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Abstract 19 

Translating thousands of genome-wide association study (GWAS) hits into actionable clinical targets 20 

remains a major bottleneck in precision medicine. This difficulty partly stems from using static 21 

functional annotations that ignore the dynamic, age-dependent nature of human brain development. 22 

To address this, we developed a temporal-specific statistical framework (tDESE) that maps large-23 

scale psychiatric polygenic signals onto continuous lifespan transcriptomic trajectories from the 24 

human prefrontal cortex. Applying this framework across five major brain disorders revealed a 25 

precise chronological alignment: polygenic risk loci consistently reach peak cortical expression 26 

exactly when typical clinical onset occurs. The underlying genetic architecture dictates a distinct 27 

spatial migration in synaptic vulnerability, shifting from pan-synaptic networks in childhood to strict 28 

postsynaptic dominance in adult-onset psychiatric conditions. We also identified sex-divergent 29 

molecular lags that closely mirror known epidemiological differences in onset rates. Importantly, 30 

anchoring post-GWAS functional annotation to these developmental timeframes substantially 31 

improves the predictive accuracy for recovering clinically established therapeutic targets. Expanding 32 

this approach to pharmacogenomics, we screened age-resolved gene profiles against in vitro drug 33 

perturbation signatures. The results isolated a concentrated 20-to-40-year therapeutic window where 34 

targets of standard psychiatric interventions are most actively expressed. This dynamic is powerfully 35 

exemplified by PDE4D, a schizophrenia risk gene showing adult-specific expression and profound 36 

downregulation by targeted interventions. Ultimately, this time-aware genomic framework provides 37 
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a powerful, data-driven engine for unraveling disease etiology and optimizing post-GWAS target 38 

discovery pipelines.  39 

 40 

Keywords: lifespan gene expression; genome-wide association studies; neuropsychiatric disorders; 41 

neurodegenerative disorders; spatiotemporal specificity; age of onset; complex disease genetics. 42 

Introduction 43 

The phenotypic consequences of genetic variants are governed by a fundamental spatiotemporal 44 

context, manifesting only when target genes are expressed at the right time and in the right place1-3
. 45 

While immense progress has been made in mapping the spatial context of disease risk from bulk 46 

tissues to single cells4-8, the temporal dimension of genetic vulnerability remains poorly resolved. 47 

Since the human brain undergoes profound, stage-specific structural and functional reorganizations 48 

across the lifespan, understanding how the pathogenic effects of genetic risk factors unfold over time 49 

represents a critical bottleneck not only in human genetics but also in identifying optimal timing for 50 

therapeutic interventions. 51 

The clinical relevance of this temporal dimension is particularly striking in neuropsychiatric 52 

disorders, which are clinically defined by distinct, age-specific windows of onset9. Currently, 53 

pharmacological interventions—such as typical antipsychotics and antidepressants—are frequently 54 

administered as static, "one-size-fits-all" therapies, largely ignoring the dynamic neurodevelopmental 55 

context of the maturing brain. Consequently, psychiatric medicine faces profound challenges, most 56 

notably high rates of treatment resistance. Clinical and epidemiological evidence consistently 57 

demonstrates that a younger age of onset in schizophrenia and severe mood disorders is one of the 58 

strongest predictors of refractoriness to standard psychotropic medications10,11. This disconnect 59 

suggests that missing a critical "developmental window" for intervention may irrevocably alter a 60 

patient's clinical trajectory. Elucidating the mechanisms driving this age-dependent susceptibility is 61 

therefore crucial for understanding pathogenesis and identifying precise developmental epochs where 62 

pharmacological target engagement will yield maximum clinical efficacy12,13
. 63 

Yet, systematically mapping this temporal landscape has been methodologically challenging. This 64 

endeavor has been historically hindered by the scarcity of high-resolution lifespan transcriptomic 65 

cohorts and the lack of robust analytical frameworks capable of integrating dynamic expression 66 

trajectories with summary-level genome-wide association studies (GWAS) and in vitro drug 67 

perturbation signatures. Without integrating these multilayered datasets, prioritizing actionable 68 

disease targets tailored to specific life stages remains an intractable task. 69 

Here, we bridge this gap by developing tDESE (temporal-specific Driver-tissue Estimation by 70 

Selective Expression), an analytical framework designed to systematically resolve the temporal 71 

windows of genetic risk for complex brain disorders. By integrating lifespan gene expression 72 

dynamics from the human prefrontal cortex with large-scale GWAS for major neuropsychiatric and 73 

neurodegenerative disorders, we define critical developmental epochs of disease vulnerability. 74 
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Moreover, we extend this framework to evaluate pharmacological target engagement. Our study 75 

demonstrates that classical psychiatric medications preferentially perturb genetic networks that are 76 

active during a concentrated 20~40-year therapeutic window. Highly specific, mechanism-based 77 

interventions, such as the PDE4 inhibitor rolipram and its cognate target gene PDE4D, exhibit the 78 

same pattern. Ultimately, this lifespan-anchored approach establishes a new temporal dimension for 79 

prioritizing actionable disease targets, providing a data-driven pharmacological framework to guide 80 

age-appropriate precision psychiatry. 81 

 82 

Results 83 

A framework to resolve the temporal dynamics of disease risk 84 

We began by investigating the hypothesis that the distinct clinical ages of onset for neuropsychiatric 85 

disorders are fundamentally driven by the temporal dynamics of genetic risk expression. To 86 

systematically test this, we developed tDESE, a statistical genetics framework that integrates lifespan 87 

transcriptomics with GWAS summary statistics to pinpoint critical developmental windows of 88 

disease vulnerability (Fig. 1). A primary methodological challenge in this endeavor is distilling 89 

authentic developmental signals from inherently noisy, post-mortem human brain expression 90 

datasets. 91 

To overcome this, we constructed high-resolution, lifespan-wide expression trajectories for each 92 

gene using two independent prefrontal cortex developmental cohorts. We applied a generalized 93 

additive model (GAM) to capture complex, non-linear developmental trends, modeling gene 94 

expression as a continuous function of chronological age while stringently controlling for critical 95 

technical and biological confounders, including RNA integrity number (RIN) and sex. This yielded 96 

robust, smoothed expression profiles representing the continuous dynamic activity of thousands of 97 

transcripts. 98 

To quantify temporal specificity, we computed a relative expression Z-score (REZ) at yearly 99 

intervals, thereby converting raw expression curves into standardized profiles that mark each gene’s 100 

peak functional activity over time. The central innovation of tDESE consists in integrating these 101 

temporal profiles with GWAS data. Extending our previously validated DESE method5, the approach 102 

uses an iterative conditional procedure to refine putative disease-associated genes and markedly 103 

enhance the signal-to-noise ratio for polygenic traits. Consequently, tDESE calculates a statistical 104 

enrichment score for every developmental year, pinpointing the precise age windows of maximal 105 

polygenic risk expression and thereby revealing the temporal origins of disease pathology. 106 

 107 
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 108 

Figure 1 | Schematic overview of the tDESE analytical framework. tDESE integrates age-109 

resolved developmental transcriptomic data and disease GWAS summary statistics to identify 110 

temporally specific enrichment of genetic risk. The output consists of year-by-year enrichment 111 

scores and adjusted P-values for disease association across developmental ages. The framework 112 

comprises three major steps: (1) Temporal modeling of gene expression. For each gene, tDESE fits a 113 

generalized additive model (GAM) to capture the relationship between expression and age, while 114 

adjusting for potential confounders (Covs). Partial dependence analysis is used to estimate the 115 

marginal effect of age on expression after controlling for covariates, generating smoothed, high-116 

resolution expression trajectories across age. In the diagram, 𝑌 denotes the raw expression data, 𝑌̂ 117 

represents the predicted smoothed expression, ݏ(·) denotes the smooth function from GAM, ܽ 118 

denotes age, and ݃ denotes gene. (2) Quantification of temporal expression specificity. Relative 119 

expression Z-scores are computed to quantify the expression specificity of each gene across 120 

developmental time points, yielding an age-specific expression matrix ܼ. (3) Enrichment analysis via 121 

DESE framework. The age-specific expression matrix ܼ and GWAS P-values are jointly analyzed. 122 

SNP-level associations are first aggregated to the gene level. DESE then performs conditional 123 

enrichment analysis to test whether genes associated with disease show significantly higher temporal 124 

specificity than non-associated genes at each age.  125 
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Simulations confirm the accuracy and specificity of tDESE 126 

To rigorously benchmark the statistical validity of tDESE, we conducted extensive simulations using 127 

real genotype data from the UK Biobank14. Under a null model—where the expression of 128 

susceptibility genes lacked any temporal dynamic—tDESE demonstrated a strictly controlled type I 129 

error rate across all developmental ages for both binary and continuous traits (Fig. 2a and c). The 130 

false positive rate remained robustly below 5%, confirming that the framework is highly resistant to 131 

stochastic noise. 132 

Having established high specificity, we evaluated tDESE's statistical power to recover a defined 133 

temporal signal. In a simulated binary disease model driven by causal genes peaking strictly at age 134 

20, tDESE resolved the risk window with remarkable precision (Fig. 2b). The resulting enrichment 135 

profile formed a sharp, high-amplitude peak that faithfully mirrored the underlying expression 136 

trajectory of the driver genes. The signal was highly localized; 96% of simulations yielded 137 

significant enrichment tightly confined to the peak and its immediately adjacent years (age 20 ± 3 138 

years, adjusted P < 0.05). 139 

Finally, to assess versatility against a more statistically challenging quantitative trait, we simulated a 140 

phenotype driven by an expression peak at age 60. Despite the reduced signal-to-noise ratio typical 141 

of quantitative genetics, tDESE generated a highly significant enrichment profile accurately centered 142 

on the target age (median enrichment score = 4.72; 84% power at the peak) (Fig. 2d). Collectively, 143 

these rigorous simulations establish that tDESE provides a robust statistical foundation for accurately 144 

anchoring the polygenic architecture of complex diseases to specific developmental epochs. 145 
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 146 

Figure 2 | tDESE accurately identifies temporal risk windows in simulations. (a, c) Under null 147 

models with no temporal gene expression patterns, tDESE shows few enrichments of significant ages 148 

for either binary (a) or continuous (c) traits with a reasonable type 1 error rate. (b) For a simulated 149 

binary trait driven by genes peaking at age 20, tDESE identifies the correct risk window with high 150 

power and accuracy. (d) For a simulated continuous trait with risk driven by genes peaking at age 60, 151 

the framework again correctly prioritizes the peak age. In all panels, bars represent enrichment scores 152 

(red indicates significance at P < 0.05), the solid blue line is the mean enrichment score across 100 153 

simulations, and the dashed green line is the simulated mean expression profile of driver genes. 154 

Temporal windows of genetic risk for neuropsychiatric disorders align with clinical 155 

onset 156 

Having benchmarked the statistical robustness of tDESE, we applied it to uncover the temporal 157 

origins of genetic risk for five major brain disorders with well-characterized clinical onset profiles: 158 

attention-deficit/hyperactivity disorder (ADHD)15, schizophrenia (SCZ)16, major depressive disorder 159 

(MDD)17, bipolar disorder (BIP)18, and Alzheimer’s disease (AD)19. These specific conditions were 160 

selected due to their pronounced age-specific incidence patterns9,20 and the availability of highly 161 

powered, large-scale GWAS (N > 225K per trait). The analysis was conducted using two 162 

independent developmental transcriptomic cohorts from the dorsolateral prefrontal cortex (DLPFC), 163 

referred to as LIBD_szControl and CMC, assembled by the PsychENCODE project21 (see Methods). 164 

The prefrontal cortex plays a critical role in higher-order cognitive functions and undergoes 165 
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prolonged maturation during adolescence and adulthood, a period highly relevant to the etiology of 166 

various psychiatric conditions21. These datasets offered complementary age coverage—with 167 

LIBD_szControl spanning birth to age 71 (N=253), and CMC spanning age 17 to 90 (N=283) 168 

(Supplementary Fig. 1)—allowing for lifespan-wide assessment and cross-cohort validation. 169 

To ensure the biological fidelity of our analysis, it was imperative to resolve true developmental 170 

trajectories from the profound inter-individual variability and technical noise inherent in post-171 

mortem tissue. As expected, raw transcriptomic profiles exhibited high inter-sample variability and 172 

failed to cluster by chronological age (Fig. 3a,c; Supplementary Fig. 2a,c), confirming that tissue 173 

heterogeneity profoundly masks age-dependent temporal trends. In striking contrast, the GAM-174 

smoothed expression trajectories established clear, age-continuous clustering (Fig. 3b,d; 175 

Supplementary Fig. 2b,d), demonstrating that our statistical approach effectively isolates true 176 

developmental signals from biological noise. 177 

Applying this refined data revealed a striking concordance between the developmental windows of 178 

peak genetic risk and the established clinical age-of-onset for each respective disorder. For ADHD, a 179 

classic childhood-onset disorder, the LIBD_szControl cohort identified a significant genetic risk 180 

peak at age 15 (adjusted P = 0.04), falling squarely within the diagnostic window of 8–18 years9 181 

(Fig. 3e). Importantly, the CMC cohort failed to detect an ADHD signal (Fig. 3f); rather than a 182 

discrepancy, this serves as an intrinsic negative control, as the CMC dataset lacks samples younger 183 

than 17 years, thus inherently missing early developmental signals. 184 

Conversely, severe psychiatric disorders emerging in early to mid-adulthood demonstrated highly 185 

reproducible risk windows across both independent cohorts. For SCZ, significant temporal 186 

enrichment spanned ages 30–35 in LIBD_szControl and 28–35 in CMC, aligning with its established 187 

clinical onset of 21–35 years9 (Fig. 3e,f). A similar high degree of consistency was observed for 188 

MDD, with significant windows at 24–33 years in LIBD_szControl and 28–33 years in CMC, and 189 

for BIP, with windows at 26–32 years in LIBD_szControl and 26–31 years in CMC. For both 190 

disorders, the peak enrichments were highly significant (adjusted P < 0.01) and consistent with their 191 

respective clinical onset ages9. 192 

Finally, we evaluated AD as a canonical late-onset benchmark. The results further corroborated the 193 

temporal precision of our framework. As predicted, no signal emerged in the LIBD_szControl 194 

cohort, which lacks geriatric samples. However, in the older CMC cohort, tDESE captured a distinct 195 

late-life risk window, with enrichment scores escalating sharply after age 80 and peaking at age 89 196 

(adjusted P < 0.01) (Fig. 3f). This finding directly mirrors epidemiological data, such as a meta-197 

analysis reporting a sharp rise in AD prevalence from ages 65–69 to ages 85–8922. 198 

Taken together, these analyses establish a robust, data-driven link between the dynamic expression 199 

of polygenic risk and the age-specific clinical manifestation of major brain disorders. These findings 200 

shift the paradigm from a static view of genetic susceptibility to a dynamic one, demonstrating that 201 

pathogenic genetic networks are activated within specific developmental windows, thereby dictating 202 

the precise timing of clinical vulnerability. 203 
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 204 

 205 

Figure 3 | Estimated age-specific associations for five neuropsychiatric disorders. tDESE was 206 

applied to identify temporally enriched genetic risk windows for five neuropsychiatric disorders with 207 

known age-of-onset patterns: ADHD, SCZ, BIP, MDD, and AD. The analysis was performed using 208 

two independent developmental gene expression datasets from the dorsolateral prefrontal cortex 209 

(DLPFC), namely LIBD_szControl and CMC. After quality control, the LIBD_szControl dataset 210 

covered ages 0–71 years, and the CMC dataset spanned ages 17–90 years. (a, c) UMAP visualization 211 

based on raw sample-level gene expression profiles. Each point represents a sample, colored by 212 

chronological age; axes represent reduced dimensions. (b, d) UMAP visualization based on 213 

smoothed, year-specific expression profiles generated via GAM. Each point represents a single year 214 

of age, colored by age. (e, f) tDESE-inferred enrichment profiles across age for each of the five 215 
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disorders. The x-axis indicates age (in years), and the y-axis shows the disease enrichment score. Red 216 

dots denote ages with statistically significant enrichment (adjusted P < 0.05); grey dots indicate non-217 

significant associations. Yellow shaded regions indicate the reported age-of-onset ranges based on 218 

prior literature (see Methods for details). 219 

Disease risk windows reveal distinct biological programs 220 

To translate these macroscopic temporal risk windows into actionable molecular insights, we sought 221 

to define the specific biological programs driving them. We utilized a temporal correlation analysis 222 

to identify "temporally sensitive genes"—defined as genes whose dynamic expression trajectories 223 

are highly correlated with a disorder's tDESE enrichment profile (see Methods). Functional 224 

characterization of these genes revealed that each risk window is underpinned by a distinct and 225 

pathophysiologically coherent biological program. 226 

Gene Ontology (GO) enrichment analysis of the top 200 temporally sensitive genes for each disorder 227 

revealed a fundamental biological dichotomy between the psychiatric and neurodegenerative 228 

conditions (Fig. 4a). For the psychiatric phenotypes (ADHD, SCZ, MDD, and BIP), the most 229 

significantly enriched Cellular Component was uniformly the synapse, reaffirming synaptic biology 230 

as the shared cornerstone of their temporal risk23-25. In contrast, the late-life risk window for AD was 231 

decisively dominated by genes governing the inflammatory response (Biological Process, 232 

adjusted P = 2.6 × 10⁻⁹), consistent with the well-established role of neuroinflammation in its 233 

pathogenesis26. 234 

However, within this overarching synaptopathy of psychiatric disorders, the precise temporal 235 

dynamics of synaptic sub-processes were markedly distinct. ADHD's early-life window was most 236 

significantly enriched for anterograde trans-synaptic signaling (adjusted P = 6.8 × 10⁻¹²). The adult-237 

onset disorders also centered on synaptic transmission, but with different mechanistic emphases: 238 

trans-synaptic signaling was the top term for both SCZ (adjusted P = 5.3 × 10⁻⁸) and BIP 239 

(adjusted P = 1.3 × 10⁻¹²), while MDD was defined by the modulation of chemical synaptic 240 

transmission (adjusted P = 3.3 × 10⁻⁶). 241 

To resolve these synaptic signatures with higher spatial precision, we leveraged the expert-curated 242 

SynGO database27, revealing a clear developmental shift in the implicated synaptic compartments 243 

(Fig. 4b). The early-life ADHD risk window was characterized by genes significantly enriched in 244 

both presynaptic (adjusted P = 1.1 × 10⁻⁴) and postsynaptic (adjusted P = 2.3 × 10⁻⁴) components. In 245 

contrast, the adulthood risk windows for SCZ, MDD, and BIP were overwhelmingly dominated by 246 

postsynaptic enrichment. For instance, in SCZ, the postsynaptic signal (adjusted P = 3.2 × 10⁻¹⁰) was 247 

five orders of magnitude stronger than the presynaptic signal (adjusted P = 2.2 × 10⁻⁵). This 248 

profound postsynaptic skew was consistently replicated in MDD (adjusted P = 2.3 × 10⁻¹¹ vs. 9.9 × 249 

10⁻⁷) and BIP (adjusted P = 1.2 × 10⁻¹² vs. 3.9 × 10⁻¹⁰). This suggests a refined pathogenic model 250 

wherein the locus of synaptic vulnerability spatially migrates from a pan-synaptic involvement in 251 

childhood to a strictly postsynaptic dominance in early adulthood. 252 
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These systems-level transcriptomic signatures are mechanistically anchored by the temporal 253 

expression dynamics of individual, high-confidence risk genes (Fig. 4c). The ADHD risk window 254 

tightly aligns with the adolescent peak expression of ARHGEF7, which encodes β-PIX, a key 255 

regulator of Rac1/Cdc42 GTPases essential for dendritic spine formation28. For SCZ, the risk 256 

window perfectly coincides with the peak expression of ATP2A2, encoding the calcium pump 257 

SERCA2, a critical regulator of intracellular calcium signaling heavily implicated in the disorder29. 258 

Similarly, the MDD and BIP risk windows align with the peak functional activity of genes crucial for 259 

synaptic plasticity (LRFN5)30 and neuronal excitability (KCNB1, encoding the Kv2.1 channel)31. 260 

Finally, the late-life risk for AD is hallmarked by the peak expression of VAC14, part of the PIKfyve 261 

complex essential for lysosomal-autophagic function, whose disruption directly drives 262 

neurodegeneration32. 263 
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 264 

Figure 4 | Functional and molecular signatures of disease-specific risk windows. (a) Gene 265 

Ontology (GO) enrichment for the top 200 genes temporally correlated with each disorder’s risk 266 

profile. Dot size is proportional to the number of genes in a term; color denotes the GO domain (BP, 267 

Biological Process; CC, Cellular Component; MF, Molecular Function). (b) Synaptic Gene Ontology 268 

(SynGO) analysis reveals compartment-specific enrichment. Color intensity in the circular plot 269 
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corresponds to statistical significance (-log₁₀ adjusted P-value). (c) Expression trajectories of 270 

representative, high-confidence risk genes whose expression dynamics correlate with disease risk. 271 

Grey points are raw expression values from individual samples (scaled to the right y-axis); the blue 272 

curve is the GAM-smoothed mean expression trajectory (95% CI shaded; scaled to the left y-axis). 273 

The yellow shaded area denotes the clinical onset window. Analyses for ADHD, SCZ, MDD, and 274 

BIP used the LIBD_szControl dataset; AD analysis used the CMC dataset due to the absence of post-275 

71-year samples in LIBD_szControl. 276 

Temporal risk profiles are sexually dimorphic 277 

Given the profound sex differences in the prevalence, onset, and treatment trajectories of many 278 

psychiatric disorders, we investigated whether our framework could resolve sexually dimorphic 279 

temporal risk profiles. By stratifying our analysis for SCZ, MDD, and BIP—the conditions with 280 

sufficient sample sizes to maintain statistical robustness—we uncovered a highly consistent, pan-281 

disorder pattern: genetic risk windows systematically emerge earlier in males than in females (Fig. 282 

5a). 283 

For SCZ, females exhibited a significant risk window between ages 31 and 38 (peaking at 35, 284 

adjusted P < 0.01), whereas males demonstrated an earlier, suggestively significant susceptibility 285 

phase at ages 29–30 (adjusted P = 0.07). This 3-to-5-year molecular lag in the female risk profile 286 

mirrors long-standing epidemiological observations that women typically experience a later onset of 287 

SCZ, often with distinct clinical presentations33,34. A parallel temporal shift characterized BIP, where 288 

the male risk window (ages 26–30; peak at 28) significantly preceded the female window (ages 28–289 

37; peak at 32). This sequential activation aligns with clinical reports of earlier onset in males, 290 

particularly in Bipolar I disorder35. Similarly, MDD risk emerged earlier in males (peak age 26) but 291 

manifested as a delayed and markedly more prolonged vulnerability window in females (peak age 292 

34), offering a strong molecular substrate for the complex, sex-biased epidemiology of 293 

depressiont9,36. 294 

Importantly, these macroscopic sexually dimorphic risk profiles are mechanistically driven by the 295 

sex-divergent expression dynamics of temporally sensitive gene networks (Fig. 5b). For instance, the 296 

expression of MYO5A (implicated in SCZ) exhibits a distinctly earlier rise and peak in males, tightly 297 

tracking their accelerated risk window. Likewise, the up-regulation of ATP2A2 in MDD 298 

and KCNB1 in BIP occurs chronologically earlier in the male cortex. While further validation in 299 

larger sex-stratified cohorts will refine these timelines, our framework effectively bridges the gap 300 

between static genetics and sex-aware precision medicine, highlighting the critical need to consider 301 

biological sex and age interactively in future diagnostic and therapeutic strategies. 302 

 303 
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 304 

Figure 5 | Sexually dimorphic risk windows and gene expression in psychiatric disorders. (a) 305 

Sex-stratified tDESE enrichment profiles for SCZ, MDD, and BIP. Female (pink) and male (blue) 306 

profiles are shown. Darker points denote statistically significant enrichment (adjusted P < 0.05). The 307 

shaded yellow area represents the overall clinical onset window. (b) Sex-specific expression 308 

trajectories for representative temporally sensitive genes. Curves show GAM-smoothed mean 309 

expression for females (red) and males (blue) (95% CI shaded; scaled to the left y-axis). Raw data 310 

points for individuals are shown in the background (scaled to the right y-axis). The temporal 311 

architecture of genetic risk extends to cognitive and behavioral traits.  312 

The temporal architecture of genetic risk extends to cognitive and behavioral traits 313 

Recognizing that cognitive and behavioral traits frequently serve as prodromal indicators or shared 314 

intermediate phenotypes for psychiatric conditions, we expanded our tDESE analysis to four major 315 

traits: neuroticism (NEU)37, smoking behavior (SMK)38, sleep duration (SD)39 and general 316 

intelligence (IQ)40. This analysis revealed that the genetic architecture of these continuous traits is 317 

also highly dynamic, punctuated by distinct developmental windows of enrichment primarily 318 

concentrated in adolescence and early adulthood (Fig. 6a). 319 

Neuroticism—a prominent developmental risk factor for mood disorders—was unique in displaying 320 

a bimodal polygenic risk profile, featuring an initial adolescent peak (age 14) and a subsequent, more 321 
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pronounced peak in early adulthood (age 24, adjusted P < 0.01). Sex-stratified analysis revealed a 322 

complex, sexually divergent temporal topology: the adolescent peak appeared earlier in females, 323 

whereas the adult peak emerged significantly earlier in males (age 23 vs. 34 in females, adjusted P < 324 

0.01) (Fig. 6b). This developmental "cross-over" suggests that the underlying genetic networks 325 

dictating neuroticism are engaged via distinct, sex-specific trajectories across human maturation. In 326 

contrast, SMK and SD exhibited singular, early-adulthood enrichment windows (both peaking at age 327 

32). They fully recapitulated the earlier male enrichment pattern characteristic of severe psychiatric 328 

clinical cohorts (Fig. 6b). The genetic architecture underlying IQ was similarly localized to early 329 

adulthood (ages 31–36), but it lacked observable sex dimorphism. 330 

To investigate potential temporal pleiotropy between these behavioral endophenotypes and clinical 331 

disorders, we evaluated the concordance of their genome-wide enrichment profiles across the 332 

lifespan (Fig. 6c). Neuroticism displayed strikingly high correlation with ADHD (r = 0.93) and 333 

MDD (r = 0.92), highlighting a deeply synchronized developmental architecture among these 334 

conditions41-43 SMK most strongly synchronized with BIP (r = 0.93), providing a temporal molecular 335 

rationale for the frequent clinical co-occurrence of bipolar disorder and addictive behaviors44. 336 

Remarkably, sleep duration (SD) exhibited nearly perfect temporal concordance with SCZ (r = 0.96), 337 

BIP (r = 0.95), and MDD (r = 0.92), implicating sleep-regulating neurocircuitry as a shared 338 

developmental vulnerability hub for severe psychopathology. IQ demonstrated comparatively weaker 339 

temporal correlations across all clinical disorders (maximum r= 0.7), reflecting a more orthogonal 340 

and distinct ontogenetic trajectory. 341 

 342 

 343 

Figure 6 | Temporal architecture of genetic risk for cognitive and behavioral traits. (a) Age-344 

specific enrichment profiles for neuroticism (NEU), smoking behavior (SMK), sleep duration (SD), 345 

and intelligence (IQ). Red points indicate significant enrichment (adjusted P < 0.05). (b) Sex-346 
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stratified enrichment profiles for the four traits. Female (pink) and male (blue) profiles are shown; 347 

darker points denote statistical significance. (c) Heatmap of Spearman's correlation between the 348 

temporal enrichment profiles of all eight phenotypes. Dendrograms represent hierarchical clustering 349 

based on correlation patterns. 350 

 351 

Age-specific gene expression enhances the prioritization of known disease genes 352 

We evaluated the performance of age-specific expression profiles for ranking known disease 353 

susceptibility genes. Traditional approaches to gene annotation often rely on gene expression data 354 

averaged across the brain or developmental stages, potentially masking dynamic molecular 355 

signatures associated with specific windows of disease vulnerability. To address this, we used age-356 

specific gene expression levels at each age point to rank candidate genes and evaluated the ability of 357 

each age-specific ranking to recover known disease-gene associations. Benchmark gene sets were 358 

compiled from the Open Targets Platform45, including genes with drug target evidence or high 359 

integrative scores from the platform (see Methods for details). The prioritization performance at each 360 

age was quantified using the area under the receiver operating characteristic curve (AUC). 361 

For all five neuropsychiatric disorders examined, the highest prioritization performance occurred 362 

near the age range of peak disease vulnerability (Fig. 7a): ADHD showed the best performance at 363 

age 25 (AUC = 0.77), SCZ at age 25 (AUC = 0.61), MDD at age 24 (AUC = 0.67), BIP at age 29 364 

(AUC = 0.61), and AD at age 87 (AUC = 0.62). While the optimal age for ADHD slightly deviated 365 

from its epidemiological peak onset, the overall trend suggests that gene expression profiles during 366 

high-risk developmental windows more effectively capture pathogenic signals. These findings 367 

provide direct support for a key principle: genes with elevated expression during a disorder’s risk 368 

period are more likely to be core contributors to disease pathogenesis. This reinforces the notion of 369 

an age-dependent genetic architecture in psychiatric disorders and highlights the value of 370 

incorporating developmental timing into functional annotation and disease gene discovery. 371 

Integrating age-specific expression profiles into future analyses may enhance biological 372 

interpretability and improve the translational relevance of gene prioritization frameworks. 373 

 374 

Temporal transcriptomics enhances the discovery and prioritization of actionable 375 

therapeutic targets 376 

A major bottleneck in translating GWAS findings into clinical applications is the accurate 377 

prioritization of causal, druggable targets. Conventional target discovery pipelines typically rely on 378 

static or time-averaged brain expression data, which inevitably dilutes transient, highly pathogenic 379 

signals restricted to specific developmental epochs. To overcome this limitation, we utilized our 380 

temporal expression profiles to rank candidate genes year-by-year, assessing their ability to recover 381 

established therapeutic targets. Benchmark target sets were rigorously curated from the Open Targets 382 
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Platform, focusing exclusively on high-confidence genes supported by direct pharmacological 383 

evidence or high integrative validation scores. 384 

For all five brain disorders examined, target identification accuracy (quantified by the area under the 385 

ROC curve, AUC) peaked strictly within or immediately adjacent to their clinical vulnerability 386 

windows (Fig. 7a). Maximum target recovery was achieved at age 25 for ADHD (AUC = 0.77), age 387 

25 for SCZ (AUC = 0.61), age 24 for MDD (AUC = 0.67), age 29 for BIP (AUC = 0.61), and age 87 388 

for AD (AUC = 0.62). While the optimal predictive age for ADHD exhibited a slight developmental 389 

delay relative to its clinical onset, the overarching trend unequivocally demonstrates that 390 

transcriptomic profiles from high-risk developmental epochs most effectively capture actionable 391 

pathogenic signals. These findings establish a fundamental translational principle: a genetic risk 392 

factor is most therapeutically actionable when its corresponding transcript is peaking during the 393 

disease's natural clinical onset window. Consequently, integrating lifespan temporal dynamics into 394 

post-GWAS functional annotations substantially enriches the yield of drug target discovery 395 

pipelines. 396 

 397 

Figure 7 | Age-specific gene prioritization and psychiatric drug-target enrichment. 398 

(a) Accuracy of gene prioritization based on age-specific expression profiles for neuropsychiatric 399 

disorders. The ability to prioritize benchmark disease genes curated from the Open Targets platform 400 

was quantified at each age using the area under the receiver operating characteristic curve (AUC). 401 

AUC values are plotted against age, with clinically defined onset windows indicated by shading. For 402 

all five disorders, prioritization performance peaked within or adjacent to the corresponding onset 403 

window. Analyses of ADHD, SCZ, MDD and BIP used the LIBD_szControl dataset, whereas AD 404 
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was analyzed using the CMC dataset. (b) Age-specific enrichment of psychiatric drug targets. 405 

Heatmap showing −log10(P) values from Wilcoxon rank-sum tests comparing age-specific 406 

expressed genes with CMap 2 neuronal drug perturbation profiles. Asterisks indicate significant 407 

enrichment (P < 0.01), and only drugs showing significant enrichment in at least one age group are 408 

displayed. Fluspirilene, Pimozide and Trifluoperazine showed enrichment specifically in the 20–40-409 

year age group. 410 

 411 

Translational mapping of drug targets highlights the 20–40 years therapeutic window 412 

Having established that temporal anchoring improves theoretical target prioritization, we next asked 413 

whether existing psychiatric drugs effectively exploit this temporal alignment in vivo. Translational 414 

mapping of our age-specific gene sets against neuronal drug perturbations from the CMap 246 415 

database revealed a highly specific temporal alignment between psychiatric drug targets and the 416 

early adulthood developmental window. Genes preferentially expressed during the 20~40-year epoch 417 

showed the most profound enrichment for transcriptional signatures induced by classical psychiatric 418 

medications. In particular, typical antipsychotics that primarily modulate dopaminergic 419 

transmission—namely fluspirilene, pimozide, and trifluoperazine—displayed highly significant 420 

target enrichment specifically for the 20~40-year gene set (all P < 0.001, Fig. 7b). Clinically, these 421 

agents are foundational for the treatment of schizophrenia, with pimozide also indicated for severe 422 

tic disorders, and trifluoperazine occasionally utilized for managing acute manic episodes in bipolar 423 

disorder. 424 

Furthermore, we observed significant target enrichment within this same age bracket for rolipram 425 

(Fig. 7b), a selective phosphodiesterase-4 (PDE4) inhibitor extensively investigated for its robust 426 

antidepressant mechanisms and its potential to rescue cognitive deficits relevant to both MDD and 427 

schizophrenia. This temporal pharmacodynamic relationship can be exemplified at the single-gene 428 

level by PDE4D, a highly significant schizophrenia-associated risk gene (conditional P = 1.48×10-7, 429 

Supplementary Fig. 3a). Consistent with the macro-level transcriptomic network, PDE4D exhibited 430 

pronounced expression specificity exclusively during early adulthood (20–40 years; REZ = 0.336), 431 

whereas it lacked specificity in both the adolescent (8–18 years; REZ = -0.423) and elderly (70–100 432 

years; REZ = -0.949) cohorts (Supplementary Fig. 3b). Notably, the in vitro NEU neuronal 433 

perturbation data revealed that PDE4D expression is profoundly downregulated by classical 434 

antipsychotics, demonstrating an approximate 4.1-fold decrease (log2FC = -2.02) in response to 435 

trifluoperazine and a 3.2-fold decrease (log2FC = -1.69) in response to pimozide (Supplementary Fig. 436 

3c). Importantly, this targeted transcriptional suppression was also evident following treatment with 437 

the selective PDE4 inhibitor rolipram, which induced a marked downregulation of PDE4D itself 438 

(approximately 2.2-fold decrease, log2FC = -1.13). This strict age-restricted expression, coupled with 439 

specific drug-induced suppression, strongly suggests that PDE4D not only drives age-specific 440 

genetic vulnerability but also acts as a critical mechanistic node in the pharmacological response to 441 

established schizophrenia treatments. 442 

In contrast, the therapeutic transcriptional signatures of these SCZ, BIP, and MDD interventions 443 

were virtually absent in both the adolescent (8–18 years; P > 0.05) and elderly (70–100 years; P > 444 
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0.05) gene sets. Across all compounds examined, the strongest pharmacological correspondence was 445 

consistently localized to the 20–40-year window. 446 

 447 

 448 

 449 

Discussion 450 

The distinct chronological onset profiles of complex brain disorders represent a foundational 451 

challenge in medicine. Here, we establish a dynamic framework demonstrating that the clinical 452 

manifestation of genetic risk is dictated by specific developmental windows of gene expression, 453 

which in turn define actionable therapeutic intervals. This work extends the prevailing spatially 454 

dominated view of genetic risk, recently advanced by single-cell and spatial transcriptomics7,8,47, to 455 

introduce a critical temporal dimension. By integrating human lifespan transcriptomics with large-456 

scale GWAS summary statistics, we demonstrate that the vulnerability of the prefrontal cortex is not 457 

a static liability, but a dynamic property defined by chronological age-specific functional states. This 458 

principle provides a molecular explanation for the alignment of childhood-onset ADHD with periods 459 

of intense synaptic maturation, and late-life AD with epochs of heightened neuroimmune activity. 460 

Our findings provide a novel lens through which to interpret the shared and divergent biology of 461 

psychiatric disorders. It refines the broad "synaptopathy" paradigm25 by revealing a distinct 462 

developmental shift in synaptic compartments: the balanced presynaptic and postsynaptic 463 

vulnerability in childhood-onset ADHD yields to an overwhelmingly postsynaptic dominance in 464 

adult-onset disorders like SCZ, BIP, and MDD. This spatial migration of synaptic vulnerability 465 

across time provides a mechanistic basis for the distinct clinical trajectories observed in these 466 

conditions. By demonstrating that the prefrontal cortex can harbor latent polygenic risks for vastly 467 

different disorders at different times, our study establishes that the biological context conferred by 468 

age is as critical as that conferred by anatomy. 469 

A fundamental translational implication of our work is that the common practice of using static or 470 

time-averaged expression data dilutes transient, highly pathogenic signals. We provide direct, 471 

quantitative evidence for this by demonstrating that target identification accuracy is age-dependent, 472 

peaking within disease-relevant developmental epochs. Our translational mapping of these age-473 

specific networks against drug perturbation signatures revealed that targets of standard psychiatric 474 

interventions are heavily concentrated within a 20~40-year therapeutic window. This discovery is 475 

mechanistically anchored by PDE4D, a schizophrenia risk gene exhibiting high adult expression 476 

specificity and profound downregulation by both typical antipsychotics and selective PDE4 477 

inhibitors like rolipram48-50. These data provide a data-driven framework for precision medicine, 478 

emphasizing that therapeutic target engagement is governed by dynamic, age-specific 479 

pharmacodynamics. 480 
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Despite these insights, several limitations warrant consideration. First, while the lifespan 481 

transcriptomic cohorts utilized are among the best currently available, their sample sizes remain 482 

modest, meaning that our sex-stratified findings require validation in larger, independent datasets. 483 

Second, our analysis was restricted to the prefrontal cortex; extending this framework to other brain 484 

regions and peripheral tissues will be a critical future direction. Third, while tDESE identifies robust 485 

temporal associations between gene expression and polygenic risk, establishing definitive causality 486 

remains a major challenge in human genomics7,8. Integrating longitudinal datasets with causal 487 

inference strategies will be essential to fully realize the potential of time-aware approaches in 488 

unraveling disease mechanisms and optimizing the timing of clinical interventions. 489 

 490 

Material and Methods 491 

Study Design and Computational Framework 492 

This study employed a retrospective computational multi-omics design. We developed the tDESE 493 

(temporal-specific Driver-tissue Estimation by Selective Expression) framework to integrate 494 

temporal transcriptomic dynamics with GWAS summary statistics, systematically pinpointing 495 

critical developmental windows of disease vulnerability. By evaluating the age-specific expression 496 

patterns of genes linked to polygenic risk, tDESE pinpoints temporal intervals during which genetic 497 

risk exerts its maximal influence. The key methodological challenge was addressing the high inter-498 

sample variability inherent to developmental post-mortem transcriptomics, caused by uneven 499 

sampling density and biological confounding. Therefore, we implemented a generalized additive 500 

model (GAM)-based smoothing strategy, enabling robust, unbiased estimation of gene expression 501 

trajectories across the human lifespan under high-noise conditions. 502 

Data input 503 

The inputs to tDESE include GWAS summary statistics, temporal gene expression data, and 504 

genotype data from a reference population. For each sample in the temporal expression dataset, the 505 

exact age in years is recorded together with relevant covariates, including sex and RNA integrity 506 

number (RIN). 507 

Expression trajectory modelling and prediction 508 

Because our study focuses on age-dependent dynamic changes in gene expression, we first applied 509 

the trimmed mean of M-values (TMM) method to normalize raw expression values across samples, 510 

ensuring comparability between samples. As gene expression changes with age are not linear, we 511 

used a smoothing approach to model the relationship between gene expression and age. To account 512 

for non-age-related sources of variation, sex and RIN were included as covariates in the model. 513 

Notably, when modelling was performed separately by sex, sex was naturally excluded as a 514 

covariate. tDESE fits a GAM model for each gene individually: 515 
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(ݐ)௚ܧ = 0ߚ + (ݐ)݂ +∑  ௄
௞=1 ௞ܥ௞ߛ +  516 ߝ

Here, ܧ௚(ݐ) denotes the expression level of gene ݃ at age (ݐ)݂ ,ݐ is the smoothing function of 517 

age implemented using penalized B-splines (P-splines), ܥ௞ represents the ݇-th covariate including 518 

sex and RIN, ߛ௞ is its regression coefficient, and ߝ is the error term. For categorical covariates, 519 

such as sex, values were first converted to dummy variables before linear fitting. The model was 520 

implemented using the pygam package (version 0.9.1) in Python. The smoothing function parameters 521 

followed the default settings in pygam, with the number of basis functions (n_splines) set to 20 and 522 

the penalty strength (lam) set to 0.6. 523 

After model fitting, we used partial dependence analysis to extract the marginal effect of age on gene 524 

expression while controlling for covariates. We then predicted expression values for each integer 525 

age, from the minimum to the maximum sample age, to generate a smoothed expression trajectory at 526 

one-year resolution together with the corresponding 95% confidence interval and standard error 527 

(SE), which were used to assess the stability and uncertainty of the estimates. This step reduces noise 528 

while preserving the authentic signal of temporal dynamic changes as much as possible. 529 

Calculation of age-specific expression 530 

To quantify the expression specificity of genes across different ages, we employed the robust-531 

regression z-score (REZ) method5. The core concept of this method is to measure the relative 532 

expression level of a gene at a given age, defined as its standardized difference compared with other 533 

ages. REZ uses robust regression to reduce the influence of outliers, thereby improving the stability 534 

of the estimates. In addition, the standard error of expression is incorporated as an indicator of 535 

uncertainty, enabling a more reliable representation of the age specificity of gene expression. 536 

Linking disease risk to age 537 

We next used the tDESE framework to integrate age-specific gene expression profiles with GWAS 538 

summary statistics for each disease, to decipher ages of elevated disease risk. In the original DESE 539 

framework, tissue-specific expression profiles are used as input; here, they were replaced by age-540 

specific expression profiles. For a given GWAS dataset, DESE first calculates gene-based 541 

association P-values using the ECS statistical model51, based on the GWAS P-values of SNPs 542 

located within 1 kb upstream or downstream of each gene. We then selected significant genes 543 

(Benjamini–Hochberg adjusted P < 0.01; if more than 1,000 genes met this criterion, only the top 544 

1,000 by P value were retained) for conditional gene-based association analysis. Specifically, genes 545 

were ranked by their gene-based association P values, and conditional gene-based association 546 

analysis was performed to remove redundant associations, yielding a set of independently associated 547 

genes. 548 

For each age, we used the Wilcoxon rank-sum test to assess whether the age-specific expression of 549 

the independently associated genes was higher than that of other genes. The base-10 negative 550 

logarithm of the test P-value was defined as the disease enrichment score, which indicates the gene-551 
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level association significance of age-specific expression and the disease risk. Based on these 552 

enrichment scores and the selective expression profiles of genes, disease-associated genes were re-553 

prioritized, assigning higher priority to genes with high specific expression at disease-enriched ages. 554 

Conditional association analysis was then repeated to obtain a new set of disease genes and updated 555 

enrichment scores. This procedure was iterated until the results converged. 556 

Because the iterative procedure can introduce potential selection bias for the Wilcoxon rank-sum 557 

test, DESE employs a permutation-based global test (maxT permutation test) to estimate the null 558 

distribution. Specifically, the age labels in the input age-specific expression profiles are randomly 559 

permuted B times (100 by default). For each permutation, the analysis is repeated, and the maximum 560 

enrichment score (max-ES) across all ages is recorded. These max-ES values form the empirical 561 

distribution under the null hypothesis and are used to directly evaluate the significance of the 562 

observed statistics. For each age, the permutation P-value is defined as the proportion of values in the 563 

null distribution that are greater than or equal to the observed statistic: 564 

௜݌ = (௕)ܯ}# ≥ ܧ ௜ܵobs}ܤ  565 

Here, ܯ(௕) denotes the maximum enrichment score across all ages in the ܾ-th permutation. 566 

Because this approach compares the observed statistic with the global maximum from each 567 

permutation, the resulting P-values inherently control the family-wise error rate (FWER) and require 568 

no additional multiple-testing correction. 569 

In this study, linkage disequilibrium calculations were performed using Phase 3 genotype data from 570 

the 1000 Genomes Project, matched to the ancestry of the GWAS samples. 571 

Simulations 572 

Simulation models of gene expression and disease risk 573 

We first modeled the age-dependent expression of a given gene. Its mean expression level, ݂(ݔ), as 574 

a function of age ݔ, is described by a Gaussian function: 575 

(ݔ)݂ = expܣ (− ݔ) − ܿ)2݀ ) 576 

where ܣ is the maximum expression amplitude, ܿ is the age of peak expression, and ݀ is a scale 577 

parameter controlling the width of the expression profile. This function approximates biological 578 

scenarios where gene activity is highest at a specific developmental stage. 579 

We then assume that part of the genes with age-dependent expression are disease susceptibility 580 

genes. Each gene has at most 3 independent (LD r2<0.01) disease susceptibility loci (sampling 581 

without replacement). These loci (m in total) collectively explain ℎ௚2 liability to a disease. An 582 
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individual’s liability for a disease, L, is a linear combination of the m loci weighted by w, plus an 583 

additional error term ߳: 584 

ܮ ௧௠ݓ∑=
௧=1 ݃௧ + ߳ 585 

where ݃௜ ∈ 1 is the encoded genotype and the term ߳ represents environmental and unmodeled 586 

genetic factors, following a normal distribution ߳ ∼ ܰ(0,  ఢ2, is set to ensure that 587ߪ ,ఢ2). Its varianceߪ

the total genetic component explains a target heritability of liability (ℎ௚2), such that ߪఢ2 =588 

Var(∑ ௧௠௧=1ݓ ݃௧) ( 1ℎ೒2 − 1). For simplicity, all the weights ݓ௧ were set to 1. 589 

Disease status was determined using the liability-threshold model52. Given a population prevalence 590 ܭ, individuals with a standardized liability ܮ௫ exceeding the corresponding threshold ݖ (where 591 ݖ = Φ−1(1 −  and Φ−1 is the inverse normal cumulative distribution function) were classified 592 (ܭ

as cases. 593 

Simulation design and parameterization 594 

Simulations were based on the following parameters: 595 

• Simulated Gene Set: We simulated 20,000 genes. Of these, 500 were modeled with age-596 

dependent expression, while the remaining 19,500 had constant mean expression. 597 

• Disease Susceptibility Genes: A subset of 250 of the 500 age-dependent genes was designated as 598 

causal for the simulated phenotype. 599 

• Age-Dependent Expression Parameters: For binary trait simulations, the peak expression age (c) 600 

was 20, and the peak width (d) was also 20. For continuous trait simulations, ܿ and ݀ were set 601 

to 60 and 20, respectively. Maximum amplitude (ܣ) was 10 in all cases. 602 

• Genotype Data: We utilized real genotypes for common variants (MAF > 0.05) from 490,541 603 

participants in the UK Biobank. 604 

• eQTL Architecture: Each of the 250 susceptibility genes was regulated by 1 to 5 eQTLs, which 605 

collectively explained 25% of its expression variance (ℎ௘2 = 0.25). 606 

• Genetic Contribution to Liability: The 250 susceptibility genes explained 25% of the variance in 607 

disease liability (ℎ௚2 = 0.25). 608 

• Disease Prevalence: For binary trait simulations, the population prevalence (ܭ) was set to 1%. 609 

• Study Cohorts: We simulated a gene expression reference panel of 1,000 individuals across 100 610 

age points (0-100). For association analysis of binary traits, we drew a separate case-control 611 

GWAS cohort of 3,000 cases and 3,000 controls. Association summary statistics were generated 612 
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using a logistic regression analysis via the KGGA software (https://pmglab.top/kgga). For the 613 

association analysis of liability as a continuous trait, we drew a GWAS cohort of 6000 614 

individuals from the simulated population to examine the genetic association by linear regression 615 

via KGGA. 616 

Evaluation of Type I Error Rate and Statistical Power 617 

We evaluated the performance of tDESE by generating 100 independent GWAS cohorts for each 618 

simulation scenario. To assess the type I error rate, we simulated data under the null hypothesis 619 

where susceptibility genes had no age-specific expression (i.e., ௧݂(ݔ) was set to a constant ܣ௧). The 620 

empirical type I error was calculated as the proportion of the 100 simulations that yielded a P-value < 621 

0.05. To assess statistical power, we simulated data under the alternative hypothesis, where the 250 622 

susceptibility genes followed the age-dependent expression patterns described above. Power was 623 

calculated as the proportion of the 100 simulations in which tDESE detected a significant association 624 

(P < 0.05) at the designated peak age. 625 

GWAS summary statistics 626 

We collected GWAS summary statistics from public databases for five well-studied neuropsychiatric 627 

disorders with distinct age-of-onset patterns: attention deficit hyperactivity disorder (ADHD), 628 

schizophrenia (SCZ), major depressive disorder (MDD), bipolar disorder (BIP), and Alzheimer’s 629 

disease (AD). We also included four psychological or behavioral traits: neuroticism (NEU), smoking 630 

(SMK), sleep duration (SD), and intelligence (IQ). These disorders and traits have large sample 631 

sizes, with an average of 442K individuals, ensuring sufficient statistical power for the analyses (see 632 

Supplementary Table 1 for details). In all analyses, the major histocompatibility complex (MHC) 633 

region was excluded to avoid confounding from its complex linkage disequilibrium structure. 634 

Developmental dynamic gene expression profiles 635 

RNA-seq datasets from the LIBD_szControl and CommonMind (CMC) cohorts were obtained from 636 

the PsychENCODE project21. To rigorously control for tissue heterogeneity and post-mortem 637 

degradation, inclusion criteria were strictly predefined: only healthy postnatal human samples 638 

specifically derived from the dorsolateral prefrontal cortex (DLPFC) with an RNA Integrity Number 639 

(RIN) > 6 were retained for temporal modeling. To mitigate boundary bias and statistical instability 640 

in the GAM caused by sparse sampling at demographic extremes, we applied a prespecified age-641 

based trimming algorithm prior to analysis. Specifically, samples were sorted by age, and a fixed-642 

width sliding window (width = 5 years) identified the robust sampling boundaries (minimum ≥5 643 

samples). This stabilized the local smoothing process, reduced variance in tail estimates, and ensured 644 

high reliability of both the developmental trend and its derivative estimates. 645 

In the actual data, the LIBD_szControl dataset originally spanned ages 0–85 years (N=259), which, 646 

after quality control, ranged 0–71 years (N=253). The CMC dataset originally spanned ages 17–90 647 

years (N=284), with no change in range or sample size after quality control. For each dataset, genes 648 
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were retained for downstream analysis if they had non-zero expression in at least five samples, based 649 

on the raw count data. 650 

Age at diagnosis from epidemiological surveys 651 

For four psychiatric disorders, namely attention deficit hyperactivity disorder, schizophrenia, major 652 

depressive disorder and bipolar disorder, we referred to a large-scale meta-analysis of 653 

epidemiological studies on mental disorders9 to obtain the interquartile range (Q1–Q3) of the age-at-654 

onset distribution, which was taken as the peak age range for each disorder. For AD, the clinical risk 655 

epoch was anchored to 65–100 years, aligning strictly with established geriatric and epidemiological 656 

consensus guidelines20. 657 

Identification of time-sensitive genes at high-risk disease ages and functional enrichment analysis 658 

To identify genes specifically highly expressed during disease high-risk age periods, we calculated 659 

the Spearman’s rank correlation coefficient between each gene’s expression levels across different 660 

ages and the disease enrichment scores at corresponding ages. A higher correlation coefficient 661 

indicates stronger age-specific expression of the gene during the disease high-risk period. Genes with 662 

the highest correlation coefficients were defined as “temporally sensitive genes” at high-risk disease 663 

ages. In subsequent analyses, the top 200 temporally sensitive genes ranked by correlation 664 

coefficient were selected for functional enrichment analysis, including both the general Gene 665 

Ontology (GO) database and the SynGO database focused on synaptic function. 666 

GO enrichment analysis was performed using the API provided by g:Profiler 667 

(https://biit.cs.ut.ee/gprofiler)53, selecting three GO categories: Biological Process (GO:BP), Cellular 668 

Component (GO:CC), and Molecular Function (GO:MF). Enrichment significance was assessed by 669 

Fisher’s exact test, and multiple testing correction was applied using the default g:SCS algorithm. 670 

SynGO enrichment analysis was conducted via the SynGO online platform27 671 

(https://www.syngoportal.org/), using Fisher’s exact test for significance and false discovery rate 672 

(FDR) correction for multiple testing. 673 

Sex-specific analysis of disease-associated ages 674 

We stratified the developmental dynamic expression profiles by biological sex and performed the 675 

tDESE analysis independently to resolve sex-specific temporal risk architectures. To maintain robust 676 

statistical power and prevent confounding from sparse demographic sampling, cohorts lacking 677 

sufficient baseline representation of both sexes across all age bins (e.g., the CMC dataset lacked 678 

adequate female samples < 35 years; see Supplementary Fig. 1) were excluded from the sex-679 

stratified analyses a priori. In the LIBD_szControl dataset, sex stratification was successfully 680 

performed, though the inherently reduced sample size per strata slightly attenuated the statistical 681 

significance of some enrichment signals. 682 
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Similarity analysis of high-risk age patterns across phenotypes 683 

To assess the similarity of high-risk age patterns among different phenotypes, we calculated the 684 

Spearman’s rank correlation coefficient between enrichment scores of each phenotype across 685 

different ages. A higher correlation coefficient indicates a stronger concordance between two 686 

phenotypes in their high-risk age patterns. 687 

Gene prioritization and evaluation based on age-specific expression 688 

To evaluate whether prioritizing disease risk genes based on age-specific expression during peak 689 

disease ages improves gene prioritization performance, we ranked disease-associated genes 690 

according to their specificity of expression at each age. Disease-associated genes were defined as 691 

those with Benjamini-Hochberg adjusted P values below 0.01. If more than 1000 genes met this 692 

threshold, only the top 1000 genes by P-value were retained. 693 

Next, we curated a stringent benchmark therapeutic target set using the Open Targets Platform 694 

(release 25.06)53, focusing exclusively on high-confidence actionable genes. For our benchmark, we 695 

selected genes exhibiting an overall association score ≥ 0.4, reflecting moderate to high aggregated 696 

genetic and molecular evidence, as well as genes with direct pharmacological drug target evidence 697 

recorded in ChEMBL (ChEMBL score > 0). The union of these criteria provided a clinically 698 

grounded reference set. Based on this benchmark, we performed receiver operating characteristic 699 

(ROC) analysis and calculated the area under the curve (AUC) for gene prioritization at each age. 700 

This evaluation assessed the accuracy of gene prioritization at different ages and identified the age at 701 

which prioritization performance was optimal. 702 

 703 

Translational mapping of drug targets by genes with age-specific expression 704 

Age-specific transcriptional signatures were derived from the CMC cohort to isolate genes with 705 

distinct developmental trajectories. Post-mortem samples were stratified into three biologically 706 

relevant developmental epochs: adolescence (8–18 years), early-to-mid adulthood (20–40 years), and 707 

late life (70–100 years). For each gene within a given age interval, we calculated the mean 708 

expression level and standard error (SE) across samples. Age-specific expression scores were 709 

subsequently computed using the robust regression Z-score (REZ) framework to quantify the relative 710 

specificity of gene expression across these developmental windows. To capture the core functional 711 

networks defining each epoch, the top 500 genes exhibiting the highest REZ specificity scores per 712 

age interval were designated as the age-specific gene sets. 713 

To evaluate whether these developmentally regulated gene sets exhibited preferential susceptibility 714 

to pharmacological perturbation, we mapped them against drug-induced expression signatures from 715 

the Connectivity Map (CMap 2)46. To ensure neurobiological relevance, we utilized drug 716 

perturbation profiles specifically derived from the NEU neuronal cell line, curated by Li et al.54. In 717 
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this context, differential expression was quantified as the fold change between drug-treated and 718 

vehicle-control samples. For each therapeutic compound, a Wilcoxon rank-sum test was employed to 719 

compare the absolute magnitude of expression fold changes of the age-specific genes against the 720 

background transcriptome. This approach provided a systematic framework for determining whether 721 

genetic networks that define specific human developmental windows are preferentially modulated by 722 

existing psychotropic medications. 723 

 724 

Data availability 725 

GWAS summary statistics for the five neuropsychiatric disorders were obtained from the Psychiatric 726 

Genomics Consortium (PGC, https://pgc.unc.edu/for-researchers/download-results/), and those for 727 

four psychological and behavioral traits were obtained from the GWAS Catalog 728 

(https://www.ebi.ac.uk/gwas/). Developmental dynamic expression data for the human dorsolateral 729 

prefrontal cortex were retrieved from the PsychENCODE project21 via NIMH Data Archive (NDA). 730 

Genotype data for the European population from Phase 3 of the 1000 Genomes Project were 731 

downloaded from ftp://ftp-trace.ncbi.nih.gov/1000genomes/ftp/release/20130502. Benchmark 732 

disease genes were obtained from the Open Targets Platform45 (https://platform.opentargets.org/). In 733 

the simulation study, the common variants (MAF>0.04) in whole genome sequencing datasets of 734 

the UK Biobank14 (https://www.ukbiobank.ac.uk) were accessed through a collaboration under 735 

application ID 86920. Genotype data in VCF.GZ format were obtained under Field ID 24310. 736 

These data are available to bona fide researchers upon application to the UK Biobank. 737 

Code availability  738 

The functionality of tDESE has been implemented within the Java-based KGGSUM (V.15/Jun/2025) 739 

analysis platform (https://pmglab.top/kggsum). Source code for the analyses and visualizations 740 

presented in this study is available at https://github.com/chaoxue-gwas/tDESE. 741 
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