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Abstract

Single-cell RNA sequencing (scRNASeq) data plays a major role in advancing our under-
standing of developmental biology. An important current question is how to classify tran-
scriptomic profiles obtained from scRNASeq experiments into the various cell types and
identify the lineage relationship for individual cells. Because of the fast accumulation of data-
sets and the high dimensionality of the data, it has become challenging to explore and anno-
tate single-cell transcriptomic profiles by hand. To overcome this challenge, automated
classification methods are needed. Classical approaches rely on supervised training data-
sets. However, due to the difficulty of obtaining data annotated at single-cell resolution, we
propose instead to take advantage of partial annotations. The partial label learning frame-
work assumes that we can obtain a set of candidate labels containing the correct one for
each data point, a simpler setting than requiring a fully supervised training dataset. We
study and extend when needed state-of-the-art multi-class classification methods, such as
SVM, kNN, prototype-based, logistic regression and ensemble methods, to the partial label
learning framework. Moreover, we study the effect of incorporating the structure of the label
set into the methods. We focus particularly on the hierarchical structure of the labels, as
commonly observed in developmental processes. We show, on simulated and real data-
sets, that these extensions enable to learn from partially labeled data, and perform predic-
tions with high accuracy, particularly with a nonlinear prototype-based method. We
demonstrate that the performances of our methods trained with partially annotated data
reach the same performance as fully supervised data. Finally, we study the level of uncer-
tainty present in the partially annotated data, and derive some prescriptive results on the
effect of this uncertainty on the accuracy of the partial label learning methods. Overall our
findings show how hierarchical and non-hierarchical partial label learning strategies can
help solve the problem of automated classification of single-cell transcriptomic profiles,
interestingly these methods rely on a much less stringent type of annotated datasets com-
pared to fully supervised learning methods.
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Author summary

Recent years have witnessed an exponential increase in the amount of single-cell RNASeq
data generated, particularly in studies of development. One of the major challenges is to
identify individual cell types within the data. Expert knowledge is required to identify the
relevant marker genes, tissue and timing that will enable the cell type identification. This
information can be difficult to obtain and calls for automated cell type classification
approaches. Classical classification techniques would solve this problem by training a clas-
sifier on a fully supervised dataset. However, this only pushes the problem further, as a
dataset annotated at single-cell resolution is still needed for training. Here we propose
instead to take advantage of the partial label learning framework which let us train our
classifiers on a set of candidate labels per transcriptomic profile. This approach overcomes
the need for a training dataset annotated at single-cell resolution. We show that we obtain
classification accuracy similar to the fully supervised case. We explore the effect of varying
the amount of partially labeled data and of considering the hierarchical structure of the
label set (derived from the developmental processes) in the models on simulated and real
biological datasets.

Introduction

The field of developmental biology aims to unravel the mechanisms that underlie the trans-
formation of a single-cell into a complex multicellular organism. This process encompasses
molecular, cellular, and tissue-level dynamics. To measure this diversity of processes, several
complementary acquisition methods are available [1]. In particular scRNASeq methods
make it possible to establish a transcriptomic profile for each cell, i.e. a measure of the quan-
tity of RNA associated with each gene [2]. In practice, this transcriptomic profile is, for each
cell, a vector of high dimension (generally of the order of 20,000: the number of genes con-
sidered), such that each of the coordinates of this vector represents the number of RNA mol-
ecules measured associated with a given gene. Because of their high dimensionality,
scRNAseq datasets cannot be explored by hand. Therefore several methodological
approaches have been proposed to make sense of these datasets. Particularly, several nonlin-
ear dimension reduction methods have been developed, with the aim of preserving the struc-
ture of the data and allowing the identification of subcategories with a biological rationale
[3-5]. In addition, a number of methods aim at reconstructing how these data points evolve
over time, through the task of trajectory inference [6, 7]. Moreover, some works have sought
to infer the structure of these datasets by making explicit their link with the spatial organiza-
tion of cells [8]. Overall, scRNASeq datasets have proven very useful to answer a variety of
questions in particular in developmental biology [9, 10]. The main remaining limitations
come from the fact that transcriptomic profiles do not usually contain temporal and precise
spatial information [11], and manual annotation of individual cell profiles can be tedious,
time-consuming and require expert knowledge [12].

Because of the rapid accumulation of data, one of the major challenges currently is to per-
form accurate automated annotation of single-cell RNASeq datasets into accurate cell types
[12-15]. Annotation strategies rely on the establishment of large atlases and expert knowledge,
as well as transfer learning strategies for the use of already annotated datasets to newly gener-
ated ones. While often gene markers can be used to identify unambiguously a given cell type,
in some cases, the annotation remains partial with an ambiguity that cannot be resolved by
known a priori information [9].
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We propose in this paper to take advantage of partial label learning strategies for the
problem of automated single-cell transcriptomics profile annotation. The idea of partial
label learning [16] consists in the task of multiclass classification, where, instead of a single
label per sample, a set of candidate labels is given per sample, among which only one is cor-
rect. One of the application of this approach consists in the case when even with expert
knowledge on known marker genes, it is not possible to perform single-cell annotation as
it is the case for C. elegans [9]. The second class of applications concerns the situation
where a reference atlas exists, providing sufficient information for establishing sets of can-
didate labels for each transcriptomic profile, but not sufficient for a single-cell resolution
annotation (because of time, cost, and computational limitations). In this paper, we estab-
lish and address the challenge of resolving partially annotated single-cell transcriptomics
profile by solving a partial label learning problem. We compare various implementations
of the problem that we test both in simulated data and experimental data. We focus in par-
ticular on the question of labels with a hierarchy, such as the ones that can be found in
developing and differentiating systems [12, 17-21]. This leads us to a benchmark of partial
hierarchical labeling methods adapted from classical approaches to the problem of partial
labels.

From the machine learning point of view, the problems we want to solve are
hierarchical classification problems with partially labeled training data. Partial label learn-
ing has been studied in a variety of real-world learning scenarios, including automatic face
naming [22, 23], web mining [24], and multimedia content analysis [23]. Researchers
have proposed various approaches to tackle the partial label learning problem using well-
known machine learning techniques. These techniques include maximum likelihood esti-
mation [25], convex optimization [16], k-nearest neighbors [22, 25] and more. While max-
imum margin methods (e.g. SVM) are a powerful solution to such a partial labeling setting
[26, 27], we will investigate prototype-based methods, nearest neighbor, logistic regression
and ensemble methods as well to provide a comparative study of a wide spectrum of
methods.

Similarly, hierarchical classification has been addressed by many approaches in the
machine learning community and in particular for extreme classification (hierarchical classi-
fication with a very large number of labels) [28]. Hierarchical classification has been inten-
sively studied for image data [29] and textual data [30]. Yet the research in this area has
mainly focused on specific application contexts for these data, large-scale problems (in the
number of classes and in the number of data) [28-32], hierarchical multilabel classification,
discovery of a hierarchy underlying the data [30]. In comparison, few works have been con-
cerned with learning from small datasets and/or with partial label in a framework similar to
ours [33, 34]. For example, [33, 34] proposed an EM-like approach but dedicated to textual
data and for a limited number of labels organized in a very flat hierarchy (of height equal to 2
or 3).

We will investigate and compare several methods from various families of approaches to
solve our classification problems on biological data: a SVM-based approach (e.g. [35, 36]), a
prototype-based approach originally inspired from [37], a kKNN-based approach, logistic
regression [38] and ensemble methods such as Random Forest [39] and Extreme Gradient
Boosting Methods [40, 41]. We will consider three different settings: standard supervised mul-
ticlass classification, multiclass classification with partially labeled data, hierarchical classifica-
tion with partially labeled data. While the methods are naturally available for the standard
supervised multiclass classification setting, we will use variants to the two other settings, when
available, or propose an extension otherwise.
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Fig 1. Problem statement and classification methods. A) Classification of transcriptomic profiles with a hierarchical
label structure. Each training sample is associated to a unique label. B) Partial label learning framework, the
transcriptomic profiles can be annotated with one or a set of candidate labels. C) In practice, the samples lie in a high-
dimensional space, a proportion of the training samples is partially labeled, i.e. labeled with a set of candidate labels
(illustrated with two colored crosses), while the remaining training samples have a unique label (and a unique color).
The hierarchical structure of the labels is represented as a tree. D-F) Schematic illustration of some of the various
methods explored in this study for the problem of partial label learning. We detail their extension to partial label
learning and hierarchical learning in the Methods section. D) The Prototype-Based (PB) approach method consists in
learning a projection of the data X and label Y into a new common embedding space. The embeddings of the labels are
their associated prototypes, and the projection of the samples is learned such that the samples are as close as possible to
their associated label’s prototype. For prediction, the labels of test samples will be the one of the closest prototype in the
common embedding space. E) The Support Vector Machine (SVM) approach consists in learning hyperplanes as
classifiers in the initial feature space X. The prediction for a new test sample will depend on the position of this sample
with respect to the learned hyperplanes. F) The k-Nearest Neighbors (kNN) algorithm predicts a new test sample’s
label by first identifying the nearest training samples in X’ and then using a majority vote to identify the most common
label among them.

https://doi.org/10.1371/journal.pcbi.1012006.g001

Materials and methods
Task formalization

The problem of automatically classifying partially labeled transcriptomic profiles is summa-
rized in Fig 1. The task we are interested in may be viewed as a multi-class classification prob-
lem where samples x € X belong to a set of labels ) that may be organized in a hierarchy.
Here we consider X = R? and we note || = c. We explored several settings, that we briefly
describe now.

Partially labeled setting. The partially labeled setting corresponds to the case where the
training set includes samples which are labeled as well as samples whose labeling is incomplete
(or partial). We will distinguish between the two kinds of samples as fully labeled samples and
partially labeled samples. The supervision for a partially labeled sample, say x;, is a label set
Y, C Y which is known to include the true label of x;, and whose cardinal is limited (e.g. 2 to
10 in our experiments).
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Generally, one wants to learn to classify input samples based on a training set D which con-
sists of the union of two datasets; a fully supervised dataset D, and a partially labaled dataset
D,

pl

D:{(xivyi) GXXy,I':l,..,l}

U{(x,Y,) € X xP(Y),i=1+1,.,1+ m} =D UD, M)
where P()) represents the set of subsets of ).

Fully supervised hierarchical classification. Another important characteristic of the data-
sets we are interested in lies in the hierarchical organization of the labels (e.g. lineage hierarchy,
asin [9]). It has been shown in the machine learning literature that taking into account such
prior knowledge may be beneficial in various hierarchical multiclass classification approaches
[36, 37, 42]. Note that hierarchical classification often comes with a very large number of labels,
this type of classification problems is named extreme classification [28]. As usually done in
hierarchical classification, we will consider this prior information on labels through a matrix C,
such that for two labels y,,y, € J*,C,
labels (e.g. the shortest path in the hierarchy, which is a tree, between two nodes/labels).

Many approaches have been proposed for multiclass hierarchical classification in the fully
supervised setting [29, 36, 37], which are extensions of traditional multiclass methods, mainly
Support Vector Machines [36] and Prototype-based methods [29, 37]. The formalization of
the hierarchical classification problem is often cast as the minimization of the average dissimi-
larity between the predicted and true labels.

Partially labeled hierarchical classification. While it has been rarely explored to our
knowledge in the machine learning community, the real datasets we are interested in include
both aspects, partial labeling and a hierarchical organization of the labels.

stands for a measure of dissimilarity between the two

Learning strategies

We investigated several families of methods: Support Vector Machines based methods (SVM);
Logistic Regression (LR), Nearest Neighbor methods (kNN), Prototype-based methods (PB) and
ensemble-based methods (Random forest (RF) and Extreme Gradient Boosting Methods
(XGBM)). We first explain in a generic way, independently of the classification model, how we
handled the partially supervised setting. We then detail how we handled the hierarchical infor-
mation to perform hierarchical classification. We note fyy a classification model (e.g. a SVM)
parameterized by a set of parameters W, fi(x) the class output by model fyy for a sample x,
score(fy, x, ¢) the score for model fyy, class ¢ and sample x (in particular
fw(x) = arg max score(f,,, x, ¢)). Finally, we note loss(f, x, y) the loss computed for a model
fw and a labeled training sample (x, y).

To start with, in the basic supervised multiclass classification problem, when the dataset
includes supervised samples only, the solution is usually handled by an optimization problem
of the form:

!
. U

argmin = Q(W) +=) loss(f,,, x:, 2

gmin QW)+ sy 5, ) @)

where W are the parameters of model fto be learned, Q(W) is a regularization term, and y
tunes the trade-off between the two terms of the objective function.

Partially labeled setting. The corresponding optimization problem consists of finding
the optimal parameters W and labeling y, € Y, of samples (x;, Y;) € D,; with respect to the
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following objective:
1 m
. 1 A . -
argMI]nln Q(f) +721055(fw,xi,y,) JF%Z},IIng} loss(fys X455 V14:) (3)
i=1 =1 7

where y and A tune the trade-off between the various terms of the objective.

Iterative Refinement Learning (IRL). To deal with such an optimization problem, we
used an EM-like iterative optimization algorithm (see Algorithm 1) which is inspired by pro-
posals for learning SVM with latent variables (e.g. [27, 43]). We instantiate this algorithm here
to fit our partially labeled setting. The algorithm consists, after initialization, of an iteration
over two steps. The first one infers the labeling of partially labeled samples given the model’s
parameters, and the second one refines the model parameters using the inferred labels for par-
tially labeled data, as in a fully supervised mode.

More precisely, in the first step, one infers a new guess )7,@ for every sample (x;, Y;) in D,
using the current model fy.-n, where exponent (f) is used to name a variable at iteration num-
ber ¢. This is achieved by inferring the most likely label for each x; € D,; according to:

j;l(t) = arg max SCOre(fW(i—l) s Xi,)’)~ (4)
yeY;

In the second step one builds a supervised version of D,
D;? = {(x,7\") € X x ¥,i =1+1,..,]+ m}. Finally, a new model fy is obtained by refin-
ing fy-o in fully supervised mode trained on D, U D;',).

The initialization may consist of random initialization of Y = {j,,,,i = 1..m} and a first
learning of fin a supervised mode on D; and on D,,; using this labeling or it might be a super-
vised learning on D; only.

Algorithm 1: Iterative Refinement Learning (IRL) strategy for partially labeled setting.

Data: D = D; U Dy,

Initialize: Initialize model f£‘© ; t=1

while Optimization not complete do
/* Infer labels for data in Dy; using current model (Eq (4)) */
Vie[l,m, 7, = arg max,., score(fy.,x,,y)
/* Build a labeled view of D,; */

DY ={(x, 7" eXxxY,i=141,.,1+m}

/* Build a new fully supervised dataset for learning the model */

D =p_uD

/* Refine model f in a fully supervised mode with D'® */

fyeo = One step gradient reestimation of £y« using supervised data-
set D'

t=t+1
end

Iterative full retraining (IFR). Note that the IRL algorithm (Algorithm 1) is not well
suited for all classification models. It can only be used for models whose optimization can be
started from the solution learnt at the previous iteration. This is restricted to models whose
optimization is performed iteratively with, for example, gradient-based optimization routines.
In this case, the refinement step can be implemented with a single step of gradient descent at
every iteration. However, this is not adapted for ensemble-based models, nor for nonlinear
(kernel) SVM when optimization is performed in the dual space. For such cases, we investi-
gated a variant that we detail in Algorithm 2 close to the one in [27]. It relies on a complete
learning of the model at each iteration. Because of this, it is computationally expensive.
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Moreover, we observed experimentally that the alternative training schema in Algorithm 2
is quite sensitive to the expressivity of the classifier used. If the classifier is too expressive it

could be able to learn any labeling of D, (for instance the first one DIS)) and because this label-

ing would never change, the algorithm would be inefficient. Specifically, we observed that
training very expressive classifiers with this algorithm often yielded poor performances, this
suggests restricting the classifier’s expressivity to achieve reasonable results. More elaborated
optimization routines might be used to reach better results if the model has to be trained until
convergence at every iteration.

Algorithm 2: Iterative Full Retraining (IFR) learning strategy for the partially labeled
setting.
Data: D = D; U Dy,
Initialize: Initialize model f(o); t=1
while Optimization not complete do
/* Infer labels for data in D,; using current model (Eq (4)) */
Vie[l,ml, 3% =arg maxya,‘score(fw(ff.), X, V)
/* Build a labeled view of D,; */
DY ={(x, 7)) eXxY,i=141,.,1+m}
/* Build a new fully supervised dataset for learning the model */
D =p_uUD
/* Learn model f from scratch in a fully supervised mode with D'® */
£ = Learn till convergence with the supervised dataset p'®
t=t+1
end
Inference in the partially labeled setting. At inference time, partial labeling information
may be available or not for a test sample, which leads to two inference strategies, with (Eq (5))
or without (Eq (6)) such prior information:

y, = arg max score(f,,, x,, y) (5)
YEY;

9, = arg max score(f,,, x;, ) (6)
yey

Hierarchical classification. There has been several extensions of standard multiclass clas-
sification methods to hierarchical classification, the most popular are SVM-based and proto-
type-based methods whose optimization formulation involves inequality constraints such as
the one used in SVM-based models:

Vyey \{yi}iscore(fw7xi7yi) > Score(fwxny) +1 (7)

where the constraint means that for a given training sample, the score of the right class should
be bigger than the score of any alternative class, plus a margin (equal to 1).

The hierarchical extension of such a method consists of leveraging the prior information on
labels through a matrix C, such that for two labels y,, y, € )", C,,,, stands for a measure of dis-
similarity between the two labels. As has been done in several studies one may exploit this
information to build hierarchical classifiers by using such a dissimilarity measure as a margin
in constraints in Eq (7) yielding what is known as a margin scaling strategy [35]. The above
constraints are changed to:

Vy € Y\ {n.}, score(f,, x;, y;) > score(f,,, x;, y) + Oy (8)
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Doing so, the score of a very distant class from the true one should be very low (because C;;
would be large) while the one of a very close class could be higher (but still below the score of
the true label). It may be shown that by formulating the optimization problem with such
inequalities in an SVM framework, one minimizes an upper bound of the average dissimilarity
between the predicted and the true label [35].

Similarly, several works have studied the question of extending ensemble methods to hier-
archical problems, however mainly in the context of multilabel classification [44, 45], which
differs from our setting because a sample can belong to several classes. Due to the lack of off-
the-shelf extension of ensemble methods for hierarchical classification, we will not include
them in the experimental study for this particular context.

Partially labeled hierarchical classification. This last setting is a mix of the two previous
settings and may be dealt with using a combination of above strategies, for methods for which
these strategies apply. We provide additional details in the S1 Text.

Models

We experimented with several models and strategies. We distinguish between two families of
models. On the one hand, we investigated the use of models that do not require full training at
every iteration but which may be iteratively refined along iterations (with algorithm 1—IRL),
this includes all models that are trained with an iterative algorithm (e.g. gradient descent) such
as prototype-based methods (taking inspiration from [37]), linear SVM, logistic regression,
and KNN as a special case since it does not require training at all. Note that we also investi-
gated the use of nonlinear SVM with an approximation of the kernel [46, 47] that enables a
gradient-based learning routine as well. On the other hand, we considered models whose
training at one iteration should be complete (with algorithm 2—IFR) and does not benefit
from the training at the previous iteration, such as Random Forests [39], Gradient boosting
[41] and nonlinear (kernel) SVM [48]. The overall training strategy for these latter models is
then much more costly than for the first set of models. All the methods and their implementa-
tion are summarized into Table 1.

More details on these methods and their implementation can be found in S1 Text. In partic-
ular, we detail the various SVM implementations that we used for investigating both linear
and nonlinear SVM with both algorithms 1 and 2, and we provide more details on how we
implemented prototype-based methods, SVM and kNN for the partial labeling problem and
the hierarchical classification problem.

Table 1. Details of methods implementation.

Methods Acronym Algo
Prototype-Based with

- linear projection PB-1 IRL
- nonlinear projection (neural network) PB-nn IRL
Support Vector Machine

- linear SVM IRL
- nonlinear with kernel approximation k-SVM IRL
Logistic Regression LR IRL
k-Nearest Neighbors kNN N.A
Random Forest RF IFR
Extreme Gradient Boosting Method XGBM IFR

IRL stands for Iterative Refinement Learning, IFR stands for Iterative Full Retraining, N.A means not applicable.

https://doi.org/10.1371/journal.pcbi.1012006.1001
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Datasets and experimental settings

We first describe the datasets on which we performed experiments to compare the various

methods in different settings. We used simulated datasets using the prosstt library [49] and
single-cell RNASeq reference datasets [9, 50, 51]. After describing the characteristics of the
datasets, we describe the experimental settings.

Simulated datasets. We used the prosstt library to simulate single-cell RNA-seq data in
various conditions [49]. We chose to work with this particular library because of its ability to
simulate differentiation processes and implement differentiation trajectories with various
topologies.

First, we design the topology of the label set. To highlight the impact of the topology of the
label set on the classification results, we chose to generate three different scenarios:

o The Linear case corresponds to a succession of nodes where there is no division or bifurca-
tion. The number of labels is in that case directly equal to the depth of the tree.

o The Branches case corresponds to an asymmetric situation where when there is a division or
bifurcation, one branch will continue as the linear topology and the other one will continue

dividing. The number of labels is in that case given by 3" i where t is depth of the tree.

« The Binary case corresponds to the extreme case where each branch is dividing into two new

branches forming a binary tree. The number of labels is given by S/ 2 where t is the depth
of the tree.

These scenarios are illustrated in Fig 2.

In the prosstt library [49], the evolution of gene expression across the differentiation trajec-
tories is modeled using genetic programs that are in practice random walks on a tree. One of
the main hyperparameters is the number of intrinsic genetic programs, denoted g. Because
having more genetic programs increases the combinatorics of gene expression in each branch,
we anticipate that a higher number of programs would lead to more differences between the
various parts of the tree, hence easier classification problems. We set this number to 10 and 50.

Finally, the last parameter we use to generate the datasets is the coefficient & which controls
the characteristics of the negative binomial probability distribution that is used to generate
realistic gene expression [49]. We chose o = 0.1 which corresponds to low levels of noise and o
= 0.5 which corresponds to high levels of noise.

Using these three parameters (topology, g and a), we generated 12 datasets of approxi-
mately 300 000 samples per dataset, which we use in Figs 2, 3 and 4. To get comparable results,
we fix the number of labels to 255 for the Linear and Binary topologies and to 253 for
Branches.

Experimental datasets.

C. elegans. The first experimental dataset comes from an atlas of development for the
nematode C. elegans at single-cell resolution [9]. It initially consists of 89701 vectors of dimen-
sion 20222, where each coordinate corresponds to the expression level of a gene. We reduced
the dimension to 3842, by selecting a representative subset of genes corresponding to tran-
scription factors obtained from the gene ontology extracted from Wormbase [52]. The labels
have a tree structure that is derived from the fact that they encode the successive cell divisions
in the embryonic development of the model organism C. elegans from the initial cell to the
adult. If we consider the complete tree, there are 1342 possible labels [53] which are the cell
names in the cell division history. Among the 89701 transcriptomic profiles, 5143 have been
annotated with a unique label (6% of the whole dataset), 42631 have been partially annotated
with at least two labels (47% of the whole dataset) and 41927 have no labels (47% of the whole
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Fig 2. Supervised performance on simulated data. A-B-C) The first column represents the three main topologies
studied with simulated scRNASeq data. The second column shows the UMAP projections of the various datasets [4],
the color is plotted according to pseudotime, which is computed during the data simulation. Heatmap of performance
according to the method and dataset and number of samples. Each row represents a dataset which is named by order,
according to the number of programs (g), the coefficient (a) used to control the noise in the simulations, and the
number of samples (n) for each label in the training data. Each column shows a different method (as presented in the
Material and Methods section). Each square corresponds to the percentage accuracy between the true label and the
prediction using the given method. The red squares indicate the best-performing method per row, i.e. per
experimental setting, using a t-test and as significance criteria p-value < 0.1.

https://doi.org/10.1371/journal.pcbi.1012006.9002

dataset). In our experiments, we used only the 5143 transcriptomic profiles that have a unique
label, the associated labels cover 95 labels among the 1342 labels of the whole hierarchy.

S. mediterranea. The second experimental dataset comes from an atlas of development of
the planaria S. mediterranea at single-cell resolution. We use as label hierarchy, the lineage tree
obtained in [50] using the PAGA method [54]. The dataset consists of 21612 transcriptomic
vectors of dimension 28065, distributed among 51 different labels. In order to have a uniform
distribution of transcriptomic profiles per labels we subsampled the set of samples associated
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Fig 3. Partial label results for the setting with label overlap (o = 1). A) Dataset Branches, 50 genetic programs, low level of
noise. UMAP of the transcriptomic profiles, colored according to the pseudotime. B) Partial label scenario. Full overlap
between supervised label and partial ones. For supervised subset, we train on n = 20 or n = 200 examples per label and 200
examples for each partial label. C,D,E) Precision according to the setting. Each row corresponds to a setting depending on, by
order, I: the interval for partial label sampling, k: the number of partial label set, n: the number of training examples per label
supervised. The i’ row of C corresponds to the i row of D and E. C)Precision on X!*. D) Precision on XI‘;". E) Precision on

X" when prior information is available for test too. C-E) The red squares indicate the best-performing method per row, i.e.

per experimental setting, using a t-test and as significance criteria p-value < 0.1.

https://doi.org/10.1371/journal.pcbi.1012006.g003

to labels have the highest number of examples (such as “neoblast1”, which has 6343 examples
initially). This leads us to 7595 transcriptomic profiles. In that case, the lineage tree is not deep,
most branches have a length between 2 and 3 labels and the largest is 6. The original dataset is
available at https://shiny.mdc-berlin.de/psca/.

Mpyeloid progenitors. The third experimental datasets comes from an atlas of hematopoie-
sis at single-cell resolution [51]. This dataset is available at https://www.ncbi.nlm.nih.gov/geo/
query/acc.cgi?acc=GSE72857GSE72857. It contains 2730 transcriptomic profiles of dimension
10719. Data are distributed among 26 labels in total.

Following standard practice, PCA projection was applied to the three datasets using the
first 100, 50, and 100 components for C. elegans, S. mediterranea and Myeloid progenitors,
respectively. For the two last datasets, PCA components were directly obtained from public
available sources [21].

Partially labeled datasets. To investigate the performance of our approaches in various
partial label settings we generated a collection of partially labeled datasets on which to test the
various methods. From the fully supervised datasets described above, we generated a collection
of partially labeled datasets D = D, U D, corresponding to different settings in terms of the
proportion of labels for which we have fully supervised training samples, amount of partial
labels, overlap between labels of supervised samples and of partially labeled samples, and bal-
ance between supervised samples and partially labeled samples.
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Fig 4. Partial label results for the setting with no label overlap (o = 0). A) Dataset Branches, 50 genetic programs, low level of
noise. UMAP of the transcriptomic profiles, colored according to the pseudotime. B) Partial label scenario. No overlap between
supervised label and partial ones. For supervised subset, we train on # = 20 or n = 200 examples per label and for the partial
label subset, we select 200 examples for each partial label. C,D,E) Precision according to the setting. Each row corresponds to a
setting depending on, I: interval for partial label sampling, k: number of partial label set, n: number of training examples per
fully supervised labels. The i™ row of C corresponds to the i’ row of D and E. C) Precision on X D) Precision on X}{*. E)
Precision on X}i* when prior information is available for test too. C-E) The red squares indicate the best-performing method
per row, i.e. per experimental setting, using a t-test and as significance criteria p-value < 0.1.

https://doi.org/10.1371/journal.pchi.1012006.g004

Experiments

To characterize the various experimental settings, we first introduce a set of characteristics for
the datasets below. In the following, we note ), the set of labels that occur in D, and ), the set
of labels that occur in Dj;.

1. Percentage of shared labels between D, and D,,;. We generated datasets with different dis-
tributions of labels in D, in D,;and in their intersection.

« o is the percentage of unique labels that belong to the intersection }, N ,, with respect to

‘ysmypl‘
VUVl

the number of unique labels in Y, U ,,. It is defined as 0 =

2. Number of supervised samples. We define two parameters to control the amount of super-
vision when training the models.

« n is the number of fully supervised samples per label oo € ). This parameter is used only
for simulated data.

« pis the percentage of fully supervised samples used for training data for each label o € ) ..
This parameter is used for the experimental datasets because of the non uniformity of sam-
ple distribution over the set of labels.
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3. Characteristics of the partial labels. Choosing the way we build partial label Y; subsets has
a clear impact on the model training. We used two parameters:

o kis the number of possible labels for a given partially labeled sample, i.e. for a training
sample x; € Dy, it is the cardinal of the subset Y}, | Y;|. We keep it constant for all data in

Dy

o Iis an interval of minimum and maximum distances, to the true label y; of a sample x;,
within which labels will be randomly chosen to belong to a subset Y.

Scenarios. We considered a number of experiments in specifically designed experimental
settings which are characterized by the set of parameters s = (o, p, n, k, I) discussed above.
These numerical experiments are organized around two main scenarios which are illustrated
in Figs 3 and 4, panel B.

1. Complete overlap between the labels of supervised and of partially labeled samples (i.e.
o = 1) (Fig 3B). In that scenario we investigated various experimental settings by varying »n
orp,kandl

2. No overlap between the labels of supervised and partially labeled samples (i.e. 0 = 0) (Fig
4B). In that scenario, we investigated various experimental settings by varying » or p, k and
L

Tasks. For each of the scenarios and the experimental settings we considered two tasks
that allow investigating in deep the behaviors of our methods.

1. Fully supervised setting. The model is trained on fully supervised data only.

2. Partially labeled setting. The model is trained on both fully supervised and partially labeled
data.

Metrics. We report experimental results according to two metrics of interest that we detail
here. We note #,,, the number of samples which are used for computing the criterion. The first
metric is computed based on label prediction without prior information using Eq (6) while the
second metric is computed based on label prediction with prior information using Eq (5).

o Precision: the precision is the percentage of correct classification, it is defined on a set of test
data whose true label is known as --- Zl
Mot

1

Viyi®

o Precision with prior: this criterion is defined for partially labeled samples only (x;, Y;). It is
defined as the precision when the prediction is performed within the label set Y;.

Generating partial label data and Train Test split. Data generation follows a multi-step
process:

1. Initially, the data is split based on the label and whether there is label overlap. If 0 = 0, the
data is divided evenly between two sets. In contrast, if o = 1, all labels are included in both
sets. A test set is created for each label group, with a proportion of 20% of the samples allo-
cated for testing.
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Fig 5. Classification performance on the C. elegans dataset. A) C. elegans dataset main features. The topology of the label
corresponds to the Binary one. We use the entire lineage tree [53] for label classification. The UMAP projection of the
annotated transcriptomic profiles, colored according to their respective label. B) Performance of our methods in a fully
supervised setting according to the proportion p of supervised training data. 0.5 means that models are trained with half of
the training data. C,D,E) Precision according to the setting in partial label scenarios. Each row corresponds to a setting
depending on, by order, o: Overlap between supervised and partial label, k: number of partial label set, p: proportion of fully
supervised training data. The i row of C) corresponds to the i row of D) and E). The median value of pairwise label
distance is 16 and we chose I = (1, 8) for partial label sampling. C) Precision on X!**. D) Precision on X;j“. E) Precision on
X, when prior information is available for test too. B-E) The red squares indicate the best-performing method per row, i.e.
per experimental setting, using a t-test and as significance criteria p-value < 0.1.

https://doi.org/10.1371/journal.pcbi.1012006.9005

2. The supervised training set is further subdivided based on the proportion (p) value, which
can take on values of 0.1 or 1.0, or the number (#) of training examples, set to either 20,
200, or 1000. Stratified train-test splits are used for this process. For the partial label training
set, a fixed number of 200 examples is chosen in the case of the simulated datasets (Prosstt
Branches), and 80% percent of the data points in the training set is selected in the case of
the experimental datasets.

3. The partial labeling is generated as follows:

o For each label, we create a set of pairwise probable labels to increase the co-occurrence,
with the number of pairs set arbitrarily to 15 within the specified interval I. In the simu-
lated dataset presented in Figs 3 and 4, we selected a close distance interval (1, 15) and a far
interval (15, 253). However, for the experimental datasets, we opted for only close inter-
vals, directly determined by the number of labels. These details and information can be
found in Figs 5, 6 and 7.

o For each partially labeled sample, the partial labeling is sampled uniformly from the associ-
ated label co-occurrence set. It contains k = 2, 4, or 10. This process is also performed for
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Fig 6. Classification performance on S. mediterranea dataset. A) S. mediterranea dataset main features. The topology of
the label is close to Branches case. The UMAP of the annotated transcriptomic profiles, colored according to their respective
labels. B) Performance of the methods in a fully supervised setting according to the proportion (p) of supervised training
data. 0.5 means that the models are trained with half of the training data. C,D,E) Precision according to the setting in partial
label scenarios. Each row corresponds to a setting depending on, by order, o: overlap between supervised and partial label, k:
number of partial label set, p: proportion of fully supervised training data. The i row of C) corresponds to the i row of D)
and E). The median value of pairwise label distance is 3 and we chose I = (1, 4) for partial label sampling. C) Precision on

test
X,

D) Precision on X;*. E) Precision on X" when prior information is available for test too. B-E) The red squares indicate

the best-performing method per row, i.e. per experimental setting, using a t-test and as significance criteria p-value < 0.1.

https://doi.org/10.1371/journal.pcbi.1012006.9006

the partial label example test set, allowing the evaluation of prediction with prior informa-
tion metric.

Multiple runs, gridsearch and averaged results. We report averaged results in the fol-
lowing. We explain how we get these now.

For every experimental setting, as defined by a set of values set = (o, p, n, k, I), we first gener-
ate one dataset with the desired characteristics. Then we perform 5 cuts of the dataset into
train and test X" and X};"" on one side and X;*" and X} on the other side (where s stands for
supervised, and pl for partially labeled).

For every train-test cut, we use the train data to learn models and select hyperparameters
since the learning of each model involves hyper-parameters. As is usually done in machine
learning the optimal hyperparameter values are selected using cross validation on the training
set (we used 5 fold cross validation), then the selected hyperparameters are used to learn a
model on the full training set, which is then evaluated on the test set.

At the end, for each experimental setting, we get 5 performance values, one for each train-
test cut, that are averaged to get one averaged performance value that we report on the figures.
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Fig 7. Classification performance on Myeloid progenitors dataset. A) Myeloid progenitors dataset main features. The
topology of the label is close to the Branches case. The UMAP projection of the annotated transcriptomic profiles, colored
according to their respective labels. B) Performance of the methods in a fully supervised setting according to the proportion
(p) of supervised training data. 0.5 means that models are trained with half of the training data. C,D,E) Precision according
to the setting in partial label scenarios. Each row corresponds to a setting depending on, by order, o: overlap between
supervised and partial label, k: number of partial label set, p: proportion of fully supervised training data. The i* row of C
corresponds to the i row of D and E. The median value of pairwise label distance is 4 and we chose I = (1, 4) for partial label
sampling. C) Precision on X!*. D) Precision on X;j" . E) Precision on Xl’j" when prior information is available for test too.
B-E) The red squares indicate the best-performing method per row, i.e. per experimental setting, using a t-test and as
significance criteria p-value < 0.1.

https://doi.org/10.1371/journal.pcbi.1012006.9007

Statistical significance. For each experimental setting, given a row in a figure, we evalu-
ated which one among all the methods had the best performance. We perform t-test between
the first and second best methods. When several methods are available in a same family (as
SVM, PB or kNN), we select the best version in the family (linear vs nonlinear in Figs 2, 3, 4, 5,
6 and 7, or hierarchical vs flat in Fig 8). For example, if, for a given experimental setting, PB-
nn was the best between PB methods and linear SVM was the best between SVM methods, we
performed a paired t-test between those two. If one of the two methods performed significantly
better than the other, with a p-value < 0.1, we reported it on the figure by drawing red square
with a dotted line around the best performance value. We chose to set the significance thresh-
old at 0.1 for the p-value because the data are noisy and there are only 5 performance values
per experimental setting and per method.

Results

First, we analyze the fully supervised setting on 12 artificial Prosstt datasets, as shown in Fig 2.
We then focus on one specific simulated dataset to explore different settings of the partial label
learning problem. The different settings include scenarios with label overlap (Fig 3), and

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012006  April 5, 2024 16/28


https://doi.org/10.1371/journal.pcbi.1012006.g007
https://doi.org/10.1371/journal.pcbi.1012006

PLOS COMPUTATIONAL BIOLOGY Partial label learning for automated classification of single-cell transcriptomic profiles

Fad test
A Precision X0 19

07 k7 p Q%

1,201
1,2,1.0
1,4,01
1,4,1.0
1,10,0.1

1,10, 1.0 91 [RLHNSY

60 67 57
68 78 69
21418 10

S04 I50) 1561 48 |57

0,2,01 (98 86|90 82|83 194 (9296|9388
0.2,1.0 96 82|87 78 78

0,4,01
0,4,1.0

0,10,0.1 38 23|19 7 451 35
0,10, 1.0 11 8 12 8 23 22
C. elegans Myeloid Progenitor
B Precision X;f“ with prior
O é“cé‘ S oo o 255 0‘"00“ S oo
okp LRSS &S RIS &
1,2,0.1{98] 98] 98|98 [90]89] 9597 94 [94[94] 9387 86 7] 80"
1,2,1.0{98|98) 9898|9493 97|97 96 |96 |96 | 96 | 91 | 91 /-] 82
1,4,0.1193[91)95)94 83|90 82 6 0 66|47 60
1,4,1.0{97 97|98 |97 8989 91|94 89 |89 | 87 | 87 | 82 | 81 [HA
1,10,0.1 9 0 50|38 61] 0 16 32
1,10,1.0{91]90|93]93[83 |83 84|88 6969 59 56 61 60|38 48
0,2,0.1198]98[98] 989293 97|99 98196 | 96 | 96 | 91 | 88 | 88
0,2,1.0{98[98]|98[98 92|93 96|97 196 |97 1949391092 [
0,4,0.1186(86[86[89|79]! 90 | 83 68 [EE]||76)| 56 65 |
0,4,1.0{90 (889089 89 | 87 [/t

0,10,0.1

s[5 ]

0, 10, 1.0 4 6 6
C. elegans Myeloid Progenitor
Statistical comparaison : Flat > Hierarchy
for hierarchical .
i e L. p value < 0.1, on paired t-test
] R extension in
! 1% method > 2" method | the same method
! p value < 0.1, on paired t-test 1 Hierarchy > Flat
N p value < 0.1, on paired t-test
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which one of the methods performs significantly better for each experimental setting. A) Precision on X,,; on C. elegans
(left table) and Myeloid progenitor datasets (right table). B) Precision on X,; with prior information on C. elegans (left
table) and Myeloid progenitor datasets (right table).

https://doi.org/10.1371/journal.pcbi.1012006.9008

scenarios without label overlap (Fig 4). Furthermore, we analyze the performance of our
approaches on three real-world datasets, C. elegans [9], S. mediterranea [50] and Myeloid pro-
genitors [51] in Figs 5, 6 and 7 respectively. Finally, we compare the performance of hierarchi-
cal and flat methods in Fig 8 where we focus on partial labeling cases with different settings on
two real-world datasets. For the artificial datasets which contain about 300,000 samples each,
we only compare scalable methods, the ones exploiting the IRL algorithm. When considering
the real datasets, which are much smaller, we provide a comprehensive comparison of all
methods.
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Supervised setting
Fig 2 displays the results for all methods on 12 different datasets.

The dataset topology influences classification accuracy

For each topology, we order datasets by decreasing difficulty: few genetic programs (g=10)
with noise (@=0.5), without noise (a=0.1), then more genetic programs (g=50) with noise
(0=0.5) and without noise (¢=0.1). In Fig 2, for the dataset corresponding to 50 programs,
0.1 noise and 20 examples per label in the training set, the method Prototype-Based neural
network (PB-nn) achieves 0.59 accuracy for Linear topology, 0.76 for Branches and 0.71 for
Binary For the Support Vector Machine (SVM), the results are respectively 0.53, 0.61 and
0.56.

PB-nn and SVM methods are well adapted for classification

The general behavior on all datasets is that Prototype-Based with Neural Network (PB-nn)
performs significantly better (p value < 0.1) than linear SVM, which is better than linear Pro-
totype-Based (PB-1), Logistic Regression (LR) and kNN, which are similar. In details, we take
kNN as a baseline, we first observe that PB-1 performs slightly better in most of datasets espe-
cially with few training examples (20 samples per label), in particular for Binary, 10 pro-
grams, 0.1 noise, 20 training examples per label; the accuracy is 0.18 (PB-1) versus 0.10
(kNN). However, with 50 genetic programs, less noise and more examples, PB-1 tends to be
less efficient. The contrast becomes more prominent when comparing PB-nn and SVM to
kNN, with accuracy potentially doubling or even tripling depending on the settings. As an
example, if we take a difficult dataset like Binary, 10 programs, little amount of noise (a=0.1)
and a low number of training examples per label (n = 20), the accuracies are 0.40 (PB-nn),
0.23 (SVM) and 0.10 (kNN). Finally, when the dataset becomes easier, the accuracy becomes
very high: 0.86 (PB-nn), 0.85 (SVM) and 0.59 (kNN), when looking at dataset Branches, 50
programs, a small amount of noise (¢=0.1) and a lot of training examples per label

(n =1000). We explain the contrast between PB-nn and PB-1 by the intrinsic complexity of
sc-RNA seq data, which requires nonlinear projection to achieve good results. We also
observed that kernel-SVM performs worse than the regular SVM and hypothesize that this
decreased accuracy comes from the kernel approximation. More discussion can be found in
S2 Text.

High accuracy with few training samples

We are interested in assessing the influence of the number of training samples per label.
Because of the lack and limitation of supervised data in real-world settings, we want good
performance even if only a small training dataset is available. The general value varies
between 10 and 200 examples per label for several real-world scRNASeq datasets. We observe
that SVM works well with 200 examples per label, PB-nn works well with 20 examples and
the performances with 200 examples are close to SVM with 1000 examples. We compare
Branches, 10 programs, 0.5 noise: with 200 training examples per label, PB-nn accuracy is
0.41, whereas the accuracy for SVM is 0.33 and with 1000 training examples, SVM’s accuracy
is 0.37. Similarly for Linear, 10 programs, 0.5 noise, 200 training examples per label, PB-nn
achieves 0.3 and SVM 0.25, while the accuracy of SVM increases to 0.27 with 1000 training
examples.

To summarize, our supervised approaches are relevant for simulated transcriptomic data
and we find that both SVM and PB-nn perform very well on all datasets. Moreover, the PB-nn
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significantly outperforms SVM, LR and kNN in 35 experimental settings out of 36, making it
the method of choice for this task. Finally, we highlight that PB-nn has high predictive power
even with a small amount of training data.

Partial label, Overlap =1

In this paragraph, we study the partial label problem with label overlap. It means that for a
given label, the training set contains both fully supervised samples and partially labeled ones.
We focus the study on one dataset: Branches, 50 programs, a small amount of noise (a=0.1) as
shown in Fig 3.

Performances are close to fully supervised setting

On both X, and X,,;, the methods perform very well. Particularly, we found that with 20 super-
vised plus 200 partially labeled examples, with a set of candidate labels of size k = 2 or 4, the
methods PB-nn and SVM have accuracy of 0.84 and 0.79 versus 0.84 and 0.80 in the fully
supervised cases (with 200 fully supervised training examples per label). The performance on
the partial label test set is identical to the supervised test set, contrary to the case of no label
overlap as shown below. Note that for both PB-1 and LR, performances were below other meth-
ods on this dataset on the fully supervised case (in Fig 2, accuracies were 50 and 43 respectively
with n = 200 samples).

With prior information, the results are excellent

When partial label information is also available for the test set, (precision with prior), PB-nn
and SVM have 0.99 accuracy when k = 2, 0.97 with k = 4. It means that, the method can be
used to disambiguate new data with a small amount of information.

SVM works very well with difficult partially labeled settings

When the learning task becomes extreme, for example, 20 supervised examples and 200 partial
label ones with a large number of candidate labels (k = 10), the SVM still performs well: 0.72
and with prior information accuracy goes to 0.85. Whereas the accuracy of PB-nn falls with a
value of 0.2 and 0.36 with prior information.

The distance between labels influences the partial learning performance

When the candidate labels are far from the real label in the partial labeling information (I =
(15, 253)), it leads to better results. Especially, with prior information, looking at PB-nn, for
k = 4, and 20 supervised examples, the accuracy goes from 0.97 to 0.99. The parameter I plays
arole in partial labeling, as it can impact the results. For example, when selecting two labels sit-
uated at the same depth in a lineage tree, they will have identical pseudotime values (distance
to the root), but their hierarchical distance might be large.

To summarize, the methods perform very well with partially labeled data. The perfor-
mances are comparable to the fully supervised setting. We show that just a few amount of
supervised data is needed to reach top performance and we provide some criteria to improve
the performance according to the characteristics of the candidate label set (cardinal and
distances).
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Partial label, Overlap = 0

This time, we study the scenario when there is no overlap between supervised label and partial
label. This task is much more difficult than the previous one. We still focus on the same data-
set: Branches, 50 programs, a small amount of noise (#=0.1) as shown in Fig 4.

The precision on supervised data depends on the size of the training
dataset

We observe that the accuracy on the supervised test set is sensitive to the quantity of fully super-
vised examples. Indeed, when there is only n = 20 supervised examples per label in the training
set, the accuracy is at 0.32 for PB-nn (k = 2, I=(1,15)), but it increases to 0.84 with n = 200 train-
ing examples. This is due to the fact that the model will focus more on the partially labeled train-
ing data when there is less supervised data. We can also observe that the corresponding accuracy
for the partial label test set decreases from 0.9 to 0.84 for the same configuration. Depending on
the task, the methods require a compromise between supervised and partial label training data.
For example, it could be relevant to increase the number of supervised examples for supervised
prediction whereas this could decrease the quality of prediction on partially labeled data.

Ability to predict partial labels only

This time, we are characterizing the ability to predict the good label for partially labeled data
when there is no supervised data at all. It means that the model can learn to predict good labels
without having seen it in the supervised training data. When the partial label set is not too
large (up to k = 4), the best performances are obtained with PB-nn: (for n =20, k=2 and I=
(1,15)) the accuracy reaches 0.9 and (for k = 4), it goes to 0.88 while the corresponding SVM
performances are 0.83 and 0.74. When the setting becomes extreme, (k = 10), the perfor-
mances fall but are still better than random. In this situation, SVM stays reliable.

Results are excellent with prior information

As before, models can predict the good label even without supervised training example. When
the size of partial labels is not too large, PB-nn reaches 0.99 (k = 2) and 0.97 (k = 4), while
SVM obtains 0.97 (k = 2) and 0.82 (k = 4). As in the previous paragraph, when the distance
between labels increases (I = (15, 253) in the partial labeling accuracy goes from 0.96 to 0.99
for PB-nn (k = 4 and n = 200)).

Overall, we demonstrate that the models trained on partially labeled data only can predict
the right label with high accuracy even without supervised training data on this label. With
prior information, the models have performances close to perfect accuracy. We suggest using
PB-nn methods while the size of the set of candidate labels is small (k = 4) performances are
significantly better (p-value < 0.1). For more difficult situations, SVM is significantly better (p
value < 0.1) and achieves very good results. Overall we find, for simulated data in the partially
labeled case, that, out of 72 experimental settings, PB-nn performs significantly better than all
the other methods in 40 cases (i.e. 55% of the time), while SVM outperforms all the other
methods in 26 cases (i.e. 36%) of the cases.

Real-world datasets

In the following paragraphs, we apply an identical pipeline to each of the three experimental
datasets. Because of the relatively smaller size of the experimental datasets compared to the
artificial ones, we now include, in addition to the methods studied in the previous section,
alternative methods such as ensemble-based approaches that can only be optimized with the
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costly Algo 2. All related results are presented in Figs 5, 6 and 7. Our analysis begins by exam-
ining the classification problem in a supervised setting (panel B in the figures). Afterwards, we
explore the two scenarios of partial labeling, one with label overlap and the other without label
overlap (panel C in the figures). First, we provide an analysis of the common results observed
across the datasets, we then delve into the specific characteristics and nuances of each dataset.

Common results

In the supervised setting, we observed that PB-nn performs the best for the S. mediterranea
and C. elegans dataset. For Myeloid progenitors dataset, Random Forest (RF) achieves the best
results. We note that all methods perform well even when they have only half of the training
examples (p = 0.5). In total, we found that PB-nn significantly outperforms all the other meth-
ods in 3 cases out of the 6 settings and RF 2 cases out of the 6.

For the partial label learning setting, specifically when there is label overlap (o = 1), the pre-
cision on the supervised test set is nearly as high as the performance achieved in the fully
supervised setting. Moreover, in the partial label test set, we noticed even higher performances,
even when using k = 10. However, it is important to have a sufficient amount of supervised
training data (p = 1) to achieve such results.

On the other hand, in scenarios without label overlap (o = 0), we observed a behavior simi-
lar to the one observed on simulated data, with a compromise between supervised and partial
label performances. As the amount of supervised training data increases (p = 1.0), the perfor-
mances on the supervised set increase, while the performances on the partial label set decrease.
In certain cases, results are excellent, particularly when k = 2 and k = 4. Sometimes, the perfor-
mance in this setting even surpasses that of the fully supervised setting, which can be attributed
to the smaller size of the test set.

When examining the performance with prior information available, we observe that the
Prototype-Based (PB) methods stand out for k = 2, across all the datasets. As the value of k
increases to 4 or 10, the SVM methods remain reliable and maintain competitive performance.

Overall, in the partial label setting, we find that the PB family of methods significantly out-
performs all the other methods 22 times out of 108 experimental settings (20% of the time).
On the other hand, the SVM family of methods significantly outperforms the other methods
22 times among the 108 experimental settings (20% of the time), RF outperforms in 14 cases,
(13% of the time), KNN methods are significantly better in 11 cases out the 108 experimental
settings (10% of the time). Finally, LR and XGBM outperform both in one case.

Both of the ensemble methods (RF and XGBM) rely on Algo 2. We observe that in general
these methods tend to be more efficient in simpler scenarios. Specifically, the performances in
fully supervised learning tasks (panel B of the figures) are competitive in all three real-world
datasets. In partial label learning tasks, these methods tend to focus more on supervised data
(especially with no overlap (o = 0)) and achieve good results on the corresponding test set, but
performances decrease on the partial label data. The main limitations may come from the algo-
rithm itself; particularly, if the model is too expressive, it might learn the first random infer-
ence of labels, and if the model is too simple, performance will be limited. More discussion on
the Algo 2 can be found in S2 Text.

Generally, in both partial label learning scenarios (with and without overlap), we consis-
tently observed excellent results, particularly when the proportion of supervised data is low
(p =0.1). These findings once again underscore the value and justification for utilizing par-
tially labeled data for classification. The remarkable performance achieved with a limited
amount of supervised information further validates the effectiveness and practicality of
employing partial label learning methods in this context.
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C. elegans

This dataset follows a Binary topology with a depth of approximately 10/11, comprising about
1342 labels. The dataset we are working with covers 95 labels scattered throughout the lineage
tree.

In the fully supervised setting, both the PB-nn and SVM methods exhibit the best perfor-
mance, achieving an accuracy of 0.78 when all the training data are available (p = 1.0).

When dealing with partial label data and label overlap (o = 1), we observe excellent results
for both the supervised and partial label test sets. Even with a higher level of uncertainty
(k = 10), all methods prove effective as long as there is sufficient supervised data available
(p=1.0).

In the more challenging scenario without label overlap (o = 0), the performances remain
excellent until k = 4 and remain high for k = 10, even for the PB method, which has shown to
be slightly less efficient in this situation.

Additionally, we find that kernel SVM is particularly relevant for inference with prior infor-
mation, especially in cases of label overlap (o = 1), where it outperforms the regular SVM
method. The kernel approximation seems to enhance the predictive capabilities of SVM, espe-
cially in situations with more complex hierarchical relationships.

S. mediterranea

This dataset exhibits a relatively flat hierarchy, and its topology resembles that of the Branches
dataset, comprising several concise linear differentiation processes. The intrinsic complexity of
the dataset appears to be effectively captured by both the PB-nn and SVM methods.

In the supervised setting, we find that the performances of all the methods are quite close
(PB-nn stays significantly better). Both PB-nn and SVM obtain great results across most set-
tings. Notably, in the label overlap scenario (0 = 1) with k = 10 and ample supervised training
data (p = 1.0), PB-nn achieves an accuracy of 0.84.

Additionally, we also observe that kernel-SVM is efficient in handling two of the most chal-
lenging settings, (k = 10, 0 = 1.0), with either a limited or a complete amount of supervised
data (p = 0.1 and p = 1.0). It shows superior performance on both the supervised and partial
label test sets.

In the case of no overlap (o = 0), the common behavior, observed across all the methods is
to focus on supervised data. It is even more remarkable for RF. Notably, when all the super-
vised training data are available (p = 1.0), performances of RF outperform all the other meth-
ods, for k = 2, 4, 10 with an accuracy of 92, 94, 94 respectively. The performances on the partial
label data are however quite below.

Myeloid progenitors

The hierarchy is much more present in this dataset. It consists of three main linear differentia-
tion processes. There is a small number of labels (26) and a low amount of training data. We
notice that PB-nn performs less than PB-1 due to overfitting. Indeed, in the supervised setting,
PB-nn demonstrates better performance when all the training data is available (p = 1) com-
pared to using only half of it (p = 0.5).

In partial label learning task, PB methods and SVM outperform kNN significantly except
when there is not enough data (p = 0.1) or if it’s too difficult (k = 10). For the performance on
the partial label, PB-nn stands out until k = 4, especially with label overlap (o = 1). However,
the lack of data combined with the complexity (k = 10) seems to lead to overfitting which is the
limit of the method. A solution could then be to reduce the number of hidden layers in the
neural network.
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In the case of no label overlap (o0 = 0), we find the same results as in S. Mediterranea in Fig
6. When all the supervised training data are available (p = 1.0), RF outperforms in the super-
vised test data for both k = 2, 4, 10 with an accuracy of 75, 79, 80 respectively. It indicates one
more time, that when there is relatively less information in the partially labeled data, the model
focuses on the supervised data.

Incorporating hierarchy improves performance

Including the hierarchical structure of the label set significantly enhances the performance of
models. To present the results more concisely, we first described in the previous section the
results for flat methods which do not take into account hierarchical structures between labels.
Now, we aim to compare these flat methods to a hierarchical approach. For the artificial data-
sets, we found that the hierarchical prototype-based performs equally well as flat-PB, and for
both SVM and kNN, flat models were slightly better than hierarchical ones. We will now focus
only on the experimental datasets. In the supervised setting, we find that hierarchical models
perform with similar performance as Prototype-Based non-hierarchical models, slightly
underperform for SVM-type models, and similarly for KNN models. However, in the partial
label setting, hierarchical methods stand out and greatly improve performance. Fig 8 illustrates
the methods alongside their hierarchical extensions, and we conducted paired t-tests to high-
light instances where hierarchical models perform significantly better than their non-hierar-
chical counterparts (p-value < 0.1). Moreover, we found that the PB-nn method with
hierarchy significantly outperformed all other methods (SVM and kNN in this experiment) in
25 cases among all the 48 experimental settings (52% of the time) and more generally the PB
family of methods (flat, hierarchical, linear and nonlinear) significantly outperforms all other
methods in 30 cases which represents 62% of the cases.

Prediction for partial label test set

The first panel of Fig 8, demonstrates that hierarchical PB methods consistently outperform
their non-hierarchical counterparts. For instance, in the case of C. elegans (witho =1,k =2,
p = 0.1), the performance increases from 0.96 to 0.98. This improvement is even more signifi-
cant in challenging scenarios (such as when o = 1, k = 10, p = 0.1), where the boost for C. ele-
gans is from 0.28 to 0.38, and for Myeloid progenitors it is from 0.10 to 0.18.

For the SVM, the increase is not systematic, however, it can be detected in some of the
cases. In particular, for Myeloid progenitors, in very difficult settings (0 = 0, k = 10, p = 0.1), the
accuracy increases from 0.35 to 0.45.

Boost for prediction with prior information

The hierarchical PB-nn method performs better than PB-nn (which was initially the best
method for C. elegans). Similarly, hierarchical PB-1 outperforms PB-l in Myeloid progenitors.
The hierarchical method PB-1 highlights the following improvements for no overlap setting
(0=0,p=0.1): (k =2) from 0.96 to 0.98, (k = 4) from 0.83 to 0.90, and (k = 10) from 0.22 to
0.38.

Additionally, hierarchical SVM performs better when a smaller proportion of supervised
data is available (p = 0.1). In the case of C. elegans, the hierarchical method highlights the fol-
lowing improvements for label overlap situation (o = 1): (k = 2) from 0.89 to 0.90, (k = 4) from
0.77 to 0.80, and (k = 10) remains at 0.5. For Myeloid progenitors, the hierarchical boost for no
overlap situation (o = 0) is as follows: (k = 2) from 0.88 to 0.91, (k = 4) from 0.76 to 0.83, and
(k =10) from 0.34 to 0.43. In the case of label overlap situation (o = 1): (k = 2) from 0.86 to
0.87, (k = 4) from 0.66 to 0.7, and (k = 10) remains at 0.25.
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Finally, we find that for both SVM and PB, the hierarchical extension can significantly
improve performance compared to the flat version, especially when a small amount of super-
vised training data is available.

Discussion

We proposed several approaches for the classification of partially labeled scRNASeq data. We
provided detailed description of the optimization algorithms used to learn the models. To
thoroughly evaluate the performance of all the methods, we devised a comprehensive testing
protocol that covered various partial labeling scenarios. This protocol was applied to both sim-
ulated and experimental datasets. The experiments demonstrated that our approach, specifi-
cally the Prototype-Based Neural Network (PB-nn), achieved remarkably high accuracy in a
tully supervised setting. Equally impressive was the models performances when only partial
label training samples were available, showcasing the models’ ability to leverage partial infor-
mation effectively. Furthermore, we showed that incorporating partially labeled training sam-
ples corresponding to certain labels improved the performance on labels for which supervised
samples were also available at training time. Our findings also provided insights into the effect
of the level of uncertainty in partial labeling, allowing us to achieve the best performance. Ulti-
mately, we found that incorporating hierarchical information could significantly increase per-
formance in partial label settings, particularly in extreme situations with low number of
training samples. Our results, showing that we can perform multiclass classification with high
accuracy on partially labeled data can be associated to the fact that transcriptomic datasets are
highly structured and lie on a low dimensional manifold [3]. Indeed when training a classifier
on several transcriptomic profiles, even if they’re partially annotated, will necessary take
advantage of their geometrical properties. Because we showed that the highest performing par-
tially labeled classifier is a nonlinear Prototype-Based method, we understand that the relation-
ship between cell type identity and position in the feature space is not a linear function.
Altogether we found that including the right amount of complexity in the model will lead to a
sufficient amount of expressivity to learn the nonlinear distributions of transcriptomic profiles.
Moreover, we showed that including the hierarchical structure of the label set as a priori infor-
mation could help improve the models’ accuracy. This is in line with the idea of learning the
underlying geometry of the set of transcriptomic profiles and suggests moreover that the distri-
bution of transcriptomic profiles in space is consistent with the label set hierarchical structure.
Therefore when the number of samples is low, it will be more difficult to learn the underlying
geometry of the data as there is less data points to sample the underlying manifold. Using the
hierarchical structure of the label set will compensate by helping reduce the size of the parame-
ter space for the models.

In this work, we focused on one aspect of the structure of the data, namely the hierarchical
structure of the label set. We chose to focus on this aspect because of the hierarchical nature of
differentiation during development [12, 18]. We envision that our approach could benefit
from lineage information obtained directly at the level of data acquisition as it is the case with
lineage tracing methods [19]. Moreover, other underlying aspects of the dataset could be influ-
encing the structure of the data. In particular, recent developments in spatial transcriptomics
indicate that the spatial organization of cells within a tissue plays an important role in tran-
scriptomic state [8, 55]. Extensions of our approaches could take advantage of this spatial
information when it exists. Similarly, recent experimental assays have led to combining multi-
ple -omics [56], automated classification methods could also take advantage of these heteroge-
neous sources of data to infer cellular identity.
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Altogether, we propose an approach that helps reduce the time spent on precise annotation
of training datasets by considering sets of candidate labels per sample. In an era where tran-
scriptomic data is being generated increasingly [57], being able to automatize more and with
less expert knowledge the task of automatic cell type classification is highly relevant, as the
quality of the annotation is currently the bottleneck [15]. Moreover, in addition to the auto-
matic cell type classification task, one of the current challenges is to be able to combine multi-
ple studies and atlases. Our results suggest that we could for example be using the classification
results obtained from other already existing annotated datasets as a way to construct partial
annotation for a new datasets. Similarly, we could be using tissue level information which is at
scale high than cellular by nature and use all of the cell types expected in this tissue as a candi-
date label set. In conclusion, the flexibility and adaptability of the partial label learning frame-
work is a key step in making transcriptomic single-cell data annotation easier and the
corresponding prediction even more routinely used to interrogate the nature of the mecha-
nisms underlying cell differentiation.
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