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Abstract

Automated protein function annotation is a fundamental problem in computational biology, crucial for
understanding the functional roles of proteins in biological processes, with broad implications in medicine
and biotechnology. A persistent challenge in this problem is the imbalanced, long-tail distribution of available
function annotations: a small set of well-studied function classes account for most annotated proteins, while
many other classes have few annotated proteins, often due to investigative bias, experimental limitations,
or intrinsic biases in protein evolution. As a result, existing machine learning models for protein function
prediction tend to only optimize the prediction accuracy for well-studied function classes overrepresented in
the training data, leading to poor accuracy for understudied functions. In this work, we develop MSRep, a
novel deep learning-based protein function annotation framework designed to address this imbalance issue
and improve annotation accuracy. MSRep is inspired by an intriguing phenomenon, called neural collapse
(NC), commonly observed in high-accuracy deep neural networks used for classification tasks, where hidden
representations in the final layer collapse to class-specific mean embeddings, while maintaining maximal
inter-class separation. Given that NC consistently emerges across diverse architectures and tasks for high-
accuracy models, we hypothesize that inducing NC structure in models trained on imbalanced data can
enhance both prediction accuracy and generalizability. To achieve this, MSRep refines a pre-trained pro-
tein language model to produce NC-like representations by optimizing an NC-inspired loss function, which
ensures that minority functions are equally represented in the embedding space as majority functions, in
contrast to conventional classification methods whose embedding spaces are dominated by overrepresented
classes. In evaluations across four protein function annotation tasks on the prediction of Enzyme Commission
numbers, Gene3D codes, Pfam families, and Gene Ontology terms, MSRep demonstrates superior predictive
performance for both well- and underrepresented classes, outperforming several state-of-the-art annotation
tools. We anticipate that MSRep will enhance the annotation of understudied functions and novel, uncharac-
terized proteins, advancing future protein function studies and accelerating the discovery of new functional
proteins. The source code of MSRep is available at https://github.com/luo-group/MSRep.
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1 Introduction

The advancement of next-generation sequencing has led to an unprecedented accumulation of genomic
data, far outpacing our capability to elucidate the exact function of proteins encoded in sequenced genomes.
While protein function annotation is a central task in life sciences, the level of scientific investigation varies
greatly between proteins. Some, like p53, have been the focus of extensive study for decades, while many
others remain largely understudied,"? a disparity gap that hinders progress in biomedical research.® As
of 2023, nearly 80% of the 248 million proteins in the UniProt database* remain without precise function
annotation.’ Moreover, within the human proteome, roughly 95% of life science publications today focus on
just a subset of 5,000 well-studied proteins like p53.° Even in a minimal synthetic organism Mycoplasma
JCVI-3 with <400 genes, the functions of 30% of encoded proteins remain unknown.” Additionally, while
~3,000 human proteins are expected to be potential drug targets, only 10% are currently targeted by FDA-
approved drugs.® More importantly, this growing annotation imbalance creates a ‘rich-get-richer’ problem
since new research preferentially targets proteins that are already well-studied,® driven by reasons such as
experimental feasibility,>'° availability of prior knowledge,? and scientists’ perceptual bias.!® Recognizing
these challenges, initiatives such as the Understudied Proteins Initiative have been established, advocating
for the systematic study and characterization of understudied proteins.!'!> 12

Computational approaches have emerged as a cost-effective solution to support experimental techniques
to annotate functions for understudied proteins. Established algorithms include BLASTp'® and profile hidden
Markov models (pHMMs) ' leverage sequence alignment to transfer annotations from annotated to unchar-
acterized proteins. Recent rapid advances in machine learning (ML), particularly deep learning, have signif-
icantly improved protein function prediction by learning from patterns across protein families and directly
predicting functions from sequences or structures. ML approaches have shown remarkable success across
various tasks, including the predictions of Gene Ontology (GO) terms,> '>-2* Enzyme Commission (EC) num-
bers,>21:23,25-30 Pfam labels,!?21:31:32 and in the Critical Assessment of Functional Annotation (CAFA).33-34
The impacts of ML methods by their integration into major biological databases such as UniProt* and Pfam,3°
where ML-predicted functions are now part of official function annotation releases.>% 3’

Despite these advances, ML methods for protein function prediction still perform poorly for rare functions
(e.g., those associated with <10 proteins) or proteins lacking homologs.?® The root of this problem lies in
the imbalanced distribution of function annotations within existing databases like GO terms,>* EC numbers,*°
Pfam labels,> and more. Due to annotation bias, these databases often exhibit a long-tail distribution (Fig 1a),
where a few function classes are associated with the majority of proteins (‘head classes’), while many others
are sparsely annotated (‘tail classes’). Accurate predictions for tail classes are especially valuable, as they
often correspond to novel or understudied proteins. However, ML models trained to minimize the overall
loss on imbalanced data tend to allocate most of their “learning capacity" to overly focus more on optimizing
prediction accuracy for head-class proteins than tail classes. Paradoxically, while the goal of ML-based function
prediction tools is to reduce annotation bias, this very bias becomes the key obstacle, preventing ML models
from realizing their full potential and leading to significantly lower prediction accuracy for understudied
proteins compared to well-characterized ones. Some studies have attempted to address this imbalance, such
as using inverse class frequency or prediction confidence to up-weight understudied proteins and down-weight
already well-classified proteins in model training,?%*! but these methods remain highly sensitive to the large
variance in class sizes. Another line of work, including ours, has employed contrastive learning and one-vs-all
nearest neighbor search, implicitly giving equal weights to all classes.?> 2842 While promising for rare classes,
these methods are still vulnerable to bias from the frequent sampling of head-class proteins during contrastive
learning, skewing the learned representation space toward well-studied proteins.

To address these challenges, we develop MSRep (maximally spanning representation learning), a deep
learning method that accounts for protein annotation bias and delivers accurate, unbiased protein function
predictions. Recognizing that existing ML methods often prioritize accuracy for overrepresented function
classes at the expense of rare ones, MSRep aims to correct this imbalance by allocating equal “parameter bud-
gets" to model all function classes. MSRep is inspired by the intriguing phenomenon of Neural Collapse (NC),
a consistent characteristic observed in high-performance deep learning classification models.*>** NC states
that, in the last layer of a well-trained neural network, embeddings of samples from the same class collapse
to their class-specific means, while embeddings from different classes are maximally separated. Since NC is
a hallmark in high-accuracy models across various classification tasks with balanced data,*® we hypothesize
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that explicitly inducing NC in models trained on imbalanced data, such as protein function annotations, can
significantly enhance predictive accuracy for minority classes. To achieve this, MSRep refines a pre-trained
protein language model (pLM)*® to exhibit NC-like behavior, where protein embeddings annotated with the
same function collapse together, while maintaining equal, maximal separation from other function classes.
This ensures that tail-class proteins occupy an embedding space equal in size to that of head classes, prevent-
ing the model from overfitting to overrepresented classes or proteins during training.

We thoroughly evaluate MSRep across four protein function annotation tasks: EC number, structural do-
main, protein family, and GO term predictions. In all tasks, MSRep outperforms state-of-the-art protein func-
tion predictors, significantly improving annotation accuracy for both well-studied and understudied functions.
MSRep’s representation learning framework can be readily adapted to other protein function annotation tasks
that can be formulated as multi-label classification problems. We anticipate that MSRep will contribute to the
systematic efforts of reducing the annotation gap by associating uncharacterized proteins with proteins of
known functions,'! 2 empowering the discovery and engineering of functional proteins.

2 Methods
2.1 Problem setup

Multiple protein function classification schemes (Fig. 1b) have been developed to annotate proteins’ func-
tions, such as the Gene Ontology*® (general biological functions), EC numbers*’ (enzymatic activities), Pfam>®
(protein family), Gene3D*” (structure domain), along with other databases describing protein interactions*®
and pathways.*’ The goal of protein function annotation is to assign one or more labels from a controlled vo-
cabulary of functions (e.g., GO terms or EC numbers) that describe a protein’s functional roles. In this work,
we consider the sequence-based protein functions prediction, where the input is a protein’s amino acid (AA)
sequence, though the setting can be readily extended to structure-based function prediction using 3D protein
structures as input.2°

In the context of ML, protein function annotation is a multi-class, multi-label classification problem. Denote
C ={1,2,..., K} as the predefined vocabulary of function labels in a function annotation scheme (e.g., GO
terms or EC numbers), and s = ajas . ..ayr as a protein sequence of length L, where a; € S is the amino acid
at position 4, and S is the set of 20 canonical AAs. A protein function annotation database can be represented
as a list of protein-annotation pairs {(s;, y;) }£, where y; is the set of function annotations for sequence s;.
Since a protein may perform multiple functions, y; may contain multiple labels from S.

Our goal is to learn a predictive ML model f; : S — 2€ that predicts one or more function labels for
a protein based on its sequence. Existing leading ML methods for protein function prediction are typically
deep learning models.?!2%28-31 These models generally decouple into two modules fy = g, o hy, including a
feature extractor h,, which maps the input sequence to an embedding = = h,(s) € R, and a linear classifier
.., which predicts the likelihood of the protein belonging to each of the K function classes, § = g.,(z) € R,

Interestingly, several recent models omit the explicit learning of the classifier g,. Instead, they rely on
the protein proximity induced by the embedding space learned by the feature extractor h, to infer functions,
following the “guilt-by-association" principle, i.e., similar proteins are likely to share similar functions.?® 2850
For example, CLEAN,?® a state-of-the-art enzyme function predictor we previously developed, employs con-
trastive learning to train hg, generating a sequence embedding space where proteins with similar functions
are pulled together, while those with different functions are pushed apart. Function prediction is then per-
formed via nearest neighbor search in this space, transferring function labels from annotated proteins to the
query protein, without explicitly training a classifier g,,. This strategy has been extended by the Protein-Vec
method to other tasks, such as GO term and structure domain classification.??

While contrastive learning has proven effective in these studies, it only optimizes local pairwise embedding
distances between proteins, without capturing group-wise relationships that reflect similarity across function
classes. Furthermore, it does not address the class imbalance issue in protein function annotations. Our
approach differs conceptually, as we aim to optimize the global distribution of protein embeddings, ensuring
a balanced allocation of the embedding space to mitigate the function class imbalance.
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2.2 MSRep: Maximally spanning representation learning for protein function anno-
tation

We propose MSRep, a neural network that learns maximally spanning representations of proteins for
function annotations (Fig. 1c). MSRep specifically accounts for the bias in protein annotation data during
representation learning, enhancing performance across various protein function prediction tasks. Receiving a
protein’s sequence as input, MSRep uses ESM-1b,* a pre-trained protein language model (pLM), to generate
an initial embedding for the protein. Although pLM embeddings have proven to be information-rich and
effective in many protein biology tasks, they do not explicitly address the class imbalance issue in protein
function annotation. To tackle this, MSRep refines ESM embeddings through a multi-layer perceptron (MLP)
“adapter" network, which reprojects the sequence embeddings into a new representation space that satisfies
the NC properties. In this space, embeddings of proteins with the same function cluster around their class
mean, while the mean embeddings of all classes are maximally separated, forming equal-sized angles between
any given pair (Fig. 1c¢). During training, only the MLP parameters are optimized, while ESM remains frozen.
This strategy is computationally efficient, leveraging the strong priors important to function captured by the
pre-trained ESM-such as sequence, structural, and evolutionary features-while avoiding the need to retrain
the entire model from scratch. At the prediction (inference) stage, given a query protein, MSRep performs a
nearest-neighbor search against proteins with known functions in the training data and transfers the function
annotations from the protein with the closest embedding distance to the query. Below we review the key
concepts of NC and describe how we leverage NC to develop MSRep.
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Figure 1: Overview of MSRep. (a) Long-tail distribution of function class occurrences in four protein function annotation
schemes, including EC numbers, Gene3D codes, Pfam families, and Gene Ontology terms. The occurrence of a function
class is defined as the number of proteins associated with it. Statistics were calculated based on function annotations in
UniProt/Swiss-Prot>! as of 2022,/05/25. (b) Illustrations of the four protein function annotation schemes. BP: biological
process, MF: molecular function, CC: cellular component. (c¢) The schematic overview of MSRep in comparison to the
conventional classification approach (grey arrows). In the representation space, the blue, green, and red arrows represent
the class centers of different function classes, with colored dots indicating the embeddings of proteins with these functions.
The shaded regions correspond to the parts of the representation space classified to each function class. Func: function,
pLM: protein language model.

2.2.1 Neural Collapse: Revisit

The recent work by Papyana et al.** made a remarkable observation with compelling mathematical in-
sights. It states that well-trained neural networks with the cross-entropy loss on balanced classification tasks
typically exhibit the Neural Collapse (NC) phenomenon in the last layer, where the learned embeddings of
samples from the same class collapse to their within-class mean embeddings (i.e., class centers). Meanwhile,
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these class centers, when zero-centered, are maximally separated, with equal-sized angles between any pairs
in the high-dimensional embedding space. Equivalently, this structure can be described as a simplex equian-
gular tight frame (ETF),> formally defined as follows.

Definition 1 (Simplex Equiangular Tight Frame). A set of vectors {v; {il in R* (d > K — 1) is called a

simplex equiangular tight frame (ETF) if ||v1| = ||v2|| = - - - = ||vk]| and
K 1
MTM = I- 151% 1
a(Kl K-175X K) )
where M = [vy,v9, - ,vk] € R¥>*E o is a non-zero constant, I € RE*K is the identity matrix, and

1x € RX is the all-one vector. Intuitively, a simplex ETF is a set of vectors of equal lengths, maximally
separated from each other by equal angles.

Formally, consider a training set of n data points and let the class set be C = {1,2,..., K}. Denote
the last-layer embeddings as x1, ®o,...,x, € R™, the arithmetic mean of the embeddings for each class
as f41, 42, - - -, x, and the final linear classifier of the neural network as g, (x). For simplicity, we define a
helper function ¢ : R™ — C, which maps the embedding « to its ground truth class label )(x) = ¢ € C.
Here, we consider the case where each sample x has only one class label, but this will later be extended to
the multi-label setting required for protein function annotation, where one sample can have multiple labels.
The NC phenomenon can be formally described by the following four properties:

(N (1) Variability collapse. In the terminal phase of training, the intra-class embedding variances col-
lapse to zero, and the embeddings of samples within the same class collapse to their class mean, i.e.,

;= pill =0, Vi(xi) =j 2

(N C5) Convergence to simplex ETF. The class means of all the K classes, after zero-centering normal-

1
ization, converge to form an ETF (Definition 1). Let uc = — Zfil u;, then we have

K
i — pell = lp; — pell (3
1 .
cos (i — ey by = He) = =7 Vi j €C 4

Geometrically, the class means converge to having equal length and being maximally separated from each
other, with equal-sized angles between any given pair.

(NCs3) Convergence to self-duality. The weights of the linear classifier g, («) become parallel to the
corresponding zero-centered class means, up to a constant factor rescaling. Let w,; denote the j-th row of the
weights matrix g,, as w € R¥*? then:

w; = A(pj — pe),Vj € (K], where X is a constant. (5)

(N C,) Simple classification rule. For a new data point with last-layer embedding «’, the prediction made
by the classifier is equivalent to selecting the class center p; closest to «’ in terms of Euclidean distance.

2.2.2 NC-inspired representation learning

Although NC is an invariant phenomenon commonly observed in well-trained neural networks across
various model architectures and classification tasks,*® it has been shown that this behavior only holds for
class-balanced data.>>>* In imbalanced, long-tail datasets, class center embeddings no longer naturally form
an ETF, with embeddings of minor classes collapsing into similar directions.>® Since NC characterizes the
structure of models with strong learning capability (i.e., near-zero training error) and generalizability,*
recent studies have explored various strategies to “force" a classifier to exhibit NC on imbalanced datasets,
including loss regularization, gradient balancing, or optimal transport, which have been shown to induce NC
and improve imbalanced classification performance, particularly in image classification.>3>>->9

Motivated by these findings, we aim to induce NC in imbalanced protein function annotation tasks. MSRep
leverages ESM-1b,* a pre-trained protein language model, whose sequence embeddings have been shown
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to be informative for protein function prediction.?®>® MSRep refines ESM embeddings by re-projecting them
into a new space that conforms to the NC; and NC, properties related to embedding learning, achieved by
optimizing a loss function designed to shape the embedding space accordingly.

Specifically, given an input protein sequence s, MSRep first applies ESM to generate an embedding 2"M
with dimensionality dgsy = 1280. Next, a trainable projection network g,, transforms M into a new em-
bedding x in a space of dimensionality d. The projection network consists of fully connected layers (i.e.,
multi-layer perceptron, MLP), each followed by a LayerNorm, ReLU activation, and Dropout. To ensure NC
properties (particularly NC5), the dimensionality d of the new embedding space must satisfy d > K —1.%* To
induce NC in this d-dimensional space, we introduce two loss functions, inspired by the NC; and NC5 prop
erties, to constrain the learning of the sequence embeddings z’s and a set of trainable embeddings {u, }
which act as the class centers. These loss functions are defined as:

Lnci = Z Z M (6)

2y e el Tl

L Nc2 = maxmin arccos ( (i = po 1y = po) > , (7
i#] i — pcll - s — el

Jj=1

where n; is the number of training samples in class j, 1(-) maps a sequence to its true function label, v > 0 is

a hyperparameter controlling the weight of each class in Lyc¢1, o = % Zjil p; is the global mean of class
centers, which is updated in each gradient step when calculating £y co.

Intuitively, £Lyc2 ensures the NC, property, encouraging {u; }fil to behave like class centers in NC,
forming an EFT after zero-centering. This is achieved by maximizing the minimum pairwise angle between
any two class centers, ensuring they are maximally separated with equal-sized angles. £ ¢ enforces the NC;
property by pushing each sequence embedding «; toward its corresponding class center y;. The sum of cosine
distances between each sequence embedding and its class center is calculated, weighted by the inverse class
sizes, with the hyperparameter ~ preventing larger classes from dominating £ ¢1. Through hyperparameter
tuning, we found that setting « to 0.5 or 1.0 was robust across several protein function annotation tasks.

The final loss function is a linear combination of £yc1 and £yc2, controlled by a interpolation factor /3:

Lync = pBLnc1 + Lnco. ®

Through grid search on the validation set, 5 = 1.0 was found to be robust across all experiments. During
training, only the MLP projection network g, and the trainable embeddings {1} szl are optimized, while the
ESM parameters are kept fixed.

By optimizing £yc, MSRep learns an embedding space where all classes occupy equal portions of the
space and are maximally separated (Fig. 1c). This regularized space enables tail-class proteins to be effectively
classified, contrasting with conventional classification methods, where the vast majority of the leaned space is
used to represent head-class proteins, whereas tail-class proteins are overwhelmed and occupy a small portion
of the space (Fig. 1¢). MSRep generalizes recent contrastive learning approaches?*2® by optimizing group-
wise distances instead of pairwise distances to organize the embedding space. Additionally, unlike many
computer vision methods for imbalanced classification,”®>>-> which incorporated £y as a regularizer for
cross-entropy loss, MSRep optimizes only £ ¢ to mitigate the highly unstable interplay between these two
losses during training for improved performance (see discussion in Supplementary Note A.5).

2.2.3 Training and inference details

The original NC statement (Sec. 2.2.1) holds for single-label, multi-class classification tasks where each
sample is assigned only one label from a total of K classes. However, protein function prediction is inherently
a multi-label, multi-class classification task, where a protein can perform multiple functions and thus have more
than one label. We used an approach that effectively handled the multi-label nature of the problem in our ex-

periments: for a sample (s;,y;) where the sequence s has multiple function labels y; = (y (1), ny) Y Z(m’))

we replace it with multiple single-labeled samples (s, yw) -+ (s, yl(m‘)).

For each function annotation task, we randomly Withheld 10% of the training data as a validation set.
MSRep was trained using the Adam optimizer®® and a learning rate of 1 x 10~ for up to 10,000 epochs.
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Early stopping was employed if the validation loss did not drop for 20 consecutive epochs. Task-specific
hyperparameters were tuned on the respective validation set, and the final values used in our experiments
are listed in Supplementary Table S3.

At prediction time, MSRep employed a nearest neighbor search approach, which has been shown effective
in previous work.?>2® Given a query protein, MSRep searches the training set for the protein with the smallest
cosine distance to the query in the learned embedding space. The function annotations of the nearest neighbor
were then transferred to the query protein as its predicted function labels.

To enhance prediction performance, we applied an ensemble scheme based on majority voting. Specifically,
for each function annotation task, we trained five instances of MSRep, each initialized with a different random
seed but with identical network architecture. At prediction time, each model predicted function labels for the
query protein using the nearest-neighbor strategy. If a label was predicted by more than half of the individual
models, it was included in the final predicted labels for the query protein. We observed that the MSRep’s
ensemble model consistently outperformed its individual model (Supplementary Table S1).

3 Results

To evaluate the performance of MSRep, we constructed four benchmark datasets for different function
annotation tasks: EC numbers, Gene3D codes, Pfam families, and GO terms (Fig. 1b). For each task, we
compared MSRep against respective state-of-the-art methods (Supplementary Notes A.4).

3.1 Benchmark datasets

We utilized protein sequence and function annotation data in the Swiss-Prot database®! and implemented
a time-based train-test split with a cutoff of May 25, 2022, simulating a realistic scenario by assessing the
model’s generalizability on unseen proteins. Additionally, the test set was filtered by MMseqs®? to remove
sequences with >50% sequence identity to any training sequence, resulting in test sets for the four tasks,
denoted as EC, Gene3D, Pfam, GO-S50. For EC number prediction, we further collected the Price test set, a
recognized challenging dataset derived from an experimental study,®® which includes sequences known to
be incorrectly annotated in other databases.*’ Detailed information on dataset construction and statistics is
provided in Supplementary Notes A.1 and Supplementary Table S2.

3.2 MSRep improves protein function annotations

3.2.1 EC numbers: Enzyme function prediction

The EC number ontology, which annotates enzyme functions, exhibits a highly imbalanced distribution.
In our training set, among more than 5,000 unique EC numbers, fewer than 10% (509 EC numbers) are
associated with over 84% proteins, while the remaining EC numbers have fewer than 100 associated proteins
each (Fig. 1a). We trained MSRep on Swiss-Prot proteins annotated with EC numbers before 2022/05/25,
and compared its performance with CLEAN,?® the current state-of-the-art enzyme function predictor, as well
as four additional competitive baselines: Protein/Aspect-Vec,2® Protelnfer,?! and DeepEC.?”

On the sequence identity-controlled test set EC-S50, MSRep significantly outperformed other methods
across precision, recall, and F1 metrics (Fig 2a). To assess its performance on tail-class functions, we restricted
the evaluation to function classes represented by fewer than 30 proteins in the training data. While most
baselines showed a performance decrease, MSRep’s performance dropped less severely, maintaining a clear
improvement in prediction accuracy (Fig 2b). We further delineated the analysis by evaluating methods in
four bins of function classes, categorized by their occurrence (number of associated proteins) in the training
set. MSRep showed consistent F1 improvements across all bins (Fig 2c). Remarkably, even for extremely
underrepresented classes with fewer than 10 associated proteins, MSRep achieved a competitive F1 score
exceeding 0.4, outperforming all other methods. We also benchmarked MSRep on the challenging Price-145
test set and found that it consistently outperformed existing methods on both the full test set (Fig S1a) and
a subset of tail-class functions (Fig S1b).

Since each EC number follows a four-digit hierarchical structure (e.g., 5.5.1.4), baselines like ProteInfer
and DeepEC predict up to the 3rd level (i.e., 5.5.1.X) if they lack confidence in the 4th-level prediction. To
ensure a fair comparison, we evaluated all methods based on exact-match accuracy at both the 3rd and 4th
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Figure 2: Performance evaluation on EC number prediction. (a) Precision, recall, and F1 scores (averaged across
proteins) for each method evaluated on the full set of EC numbers in EC-S50. (b) Performance metrics for tail-class EC
numbers with occurrence <30, where the occurrence is defined as the number of proteins associated with an EC number.
(c) F1 scores across classes binned by their occurrence in the training data. Bar plots in a-b and the curves in ¢ represented
the mean+s.d. over ten sets of 90% bootstrapped proteins from EC-S50.

levels (Supplementary Notes A.2). Results showed that MSRep achieved more correct predictions at both
levels, with fewer incorrect predictions compared to the baselines (Fig. S1c).

3.2.2 Gene3D: Structure domain prediction

Gene3D? is a database that provides structural domain family annotations for protein sequences based
on the CATH ontology, which organizes protein structural domains into a four-level hierarchy: Class (C),
Architecture (A), Topology/fold (T), and Homologous superfamily (H). Since proteins can harbor multiple
structural domains, the Gene3D task represents a multi-label, multi-classification task over ~5, 000 classes.
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Figure 3: Performance evaluation on Gene3D prediction. (a) Precision, recall, and F1 scores for each method, evalu-
ated on both the full set of classes and the tail classes (occurrence < 30) in Gene3D-S50. (b-¢) Exact-match accuracy and
F1 scores across classes binned by their occurrences in the training data. Bar plots in a and the curves in b-c¢ represented
the mean-+s.d. over ten sets of 90% bootstrapped proteins from Gene3D-S50.

We trained a MSRep model to predict Gene3D codes for protein sequences. On the Gene3D-S50 test
set, MSRep outperformed competitive baselines, including Protein/Aspect-Vec and the established BLAST
algorithm (Fig. 3a). The performance improvement was particularly notable when focusing on minority
Gene3D classes with fewer than 30 occurrences in the training data, where MSRep achieved higher precision,
recall, and F1 scores across all evaluated metrics (Fig. 3a).

To further examine MSRep’s imbalanced learning ability, we evaluated its performance across different
occurrence bins. For Gene3D codes with fewer than 100 associated proteins, MSRep achieved substantially
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higher exact-match accuracy and F1 scores than the baselines, demonstrating its robustness in predicting rare
structural domain annotations. For frequent Gene3D codes with 100 or more occurrences, MSRep performed
competitively, matching the accuracy of the strongest baseline methods. Note that the exact-match accuracy
metric (defined in Supplementary A.2) only considers predictions correct if the entire set of labels matches
the ground truth in both size and composition, which suggests the good performance of MSRep for multi-label
classification.

3.2.3 Pfam: Remote homology detection

Next, we trained MSRep to predict protein family annotations defined by the Pfam database.®> Our train-
ing set derived from Swiss-Prot includes 14,723 unique family labels, exhibiting a highly long-tail distribu-
tion, with nearly 90% of Pfam labels associated with fewer than 100 sequences (Fig. 1a). Since Pfam family
labels are defined on the protein domain level, some previous works®! formulated this task as single-label
classification using the subsequence in a protein corresponding to the domain as input. In contrast, we ex-
tend this formulation to a more general, multi-label classification setting, using full-length protein sequences
to predict the Pfam labels for all domains presented in a protein. We compared MSRep to several strong
baselines, including Protein/Aspect-Vec,?® which have shown state-of-the-art prediction performance, and
ProtCNN/ProtENN,3! which are used to generate ML-predicted family labels in Pfam’s official releases.>®
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Figure 4: Performance evaluation on Pfam prediction. (a-b) Exact-match accuracy and F1 performance on the Pfam-
S50 test set across different occurrence bins. (¢) F1 scores across test sets with varying levels of maximum sequence
identity to the training sequences. Line plots in this figure represent mean+s.d. over ten sets of 90% bootstrapped
samples from the test data.

On the Pfam-S50 test set, MSRep consistently outperformed all baseline methods across classes with vary-
ing occurrence levels, achieving higher exact-match accuracy and F1 scores (Fig. 4a-b). Remote homology de-
tection is particularly important in function annotation, as many proteins cannot be annotated solely through
sequence alignment due to low sequence similarity to existing annotated proteins. To assess MSRep’s perfor-
mance in this context, we further restricted the test set to sequences with < 30% sequence identity to the
training data. While the F1 score of baselines like ProtENN and Aspect-Vec dropped considerably for these
low-homology proteins, MSRep maintained significantly higher F1 scores, demonstrating resilience to low
sequence identity (Fig. 4c). Moreover, when we varied the maximum sequence identity threshold, MSRep
consistently outperformed the baselines across all cutoff values (Fig. 4c).

Considering the number of unique Pfam labels is substantially larger than for EC numbers or Gene3D

codes (approximately 15,000 v.s. 5,000; Supplementary Table S2), these results suggested that MSRep is
scalable to large function annotation tasks and provides accurate predictions across diverse protein families.

3.2.4 Gene Ontology: GO-term function annotation

To further evaluate the effectiveness of MSRep, we extended our benchmark to Gene Ontology (GO)
annotations—a widely used ontology that describes gene and protein functions at multiple levels of granularity.
Unlike EC numbers and Gene3D, which have well-defined four-level tree structures, the GO hierarchy is more
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complex due to variable depth for leaf nodes and that child terms may have multiple parent terms at various
levels. Predicting GO terms for proteins is a longstanding challenge in computational biology and the focus
of the community-wide Critical Assessment of Functional Annotation (CAFA).33

Following established practices in recent studies,'®?%24 we trained a separate MSRep model for each of
the three main GO sub-ontologies: biological process (BP), molecular function (MF), and cellular component
(CQ). Each sub-ontology contains thousands of GO terms (ranges from 3,000 to 17,000), with a pronounced
long-tail occurrence distribution (Fig. 1a). We compared MSRep against three recent high-performance GO

predictors—AnnoPro, NetGO3.0, and Protein-Vec?3—following the CAFA challenge’s setting

metrics (Fmax and AUPR) and post-inference processing (Supplementary Notes A.3).

33,64

[0, 30) [30, 100) [100, +00)

Ont Method Fmax AUPR Fmax AUPR Fmax AUPR
NetGO3.0 0.1209+.0037 0.0475+.0031 0.1809+.0066 0.0949+.0044 0.4960+.0033 0.4629+.0038
BP AnnoPro 0.0001+.0000 0.00004.0000 0.01014.0012 0.0005+.0001 0.34944-.0050 0.2922+.0039
Protein-Vec 0.1929+.0139 0.1189+.0113 0.2228+.0107 0.1325+.0075 0.5332+.0036 0.4389+.0037
MSRep  0.2056+.0125 0.1409+.0144 0.2949+.0152 0.1710+.0114 0.5731+.0028 0.5095+.0027
NetGO3.0 0.3169+.0131 0.1348+4.0106 0.4555+.0118 0.3852+.0118 0.62864.0022 0.6714+.0024
MF AnnoPro  0.0003+4+.0001 0.0001+.0000 0.1038+.0089 0.0242+.0063 0.6088+.0021 0.6176+.0026
Protein-Vec 0.2583+.0108 0.1203+.0063 0.3727+.0085 0.2939+4.0074 0.7894+4.0029 0.7798+.0034
MSRep 0.3395+.0079 0.2596+.0130 0.4094+.0131 0.3386+4.0125 0.8152+.0027 0.8290+4.0044
NetGO3.0 0.1455+4.0106 0.0435+.0051 0.3786+4+.0079 0.17624.0064 0.5708+.0022 0.5888+.0023
cc AnnoPro  0.0001+.0000 0.0000+.0000 0.0666+.0065 0.0269+.0047 0.5562+.0016 0.5160+.0020
Protein-Vec 0.2123+.0184 0.1272+4+.0165 0.3093+.0101 0.2587+.0165 0.6675+4.0020 0.5641-+.0039
MSRep 0.2724+.0224 0.2049+.0250 0.43224.0126 0.3527+.0140 0.7210+4.0022 0.7548+.0029

of evaluation

Table 1: Performance evaluation on GO term prediction. Fmax and AUPR scores for methods evaluated on the
major three GO sub-ontologies: biological process (BP), molecular function (MF), and cellular component (CC). For
each sub-ontology, the best performance is shown in bold, and the second best is underlined. Results are reported as
mean+s.d. based on ten sets of 90% bootstrapped proteins from GO-S50. Abbreviations: Ont=0Ontology.

The results demonstrated MSRep’s strong performance in predicting GO terms (Table 1). Across 18
evaluations—covering 3 sub-ontologies, 3 class occurrence bins, and 2 metrics-MSRep achieved the highest
scores in 16 cases and remained competitive in the remaining two. Its performance was especially pronounced
in the tail-class regime, where it outperformed the second-best methods by 6.6%- 28.3% in Fmax and 18.5%-
92.6% in AUPR, indicating its ability to accurately predict GO annotations for understudied classes.

Performance evaluation summary: Overall, our experiments highlight the excellent predictive performance
of MSRep across four diverse function annotation tasks. MSRep consistently outperformed state-of-the-are
ML methods. Notably, it demonstrated robustness in predicting underrepresented function classes, an area
where other methods experienced significant performance declines.

3.3 Analysis of MSRep’s learned representation space

Having established MSRep’s accuracy and generalizability for protein function annotation, we sought to
understand the underlying reasons for its performance improvements, especially for minority function classes.
The core idea of MSRep is to learn a regularized representation that conforms to the NC structure, ensuring
that each function class, irrespective of its popularity in the training data, is modeled with equal representation
capacity for accurate prediction. We hypothesize that this structure explains MSRep’s substantial performance
gains for tail-class functions, as the representations for different functions are maximally separated, making
them more discriminative than embeddings learned by conventional cross-entropy or contrastive learning
losses.

To gain deeper insights into MSRep’s learned representation space, we conducted quantitative and visu-
alization analyses, comparing the representation spaces learned by MSRep and a strong baseline, Aspect-Vec,
on the EC number task. We first computed the intra-class and inter-class Euclidean embedding distances be-
tween protein pairs. MSRep more effectively pulled together proteins with the same function while pushing
apart proteins with different functions, resulting in greater separation between intra- and inter-class distance
distributions than observed for Aspect-Vec (Fig. 5a-b).
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Figure 5: Representation learning of MSRep for EC number predictions. (a-b) Distribution of inter-class and intra-
class Euclidean embedding distances for MSRep and Aspect-Vec. The “similar labels" category refers to pairs of EC numbers
with the same first three digits but different fourth digits (e.g., 5.5.1.4 vs. 5.5.1.7). Background distributions show the
pairwise distances of all intra-class pairs and 10° randomly sampled inter-class pairs. (c-d) UMAP visualization of the
representation spaces for Aspect-Vec and MSRep. Shown are the query protein ISYNA1I, the training samples of its ground
truth class (EC 5.5.1.4, occurrence = 31), and the training samples of the misclassified class predicted by Aspect-Vec (EC
1.1.1.86, occurrence = 642).

We further investigated pairwise embedding distance among proteins with highly similar enzymatic func-
tions, defined as those sharing the same first three digits in their EC numbers but differing in the fourth digit
(e.g., 5.5.1.4 vs. 5.5.1.7). Since these proteins are functionally similar, their sequences tend to be similar as
well, which caused Aspect-Vec’s embeddings for these proteins to converge, shifting their pairwise distance
distribution from the inter-class background toward the intra-class range Fig. 5a). This convergence made
Aspect-Vec’s embeddings indistinguishable from other classes. In contrast, MSRep maintained separated em-
beddings for these functionally similar proteins, with their pairwise distance distribution almost identical
to inter-class distance background (Fig. 5b), highlighting the effectiveness of MSRep’s NC-inspired loss in
learning discriminative embeddings to inform function classification.

MSRep’s maximally spanning representations also translated to its performance gains, particularly in the
long-tail regime where more discriminative embeddings facilitate classification. To illustrate this, we identi-
fied Inositol-3-phosphate synthase 1 (ISYNAI; UniProt ID: Q8A7J8), an enzyme with the EC number 5.5.1.4,
which is an under-represented class with only 31 occurrences in the training data. While Aspect-Vec misclas-
sified this protein to EC number 1.1.1.86, a well-represented class with 642 occurrences, MSRep classified
it correctly. UMAP visualization of the embedding spaces learned by both methods revealed that MSRep’s
NC-structured space correctly positioned this query protein within the cluster of proteins sharing the same EC
number. In contrast, in Aspect-Vec’s space, the query protein was “attracted" to a large cluster of a head-class
function, far from its functionally similar proteins.

Overall, these results suggested that the maximally spanning representation learned by MSRep produces
more discriminative sequence embeddings, which are particularly informative for imbalanced classification.

4 Conclusion

We have presented MSRep, a deep learning framework for protein function annotation that addresses the
challenge of data imbalance in protein function data. Systematic evaluations across four function annotation
benchmarks showed that MSRep consistently outperformed state-of-the-art methods, particularly for under-
represented function classes. While NC’s requirement for a high-dimensional embedding space (d > K — 1)
could lead to increased computational costs for tasks with numerous classes, this could potentially be mit-
igated by reducing the dimensionality, leveraging recent findings on generalized neural collapse in lower
dimensions.®> Overall, MSRep provides a promising tool for sequence-based protein function annotation and
can be adapted to various classification tasks in protein function studies.
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A Supplementary Notes
A.1 Benchmark datasets

We utilized the Swiss-Prot database,®! the expert-curated subset of UniProtKB,>! to retrieve protein se-
quences and their function annotations. We focused on four widely used annotation schemes: EC numbers,
Gene3D codes, Pfam families, and GO terms. The original Swiss-Prot database contains approximately 570k
expert-reviewed protein sequences. We excluded proteins whose sequence length is shorter than 10 amino
acids or longer than 1022, as ESM-1b has an input sequence limit of 1,022 amino acids. This resulted in a
filtered dataset of 551,965 sequences.

For each function annotation scheme, we constructed a benchmark dataset by retaining sequences labeled
with that type of annotation. All tasks followed a time-based train-test split, using sequences deposited to
Swiss-Prot by May 25, 2022, as the training set and sequences added after that date as the test set. We chose
this cutoff date following the study of baseline methods used in this work,?® ensuring a fair comparison.
Additionally, for each task’s test set, we applied MMseqs2%? to remove test sequences with > 50% sequence
identity to any training sequence, forming more challenging test sets labeled EC-S50, Gene3D-S50, Pfam-
S50, and GO-S50, respectively. The statistics of the filtered time-split datasets are provided in Supplementary
Table S2.

For EC numbers, we also included an independent test set, ‘Price’, derived from a previous experimental
study.®® This dataset contains bacterial proteins for which automated annotation methods in databases like
KEGG*® or SEED®® had assigned incorrect or inconsistent EC numbers. The Price dataset has been used as a
challenging test set in prior works, including ProteInfer?! and CLEAN.?® From the original 149 sequences in
Price, we excluded 4 sequences with EC numbers not present in our training set, resulting in a final test set
of 145 proteins, denoted as Price-145.

A.2 Evaluation metrics

The protein function annotation tasks we evaluated are all multi-label, multi-class classification tasks,
where each sample may be associated with multiple labels. Below, we describe the metrics used in our
evaluation:

Precision: For a single test sample, precision is defined as TP / (TP + FP), where TP is the number of
true positives and FP is the number of false positives. Let ns be the number of test samples and 7,5 be
the number of total classes. We define two binary matrices, the ground truth matrix Y. and the prediction
matrix Ypredq, both of size (1est, Neass). The overall precision on the test set is calculated as the average precision
across all test samples. Specifically, we utilized the sklearn.metrics.precision_score function from the
scikit-learn package, with the parameter average=‘samples’. For precision on a subset of classes (e.g.,
within a certain training set occurrence range), we extracted the relevant columns of Y;rue and Yjreq to form

. , ; S
new matrices Yr,. and Y4, then computed precision in the same manner.

Recall: For a single test sample, recall is defined as TP / (TP + FN), where TP is the number of true posi-
tives and FN is the number of false negatives. Using Yiue and Yjreq, we calculated the recall on the test set by
averaging across all test samples. We used the sklearn.metrics.recall_score function in scikit-learn
with average=‘samples’. The recall calculation on a subset of classes follows the same procedure as preci-
sion.

F1 score: For a single test sample, the F1 score is defined as 1 / (1 / precision + 1 / recall) = 2TP
/ (2TP + FP + FN), where TP, FP, and FN represent the counts of true positives, false positives, and false
negatives, respectively. We calculated the F1 score using the same method as precision and recall, utilizing
the sklearn.metrics.fl_score with average=‘samples’. F1 scores on a subset of classes were calculated
similarly.

Exact-match accuracy: For multi-label classification, exact-match accuracy is defined as the percentage
of test samples for which the predicted label set matches the ground-truth label sets exactly. For example,
the i-th test sample is counted as correct if the i-th row of Yy and Yjeq are identical. When evaluating
exact-match accuracy on a subset of classes, we extracted the relevant columns from Yiye and Yjeq to form

/! / 3
Y and Yy, and computed accuracy on the new matrices.

Fmax score: Fmax score is the major evaluation metric used in the CAFA challenge,® defined as the
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maximum F1 score obtained over a range of prediction thresholds. Let Y., be the probability matrix of size
(Mtests Tclass)» and Yirye be the ground truth matrix. The i-th row of Y}, is the predicted probabilities for all
classes for the i-th test sample. Given a threshold p € [0, 1], we create a binary prediction matrix Y4 by
setting entries in Y}, below p to 0 and the rest to 1. Using Yjeq and Yie, we calculate the F1 score at
each threshold p using sklearn.metrics.f1_score with average=‘micro’. We use the micro average here
to be consistent with the computation of AUPR, which uses the micro-averaged precision and recall. In our
experiments, we used 101 thresholds from O to 1 with an increment of 0.01. For a subset of classes, the

calculation follows the same procedure with subset matrices Yy, and Y, 4.

AUPR: The area under the precision-recall curve (AUPR) is calculated by flattening Y}, and Yie into
1D arrays and computing the precision-recall curve using sklearn.metrics.precision_recall_curve and
sklearn.metrics.auc inscikit-learn. For class subsets, we create new matrices Y, ; and Yy, by selecting
relevant columns, flattening them, and computing AUPR.

A.3 Gene Ontology predictions

The evaluation scheme of the CAFA challenge,3%* which uses Fmax and AUPR as metrics, requires each

method to associate a confidence score to each of its GO term predictions. For MSRep, this confidence score is
calculated as the cosine similarity between the test protein embedding and the nearest reference embedding
in the training set. Additionally, for each test protein and each GO term predicted by MSRep or baseline
methods, we performed backpropagation to propagate the prediction to parent GO terms. Each parent GO
term was assigned the same confidence score as the original predicted term, consistent with CAFA evaluation
protocols.

A.4 Baseline methods

Protein-Vec. Protein-Vec?? leverages protein language models and contrastive learning to generate multi-
aspect protein representations. By pulling together embeddings of similar proteins and pushing apart those
of distinct proteins, it captures multiple functional attributes (aspects), including EC numbers, Gene3D, Pfam,
and Gene Ontology. For inference, Protein-Vec finds the nearest neighbor for each query sequence and trans-
fers all annotations from the neighbor to the query. We used the pre-trained checkpoints of Protein-Vec,
trained on Swiss-Prot sequences up to May 25, 2022, as a baseline for all tasks.

Aspect-Vec. Aspect-Vec,?® a single-aspect feature extractor model used in Protein-Vec’s construction, also
employs contrastive learning but focuses on one function type at a time. We included Aspect-Vec as a baseline
for EC numbers, Gene3D, and Pfam annotations.

BLAST. BLAST,®” a widely used sequence alignhment tool, serves as a baseline for the Gene3D prediction
task. Annotations for a query protein are transferred from the protein in the training set with the highest
sequence similarity.

CLEAN. CLEAN?8 is the state-of-the-art ML method for EC number prediction based on contrastive learning.
For a fair comparison, we trained CLEAN on the same EC number training dataset as MSRep and performed
inference using maximum separation as described in the original paper.

Protelnfer. Protelnfer?! is a deep convolutional neural network designed for EC number prediction. We
used its pretrained checkpoints and the default threshold of 0.5, retaining only complete EC predictions for
evaluation.

DeepEC. DeepEC?’ utilizes three convolutional neural networks for EC number prediction. Using its pre-
trained model with the default threshold of 0.5, we retained all complete EC number predictions for evalua-
tion.

ProtCNN and ProtENN. ProtCNN®! is a deep learning model for Pfam family predictions. It employs con-
volutional layers on one-hot encoded protein sequences to extract features and make Pfam predictions. Pro-
tENN3! is an ensemble of 19 ProtCNN models, combining their outputs through majority voting. Notably,
ProtCNN and ProtENN have been utilized to provide the ML-predicted family labels in the official Pfam re-
leases.>°

AnnoPro. AnnoPro?* is a deep learning algorithm for Gene Ontology (GO) prediction. It generates multi-
scale protein representations, encodes them with convolutional and fully connected layers, and then decodes
the features with a long short-term memory (LSTM) network for GO term predictions.
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NetGO3.0. NetGO3.0%? is an automated function prediction framework for GO prediction. It integrates
multiple prediction methods using GO label frequency, sequence alignment, k-mer features, protein domains,
protein networks, and protein language model representations, combining them through a learning-to-rank
algorithm.

A.5 Methodological differences from previous methods

MSRep’s approach to learning a function-aware embedding space differs from recent contrastive learning
methods that have achieved state-of-the-art protein function prediction.?>2® Although seemly similar—both
pulling functionally similar proteins together and pushing the functionally dissimilar proteins apart in the
embedding space—contrastive learning relies on the optimization of many pairwise distances to organize
the entire embedding space. In contrast, MSRep explicitly constructs a global “scaffolding backbone" of the
embedding space, i.e., the ETF, and optimizes the sequence embeddings to conform to this structure.

Additionally, MSRep also differs from existing methods that induce NC to improve imbalanced classification
in computer vision tasks.>®>>° These methods typically incorporate the NC loss £Ly¢ as a regularization
term alongside the standard cross-entropy loss. However, the protein function annotation datasets (e.g., GO
terms) considered in this work are far more diverse and imbalanced (~10%—10* classes) than the image
datasets (~10'—102 classes) used in these studies. The dynamic interplay between the cross-entropy loss and
the £y¢ loss is highly unstable during model optimization. As a result, MSRep optimizes only the £y ¢ loss
to learn the NC-structured embedding space and utilizes an effective nearest search scheme in this space for
function annotation.

B Supplementary Tables

Task Method Precision Recall F1 Accuracy Fmax AUPR

EC (S50) Individual 0.6453+.0092 0.6344+.0100 0.6344+.0095 0.5888+.0095 - -
Ensemble 0.6469+.0081 0.6408-+.0000 0.6381+.0084 0.5879-+.0087 - -

EC (Price) Individual 0.3830+.0115 0.4592+.0124 0.4046+.0115 0.3293+.0123 - -
Ensemble 0.3927+.0116 0.4585+.0120 0.4105+.0117 0.3515+.0119 - -

Gene3D Individual 0.9181+.0022 0.92504+.0017 0.9151+.0016 0.8557+.0017 - -
Ensemble 0.9338+.0024 0.9309+.0017 0.9262+.0020 0.8693+.0017 - -

Pfam Individual 0.8953+.0020 0.9011+.0027 0.8898+.0027 0.8151+.0035 - -
Ensemble 0.8959+.0027 0.9017+.0028 0.8908+.0027 0.8193+.0036 - -

GO (BP) Individual - - - - 0.5438+.0025 0.4404+.0025
Ensemble - - - - 0.5553+.0033 0.4859-+.0033
Individual - - - - 0.7596+.0027 0.7389-+.0044

GO ME) - g cemble i i i : 0.8024+.0027 0.8130+.0043

GO (CO) Individual - - - - 0.6692+.0022 0.6323+.0018
Ensemble - - - - 0.7121+.0021 0.7435+.0030

Table S1: Comparison of individual versus ensemble models of MSRep. The metrics are evaluated on all classes within
the task. Results are reported as mean+s.d. over ten sets of 90% bootstrapped proteins from the corresponding test set.
For each task, the entries with better performance are bolded. The accuracy listed in the table is the exact-match accuracy.
Abbreviations: BP=Dbiological process; MF=molecular function; CC=cellular component.
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Task Number of labels Total data Training data Test data Test data (S50)

EC number 5,338 228,410 227,839 571 281
Gene3D 4,927 442,801 440,743 2,058 1,053
Pfam 14,723 523,041 520,636 2,405 1,207
GO (BP) 16,919 433,366 431,345 2,021 1,143
GO (MF) 7,900 468,451 466,029 2,422 1,353
GO (CC) 2,746 411,491 409,282 2,209 1,178

Table S2: Statistics of the benchmarking datasets for the four protein function annotation tasks. For the three
sub-ontologies BP, MF, and CC of Gene Ontology, the ‘Number of labels’ column indicates the count of leaf GO terms in
the training set, i.e., those with no descendant terms.

task  num_classes num_layers hidden_dims out dims ~ batch_size
EC 5,338 4 [5120, 5120, 5120] 5,400 0.5 10,000
Gene3D 4,927 3 [5120, 5120] 5,000 1.0 10,000
Pfam 14,723 2 [5120] 15,000 1.0 20,000
GO (BP) 16,919 2 [2560] 17,000 1.0 30,000
GO (MF) 7,900 3 [5120, 5120] 8,000 0.5 20,000
GO (CQ) 2,746 3 [5120, 5120] 3,000 0.5 10,000

Table S3: Model architectures and hyperparameters for each function annotation task. The ‘num_layers’ column
specifies the number of linear layers used in the projection network. ‘hidden_dims’ lists the hidden dimensions of the
intermediate linear layers, and ‘out_dims’ represents the output dimensions of the projection network. All the hyperpa-
rameters were tuned and selected based on the performance on validation set.

C Supplementary Figures
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Figure S1: EC number prediction performance of MSRep on Price-145 test set. (a) Evaluation results across all EC
classes. (b) Evaluation results on tail classes with training set occurrences below 30. (¢) Exact-match accuracy results for
the prediction of 4th-level and 3rd-level EC numbers. Bar plots in a-b represented the mean+s.d. over ten sets of 90%
bootstrapped proteins from the Price-145 test set.
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