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Abstract. Missense variants alter a single amino acid in proteins and can cause
loss-of-function (LOF) or gain-of-function (GOF). Accurately classifying these
effects is essential for understanding genetic diseases and tailoring precision
medicine approaches. Here, we propose the Gain and Loss of Function Dataset
(GLOF), the first dataset of LOF, GOF, and Neutral missense variants annotated
by specialists, curated with one of Latin America’s largest genetic diagnostics
laboratories. Using embeddings from the ESM-1v model, our Random Forest
model achieves state-of-the-art results without requiring complex feature engi-
neering or multi-sequence alignment. We hope the GLOF dataset will stimulate
further research into LOF/GOF prediction for personalized genomics.

Resumo. Variantes missense alteram um único aminoácido em proteı́nas e po-
dem causar perda de função (LOF) ou ganho de função (GOF). A classificação
precisa desses efeitos é fundamental para compreender doenças genéticas e
adaptar abordagens da medicina de precisão. Propõe-se então o Gain and Loss
of Function Dataset (GLOF), o primeiro conjunto de dados contendo variantes
LOF, GOF e Neutras anotado por especialistas, curado junto a um dos maiores
laboratórios de diagnóstico genético da América Latina. Utilizando embed-
dings do modelo ESM-1v, nosso modelo Random Forest obtém resultados do
estado da arte sem necessidade de engenharia complexa de atributos ou alin-
hamento de sequências. Espera-se que o conjunto de dados GLOF estimule
mais pesquisas sobre a previsão de LOF/GOF em genômica personalizada.

1. Introduction

Genetic variation underlies many human traits and diseases [Mardis 2008, Shastry 2009],
including missense variants, which replace a single amino acid. These can cause devas-
tating diseases or confer adaptive advantages [Aidoo 2002], depending on whether they
lead to loss-of-function (LOF), gain-of-function (GOF), or are Neutral [Karki et al. 2015,
Jung et al. 2015]. Identifying these functional impacts is vital for disease pathogenesis
studies and drug development [Griffiths et al. 2015]. Recent protein language models like
ESM [Rives et al. 2021] offer valuable representations of protein structure and function,
though explicit LOF/GOF classification remains relatively sparse [Stein et al. 2023].



In this work, we collaborate with Mendelics Análise Genômica S.A, one of Latin
America’s largest genetic diagnostics laboratories, to publish a new dataset named GLOF
(Gain and Loss of Function). The dataset comprises 112,437 missense variants labeled
as LOF, GOF, or Neutral, representing the first comprehensive, expertly-curated resource
of its kind. We then develop an end-to-end prediction pipeline that uses modern pro-
tein language model embeddings (ESM-1v, ESM-2) without complex feature engineering
or multi-sequence alignment (MSA). Our approach processes both reference (REF) and
alternative (ALT) sequences independently, concatenating their embeddings to capture
mutation-induced changes. Experimental results show that our method achieves state-of-
the-art performance in classifying missense variants across all three categories.

The remainder of this paper is structured as follows: Section 2 explains the rele-
vance of the research; Section 3 describes the related work; Section 4 discusses the exper-
imental study carried out; Section 5 describes the results obtained; and, finally, Section 6
presents the conclusion and future work.

2. Research Relevance
Understanding LOF and GOF mutations is critical for personalized medicine, as
they require different treatment approaches. For example, LOF mutations in
the SPTLC1 gene cause hereditary sensory neuropathy (HSN) [Rotthier et al. 2010],
while GOF mutations in the same gene cause juvenile amyotrophic lateral scle-
rosis (ALS) [Johnson et al. 2021]. Treatments effective for one variant type
may harm patients with the other [Eilbeck et al. 2017]. Existing computational
tools like SIFT [Ng and Henikoff 2003], PolyPhen-2 [Adzhubei et al. 2010], and
CADD [Rentzsch et al. 2018] focus on pathogenic vs. benign classification but don’t
differentiate LOF from GOF, limiting their clinical utility.

Recent approaches like AlphaMissense [Cheng et al. 2023] achieve unprece-
dented scale in variant prediction but don’t classify functional mechanisms. Our work
addresses this gap through GLOF and its associated prediction pipeline, aligning with the
vision presented in [Lopes et al. 2016], in the document “Grand Research Challenges in
Information Systems in Brazil 2016 - 2026”, by addressing a data science challenge that
could potentially improve people’s quality of life.

3. Related Work
AlphaMissense [Cheng et al. 2023] focuses on large-scale missense variant pathogenic-
ity predictions by combining a protein language model with structural context, achieving
state-of-the-art pathogenicity classification. While groundbreaking in its scale and accu-
racy, it does not directly distinguish between LOF and GOF mechanisms.

EVE [Frazer et al. 2021] derives evolutionarily-inspired embeddings to predict
variant pathogenicity, incorporating deep learning on multiple sequence alignments.
However, like AlphaMissense, it stops short of specifying functional consequences.

On the other hand, LoGoFunc [Stein et al. 2023] is closer to our purpose: it clas-
sifies LOF and GOF using features derived from multiple sources, such as protein struc-
ture models and molecular descriptors, culminating in an ensemble of LightGBM clas-
sifiers. Despite strong results, it requires multiple-sequence alignments and extensive
feature engineering, which can be complex or infeasible for poorly studied proteins.



Our approach employs protein embeddings from ESM [Rives et al. 2021,
Meier et al. 2021, Lin et al. 2022], specifically ESM-1v and ESM-2, which interpret pro-
tein sequences as “languages” to reveal representations correlated with protein structure
and function. Unlike previous methods, we eliminate the need for multi-sequence align-
ment or complex feature engineering. This approach simplifies inference and generalizes
better to novel proteins, while also removing the need for domain-specific feature con-
struction. The proposed GLOF dataset also consists in the largest open-access LOF/GOF-
labeled missense variant resource, annotated and curated by clinical specialists.

4. Experimental Study
We carried out an experimental study to validate our proposed approach, which is de-
scribed in the next subsections.

4.1. Protein Language Models

Our approach leverages two state-of-the-art protein language models: ESM-1v and ESM-
2. Both models are based on the transformer architecture but differ in their training ap-
proaches and capabilities.

ESM-1v [Meier et al. 2021] is specifically optimized for variant effect prediction,
using a 33-layer transformer architecture with 650 million parameters and 1280 hidden
units. Trained on over 1 billion protein sequences from UniRef90, it processes sequences
up to 1024 tokens. The model learns evolutionary constraints by predicting masked amino
acids during pre-training, enabling it to capture both local and long-range interactions
within proteins. ESM-1v generates per-residue embeddings that encode both sequence
and implicit structural information, making it particularly suitable for variant effect pre-
diction.

Subsequently, ESM-2 [Lin et al. 2022] represents a significant advancement in
protein language modeling, scaling up to 15 billion parameters and incorporating archi-
tectural improvements that allow it to process sequences up to 2048 tokens. Trained on a
larger corpus of 250 million protein sequences from UniRef50, ESM-2 employs a deeper
architecture with 48 transformer layers and improved attention mechanisms. While ESM-
2 demonstrates superior performance in protein structure prediction and zero-shot predic-
tion tasks, our experiments show that ESM-1v’s specialized training for variant effects
makes it more effective for our specific classification task.

In our implementation, we extract embeddings from both models for each vari-
ant’s reference and alternative sequences. The embedding vectors capture the protein
context around the mutation site, encoding both sequence conservation patterns and po-
tential structural impacts of amino acid substitutions.

4.2. Dataset and Preprocessing

We combined benign missense variants from GnomAD v3.1 [Chen et al. 2024] with
pathogenic variants from ClinVar [Landrum et al. 2014] (July 2023). Expert geneticists
at Mendelics Análise Genômica S.A curated each variant to assign it to Neutral, LOF, or
GOF categories based on extensive literature review and clinical expertise. This expert
curation process ensures high-quality labels that capture the functional impact of each
variant.



The GLOF1 dataset contains 112, 437 variants, of which 83, 924 (∼ 74.64%) are
Neutral, 25, 376 (∼ 22.57%) are LOF, and 3, 137 (∼ 2.79%) are GOF. This distribution
reflects the natural prevalence of these variant types in human populations. We split the
data into 80% training, 10% validation, and 10% testing sets, maintaining the class distri-
bution across splits.

4.3. Context Window Cropping

Some language models (e.g., ESM-1v) have length limitations for protein embedding.
When a protein exceeded the maximum token length, we cropped around the mu-
tated amino acid, retaining up to 512 amino acids in each direction (Figure 1). This
strategy preserves the local sequence context critical for correct embedding but may
omit distant residues that could influence the 3D structure [Fowler and Fields 2014,
Branden and Tooze 2012].

Figure 1. Schematic representation of the context window cropping. Centralizing
the mutated amino acid position, up to 512 amino acids are kept towards the N-
terminal (beginning of the protein sequence) and C-terminal (end of the protein
sequence).

4.4. Embedding Generation

Using fair-esm and HuggingFace libraries [Wolf et al. 2020], we generated embeddings
from ESM-1v and ESM-2. Each variant has two sequences: REF (reference) and ALT
(mutated). We independently embed both sequences and concatenate the resulting vectors
to capture mutation-induced changes in the protein’s language representation.

Figure 2. Embedding generation schema. Each protein sequence associated
with the variant (REF and ALT ) is embedded distinctly, resulting in two 1280-d
vectors that are concatenated before classification.

1https://www.kaggle.com/datasets/maricatovictor/loss-and-gain-of-function-variants/data



Figure 2 illustrates the pipeline: the reference (REF) and alternative (ALT) se-
quences are processed by the language model, typically producing a 1280-dimensional
vector (for ESM-1v). These two vectors are merged (concatenation) to form a 2560-
dimensional embedding for each variant, capturing both the original protein context and
the mutation-induced changes.

4.5. Modeling and Training

In our experiments, we compared five classifiers: Logistic Regression (LogReg), Random
Forest (RF), XGBoost, LightGBM, and a small fully-connected neural network (NN).
Each model receives the concatenated embeddings as input. The models were trained on
the 80% training set and validated on the 10% hold-out validation set. We report results
on the remaining 10% test set to ensure unbiased performance evaluation.

4.6. Evaluation Metrics

Due to the significant imbalance across LOF, GOF, and Neutral categories, we measured
Precision, Recall, F1-score, and Accuracy for each class. F1-score helps mitigate the
misleading effect of Accuracy in imbalanced scenarios, while Precision and Recall clarify
how often the model incorrectly labels or misses variants [Aggarwal 2023].

4.7. Computational Environment

The experimental setup consisted of three main components. First, protein embeddings
were generated using a dedicated cluster of 4 Tesla T4 GPUs on the Google Cloud Plat-
form (GCP). After generating all embeddings, fine-tuning experiments were conducted
using Google Colab with a Pro+ subscription, enabling access to an A100 GPU for sig-
nificantly faster neural network training. Further exploratory data analysis was performed
on an Apple Macbook Pro with an M1 Max chip.

Python 3.10 served as the primary programming language for all the experiments.
The following Python libraries were employed: PyTorch 2.2.2 [Paszke et al. 2019] was
the main library for deep learning-related tasks; scikit-learn 1.4.2 [Pedregosa et al. 2018]
was used for non-neural modeling; and hyperopt 0.2.7 [Bergstra et al. 2015] for hyperpa-
rameter tuning of both deep-learning and non-deep-learning models. The code, and in-
structions for setting up the Python environment, are provided in a repository on GitHub2.

5. Results

5.1. Classification Performance

We evaluated five different classifiers: Logistic Regression, Random Forest, XGBoost,
LightGBM, and a Neural Network, using both ESM-1v and ESM-2 embeddings. Ran-
dom Forest with ESM-1v embeddings emerged as the best-performing model, achieving
F1-scores of 0.93 (Neutral), 0.76 (LOF), and 0.80 (GOF) with default hyperparameters.
Table 1 shows the comprehensive performance metrics across all models using ESM-1v
embeddings.

We also compared ESM-1v and ESM-2 embeddings to determine their suitability
for variant effect classification. While both embedding types showed strong performance,

2https://github.com/victormaricato/lof-gof-predictor



Table 1. Performance metrics for different models using ESM-1v embeddings.
Metric Class LogReg RF XGBoost LightGBM NN
Precision Neutral 0.88 0.92 0.90 0.90 0.89

LOF 0.67 0.78 0.79 0.78 0.73
GOF 0.56 0.84 0.87 0.81 0.58

Recall Neutral 0.92 0.94 0.94 0.94 0.92
LOF 0.29 0.74 0.67 0.67 0.64
GOF 0.52 0.76 0.65 0.73 0.62

F1-score Neutral 0.88 0.93 0.92 0.92 0.91
LOF 0.58 0.76 0.72 0.72 0.68
GOF 0.38 0.80 0.75 0.77 0.60

Accuracy 0.81 0.89 0.87 0.87 0.85

ESM-1v consistently outperformed ESM-2 across most metrics. For example, using Ran-
dom Forest, ESM-2 achieved F1-scores of 0.92 (Neutral), 0.75 (LOF), and 0.71 (GOF),
compared to ESM-1v’s superior scores of 0.93, 0.76, and 0.80, respectively.

Hyperparameter tuning using Bayesian optimization was performed on the
Random Forest model for both embedding types. For ESM-1v, tuning yielded
optimal parameters of max depth=92, n estimators=168, min samples leaf=20, and
min samples split=20. However, the tuned model showed only marginal improvements
over the default configuration, with some metrics like GOF recall actually decreasing
slightly (0.72 vs 0.76). Given the minimal gains and increased complexity, we retained
the default Random Forest configuration with ESM-1v embeddings as our final model.

5.2. Cosine Similarity Analysis
We examined the relationship between reference and alternative protein embeddings us-
ing cosine similarity, which measures the angle between two vectors in the embedding
space. For vectors R (reference) and A (alternative), the cosine similarity is calculated as
described in Equation 1:

Sim(R,A) = cos(θ) =
R · A

||R||2||A||2
(1)

where the resulting value ranges from −1 to 1. We then define cosine distance as in
Equation 2:

Dist(R,A) = 1− Sim(R,A) (2)

GOF/LOF variants, on average, displayed significantly higher embedding dis-
tances than Neutral variants (p < 0.0005), suggesting greater structural/functional per-
turbations in these classes (Figure 3). This aligns with the notion that GOF/LOF arise
from more severe disruptions in protein conformation or active site chemistry compared
to Neutral substitutions [Teng et al. 2010]. Similar embeddings (low distance) typically
indicate conserved function. In contrast, dissimilar embeddings (high distance) suggest
functional changes, analogous to how similar words in language models (e.g., ”human”
and ”person”) have closer vector representations.



Figure 3. Distribution of cosine distance between REF and ALT embeddings per
variant effect GOF and LOF variants show consistently lower similarities, indicat-
ing greater predicted structural/functional changes.

5.3. Comparison with LoGoFunc

With regard to comparison, LoGoFunc [Stein et al. 2023] reported F1-scores of 0.56
(GOF), 0.87 (LOF), and 0.89 (Neutral), using complex feature engineering and struc-
tural descriptors. Our approach yielded 0.80 (GOF), 0.76 (LOF), and 0.93 (Neutral).
Notably, we achieve stronger performance for GOF and Neutral classes without requir-
ing multi-sequence alignment or extensive manual descriptor building, although our LOF
score was somewhat lower. This trade-off suggests that while protein language models
effectively capture many functional signals, certain LOF mechanisms may benefit from
explicit structural information.

5.4. Gene-Level Insights and Protein Length Effects

We observed gene-level performance variations that provide insights into the model’s
strengths and limitations. Well-studied genes like FBN1, associated with Marfan syn-
drome [Parvizi and Kim 2010], showed near-ideal LOF classification, possibly due to bet-
ter representation in training data. However, genes with fewer known missense variants
had reduced performance.

Analysis across protein lengths revealed performance decline for sequences ex-
ceeding 2000 amino acids, particularly for LOF and GOF predictions (Figure 4), while
Neutral variant classification remained robust across all lengths.

More specifically, this length-dependent performance decline likely stems from
two factors: the context window limitation in ESM-1v and the inherent difficulty of cap-
turing long-range protein interactions in larger sequences. The model must rely on local-
ized sequence context for extremely long proteins like Titin (35,992 amino acids), poten-
tially missing important structural relationships that span distant regions. This limitation
suggests that integrating additional structural information or developing specialized archi-
tectures for long proteins could improve prediction accuracy for these challenging cases.



Figure 4. Model performance across protein lengths for different variant classes.
Performance metrics plotted against protein length for (A) LOF, (B) Neutral, and
(C) GOF variants.

6. Conclusions

In this work, we present the GLOF dataset composed of 112, 437 missense variants, each
labeled as Neutral, LOF, or GOF by expert curators. Our end-to-end prediction pipeline,
which uses ESM-based embeddings (without multi-sequence alignment) and a Random
Forest classifier, achieves robust F1-scores for all classes. These results support the im-
portance of advanced protein language models in capturing functional disruption signals
directly from sequence. Compared to existing methods, our approach is simpler, handles
less-studied proteins better, and performs competitively in distinguishing GOF, LOF, and
Neutral variants.

Future directions include (1) integrating 3D structural data from tools like Al-
phaFold [Jumper et al. 2021] to handle highly complex or large proteins; (2) applying
interpretability techniques [Montavon et al. 2018, Ribeiro et al. 2016] for greater clinical
transparency; (3) experimentally validating model predictions in the wet lab. We release
GLOF to the public to foster continued improvements in variant effect prediction and
precision genomics.
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