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Abstract
Exploring how genetic sequences shape phenotypes is a fun-
damental challenge in biology and a key step toward scalable,
hypothesis-driven experimentation. The task is complicated
by the large modality gap between sequences and phenotypes,
as well as the pleiotropic nature of gene–phenotype relation-
ships. Existing sequence-based efforts focus on the degree to
which variants of specific genes alter a limited set of pheno-
types, while general gene knockout-induced phenotype ab-
normality prediction methods heavily rely on curated genetic
information as inputs, which limits scalability and generaliz-
ability. As a result, the task of broadly predicting the presence
of multiple phenotype abnormalities under gene knockout di-
rectly from gene sequences remains underexplored. We in-
troduce GenePheno, the first interpretable multi-label predic-
tion framework that predicts knockout-induced phenotypic
abnormalities from gene sequences. GenePheno employs a
contrastive multi-label learning objective that captures inter-
phenotype correlations, complemented by an exclusive regu-
larization that enforces biological consistency. It further in-
corporates a gene function bottleneck layer, offering human-
interpretable concepts that reflect functional mechanisms be-
hind phenotype formation. To support progress in this area,
we curate four datasets with canonical gene sequences as
input and multi-label phenotypic abnormalities induced by
gene knockouts as targets. Across these datasets, GenePheno
achieves state-of-the-art gene-centric Fmax and phenotype-
centric AUC, and case studies demonstrate its ability to reveal
gene functional mechanisms.

Extended version — https://arxiv.org/abs/2511.09512

1 Introduction
Understanding the relationship between genetic information
and phenotypic outcomes has long been a fundamental goal
in biology. Genetic information, encoded in gene sequences,
influences phenotypes through complex yet broadly con-
sistent biological mechanisms across individuals (Feuer-
mann et al. 2025). Predicting the phenotypic outcome from
gene information is fundamental and essential to therapeu-
tic discovery (Tang and Khvorova 2024), functional ge-
nomics (Zheng et al. 2024), and systems biology (Whiting
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et al. 2024; Islam et al. 2025). Existing approaches generally
follow two directions. Variant effect prediction methods typ-
ically take gene sequences as inputs to estimate how specific
genetic variants change the magnitude or degree of a lim-
ited set of phenotypes. Other methods for predicting large-
scale phenotypic abnormalities at the gene or protein level
rely heavily on labor-intensive curated information, such as
protein–protein or gene–gene interaction networks, which
limits their applicability to newly discovered or poorly an-
notated genes. Moreover, both types of methods offer lim-
ited insight into the intermediate functional mechanisms that
connect genetic information to phenotypic outcomes. These
limitations highlight a critical gap: the need for interpretable
methods that can predict large-scale phenotypic abnormal-
ities directly from gene sequences, thereby improving ap-
plicability to under-annotated genes and enhancing inter-
pretability of the underlying biological mechanisms.

To address this gap, it is important to understand the bi-
ological flow of information from gene sequences to phe-
notypes. Research into the relationship between genetic in-
formation and phenotypic traits generally follows the cen-
tral dogma of molecular biology. Figure 1 outlines the
key biological modalities involved in passing genetic infor-
mation from molecular-level gene sequences to organism-
level phenotypes. At the molecular level, genetic informa-
tion encoded in the linear sequence of DNA is transcribed
into RNA and translated into proteins, whose amino acid
composition and three-dimensional conformation determine
their biochemical properties and functional roles within the
cell (Crick 1970). The functions of genes and their prod-
ucts are systematically organized in a directed acyclic graph
(DAG) known as the Gene Ontology (GO) (Consortium
2019). Predicting GO terms from protein sequence or struc-
ture has long been an active area of research (Kulmanov
and Hoehndorf 2020a; Yuan et al. 2023; Liu, Zhang, and
Freddolino 2024; Gligorijevic et al. 2019). Further attempts
are made to predict large-scale knockout-induced phenotype
abnormalities directly from the GO terms annotated to the
corresponding protein (Kulmanov and Hoehndorf 2020b).
Besides general GO functions, a key functional property of
proteins is their capacity to interact with one another. Pro-
tein–protein interaction (PPI) networks, derived from assays
such as yeast two-hybrid (Y2H), offer a curated modality
of genetic information. Although PPI networks are widely
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used in prediction of large-scale phenotype abnormalities,
their utility is limited to proteins with experimentally vali-
dated interactions (Bi et al. 2023; Liu et al. 2022).

Phenotypic abnormalities are systematically organized in
DAGs such as the Human Phenotype Ontology (HPO) and
Mammalian Phenotype Ontology (MPO), where nodes rep-
resent phenotype abnormalities and edges encode subsump-
tion relationships (Gargano et al. 2024; Smith and Eppig
2009). Due to pleiotropy and overlapped functional mecha-
nisms, phenotypes often show strong dependencies and cor-
relations (Mackay and Anholt 2024). Such dependencies are
evident in genes whose functions influence multiple phe-
notypes, such as those involved in pigmentation, which are
also associated with hearing or vision abnormalities (Reiss-
mann and Ludwig 2013). However, most existing studies
formulate the multi-label phenotype abnormality prediction
as multiple binary classification tasks, neglecting correla-
tions between phenotypes (Bi et al. 2023; Liu et al. 2022).
These correlations include logical constraints, where certain
phenotype abnormalities are mutually exclusive. For exam-
ple, in HPO, abnormal muscle tone includes both hypoto-
nia (reduced muscle tone) and hypertonia (increased muscle
tone), which are semantically incompatible and should not
co-occur. Existing prediction methods overlook these con-
straints, potentially producing logically inconsistent results.

To address these challenges, we propose GenePheno, the
first interpretable multi-label prediction framework that pre-
dicts knockout-induced phenotypic abnormalities from gene
sequences. GenePheno integrates GO functions at both fine
and coarse granularity. Fine-grained GO terms, represent-
ing specific biological functions, are input alongside the
gene sequence and fused via cross-attention. Coarse-grained
GO categories serve as supervision targets at the bottle-
neck layer, providing human-interpretable concepts that re-
flect general mechanisms of phenotype formation. We fur-
ther design a contrastive multi-label objective for phenotype
abnormality prediction, capturing inter-phenotype correla-
tions, and apply an exclusivity regularization to enforce bi-
ological logic consistency. By explicitly modeling the gene
sequences, GO functions, and phenotype abnormalities, our
work takes a significant step toward understanding how ge-
netic information encodes large-scale observable traits.

Our key contributions are summarized as follows: (1) To
the best of our knowledge, we are the first to formally for-
mulate the deep learning task of predicting gene knockout-
induced phenotype abnormality directly from gene se-
quences. (2) We curated four benchmark datasets with a
stratified split to support future research in this area. (3)
We propose GenePheno, the first interpretable end-to-end
framework that maps gene sequences to multi-label phe-
notype abnormalities, guided by a biologically motivated
objective that captures phenotype correlations and enforces
phenotype exclusivity. (4) GenePheno offers an interpretable
architecture with a functional bottleneck layer. We per-
form case studies showing that the resulting interpretations
are consistent with the biological understanding of pheno-
types. (5) We conduct comprehensive experiments show-
ing that GenePheno achieves strong performance in both
gene-centric Fmax and phenotype-centric AUC, with abla-

tion studies validating the contributions of each component.

2 Related Works
Phenotype Prediction from Curated Genetic Informa-
tion Previous studies commonly formulate the multi-label
phenotype prediction as multiple binary classification task
and their input mostly rely on curated genetic information
such as gene expression profiles, GO annotations, or PPI
networks. For example, DeepPheno (Kulmanov and Hoehn-
dorf 2020b) predicts HPO terms using protein GO functions
and expression data from 53 tissues. HPOFiller (Liu, Mamit-
suka, and Zhu 2021) constructs a bipartite graph connect-
ing proteins and HPO terms, using GCN-based embeddings
to infer associations. HPODNets (Liu, Mamitsuka, and Zhu
2022) processes three different PPI networks with parallel
GCN pipelines and fuses the outputs for HPO prediction.
GraphPheno (Liu et al. 2022) encodes protein sequences us-
ing Composition–Transition (CT) features as node inputs for
a GCN over the PPI network. SSLPheno (Bi et al. 2023) in-
tegrates PPI and GO information to construct an attributed
gene network and employs self-supervised contrastive learn-
ing to learn representations for predicting HPO terms via
a downstream DNN classifier. Despite their contributions,
these approaches face two fundamental limitations: they re-
quire pre-processed modalities, restricting their application
to well-studied genes, and they fail to capture the biological
interdependence and logical constraints among phenotypes
by treating each as an isolated prediction task.

Sequence-based Genetic Property Prediction Recent
efforts on sequence-based modeling have primarily focused
on predicting GO functions from amino acid sequences.
While many studies leverage curated genetic modalities such
as PPI networks or 3D structural data to enhance perfor-
mance, here we highlight approaches that rely primarily
on protein sequence inputs. DeepGOPlus (Kulmanov and
Hoehndorf 2020a) uses one-hot encoded protein sequences
followed by convolution and max-pooling layers to pre-
dict GO terms. SPROF-GO (Yuan et al. 2023) encodes se-
quences with ProtT5 (Elnaggar et al. 2021), pools residue
embeddings via gated attention, and refines predictions us-
ing homology-based diffusion from DIAMOND (Buchfink,
Xie, and Huson 2015). InterLabelGO (Liu, Zhang, and Fred-
dolino 2024) employs a rank-based loss and uses mean-
pooled ESM-2 embeddings from the last three layers,
followed by DIAMOND-based alignment and k-nearest-
neighbor retrieval for GO term prediction.

Existing gene sequence-based methods such as
DeepSEA (Zhou and Troyanskaya 2015), Basset (Kel-
ley, Snoek, and Rinn 2016), ExPecto (Zhou et al. 2018),
Enformer (Avsec et al. 2021), AlphaMissense (Cheng et al.
2023), EVE (Frazer et al. 2021), GENERator (Wu et al.
2025), and Evo2 (Brixi et al. 2025) emphasize on predicting
the effect of local allelic variants by comparing short ge-
nomic windows under reference and alternate alleles. These
methods differ fundamentally from our task, which involves
modeling full-gene knockouts to predict the presence
or absence of organism-level phenotypic abnormalities.
Nonetheless, their advances in long-range DNA encoding
provide valuable foundations for our encoder.
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Figure 1: Overview of key biological modalities linking molecular-level DNA sequences to organism-level phenotypic traits
and representative methods modeling different stages. Our method, GenePheno, bridges the modality gap in an end-to-end
manner.

3 Problem Formulation
Let G = {g1, g2, . . . , gN} be the set of N genes, and
let the training set be D = {(Xi,yi)}Ni=1, where each
Xi ∈ X denotes the input features for gene gi and yi ∈
{0, 1}C is the binary label vector for C phenotypes. We
aim to learn a mapping fψ : X → [0, 1]C by solving
minψ

1
N

∑N
i=1 L

(
yi, fψ(Xi)

)
where L(·, ·) is an appropri-

ate binary or multi-label classification loss function. Below,
we detail the construction of input Xi for two representative
methods.

PPI-based Method We encode protein-protein interac-
tion as an undirected graph G = (V,E) with adjacency ma-
trix A ∈ {0, 1}|V |×|V |, where V = {v1, v2, . . . , vN} are the
proteins corresponds to genes in G. Let H(0) ∈ R|V |×d de-
note the matrix of initial node features. A graph neural net-
work computes node embeddings H = GNNϕ(A,H

(0)) ∈
R|V |×d and we write xi = H(vi,:) for the embedding of node
vi. Then we predict multi-label outputs with ŷi = fψ(xi) ∈
[0, 1]C .

Gene Sequence-based Method For each gene gi ∈ G,
let seqi denote its gene sequence. We first extract a token-
level embedding via a pretrained sequence model fθ to get
the token-level embedding ei = fθ(seqi) ∈ Rℓ×d where ℓ is
the number of tokens. We then aggregate these token embed-
dings into a sequence-level embedding xi = AGG({ei})
and compute the multi-label output ŷi = fψ(xi) ∈ [0, 1]C .

4 Method
In this section, we present the framework of our proposed
GenePheno model. We systematically address the aforemen-
tioned challenges of label correlation, phenotype exclusiv-
ity, and interpretability requirements in the following sub-
sections. Finally, we outline the comprehensive architecture
of our learning framework and formulate its overall learning
objective.

4.1 Multi-label Prediction
While phenotype prediction is typically formulated as a
multi-label classification (MLC) task using binary cross-
entropy (BCE) loss, this approach suffers from two limi-
tations. First, BCE loss assumes label independence, fail-

ing to capture the inherent co-occurrence patterns in pheno-
types that often exist in ontology hierarchies (e.g., “Astigma-
tism” is an “Abnormality of the eye”). Second, BCE yields
higher-order exponential terms involving positive and nega-
tive classes (Su et al. 2022), where predominating negative
classes will exacerbate the class imbalance. To address these
limitations, we derive our supervised contrastive objective
from InfoNCE (Oord, Li, and Vinyals 2018), traditionally
used in unsupervised settings, to: (i) ties together all posi-
tive labels, which implicitly models label dependencies, and
(ii) pools scores across positives and negatives globally.

To derive the contrastive MLC loss, we extend the In-
foNCE loss to accommodate multiple positive and negative
labels. Let si(x) represent the classification logit for pheno-
type label i, Ω+ the set of positive phenotype labels, and Ω−
the set of negative phenotype labels. Our contrastive MLC
loss consists of two components:

L+
NCE =

∑
i∈Ω+

log
(
e

si(x)

τ +
∑
j∈Ω−

e−
sj(x)

τ

)
− si(x)

τ
(1)

L−
NCE =−

∑
j∈Ω−

log
(
e−

sj(x)

τ +
∑
i∈Ω+

e
si(x)

τ

)
+

sj(x)

τ
(2)

where τ is a temperature hyperparameter. This formulation
encourages clustering of logits within the positive and nega-
tive label sets while maximizing the distance between two
clusters. Specifically, L+

NCE pulls positive labels together
while pushing them away from negatives, and L−

NCE ensures
negative labels remain clustered and distinct from positives.
Our final contrastive MLC learning objective is the sum of
the positive and negative components:

LMLC = L+
NCE + L−

NCE (3)

The complete derivation from InfoNCE is detailed in Ap-
pendix B. Our contrastive loss effectively captures label de-
pendencies through the explicit separation of positive and
negative label clusters, while simultaneously avoiding high-
order exponential terms that exacerbate class imbalance. No-
tably, the ZLPR loss (Su et al. 2022) used in InterLabelGO
can be derived from our contrastive loss when τ = 1 with
the denominator shift s(x)/τ omitted. This equivalence con-
firms our loss inherits ZLPR’s established properties of ca-
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Figure 2: Overview of our learning framework. GO function DAG comprises three subgraphs, each with its own root, whereas
the phenotype ontology DAG is single-rooted. Node depth d is the shortest path to the root, with deeper nodes indicating more
specific functions or phenotypes. We use GO functions at dual granularity: fine-grain inputs (d > 2) for detailed information and
coarse-grain bottleneck supervision (d = 2) for general mechanisms. Target phenotypes span general and specific categories.

pacity to capture label correlations and robustness to label
imbalance (see Appendix C).

4.2 Phenotype Exclusivity Regularization
Despite effectively capturing label co-occurrence and mit-
igating class imbalance, the contrastive MLC loss fails to
model semantic exclusivity in phenotype ontologies. Many
abnormalities are inherently mutually exclusive—an organ-
ism cannot simultaneously exhibit both “hypotonia” and
“hypertonia”. These constraints encode critical biological
knowledge, yet standard contrastive MLC losses lack mech-
anisms to impose such priors, often yielding biologically
implausible predictions. The sparsity of phenotype anno-
tations further impedes learning these constraints directly
from data. To address this, we propose a complementary 2-
step approach: (1) a large language model (LLM) pipeline
for automated discovery of mutually exclusive phenotype
pairs leveraging ontological structure, and (2) a soft exclu-
sivity regularization term in the training objective that en-
forces these biological constraints.

Let O = (P,E) be a phenotype ontology where P
represents the phenotype set and E ⊆ P × P denotes
phenotype relationships. For phenotype pi ∈ P , we de-
fine D(pi) as its set of direct descendants. Using an
LLM with a structured query prompt (more details in Ta-
ble 4), we identify Ei = {(qk, qj) ∈ D(pi) × D(pi) |
pk and pj are mutually exclusive}, the set of mutually ex-
clusive phenotype pairs among direct descendants of pi. We
then compute this set for all non-leaf phenotypes in the
ontology graph and obtain the dataset-level exclusivity set
E = E1

⋃
· · ·

⋃
En.

For any pair of exclusive phenotype in E , we impose a soft
regularization on the exclusive pairs’ prediction logits with
Softplus. The exclusive regularization Lex can be written as:

Lex =
1

N

N∑
n=1

∑
(i,j)∈E

log
(
1 + e si(xn)+sj(xn)

)
(4)

where E denotes a set of mutually-exclusive label pairs and
sk ∈ R is the logit for label k. We demonstrate the effec-
tiveness of this loss using stationary analysis of gradient as
follows.

Proposition 1 (Stationary Analysis of Exclusive Regulariza-
tion). Let L be the contrastive MLC loss with our proposed
soft exclusive regularization weighted by any λ > 0, namely
L = LMLC + λLex. For any pair (i, j) ∈ E and any input
x, every first-order stationary point of L satisfies

si(x) ≤ 0 or sj(x) ≤ 0 (5)

The proof is deferred to Appendix D. Intuitively, Propo-
sition 1 establishes that the regularization prevents any sta-
tionary solution where both logits in an exclusive pair are si-
multaneously positive, thereby enforcing the biological ex-
clusive constraint. Furthermore, to demonstrate the neces-
sity and advantages of our exclusive regularization, we show
that the regularizer yields both a tighter generalization error
bound and an explicit guarantee on conflict probability.

Theorem 1 (Generalization and Exclusivity Guarantee).
Assume bounded inputs and linear logits as in Assumptions
1 and 2 (see Appendix A). Fix λ > 0 and let R̂S(W ) be
the empirical risk on a sample S = {(xn,yn)}Nn=1, drawn
i.i.d. from D, and let W ∗

λ := argminW R̂S(W ). Define
Cλ := R̂S(W

∗
λ )/λ. Then, with probability at least 1−δ over

the draw of the training sample S , we have the following (a)
generalization gap and (b) conflict probability:

(a): R(W ) ≤ R̂S(W ) +
2Cλ√
N

+ 3

√
log(2/δ)

2N
(6)

(b): Pr
(x,y)∼D

(
si(x)>0, sj(x)>0

)
≤ R(W )

λ log 2
, ∀ (i, j)∈E (7)

The detailed proof can be found in Appendix E. Part (a)
of Theorem 1 indicates the exclusive regularization Lexc

functions as an implicit norm regularizer, ensuring a gen-
eralization gap that is at least as tight as that of the unregu-
larized loss LMLC. Part (b) further shows that the probability
of predicting conflicting labels decays at least as fast as the
generalization gap—a form of control not offered by plain
loss LMLC. Together, these results provide a rigorous guar-
antee that our proposed objective can be broadly applied to
ontology classification tasks with mutually exclusive label
pairs.
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Phenotype Frequency 11–30 31–100 101–300 ≥301 All

Dataset Method Fmax ↑ AUC ↑ Fmax ↑ AUC ↑ Fmax ↑ AUC ↑ Fmax ↑ AUC ↑ Fmax ↑ AUC ↑
MPO max-BLAST 8.14 50.61 10.96 50.52 13.92 50.55 21.78 50.79 16.65 50.59

w-BLAST 11.78 52.74 13.59 53.16 17.23 53.71 28.02 53.46 22.73 53.10
kmer2Vec+LR 9.82 55.63 11.46 55.36 16.78 55.57 33.74 54.91 28.75 55.45
∗DeepGoPlus 1.42 52.58 8.56 52.52 11.79 52.74 33.26 52.53 28.51 52.58
∗SPROF-GO 5.43 52.73 6.59 52.13 11.22 51.71 20.42 50.92 12.33 52.06
∗InterLabelGO 11.90 59.27 13.19 57.36 17.03 56.03 34.15 54.29 29.66 57.61
DeepPheno 8.45 58.09 13.98 64.05 18.03 61.94 33.84 60.59 28.80 59.89

GenePheno 13.86 68.02 16.12 69.73 19.49 68.09 36.06 61.43 31.14 67.86

HPO max-BLAST 14.71 51.25 17.72 51.83 21.51 52.27 35.74 52.43 25.77 51.74
w-BLAST 16.19 53.65 19.76 54.40 24.12 54.81 40.67 54.82 31.03 54.22
kmer2Vec+LR 15.08 54.02 20.83 54.97 26.32 54.62 48.58 54.52 40.11 54.47
∗DeepGoPlus 5.86 51.33 16.94 51.02 25.25 51.03 48.71 51.88 40.18 51.24
∗SPROF-GO 11.96 51.98 15.75 51.67 23.27 50.65 35.42 52.11 23.71 51.63
∗InterLabelGO 16.04 57.52 19.13 58.40 26.09 56.96 49.17 58.39 40.45 57.84
DeepPheno 17.48 55.68 18.73 58.32 27.08 60.59 49.02 63.03 40.37 58.17

GenePheno 22.02 72.79 26.34 73.09 31.65 69.03 51.95 65.82 43.17 71.44

GWAS max-BLAST 1.31 49.84 6.93 50.32 13.69 49.98 28.49 48.59 23.15 49.95
w-BLAST 5.42 50.35 14.95 52.47 23.00 51.58 39.36 53.10 31.08 51.54
kmer2Vec+LR 9.07 57.64 14.35 50.16 25.64 51.35 46.75 54.36 35.68 53.53
∗DeepGoPlus 7.16 52.95 13.12 54.97 26.37 52.16 47.83 51.80 37.24 53.45
∗SPROF-GO 6.70 51.01 9.40 52.24 26.69 53.36 38.35 53.01 31.08 52.03
∗InterLabelGO 9.38 50.90 16.05 53.91 25.62 53.63 44.84 49.80 37.83 52.37
DeepPheno 9.07 50.14 14.12 53.47 26.97 52.96 46.92 53.74 36.87 52.12

GenePheno 9.50 56.64 17.03 55.44 27.22 56.47 48.57 57.75 40.54 56.34

CAFA2 max-BLAST 14.35 50.16 16.97 49.93 20.92 49.65 31.39 49.77 20.21 49.94
wPPI w-BLAST 16.50 51.37 21.10 50.98 26.73 51.30 39.23 51.79 26.37 51.24

kmer2Vec+LR 17.28 54.61 24.29 52.98 30.14 51.58 45.41 52.02 36.07 53.13
∗DeepGoPlus 12.95 51.84 16.58 54.59 28.01 53.49 46.69 52.59 37.18 53.32
∗SPROF-GO 15.33 50.04 20.69 49.78 22.43 47.17 41.08 47.11 21.30 49.24
∗InterLabelGO 16.07 54.37 19.55 51.75 26.69 52.73 45.02 55.46 35.47 53.31
DeepPheno 15.20 54.62 20.47 54.63 30.93 57.44 47.37 56.37 37.55 55.35
GraphPheno 18.01 56.35 24.68 59.04 31.88 59.47 46.60 57.13 36.02 58.11
HPOFiller 14.37 49.57 22.58 48.44 28.84 49.14 43.18 49.10 23.32 48.87
HPODNets 18.35 49.88 22.46 49.28 26.07 49.16 43.17 48.95 31.21 49.39
SSLpheno 21.49 55.39 26.57 57.17 30.86 59.21 42.05 49.42 31.66 56.19

GenePheno 21.89 63.50 27.48 62.93 33.97 61.27 48.13 60.25 37.94 62.53

Table 1: Phenotype prediction results on four datasets: MPO, HPO, GWAS, and CAFA2 (wPPI). Baselines marked with ∗
are adapted from protein sequence–to–GO function prediction models to gene sequence–to–phenotype prediction. Results are
stratified by phenotype label frequency into four intervals: 11–30, 31–100, 101–300, and ≥301. “All” indicates performance
on the full dataset. Percentage scores are reported for Fmax and AUC. Bolded values denote the highest score in each column;
underlined values indicate the second-best.

4.3 Mechanism-aware Learning with GO
Our regularized contrastive loss establishes the relationship
between genetic information encoded in gene sequences and
observable phenotypes. To further capture the biological
mechanisms underlying phenotype formation, we incorpo-
rate GO functions as an additional modality through a dual-
granularity approach.

Formally, for each gene gi, we extract two comple-
mentary GO representations. First, we obtain fine-grained
GO annotations with clear experimental evidence from
UniEntrezDB (Miao et al. 2024) and process them through

GoBERT to generate embeddings hi that capture im-
plicit functional correlations. These embeddings undergo
cross-attention with gene sequence information to facili-
tate modality fusion. Second, we derive coarse-grained GO
functions by propagating the fine-grained annotations along
“is a” and “part of” relationships (Gaudet et al. 2017) in the
GO DAG, resulting in a binary vector gi ∈ {0, 1}n repre-
senting general biological mechanisms.

We designate the second-last layer of our network as
a GO bottleneck, where outputs from n specific nodes
serve as predictions ĝi for the coarse-grained GO anno-
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tations. This bottleneck is optimized using another con-
trastive loss LGO

MLC(ĝ,g). During inference, the learned con-
nection weights wij between GO node gi and phenotype yj
quantify function-phenotype associations. The dual role of
this bottleneck layer is significant: it not only introduces
biologically-informed guidance throughout the end-to-end
learning process, but also provides interpretable insights into
the general biological mechanisms underlying phenotype
formation during inference.

4.4 Overall Learning Framework
The architecture of our proposed model is illustrated in Fig-
ure 2. Our framework takes gene sequence embeddings ei
and GO embeddings hi as input, facilitating information
exchange between these modalities through cross-attention
mechanism. These representations are subsequently inte-
grated into a multi-modal embedding xi via attention-
pooling and concatenation. The final phenotype predictions
are formulated as ŷi = fψ(xi) = fψ(fθ(ei,hi)) where
fθ(·, ·) implements the cross-attention mechanism and fψ(·)
includes MLP and GO bottleneck layer. Additionally, we de-
rive exclusive label pairs set E using LLM and designate spe-
cific activations from intermediate layers as GO prediction
outputs ĝi along with corresponding ground-truth gi. Inte-
grating these components, we formulate our comprehensive
minimization objective as:

L = LMLC(ŷ,y) + λ1Lex(ŷ,y, E) + λ2LGO
MLC(ĝ,g) (8)

where λ1 and λ2 are hyperparameters controlling the contri-
bution of exclusivity and bottleneck loss terms, respectively.

5 Experiments
We perform a comprehensive evaluation of GenePheno on
four curated gebe sequence–to–phenotype datasets: HPO,
MPO, GWAS, and CAFA2 wPPI. GenePheno is imple-
mented with GENERator (Wu et al. 2025) as the gene se-
quence encoder and GoBERT (Miao et al. 2025) as the GO
function encoder.

We compare GenePheno against several baselines, in-
cluding max and weighted BLAST-based methods (Ca-
macho et al. 2009), kmer2vec (Ren, Yin, and S.-T. Yau
2022) combined with logistic regression, and three adapted
sequence-based gene function prediction models: DeepGO-
Plus (Kulmanov and Hoehndorf 2020a), SPROF-GO (Yuan
et al. 2023), and InterLabelGO (Liu, Zhang, and Freddolino
2024).

As many genes lack experimentally validated PPI and GO
annotations, we construct the CAFA2 wPPI dataset by inter-
secting the widely used CAFA2 challenge set (Jiang et al.
2016) with established PPI networks (Szklarczyk et al. 2015;
Franz et al. 2018; Hwang et al. 2019). All genes in the re-
sulting dataset have valid PPI information and GO annota-
tions, enabling fair comparison with methods that rely on
curated genetic modalities. On this dataset, we further eval-
uate curated-modality-based phenotype prediction methods,
including DeepPheno (Kulmanov and Hoehndorf 2020b),
GraphPheno (Liu et al. 2022), HPOFiller (Liu, Mamit-
suka, and Zhu 2021), HPODNets (Liu, Mamitsuka, and Zhu
2022), and SSLPheno (Bi et al. 2023).

We follow CAFA-style preprocessing for all datasets and
adopt evaluation protocols from prior work (Cho, Berger,
and Peng 2016; Liu, Mamitsuka, and Zhu 2022; Bi et al.
2023), stratifying results by phenotype label frequency. Per-
formance is reported using two widely accepted metrics:
gene-centric Fmax and phenotype-centric AUC (Jiang et al.
2016). More details on dataset construction, baseline adapta-
tion, experimental setup and reproducibility details are pro-
vided in the Appendices G to J and L.

6 Results
We report results across phenotype frequency ranges us-
ing gene-centric Fmax and phenotype-centric AUC to com-
pare GenePheno against baseline methods. We perform an
ablation study to quantify each module’s contribution and
present case studies showing that the GO bottleneck layer
captures generalizable mechanisms of phenotype formation.

6.1 Benchmarking Results
Table 1 presents comprehensive experimental results across
four phenotype-prediction datasets. GenePheno consistently
outperforms all baseline methods, achieving substantial im-
provements in both Fmax and AUC metrics. On the larger-
scale datasets, GenePheno demonstrates particularly strong
performance: for MPO, it surpasses the second-best method
by +1.48 in Fmax and +7.97 in AUC, while on HPO, the
margins increase to +2.72 in Fmax and +13.27 in AUC.
These significant improvements can be attributed to the con-
trastive learning objective, which effectively captures inter-
label relationships in high-dimensional phenotype spaces.

GenePheno maintains robust performance even on
smaller datasets with limited genes and phenotypes.
On GWAS, it improves performance from 37.83/53.53
(Fmax/AUC) achieved by the best baseline to 40.54/56.34,
while consistently maintaining a 0.8–2.4-point advantage
in high-frequency (≥301) subsets. Similarly, on CAFA2,
GenePheno demonstrates strong generalization capabilities
under sparse supervision, particularly proved by its perfor-
mance on low-frequency bins. This consistent performance
across diverse data regimes validates the effectiveness of in-
tegrating DNA and GO encoders with cross-phenotype at-
tention mechanisms for scalable phenotype prediction. The
label-correlation aware contrastive loss further enhances the
model’s ability to generalize from limited supervision. Over-
all, GenePheno achieves state-of-the-art performance across
all evaluation settings, establishing itself as a unified and ef-
fective approach for phenotype prediction tasks.

6.2 Ablation Studies
We conduct ablation studies to assess the impact of key com-
ponents in GenePheno (Table 2). Removing the contrastive
loss causes the largest drop in performance, highlighting its
role in modeling phenotype correlations. GO inputs are also
critical, as their removal notably reduces AUC. The mutual
exclusivity and bottleneck losses consistently improve re-
sults, supporting model interpretability. Sequence input fur-
ther adds complementary value, as its exclusion leads to a
performance decline.
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Figure 3: Sample bottleneck weight heatmap of MPO, HPO, and GWAS datasets. Darker colors indicate that the phenotype and
GO function have a higher correlation.

Interpretable HPO MPO GWAS CAFA2 (wPPI)

Method Mechanism Fmax ↑ AUC ↑ Fmax ↑ AUC ↑ Fmax ↑ AUC ↑ Fmax ↑ AUC ↑
w/o GO Input ✓ 39.96 56.60 28.21 54.19 36.82 52.59 35.65 53.83
w/o Sequence Input ✓ 40.99 60.23 29.13 64.72 36.23 51.10 36.39 59.33
w/o Contrastive Loss ✓ 41.83 65.75 29.99 64.64 36.05 52.25 37.06 50.86
w/o Mutual Exclusive Loss ✓ 43.07 65.22 29.92 62.92 39.04 56.01 37.13 61.04
w/o Bottleneck Loss ✗ 42.94 68.17 30.13 64.67 39.02 54.36 36.59 61.39

Complete Model ✓ 43.17 71.44 31.14 67.86 40.54 56.34 37.94 62.53

Table 2: Ablation study results. Results are reported under the “All” setting for four datasets.

6.3 Case Studies

We analyze GenePheno’s bottleneck weights to interpret
phenotype formation. Representative links are shown in Fig-
ure 3, with detailed analysis in Appendix K.

MPO GenePheno identifies biologically plausible asso-
ciations in this mouse gene knockout dataset. Two repre-
sentative cases are shown in Figure 3(a). First, “mainte-
nance of location” (GO:0051235) is linked to “abnormal
aorta tunica media morphology” (MP:0009873), a feature
of aortic aneurysms caused by disorganized cell and matrix
structure (Tang et al. 2005). Second, “isomerase activity”
(GO:0016853) is associated with “increased energy expen-
diture” (MP:0004889), aligning with findings that prolyl iso-
merases like Pin1 modulate skeletal muscle metabolism via
SERCA activity (Nakatsu et al. 2024).

HPO The HPO dataset curates gene–phenotype associ-
ations from medical literature (Köhler et al. 2021). Fig-
ure 3(b) shows sample bottleneck weights from this dataset.
GenePheno reveals a strong association between “molecu-
lar function inhibitor” (GO:0140678) and “decreased circu-
lating complement C4 concentration” (HP:0045042), con-
sistent with studies showing that complement inhibitors
reduce C4 levels (Coss et al. 2023; Garred, Tenner, and
Mollnes 2021). Another plausible link is found between
“postsynapse” (GO:0098794) and “axial muscle weakness”
(HP:0003327), as impaired signal transmission at the neuro-
muscular junction can lead to muscle weakness (Jones et al.
2017; Hirsch 2007).

GWAS The GWAS dataset links genes to phenotypes
through SNP associations (Buniello et al. 2019; MacArthur
et al. 2017), and focuses on a limited set of disease-
related traits compared to the broader coverage of HPO and
MPO. GenePheno interpretation weights are shown in Fig-
ure 3(c). One highlighted function, “growth cone mem-
brane” (GO:0032580), is involved in axonal navigation (Vit-
riol and Zheng 2012; Igarashi 2019), and is strongly as-
sociated with “compulsive behaviors” (HP:0000722) and
“glioblastoma multiforme” (HP:0012174). GenePheno also
links “cytokine production” (GO:0001816) to “inflamma-
tion of the large intestine” (HP:0002037), consistent with the
role of cytokines in coordinating immune responses (Zhang
and An 2007; Sanchez-Muñoz, Dominguez-Lopez, and
Yamamoto-Furusho 2008; Escalante et al. 2025).

7 Conclusion

We present GenePheno, the first end-to-end deep learning
framework for directly mapping gene sequences to pheno-
typic traits. By integrating gene function information at both
fine and coarse levels and modeling inter-phenotype depen-
dencies and exclusivity, GenePheno bridges the modality
gap between sequences and observable traits while provid-
ing interpretable, biologically grounded insights. To support
this task, we curate four benchmark datasets and demon-
strate strong, consistent performance through comprehen-
sive experiments and case studies.
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