number 
of clusters (k = 6) was determined using the elbow method implemented in the ClusterGVis R package 
(Supplementary Fig. 4)19. Clustering was performed on Z-score normalized expression values across the 10-day 
time course.

Six distinct temporal response patterns were identified (Fig.  4a). Cluster C3 (462 genes) showed early 
upregulation peaking at Day 3–4, followed by gradual decline. Cluster C1 (679 genes) exhibited moderate early 
upregulation with sustained elevation through Day 5–6. Cluster C2 (294 genes) displayed sharp upregulation at 
Day 3–4 followed by a transient downregulation at Day 6 and then a rapid return to baseline. In contrast, clusters 
C5, C6, and C4 showed downregulation patterns: C5 (324 genes) showed delayed response with downregulation 
beginning at Day 5–6; C6 (782 genes) exhibited downregulation during acute phase (Day 4) with recovery 
afterward; C4 (665 genes) showed sustained downregulation with peak at Day 5.

To investigate the biological significance of these temporal patterns, we performed Gene Ontology enrichment 
analysis for each cluster (Fig.  4b). Cluster 1 was significantly enriched in ribosome biogenesis, cytoplasmic 
translation, and mRNA processing, indicating activation of protein synthesis machinery during acute drug 
response. Clusters 3 and 4 were enriched in immune response regulation. Clusters 5 and 6 showed enrichment 
in autophagy and DNA metabolic processes, reflecting cellular stress responses and repair mechanisms.

These results demonstrate that temporal clustering of TVGs reveals biologically coherent gene modules with 
distinct functional roles in the progression of drug response, from acute metabolic disruption through immune 
activation to cellular recovery processes.

Dose-dependent transcriptomic responses
To investigate how drug dosage affects the magnitude and timing of transcriptomic responses, we analyzed 
tetracycline treatment data across five dosage groups (0, 4, 15, 50, and 200 mg/kg). PCA analysis revealed dose-
dependent temporal dynamics, with PC1 scores showing increasingly larger deviations from baseline during the 
response period (Days 3–6) as dosage increased (Fig. 5a). ROC analysis confirmed that PC1 scores effectively 
distinguish the response period from baseline across all dosages (AUC = 0.896), with individual dose groups 
achieving AUCs ranging from 0.866 to 0.949 (Fig. 5b).

We systematically categorized TVGs based on their dose-sensitivity thresholds and identified four distinct 
response patterns (Fig. 5c, Supplementary Excel 4). Guk1 (guanylate kinase 1), an essential enzyme in nucleotide 
metabolism associated with mitochondrial function and hepatopathy20, responded to all four dosages, 
suggesting that nucleotide metabolism is highly sensitive to hepatotoxic perturbation. Prpf39 (pre-mRNA 
processing factor 39), a spliceosome component involved in mRNA processing21, responded to medium-to-
high doses (15, 50, 200 mg/kg), indicating engagement of RNA processing machinery under more substantial 
toxic stress. Fcgr1a (Fc gamma receptor Ia/CD64), a high-affinity IgG receptor and established biomarker 
for infection and inflammation22, responded only to higher doses (50, 200 mg/kg), suggesting that immune/
inflammatory pathways require a threshold level of hepatotoxic injury. Pcsk6 (proprotein convertase subtilisin/
kexin type 6), which plays a critical role in acute liver injury through regulation of inflammatory responses23, 
responded exclusively to the highest dose (200  mg/kg), indicating that severe hepatotoxicity is required to 
activate this metabolic remodeling pathway. This spectrum of dose-sensitivities suggests that different biological 
pathways have distinct activation thresholds, and such categorization may facilitate the identification of sensitive 
biomarkers for early detection of drug toxicity at low exposure levels.
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Expansion of analysis to other hepatotoxic drug treatments
To expand our analysis, we performed unsupervised clustering on the temporal gene expression patterns across 
individual treatment conditions for the remaining 3 drug treatments and compared the results to the unsupervised 
clustering performed on the tetracycline 200 mg/kg analysis (Supplementaryl Fig. 5). Similar clustering patterns 
were observed for isoniazid 300  mg/kg (Supplementary Fig.  6), CCl4 2  ml/kg (Supplementary Fig.  7), and 
valproate 500 mg/kg (Supplementary Fig. 5), with each treatment showing characteristic temporal dynamics 
and treatment-specific transcriptional signatures. The consistent clustering patterns across different compounds 
validated the robustness of the temporal gene expression analysis approach and confirmed that distinct drugs 
induce characteristic temporal transcriptional programs while sharing common response elements.

Comprehensive gene ontology enrichment analysis across all treatment conditions revealed commonality 
in activated pathways between the 3 unique treatments in terms of activation the immune response (Fig. 5a–c). 
However, each treatment, despite imparting hepatotoxic effects, activated different sets of pathways indicative 
of cellular stress. Given the large number of TVGs identified specific to different subsets of drugs, it is likely that 
these drugs activate multiple different pathways for recovery. This understanding of differential TVG profiles for 
similar drug treatments reveals an important facet important to understand when selecting therapeutics.

Analyzing the other 3 drug molecules, we identified 1742 TVGs for isoniazid, 1233 TVGs for carbon 
tetrachloride, and 1068 TVGs for valproate (Fig. 3c). The union of these TVGs with the 3206 tetracycline TVGs 
yielded a total of 4302 TVGs. Of these, 186 genes were identified as TVGs for all 4 drugs, including the Lrp1 gene 
(Fig. 5d). Given the large number of TVGs identified specific to different subsets of drugs, it is likely that these 
drugs activate multiple different pathways for recovery. Detailed temporal gene expression profiles for eight 
representative genes (Lrp1, Crip1, Hypk, Kat6a, Maf1, Slc16a10, Stat6, Tlr8) across four treatment conditions 
revealed distinct treatment-specific and gene-specific temporal dynamics (Fig.  5d). The analysis compared 
tetracycline 200  mg/kg (red), isoniazid 300  mg/kg (blue), CCl4 2  ml/kg (orange), and valproate 500  mg/kg 
(purple) over 10 days, with Log2 expression values ranging from approximately 4–12 depending on the gene. 

Fig. 4.  Temporal clustering and functional enrichment of tetracycline-responsive TVGs. (a) Hierarchical 
clustering of 3206 TVGs identified six distinct temporal response patterns (C1-C6). Left: Heatmap showing 
Z-score normalized expression across 10 days. Right: Mean expression trajectory for each cluster with gene 
counts. C3 and C1 show early upregulation patterns; C2 exhibits transient upregulation and downregulation; 
C5, C6 and C4 display downregulation patterns with different kinetics. (b) GO Biological Process enrichment 
analysis comparing all six clusters. Dot size represents gene ratio; color indicates adjusted p-value. Distinct 
functional signatures were identified for each cluster.
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Some genes (Stat6, Tlr8) showed relatively stable expression across treatments, while others (Lrp1, Crip1) 
displayed dynamic temporal changes with treatment-specific patterns.

Discussion
In this study, we demonstrate that high-frequency longitudinal RNA sequencing can fundamentally transform 
our understanding of drug-responsive transcriptional dynamics by revealing treatment-variable genes 
(TVGs) that remain undetectable through conventional static analyses. Our comprehensive analysis of 3206 
tetracycline-responsive TVGs, compared to the limited scope of traditional differentially expressed gene 
approaches, establishes temporal transcriptomics as an important methodology for capturing the full spectrum 
of pharmacological responses. The identification of distinct temporal clusters provides mechanistic insights 
into the sequential activation of stress response, metabolic adaptation, and tissue remodeling pathways that 
define therapeutic intervention outcomes. To facilitate analysis of this large longitudinal RNA expression data, 
we developed and utilized several ad hoc bioinformatics methods to (1) minimize the number of false positive 
DEGs called from the large number of potential pairwise differential expression analyses, and (2) identify TVGs 
from longitudinal data. Although these tools have not be rigorously optimized for performance, spot check 

Fig. 5.  Dose-dependent transcriptomic responses to tetracycline treatment. (a) PCA trajectory analysis 
showing PC1 (left) and PC2 (right) scores over time for different tetracycline dosages (0, 4, 15, 50, 200 mg/
kg). Higher doses show larger deviations from baseline during the acute response period (Days 3–6). (b) 
ROC curves evaluating PC1 scores as predictors of the drug response period (Days 3–6 vs. other days). AUC 
values indicate classification performance for all dosages combined (0.896) and individual dose groups. (c) 
Representative genes demonstrating distinct dose-sensitivity patterns. Guk1: responds to all four dosages; 
Prpf39: responds to 15, 50, and 200 mg/kg; Fcgr1a: responds to 50 and 200 mg/kg; Pcsk6: responds only to 
200 mg/kg. Shaded areas indicate the drug response window (Days 3–6). Complete gene lists for each dose-
sensitivity category are provided in Supplementary Excel 4. (d) Temporal expression profile of Lrp1 across four 
hepatotoxic drug treatments: tetracycline (200 mg/kg), isoniazid (300 mg/kg), CCl4 (2 ml/kg), and valproate 
(500 mg/kg). Red dashed lines indicate drug administration time (Day 3). Lrp1 (low-density lipoprotein 
receptor-related protein 1) demonstrates consistent temporal variation across all four treatments, supporting its 
role as a marker of common recovery and adaptation processes following hepatotoxic perturbation. Additional 
gene expression profiles are provided in Supplementary Fig. 10.
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evaluation results suggests that the TVG calling is reasonably accurate and catches a significant number of false 
positive DEGs called based on cross-sectional tools.

We made several qualitatively unexpected findings. First, many TVGs were activated or repressed at different 
drug dose thresholds, suggesting that rat biology include multiple layers of response mechanisms activated at 
different levels of toxicity severity. Second, the relatively small number of genes that were called as TVGs for 
all 4 drugs suggests that there may be multiple separate recovery/detoxication mechanism biologically in rats. 
Finally, the same drug dose can elicit very different phenotypic outcomes (including Death, Slow Recovery, 
and Fast Recovery) in different individuals, and these phenotypic outcomes could be reflected in the degree 
and duration of response in TVGs. Importantly, all of these observations required high frequency longitudinal 
data, and are not visible from a single before/after comparison. From the findings in this work, we advocate for 
broader adoption of high frequency longitudinal RNA expression profiling.

The biological significance of our findings extends beyond methodological advancement to reveal critical 
distinctions between immediate drug targets and secondary adaptive responses. TVG+ /DEG− genes, 
exemplified by transient transcription factors and feedback regulators, capture pulse-like expression patterns 
that mediate therapeutic windows and resistance mechanisms, yet remain invisible to endpoint analyses. The 
dramatic threshold effect observed at 200 mg/kg tetracycline, producing a 3.3-fold increase in TVG activation 
compared to lower doses, demonstrates non-linear dose–response relationships that challenge conventional 
pharmacokinetic models and highlight the importance of temporal profiling for precision dosing strategies.

Cross-compound analysis revealing 186 commonly regulated genes across all hepatotoxic treatments 
establishes a core transcriptional signature for drug-induced liver injury, while the limited 4.3% overlap among 
4302 total TVGs underscores the compound-specific nature of toxicity mechanisms. This dual pattern of 
conserved and divergent responses provides a framework for both universal safety screening and mechanism-
specific risk assessment, advancing our ability to predict and prevent adverse drug reactions through temporal 
biomarker strategies.

The principal component analysis demonstrating clear transitions from “Healthy Region” to “Response 
Region” transcriptomic states offers a quantitative framework for monitoring therapeutic efficacy in real-
time. These findings establish TVGs as dynamic biomarkers with superior sensitivity for detecting drug effects 
compared to static expression measures, enabling earlier intervention and personalized treatment optimization 
based on individual temporal response patterns.

This work demonstrates the potential of high-frequency longitudinal RNA sequencing as a valuable approach 
for characterizing dynamic transcriptomic responses to drug exposure. By capturing temporal gene expression 
changes, TVG analysis provides insights into the kinetic signatures of drug action that are not accessible through 
conventional cross-sectional approaches. Our findings suggest that this methodology may help distinguish 
between acute responses and adaptive processes and could potentially inform the identification of therapeutic 
windows in future studies. However, we acknowledge that further validation in additional drug classes, species, 
and clinical settings will be necessary to fully establish the translational utility of this approach. As computational 
frameworks continue to evolve and sampling technologies advance, longitudinal transcriptomics holds promise 
for improving our understanding of drug action dynamics and individual treatment variability, which may 
ultimately contribute to the development of more refined therapeutic strategies. In addition, matrix factorization 
approaches such as non-negative matrix factorization (NMF) offer a complementary framework for identifying 
coordinated gene programs from high-dimensional transcriptomic data24. Future incorporation of such data-
driven module discovery methods may further strengthen longitudinal response modeling.

While our study focused on hepatotoxic compounds in rodent models, the methodological framework is 
broadly applicable across therapeutic areas and species. The temporal clustering approach successfully resolved 
biologically coherent response modules across multiple drugs, validating the robustness of longitudinal 
transcriptomic analysis for pharmacological research. However, translational applications will require validation 
in human clinical studies and development of standardized protocols for high-frequency sampling and RNA 
preservation.

Longitudinal RNA expression studies can be costly to conduct because the large number of RNAseq libraries 
that need to be constructed and sequenced. In the experiments presented here, we typically would take 10 or more 
daily blood samples per animal, corresponding to 5× more samples than a simple before/after dosing analysis. 
New technologies and methods for improving the total cost of longitudinal RNAseq studies would be greatly 
synergistic with and beneficial to the adoption of longitudinal RNAseq-based diagnostics. Cost reduction would 
need to be pursued in every step of the process, including animal handling, blood collection, RNA extraction, 
NGS library preparation, NGS chemistry, and data analysis.

The data analysis methods we used in this work are primarily human-driven, using traditional tools based 
on linear combinations of gene expression levels. Given the depth and complexity of RNA expression data, 
it is reasonable to assume that a well-trained deep neural network would be able to better utilize the “long 
tail” of information inherent within gene expression variations that are below our stringent cutoffs needed to 
avoid false positives. Deep neural networks25, such as those based on transformers26, require a large amount 
of data to achieve performance significantly superior to traditional machine learning models. In our dataset 
of 829 samples, roughly 9000 genes were expressed at non-zero levels in each sample, so the total size of this 
dataset is roughly 7.56 million tokens. 7.46 M tokens is large for biological datasets, but just a small early step in 
comparison to large language models (LLMs). For example, GPT-127 was trained on the BooksCorpus dataset28, 
corresponding to approximately 250  M tokens. Given the remarkable emergent properties of LLMs as they 
are provided more parameters, floating point operations, and training data, we look forward to the impact of 
domain-specific biology AI29.

Scientific Reports |        (2026) 16:14143 9| https://doi.org/10.1038/s41598-026-44560-y

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Methods
Chemicals
Saline solution was purchased from Shandong Qidu Pharmaceutical (China). TRIzol was purchased from 
Aibixin Biotechnology (China). Chloroform was purchased from Sinopharm Chemical Reagent Company 
(China). Ficoll-Paque PLUS was purchased from Cytiva Life Sciences (USA). Isoniazid was purchased from 
MedChemExpress (China). Valproic acid and Tetracycline hydrochloride were purchased from Aladdin 
Scientific (China). Carbon tetrachloride were purchased from Sinopharm Chemical Reagent (China).

Animals and animal care
Animal experiments in this study were approved by the Animal Care Committee at Biostate.AI (approval number: 
101) and HD Biosciences Co. Ltd (approval number: 118-8). Sprague–Dawley rats were purchased from certified 
provider—Charles River Laboratories International, Inc (Shanghai, China). Rats were acclimatized prior to the 
experiment and were housed in enriched and ventilated housing cages throughout the experimental phase. Cage 
litter was changed at least once a week. The rats were housed under specific-pathogen-free (SPF) condition 
and subjected to a normal 12 h light and night cycle, at 22 ± 2 °C and 50 ± 10% relative humidity. Chow and 
water were available ad libitum. The health conditions were examined and recorded daily by a veterinarian. All 
animal experiments were carried out in accordance with relevant guidelines and regulations, and all methods 
are reported in accordance with the ARRIVE guidelines (https://arriveguidelines.org). This study did not involve 
human participants or human tissue. Therefore, ethical approval and informed consent were not required.

Rat blood samples and liver samples collection and storage
250 µL of whole blood was collected daily from the same site of jugular vein of each rat between 10:00 am and 10:37 
am. Whole blood samples were immediately processed for RNA extraction and liver function biomarker testing. 
On the final day of the study, rats were fasted overnight and then euthanized by overdosing with pentobarbital 
(120  mg/kg) through intraperitoneal injections. Whole blood and liver samples were immediately collected 
under RNase-free conditions. Whole blood samples were obtained via heart puncture. 1 mL of whole blood 
underwent the standard PBMC separation process, and the rest was preserved at − 80 °C for RNA extraction. 
Liver samples were preserved at − 80 °C and used for RNA extraction and histological analysis.

RNA extraction from whole blood samples
For RNA extraction from whole blood, 100 uL of whole blood was mixed with 700 uL of Trizol reagent and then 
underwent standard TRIzol and Chloroform RNA extraction method. Extracted RNA was further purified using 
Automatic Nucleotide Isolation Machine (Bioer Technology, China) with MagaBio Plus Total RNA Purification 
Kit (Bioer Technology, China).

For RNA extraction from liver samples, around 30 mg of chopped liver tissue was mixed with 700 uL of TriZol 
Reagent and Lysing MatrixD. The mixture was ground for 2 min and then mixed with 140 uL of Chloroform. 
After 2 min of incubation at room temperature and 10 min of centrifugation at 12,000 rpm and 4 °C, supernatant 
was transferred to a tube and was further purified with MagaBio Plus Total RNA Purification Kit.

Purified RNA was quantified by using Nanodrop 2000 (Thermo Fisher, USA). The quality of RNA was 
measured by using RNA ScreenTape Assay (Agilent, USA) and 4200 TapeStation System (Agilent, USA).

mRNA enrichment, library preparation and sequencing
Total RNA extracted from blood and liver samples was subjected to poly(A) mRNA enrichment using magnetic 
oligo(dT) beads. During this step, mRNA was also fragmented. cDNA libraries were prepared using a three-
step protocol consisting of reverse transcription, adaptor ligation, and indexed PCR amplification, following 
the manufacturer’s standard protocol (Vazyme, Universal V6 RNA-seq Kit). Cleanup was performed using 
magnetic bead-based purification after both ligation and PCR steps. Library concentration and fragment size 
were assessed using Qubit and Agilent TapeStation systems. Libraries were sequenced on an Illumina NovaSeq 
6000 platform using 150 bp paired-end read.

Animal study—baseline study—bleeding related gene investigation
3 male and 3 female Sprague–Dawley rats (SD Rats) were acclimatized for 21 days with daily 0.25 mL blood 
extraction and without any substances administration. Detailed study design is shown in Supplementary Excel 3.

Animal study—toxic study
39 male SD rats were acclimatized for 10 days with daily 0.25 mL blood extraction. Rats in the Gcon group 
(control) were intraperitoneally injected with 0.9% sodium chloride on day 3. Rats in the GA group were 
administered a 1:1 mixture of corn or olive oil and carbon tetrachloride orally at different dosages (0.5, 1, 1.5, 
2 ml/kg) on day 3. Rats in the GB group were intraperitoneally injected with Isoniazid dissolved in sterile saline 
at different dosages (400, 800, 1600, 3200 mg/kg) on day 3. Rats in the GC group were intraperitoneally injected 
with Valproic acid diluted in sterile saline at different dosages (250, 500, 1000, 2000 mg/kg) on day 3. Detailed 
study design is shown in Supplementary Excel 3.

Animal study—sub toxic study
24 male SD rats were acclimatized for 10  days with daily blood extraction. Rats in GB group were handled 
as described above but with different dosages (10, 30, 100, 300  mg/kg) on day 3. Rats in GD group were 
intraperitoneally injected with tetracycline hydrochloride dissolved in sterile saline at different dosages (4, 15, 
50, 200 mg/kg) on day 3. Detailed study design is shown in Supplementary Excel 3.
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Bioinformatics and data analysis
Read processing and gene expression quantification
Read mapping and quantification were performed as previously described10. Briefly, raw FASTQ files were 
trimmed to remove Illumina adaptor sequences and aligned to the Rattus norvegicus reference genome (NCBI 
GCF_015227675.2; mRatBN7.2) using HISAT2 with default parameters30. Gene-level expression counts were 
generated from the aligned reads. To account for differences in sequencing depth across samples, expression data 
were normalized using a multi-step median-based normalization approach, including log2 transformation and 
sample-level adjustment based on global expression shifts across genes.

Differential expression and identification of temporally varying genes
Differentially expressed genes (DEGs) and temporally varying genes (TVGs) were identified as previously 
described10. Briefly, paired differential expression analysis was performed using DESeq2 on raw count data after 
filtering out lowly expressed genes (total counts across all samples < 10)31. Genes were considered differentially 
expressed if they met the criteria |log2(FoldChange)|> 1 and adjusted P < 0.05. To further reduce false discoveries, 
an additional composite threshold incorporating both statistical significance and effect size was applied. TVGs 
were subsequently identified by aggregating significance scores across time-point comparisons. For each 
comparison, a score was calculated based on adjusted P values and capped to prevent dominance by a single 
comparison. Genes were ranked according to their cumulative scores to capture overall temporal variability, and 
an empirical cutoff was applied to define the final TVG set.

Temporal gene expression clustering
Log2-transformed expression data for 3206 tetracycline TVGs were obtained from the 200 mg treatment group 
across 10 days. Three biological replicates were averaged at each time point to generate a mean expression matrix 
(3206 genes × 10 time points), which was used for subsequent time-series clustering analysis. Soft clustering 
analysis was performed using the Mfuzz algorithm (fuzzy c-means clustering)18 implemented in the ClusterGVis 
R package19. The optimal number of clusters was determined based on the elbow method. Prior to clustering, 
the expression matrix was standardized using Z-score transformation. Visualization of clustering results was 
conducted using ClusterGVis in combination with ComplexHeatmap32 to generate cluster trend plots and 
heatmaps. GO enrichment analysis are performed using the R package clusterProfiler11 based on rat genome 
annotation, and statistical cutoff of Benjamini–Hochberg (BH) corrected P < 0.05.

PCA analysis
We used the unions of TVGs identified from each drug, excluding 300 bleeding TVGs and low count (sum 
up < 10 across all samples) genes. Variance stabilizing transformation (VST) was applied to stabilize variance 
across the dataset for PCA analysis.

Date availability
Our dataset is publicly available for download from NCBI SRA and NCBI GEO at [​h​t​t​p​s​:​​​/​​/​w​w​​w​.​n​c​b​​i​.​n​​l​m​.​n​​​i​h​.​​
g​o​​v​/​b​i​o​p​​r​o​j​​e​c​​t​/​P​R​J​N​​A​1​0​2​6​5​2​3] (PRJNA1026523). Because this dataset is the first high frequency longitudinal 
RNAseq dataset, encapsulating 4x as many samples as the previous largest rat RNAseq studies on the GEO da-
tabase33, we believe that deeper analysis than what we have performed in this work could yield additional qual-
itative and quantitative findings. We encourage interested readers to independently analyze and report findings 
from the data, and welcome academic collaborations as we continue to collect larger scale longitudinal omics 
data on animal models.

Code availability
Code are available upon request.
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