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Abstract. A central goal of human genetics is to understand the molecular pathways that link genes to
functions in cells and tissues, and ultimately to their roles in health and disease. Genome-wide association
studies (GWAS) provide a unique — and powerful — tool for finding causal relationships between variants
or genes and human traits, yet it remains challenging to gain mechanistic insights from these associations
at genome scale. Here, we argue that recent advances in high-throughput perturbation methods and ob-
servational “omics” studies provide valuable complementary data that will be crucial for building the next
generation of models in human genetics: formal models linking genes to pathways to cell and tissue biology
to traits. These models should be mechanistic, causal, and predictive. We refer to such models as Trait
Causal Models.

Introduction

In 1996, Neil Risch and Kathleen Merikangas wrote a provocative and prescient article, “The Fu-
ture of Genetic Studies of Complex Human Diseases” [1]. They proposed that in order to under-
stand the biology of complex traits we would need to use what is now known as GWAS. When
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they wrote that article, it was still a major effort to genotype a few tens of variants in a few hun-
dred individuals, but their vision galvanized the field to build the platforms needed to implement
modern GWAS [2—4]. Thirty years later, GWAS — including both traditional genotyping and
newer sequencing-based approaches — are routinely used to study complex traits. With new
tools available to perturb and measure molecular phenotypes at scale, now is the time to evaluate
what GWAS have taught us about the molecular mechanisms underlying the biology of complex
traits and what data sources beyond GWAS will drive the next thirty years of discovery.

By many measures, GWAS have been remarkably successful at shaping our understanding of
complex traits [5,6]. With genome-wide genotype or sequence data for millions of individuals, we
have found hundreds of thousands of replicable associations across thousands of traits [7-9]. For
example, in 2022 a landmark study of 5 million people reported a “fully saturated” map of the ge-
netic basis of height, encompassing about 12,000 distinct significant loci spanning approximately
20% of the genome that together explain essentially all of the genetic variance of height [10].

GWAS have led directly to new life-saving drugs [11-13] and gene-therapies [14,15], delivered
new insights into disease mechanisms [16-19], and helped clarify the cell types driving certain
diseases [20-23]. GWAS have enabled polygenic prediction tools that can impact decisions about
medication and medical screening [24-26], and genetic associations are a valuable predictor for
which drug development programs will succeed [27].

And yet, even with these important successes, one might still feel just a little disquiet when
considering what insights we gain from a well-powered GWAS. In particular, it remains difficult
to move from GWAS signals to a systems-level understanding of trait biology. What specific gene
regulatory cascades connect variant effects to genes, cell and tissue functions, and ultimately to
disease onset [28,29]? Can we predict the quantitative effects of variants: for example, does de-
creasing expression of a particular gene increase or decrease blood pressure and by how much? If
we observe hundreds, or even thousands, of independently associated variants for a trait, surely it
should be possible to develop a unified model that organizes these into coherent effects on specific
pathways in specific cell types.

Instead, despite the wealth of information in a well-powered GWAS, we are often left with
mainly qualitative results in genome-scale analyses, such as enrichment of association in broadly-
defined gene sets, with mechanistic understanding for only a small fraction of the loci, and with
systems-level models of disease risk out of reach.

Thus, we currently sit at a point where GWAS have been remarkably successful at finding asso-
ciations and for important downstream applications. And yet, there still remains a huge untapped
potential for the discovery of mechanistic biology. Fundamentally, GWAS identify the causal ef-
fects of variants or genes on traits, but do not directly tell us how, or why, each gene matters.
In this article we argue that the emergence of new types of experimental data — focusing par-
ticularly on genome-scale CRISPR perturbations and single-cell omics — can be combined with
GWAS data to provide a new interpretative toolkit for the next generation of human biology.



Defining “success” in human genetics: A vision for Trait Causal Models

Human genetics seeks to understand the genetic basis of complex traits, but what, concretely, does
that mean? We argue that this is a question of building causal models that can predict the effects of
perturbations at the molecular, biochemical, cellular and physiological scales.

To understand the genetic basis of a disease, it is not enough to simply identify the genes, path-
ways, or tissues involved. While finding the key players is an important first step, associations
alone are insufficient to make even the most basic predictions: would increasing the expression
of some key gene in a particular cell type increase or decrease risk? Would perturbing that gene
result in similar effects to perturbing another disease-associated gene? To claim we “understand”
the biology of a trait we must be able to make directional predictions.
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Figure 1:  Trait Causal Models: Conceptualizing the flow of information through biological systems,
from genetic variation to human-level phenotypes.

Moreover, we need causal models that can predict how disease risk will respond to interven-
tions. This is in contrast to predictive, but non-causal models such as polygenic scores (PGS) [30].
While PGS can accurately predict individual-level disease risk and can be clinically useful [31],
these models do not inherently capture the mechanisms by which variants collectively affect risk,
and would not accurately predict the outcome of experimentally altering genotypes. Mechanistic
models generalize to new loci, genes, and cells: a model capturing the pathways by which vari-
ants affect risk can predict the effect of previously unmeasured variants based on their effects on
intermediate biological pathways.

Ultimately, we could claim to fully understand the genetic basis of complex traits if we had
predictive causal models that describe how effects flow from genes, through gene regulatory net-
works, to cell and tissue biology to traits (Figure 1). These “Trait Causal Models” (TCMs) would
solve many important downstream problems: identifying drug targets as genes that can be per-
turbed to reduce disease risk or mitigate disease severity with minimal effects on other traits;
guiding pharmacogenomics with models of the pathways a genotype affects; and discovering
disease biomarkers by modelling shared pathways affecting distinct traits.

We propose that future genetic studies of complex human diseases should work toward this
goal of building TCMs. Progress on both the experimental and computational fronts is making



this goal increasingly tangible. In the remainder of this article we outline what is necessary to
make progress toward this vision.

Data Pillars

Causal effects in science are often estimated by experimentally perturbing a system [32], but this
is infeasible or unethical in humans outside of expensive, low-throughput clinical trials. Instead,
we must combine different data sources, each with their own strengths and weaknesses, to build
TCMs (Figure 2).

While there are many potentially useful types of data, for concreteness we focus here on three
key Data Pillars: 1) biobank-scale whole-genome sequencing data from deeply-phenotyped indi-
viduals (for brevity we refer to this as “GWAS data” but include all forms of genomic association
studies including conventional SNP-based associations, gene-level burden tests, and molecular
QTLs); 2) genome-scale CRISPR perturbations in model systems; and 3) human subjects molec-
ular profiling data measuring molecular correlations with human-level phenotypes, which we
refer to as “observational omics”. We illustrate potential examples of data pillars for two disease
conditions in Box 1.

Pillar 1: GWAS. Because genotypes are randomized at conception, they are causally upstream
from phenotypes (assuming that population- and family-level confounders have been appropri-
ately controlled [33]). This makes GWAS data unique in providing genome-wide causal informa-
tion about how variants and genes affect human-level traits.

However, GWAS have two main shortcomings. First, while a GWAS association tells us that a
variant or gene causally affects a human-level trait, without further data it does not tell us which
biological processes lie between the gene and the trait. Second, natural selection on trait variation
strongly biases what we discover in GWAS, often making it harder to discover the variants with
the largest effects and variants that affect many traits [34-37].

Pillar 2: Experimental perturbations. Modern perturbation experiments provide a powerful
tool for filling the interpretative gaps in GWAS. Recent technical advances now enable CRISPR-
based perturbation of thousands of genes in pooled screens with high-content phenotypic read-
outs such as gene expression [38-48] or cell imaging [49-51]; or in bespoke functional assays
[52-56]. Crucially, perturbations allow us to identify which other genes or cellular processes lie
causally downstream of any gene of interest. These data are often remarkably useful for delineat-
ing gene regulatory networks and cellular pathways [42-44,57], and we see genome-scale pertur-
bations as an essential building block of TCMs.

In principle, there is also complementary information available in trans-eQTLs or trans-pQTLs
for estimating gene regulatory effects [58—61]. While perturbation experiments are necessarily
limited to model systems (e.g., cells, model organisms, organoids), QTL-based approaches may
better capture trait-relevant conditions. However, these recent successes notwithstanding, trans-
QTL mapping is often limited by low power and discovery biases due to natural selection [36,37].

Pillar 3: Observational omics. GWAS identifies causal effects of variants or genes on human-
level traits; experimental perturbations measure how genes affect low-level cellular processes, but
always in model systems. This leaves a gap that can be filled by observational omics data: How
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Figure 2: Data pillars for Trait Causal Models. Each pillar provides complementary causal or correl-
ative information on connections between biological layers.

do human subjects — especially disease cases and controls — differ in transcriptional, cellular,
and clinical phenotypes, and in which cell types and states might causal variants act?

We define observational omics expansively as the application of any of a range of technologies
— for example, RNA-seq, ATAC-seq, spatial transcriptomics; metabolite or proteome measure-
ments in blood or urine; or cellular, tissue and organ imaging — to biobank cohorts or case-control
studies to identify which phenotypes are altered in disease states in humans. In cohort studies, sev-
eral phenotypes can be measured in parallel on the same population to test associations between
molecular, cellular, and clinical phenotypes.

Unlike GWAS and perturbations, most omics data are fundamentally observational. There is no
guarantee that detected signatures are causal for disease; they may be co-regulated with disease-
relevant pathways, or even be downstream consequences of disease.

Yet, in practice, omics studies have been impactful in nominating disease-associated path-
ways and the tissues, cell types, and patient subpopulations in which they are active, even with
modest sample sizes [78-81]. For example, tissue profiling studies mapped Alzheimer’s Disease-



Box 1. Opportunities and gaps: data pillars for Coronary Artery Disease (CAD) and
Crohn’s Disease.

To make the discussion more concrete, we consider two complex disorders with different
opportunities and challenges: CAD and Crohn’s Disease.

Both disorders are impacted by multiple processes acting through different cell types
and organ systems. CAD is driven by atherosclerosis, in which damage to the inner lining
of the arteries and the buildup of LDL cholesterol in the artery wall trigger the formation
of plaques [62]. Crohn’s disease is an inflammatory bowel disease driven by dysregulated
innate and adaptive immune responses, involving immune cells such as CD4+ T cells (es-

pecially Th17), macrophages, and intestinal epithelial cells [63].

Here we provide an overview of key features and data resources currently available for
building TCMs for both traits, while acknowledging that important data gaps remain, in-
cluding a critical need for genome-scale perturb-seq in the relevant cell types:

CAD

Crohn’s Disease

Key features:

Major cell types

Smooth muscle cells,
endothelial cells,
macrophages, hepatocytes

Macrophages, CD4+ T cells
(Th1/Th17), epithelial cells

Access to primary

Challenging (explanted

Tractable (blood, routine

human cells transplant-recipients hearts, intestinal biopsies)
post-mortem)

Example flow models, oxLDL LPS/TCR stimulation,

experimental treatment inflammatory cytokine

conditions/stimuli treatment

Disease-relevant Blood pressure, LDL, autoantibodies, inflammatory

clinical phenotypes triglycerides markers (C-reactive protein,

fecal calprotectin)

Current therapeutic
targets

LDL/lipids; vessel-wall
inflammation; blood pressure

myeloid/Th17 activation,
immune trafficking to gut

Representative Data Pillar Resources:

GWAS/xQTL

Disease risk [18,64], BP,
LDL [65, 66]; limited cell-type
resolved eQTL data [67]

Disease risk [68-70]; immune
and intestinal sc-eQTL [71]

Perturb-seq

Endothelial cell model
(teloHAEC) [43]; Liver cell
line (HepG2) [72], mouse liver
in situ [73]

CD4+ T cells
(genome-scale) [44], mouse
macrophages [51],
macrophage cell line
(THP-1) [74]

Omics

scRNA-seq of cardiovascular
tissues [75] and liver [76];
lipids [66], other

metabolites [77]

PBMC and intestinal
scRNA-seq from disease
cohorts [71]




associated genes to microglial function [82], and early transcriptomics work identified mutually
exclusive Th2 and Th17 inflammatory pathways in asthma patients [83, 84], informing clinical
trials on cytokine receptor blockade. Moreover, unlike GWAS and perturbations, omics data —
especially when collected across timepoints — can be informative about the dynamics of disease
progression through time [85, 86].

Building Trait Causal Models

Figure 1 showed a conceptualization of a trait causal model, with genetic effects flowing through
levels of biological structures, ultimately impacting human-level traits. If we have measured the
relevant data pillars for a trait, how can we infer this graph in practice?

For inspiration, we turn to a growing literature that jointly analyzes pairs of data pillars
to gain biological insights (Figure 3A). Among these, several studies have identified GWAS hit
enrichment within “programs” of co-expressed genes that are either identified from perturb-
seq [43,44, 55,87], or that are differentially expressed in observational data from cases and con-
trols [23,88-90]. In both analyses, the enrichment of GWAS hits within gene programs suggests
that these programs, or related cellular functions, play a causal role in disease. Meanwhile, recent
work has used perturb-seq data to identify the upstream regulators of observed gene programs.
For example, one can combine differential expression signatures from purely observational data
with perturb-seq to nominate master regulators that may explain the signatures [44,91].

While important biological insights have been found by these approaches, the focus is mainly
on using enrichment tests to discover trait-relevant regulators or programs. Instead of finding
enrichment, can we adapt and extend these methods to build predictive models?

A recent paper from our group developed a prototype TCM (Figure 3B), pairing GWAS data
from red blood cell traits with perturb-seq data from the erythroleukemic cell line K562 (Ota et
al. 2026 [57]). Following [43], Ota et al. used the perturb-seq data to infer a simplified regulatory
network in erythroid precursors consisting of two layers, with effects flowing from perturbed
regulators to programs of measured genes. The assumption is that causal effects flow from regulators
— programs — traits. In this model, we can think of core genes (as defined in [29]) as residing in
programs, and controlled by upstream regulators. Genetic variation can impact this network at
either the regulator or program levels.

At this stage, instead of identifying programs enriched for GWAS hits, we can obtain a much
richer description if we measure the direction of effects of genes on traits by using variants with
a known direction of effect on gene expression. For example, Ota et al. used loss-of-function
mutations for this purpose. In a correct model we should expect that the directional effects of
regulators on traits can be explained by their directional effects on programs and the effects of
the genes within the program on traits. We can leverage this intuition along with estimates of
the regulator — program effects from perturb-seq to decompose gene — trait estimates from GWAS
data into a regulator — program — trait TCM. Importantly, this model also enables quantitative
predictions: when Ota et al. held some genes out of the model training, they could use the perturb-
seq data to predict the signed effects of the held-out genes on traits with reasonable accuracy.
Although the ability to predict unobserved values is an important criterion for evaluating models,
this has historically been challenging in human genetics.
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Figure 3: Building Trait Causal Models. (A.) Many existing approaches in functional genomics focus
on integration between pairs of data pillars to connect biological layers. (B.) A first generation TCM for red
blood cell traits [57] explicitly considered directions of effects within perturbation graphs and for genetic
associations; (C.) Example TCM framework incorporating quantitative measurements across 3 data pillars.
(D.) Future extensions of the TCM framework could incorporate further aspects of trait biology including:
(1.) jointly modeling genetic effects in multiple cell types; (2.) additional layers of requlation between bio-
logical entities; (3.) feedback both upstream and downstream of traits.

We anticipate an expanding opportunity to develop more detailed TCMs for a wide variety
of traits as the available perturbation and omics data expand. We expect that future TCMs will
aim to provide joint, quantitative modeling of multiple pillars. While this modeling could go in
many directions, we suggest one hypothetical framework in Figure 3C. Here, the TCM links genes
across layers of a regulatory network between regulators and programs, with activity in multiple
trait-relevant cell types. Future inference methods would aim to explain data collected in all three
pillars within a single coherent model; one could potentially fit this by minimizing a joint loss
function across all three data pillars.

Moreover, this basic framework will likely need to be extended in several key dimensions:

* Multi-cell type models. Most traits are controlled by variation in multiple cell types. Thus we



can imagine TCMs with shared or cell type-specific nodes and edges (Figure 3D);

* Multi-layer graphs. Regulator-program models are clearly a simplification of both gene regu-
latory networks, and the layers of complexity at higher levels of structure, including tissues,
organs and clinical phenotypes (Figure 3D). Existing techniques such as Mendelian Ran-
domization [92] and matrix factorization of GWAS signals [17,93,94] may be valuable for
modeling relationships among traits;

* Models with feedback and co-regulation. Some molecular processes affect human-level traits,
while others are causally downstream of human-level traits. We anticipate TCMs that model
this sort of feedback between layers of biological complexity (Figure 3D).

Looking forward, one question is what level of granularity to use for modeling connections
within and across biological scales. Gene regulatory networks offer an instructive example. Cur-
rent approaches for perturb-seq analysis mainly use latent factor models to build simplified repre-
sentations of the gene regulatory network (GRN) based on programs [38,43,95]. These simplified
models can be easier to interpret and may require less data to estimate. New approaches come
closer to estimating the full GRN [96-98], which may trade interpretability for increased fidelity
to the underlying biology.

These considerations raise an important issue: advances in machine learning and Al mean
that we will be able to perform both inference and prediction in highly complex graphs. These
extremely granular TCMs may prove best for prediction problems like selecting drug targets, but
we also view human interpretation as an essential output, especially for design of new experi-
ments and therapeutic translation. This implies a need for either human-interpretable models, or
Al tools for presenting interpretable summaries of complex models.

Lastly, we note that to achieve quantitative TCMs, we need to be able to connect very different
kinds of measurements, in different biological units, from each pillar. Instead of focusing on sig-
nificance testing, experiments and analyses should be designed to learn biologically meaningful
parameters representing connections between biological components, corresponding to edges or
groups of edges in the TCM.

In the next section we outline the key challenges that we see for the practical implementation
of TCMs.

From Data Pillars to Trait Causal Models: open questions

Analysis methods for variant — gene — trait. Most signals in GWAS come from noncoding
variants that act through cis-regulation of nearby genes. There has been important work on iden-
tifying causal variants [99], which genes they regulate [100-102], and the cell types in which causal
variants may impact gene expression [21,23,90,103-105].

Much less attention has been paid to estimating the quantitative effects (or even directions of
effects) of genes on traits. This is in contrast with most perturbation and omics datasets, which
measure and perturb gene expression. To build joint, quantitative models of all three pillars,
we need to be able to extract corresponding information from GWAS. In practice, this requires



estimating how a variant affects gene expression, B, and then decomposing variant — trait into
variant — gene (i.e., B) and gene — trait (which we denote by y(B), Figure 4A).

With current data and approaches, estimating p for individual variants is difficult, with loss-
of-function (LoF) mutations in protein-coding genes being an important exception. LoFs generally
reduce the amount of viable gene product by half, allowing us to interpret their estimated effects
on traits as being the effect of halving gene expression on the trait [106], assuming no compen-
satory upregulation of the functional allele. As such, LoF burden tests have been widely used to
quantify the effect of changes in gene expression on traits [11,57,107,108].

These successes notwithstanding, LoFs are generally extremely rare, resulting in LoF burden
tests being underpowered even at current sample sizes. Increasing power will require increasing
the sizes of sequenced cohorts and combining results via collaborative meta-analyses [109], as well
as developing analysis tools that increase statistical efficiency for a given sample size [57,110-112].

Even with these advances, building TCMs will require approaches that use other kinds of vari-
ants. First, some genes are under such strong natural selection that there simply are not enough
LoF carriers in the world to ever obtain meaningful burden signals [37,113]. Second, there is grow-
ing evidence that the downstream effects of changes in gene expression are non-linear [106,114].
While LoFs are informative about the effects of decreasing gene expression on a trait, this may not
be informative about the effect of increasing gene expression.

For these reasons, it is essential to develop methods to extract more quantitative information
from the common, non-coding variants measured in standard GWAS, but new approaches will be
needed to overcome the noise in estimates of their effect on gene expression, . One approach is
to pool information across variants, by imagining the relationship between effects on expression
and effects on the trait as a gene dosage response curve (GDRC; Figure 4B). In principle, B determines
where a variant falls along the x-axis of the GDRC and can be estimated using eQTL data, while its
y-axis position can be estimated from GWAS. The GDRC can then be estimated by fitting a curve
through these points. This is exactly the intuition behind approaches like TWAS [115,116] and
Mendelian Randomization [117] (both assume a linear GDRC), but these methods currently have
limited power and high rates of sign-errors [118]. However, we are optimistic that it will soon
be possible to resolve these challenges by combining complementary approaches: (1) increasing
sample sizes of eQTL studies [71,119]; (2) measuring B experimentally using experimental tools
including massively parallel reporter assays (MPRAs) [120-122], enhancer-targeted CRISPRi [45,
123-125] or base-editing [126-128]; and (3) machine learning-based predictions of variant effects
[129-131]. Machine learning approaches currently show mixed results [132-136], but we expect
that accuracy will improve with more data and algorithmic advances.

Non-coding variants also offer another key advantage over LoFs: they provide information
about which cell types are responsible for mediating observed gene-trait associations. LoFs gen-
erally reduce expression across all cell types, making it difficult to pinpoint the cell types in which
the reduction in expression matters for the trait. In contrast, non-coding variants can be highly
context-specific (Figure 4C) [105,137-139], and new methods are needed to leverage that informa-
tion to enable building multi-cell type TCMs.

Perturbations: experimental needs and opportunities. There have been tremendous technolog-
ical advances in our ability to perturb and measure molecular readouts in single cells, enabling an
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Figure 4: Recasting GWAS as parameter estimation. (A.) The effect of a variant on a trait can be
conceptualized as being the result of its effect on a gene, B, and the effect of that gene on the trait, vy. (B.) The
gene dosage response curve (GDRC) conceptualizes the relationship between gene expression and expected
phenotype. (C.) LoFs generally affect gene function in all cellular contexts while requlatory variants can be
more specific.

incredible array of experimental designs. While many of these designs will surely provide excit-
ing insights into cellular biology, here we ask what perturbation datasets will be most useful for
building TCMs.

Which perturbations? For the purpose of building TCMs, the first focus should be on measuring
how gene-level perturbations affect the global transcriptome, proteome, and other cellular pheno-
types. Gene-level perturbations give the most flexibility to study responses to many types of gene
dosage changes, via approaches including CRISPR-KO, CRISPRi, and CRISPRa, as well as stable
repression and activation with epigenetic editing in both gene promoters and enhancers [140,141],
enabling comparison to GWAS data. Ultimately, we imagine combining multiple perturbation
modes to estimate GDRCs relating the expression of pairs of genes [114]. While combinatorial
perturbations are useful for elucidating molecular pathways [142,143], single gene perturbations
can be scaled genome wide and genetic effects appear to be largely additive in human genet-
ics [144]. Therefore, we see individual gene perturbations as a tractable and powerful starting
point for building TCMs.

Which readouts? Single cell RNA-seq is emerging as a versatile and convenient high-dimensional
readout (i.e., perturb-seq). The last decade has shown that scRNA-seq is a remarkably useful in-
dicator of cell states, and readouts from perturb-seq will power the inference of trans-regulatory
interactions between genes. RNA-seq data has the additional advantages of being able to be ana-
lyzed by established quantitative methods [145-148] and providing a natural common coordinate
framework (measurements on the same genes) for comparisons to gene-level omics datasets across
conditions and cell types.

Despite its many advantages, RNA-seq is an indirect readout of cellular biology. Cellular func-
tions are largely carried out by proteins, and changes in protein activity may not be fully reflected
in the transcriptome. Cell-cell communication is crucial for many aspects of cell functions but not
measured in current perturbation experiments. Transcriptomic responses can also be challeng-
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ing to relate to disease-relevant cellular phenotypes, such as exhaustion in T cells or scarring in
fibroblasts [149]. To address these issues, transcriptome readouts could be complemented with
screens on bespoke functional assays, or imaging-based readouts with Optical Pooled Screening
(OPS) [49,50,73,150]. Joint analysis of such experiments with perturb-seq would identify expres-
sion signatures linked to functional endophenotypes or non-cell-autonomous effects on tissues.

Which biological contexts? The last critical question is how to select the most relevant model
systems. Perturbation studies have employed cellular contexts including cancer cell lines, iPSC-
derived lines, organoids, ex vivo primary cells, and in vivo mouse tissues [42—45,47,73,149,151-153].
These systems vary in terms of convenience, accessibility, and biological fidelity to human tissue.
Recent work shows that perturb-seq results are highly dependent on cell types, experimental con-
ditions and even measurement timepoints [42,44,72,154]. Therefore, it is clear that distinct human
traits will require distinct experimental systems, each covering all the major cell types involved
in the disease and including disease-relevant experimental stimuli. For a given disease, there will
be a need for measurements on thousands of perturbations in tractable cells as well as smaller
perturbation panels in more biologically faithful systems. Of the axes along which perturb-seq
experiments can scale (perturbation type, number of perturbations, readout modality, and biolog-
ical context), we believe expanding the space of biological contexts is most urgent for building the
tirst generation of TCMs.

Perturbations: prediction for unseen contexts. It is clearly impractical to measure every pertur-
bation with every readout in every context relevant to a given trait. Many disease-relevant cell
types are challenging or impossible to culture or edit ex vivo, such as non-proliferating cells. Even
with remarkable experimental advances, we will realistically be left with a patchwork: dense ob-
servations in some contexts, sparse or absent coverage in others. Could we impute, in silico, the
perturbation effects we cannot measure?

This task has become a popular machine learning challenge in biology in recent years [155,156],
proposed as central to building “Al Virtual Cells” [157], and will be key for building TCMs for
traits where relevant cell types are experimentally inaccessible. To realize this vision, these models
must be trained and evaluated in real-world use-cases. A realistic setting is having access to
thousands of perturbations in cell lines, but needing to predict the effect of perturbations in a
transcriptionally distant primary cell type. In the best cases there may be a small number of
perturbations available in the target cell type, but more often methods will need to rely solely on
single-cell RNA-seq, ATAC-seq, and other molecular profiles from the unperturbed baseline in the
target cell type.

For now, we remain far from the inflection point in training data needed for accurate pertur-
bation effect prediction across disease-relevant cell types: the joint space of cell contexts, pertur-
bation types, and readouts remains largely unexplored.

Incorporating observational omics into TCMs. Observational omics will be key to building
TCMs, confirming that causal pathways predicted from GWAS and perturbation data are active
in patients in physiological contexts (Figure 5A). Given the vast toolkit of possible molecular and
clinical measurements, which omics data will be most useful for TCMs?

Both platform omics and bespoke assays will play important roles. Platform omics, such as single-
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(A) Observational omics validate causal models in physiological conditions
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Figure 5: Building up TCMs with perturbation and observational omics data. (A.) Perturb-seq data
across perturbation modes quantifies molecular responses to causal gene dosage across biological contexts.
This generates hypotheses on the cell types and molecular mechanisms by which causal genes affect traits.
(B.) Features of observational omics data that inform TCMs.

cell RNA-seq and ATAC-seq, work robustly across a range of tissues, and can be matched to
the readouts of perturbation experiments, enabling the joint modeling of perturbation effects on
gene expression and expression profiles of disease-relevant cell types observed in patients. These
data will also provide the substrate to infer quantitative effects of variants on gene expression in
disease-relevant cell types and states [101,131,158]. At the same time, bespoke assays for any
given disease will also be needed to connect molecular changes to functional phenotype. Per-
forming both platform omics and these bespoke assays in the same cohort will enable connecting
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gene-level measurements to other layers of disease biology. For example, in an Alzheimer’s dis-
ease cohort scRNA-seq might be paired with measurements of amyloid plaque deposition, while
for autoimmune conditions we might measure inflammatory protein abundance in blood with
targeted proteomics panels.

On top of serving as a validation layer, observational omics present several key features to
advance TCMs (Figure 5B):

* Measurements across cell types. With observational omics we can routinely measure mul-
tiple cell types in the same sample. This enables joint modeling of perturb-seq across cell
types and provides the measurements needed to predict effect sizes of non-coding variants
on gene expression. Multi-cell type data also captures cell-cell interactions and shared re-
sponses to the effects of the environment and genetic background.

* Modeling of environmental effects. Omics cohorts can be used to understand the effects of
environmental exposures on tissue phenotypes and their interaction with cell-intrinsic gene
regulatory network effects. Omics studies should maximize the amount of donor-level data
collected alongside molecular measurements to facilitate these discoveries.

¢ Biomarkers of causal pathways. Not all phenotypes associated with a trait of interest cap-
ture core processes affected by genetic variation: these might include phenotypes that re-
flect secondary effects contributing to symptoms, protective responses to pathogenesis or
response to therapy. While insufficient to nominate causal core processes in isolation, deeply
phenotyped omics cohorts can be used to identify proxies of core disease processes that are
detectable in patient samples, such as blood biomarker correlates of activity of a causal path-
way in a hard to access tissue.

With these goals in mind, what should we estimate from patient omics data to incorporate it
into TCMs? The richness and complexity of omics datasets has led to a proliferation of analytical
methods, often making it difficult to relate biological findings across diseases and cohorts. We
suggest focusing on key parameters that can be estimated and interpreted across cohorts. For
example, from scRNA-seq data we can estimate (a) gene expression signatures for each cell type,
(b) disease-associated changes in cell type fractions, and (c) disease-associated changes in gene
expression profiles for each cell type. These summary statistics are directly comparable to perturb-
seq perturbation effect estimates and eQTL effects, and can be meta-analysed across studies and
compared across traits.

We believe robust estimates of cell type-specific parameters will power the first generation of
trait causal models. We are excited to see how analytical frameworks will evolve to accommodate
more complex, multi-modal or time-series datasets, incorporating trait effects on many molecular
readouts or modeling longitudinal measurements [159].

Discussion

GWAS have been remarkably successful during the past 20 years, but it still remains difficult to
uncover new biological mechanisms at genome scale from GWAS data alone. We argue that mod-
ern genome-scale perturbation experiments are a critical tool for revealing the cellular pathways
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through which genetic effects act on human traits, and that observational omics can provide direct
readouts of these pathways in disease states.

We propose that these different data modalities and views of biology can be unified into Trait
Causal Models. TCMs capture quantitative parameters connecting biological layers — from vari-
ants to genes to pathways in specific cell types and tissues — and they can predict the effects of
perturbations of these entities.

The first generation of TCMs does not need to be built at full resolution to start being useful.
We can begin with coarse graphs, then progressively refine them by resolving the intermediate
pathways of cellular function, but much work remains to fully realize this promise. We view this
as an opportunity for new experimental and computational methods development tackling grand
challenges for the field:

1. Choosing and developing tractable experimental models for genome-scale perturbation
studies. Building TCMs will require new experimental models of disease-relevant human
tissues. New methods are needed for determining which models and experimental contexts
are trustworthy for which traits and which aspects of TCMs.

2. Expanded readouts of perturbation responses. Not all biological processes leave clear pat-
terns in transcriptomic data measured at a single timepoint. To more deeply characterize
the functional consequences of perturbations will require additional readouts, including
image-based readouts at subcellular and multi-cell / tissue scales, protein measurements, and
multiple-timepoint readouts to study dynamic processes.

3. Predicting the effects of perturbations in unseen contexts. We view this challenge as syner-
gistic with the previous challenges, and necessary to fill the gaps from disease-relevant cell
states that are inaccessible to experimental perturbations.

4. Realistic inference of biological networks. Richer perturbation and omics readouts call
for methods that estimate more fine-scaled TCMs, such as moving from the level of gene
expression programs to fully resolved GRNs [96-98]. These approaches could be extended to
additional molecular layers that model signaling pathways or other biochemical processes,
or cell—cell interactions.

5. Quantitative estimates of gene effects on programs, cell types and human-level traits. We
need tools to estimate gene dosage response curves from common variant GWAS and bur-
den tests. Relatedly, frameworks must be developed for estimating biologically meaningful
parameters at the level of genes, programs, and cell types from omics data, that are compa-
rable across observational and perturbation studies.

6. Making TCMs interpretable to humans. TCMs will be most useful if they are interpretable.
In practice, this will mean connecting pathways or programs in TCMs to named pathways
and functions. Here we see considerable promise in the use of agentic Al systems to synthe-
size prior knowledge and model outputs into interpretable insights.

7. Therapeutic interventions from causal models. We will need dedicated approaches to iden-
tify interventions that can reverse a phenotype from disease TCMs. This is complicated by
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the fact that most GWAS conflate genetic drivers of disease onset with drivers of progres-
sion, which, when studied separately, often prove distinct [160, 161]. Although expensive
and low-throughput, clinical trials could be the ultimate test of a TCM’s predictive validity:
trials pairing clinical endpoints with omics profiling would provide an invaluable resource
to model the causal structure of disease progression and response to intervention.

Reflecting back on the past 30 years since Risch and Merikangas laid out their vision for the ge-
netic study of complex human diseases, it is clear that it has been a period of great discovery, in
which we have cataloged a huge number of high-confidence causal relationships between variants
and traits. Yet, looking toward the future, it is time to ask new questions and use new approaches.
We should no longer be looking to simply discover genes and catalog associations. We should be
learning disease biology by building detailed, predictive, and mechanistic models of the pathways
from genes to disease. This vision is encapsulated in Trait Causal Models. These goals are am-
bitious, but the data and computational methods are now attainable with a combination of tools,
both current and on the near horizon.
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