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Measurement techniques often result in domain gaps among batches of cellular data from a specific
modality. The effectiveness of cross-batch annotation methods is influenced by inductive bias, which
refers to a set of assumptions that describe the behavior of model predictions. Different annotation
methods possess distinct inductive biases, leading to varying degrees of generalizability and
interpretability. Given that certain cell types exhibit unique functional patterns, we hypothesize that the
inductive biases of cell annotation methods should align with these biological patterns to produce
meaningful predictions. In this study, we propose KIDA, Knowledge-based Inductive bias and Domain
Adaptation. The knowledge-based inductive bias constrains the prediction rules learned from the
reference dataset, composed of multiple batches, to functional patterns relevant to biology, thereby
enhancing the generalization of the model to unseen batches. Since the query dataset also contains
gaps from multiple batches, KIDA's domain adaptation employs pseudo labels for self-knowledge
distillation, effectively narrowing the distribution gap between model predictions and the query
dataset. Benchmark experiments demonstrate that KIDA is capable of achieving accurate cross-

batch cell type annotation.

The rapid accumulation of cellular data creates opportunities for artificial
intelligence (AI) in bioinformatics', where cellular data annotation is an
essential task that drives numerous related scientific fields’™. Typically, we
manually annotate cellular labels on a few batches from initial measure-
ments (reference dataset), then train machine learning models and apply
these models to predict cell labels for batches derived from subsequent
measurements (query dataset). However, current machine learning meth-
ods for cell type annotation face multiple challenges.

The first challenge in cellular data annotation arises from batch
effects™. Technical noise and biological artifacts result in observation offsets
between multiple batches that make up the reference dataset or query
dataset. Thus, when dealing with cells of the same type from various batches,
there will be notable differences in the embeddings produced directly after
reducing the dimensionality. The goal of batch integration is to eliminate
gaps while preserving biological heterogeneity (clustering cells of the same
type together). Batch effects can interfere with the discriminability of cell
representations. The current standard pipeline involves first aligning cell

representations from heterogeneous batches through batch integration and
then identifying low-dimensional cell representations using classifiers’. In
the standard pipeline, annotation, and batch integration are independently
considered, making it difficult to track the contributions of inputs, resulting
in loss of interpretability. Furthermore, we are often required to provide
additional batch labels to achieve batch integration. Another challenge is the
modality heterogeneity of cellular data. Taking two measurement technol-
ogies as examples, the feature space for the scRNA-seq modality is genes,
while the feature space for the scATAC-seq modality is open chromatin
peaks. There are already many machine learning methods available for
annotating scRNA-seq modality. However, due to inconsistently defined
feature spaces across modalities, methods specifically designed for anno-
tating scATAC-seq modality are relatively scarce'’. There is an urgent need
to develop a unified annotation method that supports multi-modal
cellular data.

For the first challenge, it is known that specific types of cells have
specific functional patterns. However, existing machine learning methods
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Fig. 1 | The workflow of KIDA, each subgraph is a step. a Unified feature space as
genes. b Retrieve pathway names based on gene names. ¢ Mask the parameters of the
linear transformation using gene-pathway relationships. d Transform features from
genes to functional patterns. e First round of supervised learning: learn the inter-
action of functional patterns on the reference dataset and add a token as cell

embedding. f Second round of supervised learning: on the query dataset, the model
from step (e) selects anchors (cells with high confidence) to form a new training set.
Then, the model utilizes pseudo labels of the anchors for self-knowledge distillation.
Orange arrows are training, gray arrows are inference.

achieve predictions by identifying patterns in the data that are related to cell
types but may lack functional relevance. These patterns are referred to as
non-causal bias (there is a correlation but no causation)''**. The correlation
and causality of patterns depend on inductive biases"*"°. Inductive bias in
machine learning refers to a set of explicit or implicit assumptions that
learning algorithms adopt to make predictions on unseen inputs'”'.
Essentially, inductive bias helps narrow down the hypothesis space, allowing
learning algorithms to prioritize one solution over another'*™*'. Inspired by
TOSICA®, the phenotype of a cell can be explained by pathways, and the
gene sets of the pathways correspond to specific functional patterns™.
Therefore, we have the hypothesis that the annotation model should convert
genes into functional patterns (gene sets) and then predict labels. Therefore,
function-based inductive bias guides the model to focus on interactions
relevant to biological functions rather than observations susceptible to batch
effects. We illustrate this motivation using image-based species
classification””’. The relationships and semantics between local regions of
animals are discriminative information unaffected by camera angles. In
cellular data, batch effects correspond to pixel differences caused by camera
angles, functional patterns correspond to local semantic regions, and
interactions between functional patterns correspond to relationships
between local regions. For the second challenge, intuitively, unification of
the feature space is necessary, and tools already exist to efficiently stan-
dardize it. For example, Seurat and UnpairReg can convert peaks corre-
sponding to scATAC-seq into gene scores for scRNA-seq””’. However, the
conversion may further exacerbate batch effects on gene scores, thus
reducing the robustness of annotation methods. Since function-based
inductive bias is batch-insensitive and does not require batch information, it
can naturally be applied to feature space transformation tools.

In this paper, we propose KIDA, Knowledge-based Inductive bias and
Domain Adaptation, a method for cross-batch cell type annotation.
Knowledge-based inductive bias is embodied in a set of parallel linear
transformations. Each branch of the parallel linear transformations is used
to extract a specific latent pattern from high-dimensional counts data.
Furthermore, we utilize biological knowledge from web or local databases
(such as pathway collections, ‘gmt’ files) to parameterize the linear trans-
formations. Such an inductive bias not only reduces cell representations
from tens of thousands of genes to hundreds of pathways but also constrains

the classification rules to functional patterns relevant to biological knowl-
edge. Therefore, knowledge-based inductive bias ensures that the model can
generalize to unseen batches or datasets with similar functional pattern
interactions. Functional patterns are represented as tokens by parallel linear
transformations, and we use self-attention to learn the interactions between
these functional patterns. Additionally, due to the overlay of multiple batch
effects in query dataset, the distribution consistency between the reference
dataset and the query dataset is very low. We use a two-round supervised
learning method to achieve domain adaptation. We first train the model on
the reference dataset and annotate the query dataset. On the query dataset,
the model selects some cells (anchors) deemed to predict well to form a new
training set. Then, the model utilizes pseudo labels of the anchors for self-
knowledge distillation. Finally, the distilled model is used to predict the cell
types in query dataset. Benchmark experiments demonstrate that KIDA
achieves accurate cross-batch cell type annotation. The integration cellular
atlas reveals the robustness of KIDA. This paper contains the following
contributions: (1) We use an inductive bias based on biological knowledge to
constrain machine learning models to correlate with cellular functional
patterns, thereby improving model generalization on unseen batches. (2)
We use a two-round supervised learning method to enhance domain
adaptability between the model predictions and the query dataset. (3) KIDA
is an annotation method that supports multi-modal cellular data.

Results

KIDA overview

The workflow of KIDA is illustrated in Fig. 1(a) to (f), with each subplot
representinga step. Step (a) is used to unify the feature space of cellular data
from arbitrary modalities into genes. Steps (b) to (d) cover biological
knowledge from web or local databases into the parameters of the model,
transforming features from genes to functional patterns, corresponding to
the knowledge-based inductive bias proposed in this paper. Details of these
steps are provided in section 4.1. Step (e) utilizes self-attention to learn the
interactions between functional patterns on the reference dataset and adds
a token to represent cells. In step (f), the model from step (e) predicts
pseudo labels on the query dataset, and then performs self-knowledge
distillation using these pseudo labels. Steps (e) and (f) correspond to the
two rounds of supervised training proposed in this paper. Details of these
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steps are provided in section 4.2. Interpretability of KIDA is provided in
section 4.3.

Datasets and baselines

BMMC"": This dataset comprises single-cell RNA sequencing (scRNA-seq)
data collected from bone marrow mononuclear cells, encompassing a total
of 13 batches, 22 distinct cell types, and an overall cell count of 69,249.
PBMC": This dataset includes single-cell ATAC sequencing (scATAC-seq)
data obtained from peripheral blood mononuclear cells, consisting of 2
batches, 6 cell types, and a total cell count of 9058. Pan-cancer™**: This
dataset features scRNA-seq data comprising 71,113 myeloid cells, cate-
gorized into 23 cell types. It encompasses a total of 13 cancer types, with each
cancer type treated as a separate batch. In the spatial transcriptome dataset,
each sample represents a spot (containing multiple cells), and the objective
of the annotation task is to identify the tissue region type corresponding to
each spot. DLPFC”: This dataset contains 12 batches (slices) of the adult
dorsolateral prefrontal cortex. Each slice includes mRNA expression data
and 2D spatial coordinates for each spot. KIDA utilizes only the mRNA
expression data to identify the tissue type of each spot. Additionally, we
employ multimodal integration to validate the advantages of KIDA’s cel-
lular representations. The multimodal datasets utilized in the experiments
include: 10x-Multiome™, Chen-2019”, Ma-2020%, Muto-2021%, and
Human 15 Organs***'. Each multimodal dataset comprises two modalities:
scRNA-seq and scATAC-seq, with further details provided in Supple-
mentary Text A.l. Statistical information for all datasets is available in
Supplementary Table B.1.

Data preprocessing follows the standard scanpy, we extract highly
variable features, then normalize and scale the dataset. For BMMC, we select
the first 6 batches to form the reference dataset and the remaining 7 batches
to form the query dataset. For PBMC, we select the first batch as the
reference dataset and the remaining batch as the query dataset. Pan-cancer
was used to validate the performance of KIDA on cross-disease cell type
annotation. We use three batches (ESCA: esophageal carcinoma, THCA:
thyroid carcinoma, and UCEC: uterine corpus endometrial carcinoma) as
the reference dataset, and the remaining diseases (batches) as the query
dataset. For DLPFC, we select the first 6 slices as the reference dataset and the
remaining slices as the query dataset. For the datasets of integration, we
randomly select 50% to form the reference dataset and the rest as the query
dataset.

We use follow methods for annotation as baselines: Seurat’,
CellTypist”, ~ACTINN®”, TOSICA”, Cellcano™, MetaTiME",
Geneformer®, scBERTY, CellLM*, LangCell”, scGPT*. We use follow
methods for multimodal integration as baselines: Seurat’, GLUE,
harmony”, LIGER”, bindSC*, iNMF”, CoVEL™, unioncom’, scButterfly”".
We describe these baselines in the Supplementary Text A.2. For cell type
annotation, we use the following evaluation metrics: Acc (Accuracy),
F1 score. For integration, we use the following evaluation metrics: NMI
(Normalized Mutual Information), ARI (Adjusted Rand Index), Overall
score. Details are provided in the Supplementary Text A.3.

Annotation benchmarks

We evaluated KIDA and comparative methods on four datasets related to
cell type annotation. These datasets (BMMC, PBMC, DLPFC, Pan-
cancer) are modal heterogeneous, with only BMMC and Pan-cancer
coming from scRNA-seq. The evaluation results are shown in Fig. 2(a).
We divided all methods into two sections, with the first section including
all comparative methods and the second section including KIDA and KI
(KIDA without domain adaptation). Note that all comparative methods
can be further divided into large model-based methods and lightweight
models. Geneformer, scBERT, CellLM, LangCell and scGPT are large
model-based methods. In Fig. 2(a), including large model-based meth-
ods, all comparative methods used the same settings to train or fine-tune
on the reference dataset and then test on the query dataset. None of the
comparative methods could cover cell data annotation in multiple het-
erogeneous modalities. Although large models overall exhibit excellent

annotation accuracy, their architecture is always complex. Tosiac has
better annotation performance on Pan-cancer, which reflects the
advantage of training from scratch in the cross-disease scenario (models
focus on specific diseases). However, compared to KIDA, we found
KIDA to achieve more robust performance. Furthermore, KI also showed
competitiveness on four datasets, validating the effectiveness of the
proposed knowledge-based inductive bias.

As shown in Fig. 2(b), the inference time of the compared methods are
all within acceptable limits. KIDA’s speed is completely acceptable. For three
different modalities (BMMC: RNA, PBMC: ATAC, DLPFC: ST), we
visualize the atlas respectively. We use uniform manifold approximation
and projection (UMAP) to visualize the cell embeddings of BMMC and
PBMC. As shown in Fig. 2(c), the cell embeddings of KIDA not only remove
batch effects but also preserve biological heterogeneity. For DLPFC, the
prediction results of KIDA on 6 query slices are shown in Fig. 2(d). KIDA
predictions are nearly close to the ground truth.

We achieve novel cell recognition using the same settings as scBERT":
for a cell input, when the recognition probability of all known categories is
less than 70%, the cell is identified as a novel cell, i.e., assigned the label
“unknown”. On Pan-cancer dataset, we take each cell type as novel cell type
in turn, KIDA is trained on the reference dataset without current novel cell
type, tested on the query dataset with current novel cell type. We record the
F1 score of KIDA for identifying different novel cell types. As shown in
Supplementary Fig. S1, KIDA is able to successfully identify current novel
cells with “unknown” labels on query dataset.

Annotation consistency

We compare KIDA and baselines’ annotation results on Ma-2020 and
Muto-2021. These datasets are chosen additionally because they provide
batch labels for both their RNA and ATAC modalities. Thus, for any given
modality, we consider the first two batches as the reference dataset and the
remaining batches as the query dataset, totaling four datasets for annotation.
Since Ma-2020 and Muto-2021 serve as datasets for evaluating integration
experiments, comparing annotation performance between RNA and ATAC
modalities allows us further investigation into the consistency of annotation
methods in modal-nexus scenarios. Supplementary Table B.2 illustrates that
TOSICA, specialized for the RNA modality, performs better on the RNA
datasets, while Cellcano, specialized for the ATAC modality, performs better
on the ATAC datasets. Cellular large models are generally effective on the
RNA modality. In contrast, KIDA achieve similar accuracy and F1 score on
both RNA and ATAC modalities.

Case study

In real-world applications, cellular data may come from different diseases
(biological states). We test the cross-disease cell type annotation of KIDA on
Pan-cancer dataset. The different batches are not only across diseases, they
are also across tissues. Therefore, this task increases the difficulty of cell type
annotation. We use UMAP to visualize all ‘cls tokens’. As shown in Fig. 3(a)
to (c), compared with the PCA-based atlas, KIDA’s atlas completely pre-
sents biological heterogeneity (cell clusters are not affected by disease-
related batch effects). Then, we filtered out all ‘cDC’ cell embeddings and
obtained a graph through PAGA™, as shown in Fig. 3(e). The graph reveals
two potential origins of ¢cDC3_LAMP3, namely ¢cDC1_CLEC9A and
cDC2_CXCL9 (Fig. 3(e) blue circle), which is consistent with the situation in
the measured trajectory (Fig. 3(d) black arrows)”. Through interpretability
analysis (details are provided in section 4.3), we can discover the
cDC3_LAMP3-specific pathway TOLL RECEPTOR’, which is differen-
tially expressed between inflammation-related ¢DCs (cDC2_FCNI,
cDC2_IL1B) and mature cDC subset (cDC3_LAMP3), as shown in Fig. 3(f).
This result is consistent with previous study’. We further use the subset of
cell type cDC3_LAMP3 and perform differential analysis based on the
disease. We can obtain the disease-specific pathways differential expressions
in target cell type. As shown in Fig. 3(g), MEMBRANE TRAFFICKING' is
differentially expressed between OV-FTC (ovarian or fallopian tube carci-
noma) and other diseases.
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Fig. 2 | Comparison of annotation results. a Comparison of accuracy and F1 on
four datasets. There are n = 8 repeats with different random seeds. The error bars
indicate mean + s.d. b Inference time of various methods on the different data sizes,
ranging from small to large. The comparison methods here do not include methods
based on large models. ¢ UMAP visualizations on BMMC (first row) and PBMC

(second row). TOSICA is a SOTA lightweight model dedicated to RNA modality.
Cellcano is a SOTA lightweight model dedicated to ATAC modality. d KIDA pre-
diction results on 6 query batches (slices). Source data are provided in Supple-
mentary Data 1.

Integration
Since the performance of cellular data annotation is closely related to the cell
representations in the latent space. Thus, we use integration experiments
(batch integration and multimodal integration) to analyze the cell repre-
sentations of KIDA. We select two datasets, BMMC and PBMC, corre-
sponding to RNA and ATAC modalities, respectively. We compare KIDA
with baselines on batch integration performance on these two datasets. The
integration results are shown in Fig. 4(a) and (b). KI and KIDA both achieve
the best batch integration performance on these independent modalities.
These results demonstrate knowledge-based inductive bias can learn the
functional patterns and their interactions across batches. Heterogeneous
modalities have larger gaps than batches. Therefore, we examine KIDA with
the more challenging multimodal integration. KIDA supports multimodal
cellular data annotation, naturally achieving multimodal integration by all
sample embeddings in the joint space. Multimodal integration comparison
is shown in Fig. 4(c). For KIDA integration, cell type labels can guide better
alignment of the two modalities.

Most of the existing methods integrate the entire latent space unsu-
pervisedly, so large-scale dataset is a challenge. KIDA only needs to merge
cell embeddings to achieve integration. We use KIDA to integrate Human

15 organs (large-scale). The UMAP visualization results of glue, covel and
KIDA are shown in Fig. 5. In Fig. 5, we have selected two cell types,
Hepatoblasts and Cardiomyocytes, with blue and black dashed circles,
respectively. For Hepatoblasts, KIDA aligned the RNA modality and ATAC
modality, and the two modalities corresponding to glue and covel are still
separated, see the first row of Fig. 5. For Cardiomyocytes, compared with
glue and covel, the cell clusters corresponding to KIDA are better separated
from other cell clusters, see the second row of Fig. 5. The results show that
KIDA'’s cell embedding will not be interfered by cross-batch or even cross-
modality.

Interpretability

KIDA can output cell type-specific gene co-expression networks and key
genes (details are provided in section 4.3). On BMMC dataset, KIDA’s key
genes indeed exhibit concentrated expression in target cell clusters. Com-
pared with CellMarker”, these genes are marker genes for target cell type. In
BMMC dataset, we obtained the top 10 important patterns for CD8+ T cells
and extracted the top 2 important gene embeddings from each pattern.
Finally, we obtained 20 gene embeddings specific to CD8+ T cells. By
computing the similarity of these 20 gene embeddings, we constructed a
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graph, which was used as the CD8+ T cell-specific gene co-expression
network, as shown in Supplementary Fig. S2(a). Based on the gene co-
expression network, we computed five metrics (degree, betweenness,
eigenvector centrality, pagerank, closeness) for each gene and integrated
these five metrics using Q statistics to identify key genes specific to CD8+
T cells: ‘CD8A’, ‘CD8B’, ‘GZMK’, ‘CCL5’. As shown in Supplementary
Fig. S2(c) to (f), these genes indeed exhibit concentrated expression in
CD8+ T cell cluster (Supplementary Fig. S2(b) pink circle). We can also
obtain the embeddings of all genes based on the top 10 important patterns
specific to cell types (details are provided in section 4.3). Then, similar to the
above method, we use these embeddings to construct similarity graph and
obtain important genes. As shown in Supplementary Fig. S3, we found cell
type-specific marker genes in NK cells and B1 B cells respectively. These
genes are verified in CellMarker.

For integration experiments, we validate the biological interpretability
of key genes. As shown in Supplementary Fig. S4, we select three cell types
(oligodendrocytes, astrocytes, and neural progenitors) from the integration
results of Human 15 organs (UMAP visualization of the latent space),
represent by black, orange, and green circles, respectively. We identify four
key genes for each cell type and visualize their expressions in the integration
results. These genes exhibit concentrate expressions in their corresponding
cell types. This demonstrates that the cell representations output by KIDA
are biologically interpretable, enabling meaningful predictions in cellular
data annotation tasks.

Ablation study

We conduct ablation study on Pan-cancer to test KIDA separately. For
inductive bias, we employ different knowledge databases for KIDA, where
‘Random’ represents no knowledge. For domain adaptation, we adjust
KIDA’s two components by setting a and f3: distillation and adaptive
clustering. As shown in Supplementary Fig. S5(a) and (b), different
knowledge is robust, while ‘Random’ performs poorly, demonstrating the
advantage of our inductive bias for both annotation and clustering. More-
over, prediction performance improves with an increase in the number of
patterns. In Supplementary Fig. S5(c), distillation is more important than

adaptive clustering, and our domain adaptation is advantageous for the
model when the number of anchors is sufficient: KIDA surpasses KI.
Additionally, in Supplementary Fig. S5(d), Adaptive clustering benefits the
grouping of cell representations. Overall, knowledge-based inductive bias is
an advantageous approach, and both distillation and adaptive clustering can
improve the performance of the model.

Discussion

We introduce KIDA to enhance cellular annotation across batches.
Experiments demonstrate that KIDA outperforms popular methods and
accommodates heterogeneous modalities. We validate the practicality of
KIDA using a pan-cancer case, achieving accurate annotation in challenging
cross-disease scenarios, with interpretable results consistent with previous
biological studies. Additionally, integration experiments reveal that KIDA’s
cell representations remain unaffected by cross-batch or cross-modality
scenarios. Furthermore, analysis based on marker genes confirms the bio-
logical interpretability of KIDA for heterogeneous modalities. Finally, in the
ablation study, we verify that knowledge-based inductive bias enables the
self-attention to focus on biologically relevant interactions rather than gene-
level expressions susceptible to batch effects, while domain adaptation
narrows the gap between model predictions and query datasets, thereby
improving model performance. KIDA supports multimodal annotation, but
alimitation is that the reference dataset and the query dataset come from the
same modality (RNA, ATAC, or ST). In the future, we will explore more
generalizable approach to extend KIDA for cross-modal annotation (the
reference dataset and the query dataset belong to different modalities).

Methods

Knowledge-based inductive bias

In order for KIDA to support multimodal cellular data as input, a unified
feature space is necessary. We use Seurat to convert the feature space of
heterogeneous modalities into common genes. This step corresponds to
Fig. 1(a). For scRNA-seq, Seurat selects highly variable genes and normalizes
the raw count values. For scATAC-seq, we use Seurat to convert the peak
values into gene scores. For spatial transcriptomics, unlike scRNA-seq, each
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sample corresponds to a spot, and the task is to annotate the tissue type of
each spot.

For cell or spot i, it contains n genes. The gene expressions of this cell is
x; € R". We use a set of linear transformations {W; € R"*"|j =
1, ..., m} to convert the cell into m pattern tokens, 4 is dimension of latent
space. Each linear matrix W represents a biologically relevant functional
pattern (pathway). In order to achieve it, we create a list consisting of all gene
names in reference dataset, and obtain m pathway names corresponding to
this gene list through GSEA (Gene Set Enrichment Analysis) combined with
pathway databases (‘gmt’ file on the web or locally). This step corresponds to
Fig. 1(b). Then, we add mask to each linear matrix according to the rela-
tionship between genes and pathways. In Fig. 1(c), assuming that gene 1 is
not in pathway 1, the first row (gene 1) of linear matrix W, € R"*"
(pathway 1) is all masked to value 0. On the contrary, assuming that gene n is
in pathway 1, the nth row of linear matrix W, € R"*" will not have a mask
added. The linear transformations after initialization in this way convert
genes into m pattern tokens {v; € R"|j = 1,...,m). This step corresponds
to Fig. 1(d). Each token represents a gene set with specific pathway. For
token generation, we can use TOSICA’s initialization method if memory is
limited.

Domain adaptation

We use self-attention to model the pattern-pattern interactions. This step
corresponds to Fig. 1(e). We add a ‘cls token’ ¢ € R’ to represent the global
information of current cell We concat all tokens as
I, = concat(v,, ..., v,,c) € R™D* The query, key and value are
Q=I,WeK=I,Wrand V=I,W", respectlvely W WK WV e R,
learnable parameters. The self-attention output I, € R™+D* o is
I =s {tmax((QKT) /~/h)V. The last row tensor of I is updated ‘cls token’
¢, € R". Weuse c, as the embedding of the cell. With the c,, we use UMAP®
to visualize all cells’ embedding. For the type annotation, we use MLP®' as
the classifier. We map the embedding c, of cell i to the category, and record

the classification logits output by the classifier as """ € R4, where A
represents the total number of labels. We train the model (linear transfor-
mations, self-attention and MLP) on the reference dataset (N cells). The
one-hot label of cell 7 is g}. The model is trained with cross entropy loss,
which is:

Lteacher _

Zg:log(soﬁmmc()/feacherr (1)

We perform the second round of supervised training on the query
dataset (M cells). This step corresponds to Fig. 1(f). We use the model
trained on the reference dataset as the Teacher and predict on the query
dataset. The predicted probability is denoted as Zm for cell i being in cell type
a. The entropy E; € R for cell i is E; = —> " _,q;,10g(q;,)- When a cell
label is more confidently assigned, its entropy over the predicted prob-
abilities is lower, and the prediction is in general more accurate. For each cell
type, we selected 40% cells with the lowest entropies as anchors, we use all
anchors to form the new training set. Therefore, the number of anchors
accounts for 40% of the total number of cells in the query dataset.

Since some anchors will be mistakenly predicted, we apply the
knowledge distillation to deal with the issue. We use the logits output by
Teacher on anchor i as pseudo label y“*"1 € R*. Then, we initialize a
Student with the same architecture as the Teacher. We use the logits output
by Student on anchor ias y“*""? € R Let KL(P, Q) be the KL divergence
of two probability distributions Pand Q, T = 3 be the temperature parameter
(to make the label “softer”), and the knowledge distillation loss is:

40%M student q teacher,q
2 , softmax | 22 .
T T

40‘;;M Z KL (softmax(
@

Lstudent
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and KIDA. The first row of UMAP visualizations are colored by modality categories.
The second row of UMAP visualizations are colored by cell types. Dashed circles in

the subfigures indicate areas of interest where specific cell types, serving as a qua-
litative assessment of the integration performance.

We employ adaptive clustering loss for Students to minimize the
correlation among the various clusters. We represent correlation by
the similarity between clusters. Define a similarity matrix
S € RUOHM) X (40EM) " ooment sij = exp( — |le,i — c,,j||2) represents the
similarity between two cells, ¢,; and c,; represent the embedding (‘cls
token’) of cell i and cell j respectively. Define Q, = [q14> ---> G(a0%)al
(ia: probability of cell i being in type a). Minimizing Q,SQ; means
that we want to make Q, and Q, orthogonal. Adaptive clustering loss
is:

c-1 C T
Lstudent _ l QaSQb
ada -

CH \JasQrQsQ

The sum of Teacher’s loss is L' = [“her The sum of Student’s
loss is L¥dent = g student y grstudent o and B are two hyper-parameters for
balancing the two losses.

(€)

Interpretability of KIDA

The inductive bias in KIDA has natural interpretability. During model
initialization, a linear matrix W; € R” *" corresponds to a pathway name.
We sum it up to output a vector P; € R™. P; reflects the set of genes
corresponding to functional pattern j. For the ‘cls token’ of cell 7, we extract
the attention values of m patterns about ‘cls token’ in the self-attention layer.
Through the difference analysis function in scanpy, we can treat m attention
values as scanpy input of cell i, and obtain the cell type-specific top-10
important patterns. For pattern j, we select the top-2 genes in P; based on its
values. Assuming that the indices of these two genes are x and y, we retain
Wilx] € R" and Wiyl € R" as gene embeddings. Finally, we obtained cell
type-specific embeddings of 20 genes. Then, we constructed a graph of these
important genes based on embedding similarity. We use the graph as a cell
type-specific gene co-expression network. Based on the gene co-expression
network, we calculate 5 indicators for each gene (degree, betweenness,
eigenvalue, pagerank, proximity), and use Q statistics to integrate the 5
indicators to further narrow the scope and obtain cell type-specific key
genes”.
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To consider all genes, we provide an alternative interpretable method.
First, through the difference analysis function in scanpy, we can treat m
attention values as scanpy input of cell 4, and obtain the cell type-specific top-
10 important patterns. Pattern j has a linear matrix W, € R"*". We sum the
10 matrices into one matrix W, € IR"*". The row x of the matrix serves as
the embedding of gene x. Then, we constructed a graph based on the gene
embedding similarity, and calculate 5 indicators (degree, betweenness,

eigenvalue, pagerank, proximity) for each gene to obtain key genes.

Statistics and reproducibility

In KIDA, we set m = 300, h = 128, and the self-attention network has 4 layers
and 8 heads. Leta = 0.8, f = 0.2. If a = 3 = 0, KIDA only uses Teacher, which
we call KI. The knowledge database required by KIDA when generating
functional patterns comes from* and®. Enrichment analysis tool is
GSEApy®, preprocessing and differential analysis tool is scanpy®. KIDA is
trained using NVIDIA GeForce RTX A6000 with 48 GB memory. Adam®
optimizer with 0.001 learning rate is used to update model parameters. The
batch size is set to 16. The epochs for Teacher and Student are 6 and 3,
respectively.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Related work

Annotation

Most cellular data annotation methods are designed for the single-cell
transcriptome modality (scRNA-seq), where the feature space corresponds
to genes. These methods utilize gene expression counts to identify cell types.
Seurat is currently the most popular cellular annotation framework, but the
analysis results depend on additional preprocessing steps such as feature
selection’. Essentially, cellular annotation is a repetitive task, transferring cell
types from the reference dataset to the query dataset aligns with supervised
deep learning. Actinn and TOSICA respectively employ fully connected
networks and Transformers® to learn features from gene expression counts
and then predict cell types on the query dataset™". Corresponding to the
scRNA-seq modality, Cellcano first converts the feature space of scATAC-
seq from open chromatin peaks to gene scores using ArchR”, and then
trains a fully connected network based on knowledge distillation to achieve
cell-type annotation for the scATAC-seq modality*. For spatial tran-
scriptomics, each sample represents a spot in space, and the features are
genes. Similar to cell type prediction, we can use the deep learning methods
mentioned above to predict the tissue types of each spot”. Recently, large-
scale language models have gained popularity, with models like
Geneformer™, scBERT?, CellLM*, LangCell”, and scGPT™. Note that for
unknown diseases or biological tissues, large models still need fine-tuning
on reference datasets to achieve acceptable predictions*”*”>. We find that
existing methods follow the trend of AT model development but lack con-
sideration for the inductive bias and batch effects.

Integration

Integration is divided into batch integration and multimodal integration.
For batch integration, the goal is to eliminate batch effects in the reference
dataset or query dataset. Seurat can integrate multiple batches using a
mutual nearest neighbor approach’. Harmony projects the raw data into a
unified space and groups them by cell type”, requiring additional batch
labels. For Seurat and Harmony, batch integration and cell type annotation
are separate, making it difficult to track the contributions of inputs, leading
to a loss of interpretability. Recently, TOSICA uses attention values as cell
representations and experimentally validates its batch integration
capabilities”. scGPT introduces additional batch labels and fine-tunes
according to the rules of classification®. Our KIDA does not require batch
labels and simultaneously satisfies batch integration and cellular annotation.
As for multimodal integration, the goal is to bridge the gap between mod-
alities. Multimodal integration is similar to batch integration, with the

additional requirement of unifying the multimodal joint space””'~*"*"*, Our
KIDA supports multimodal cellular data annotation, naturally achieving
multimodal integration by all sample embeddings in the joint space.

Data availability

All datasets used in this study are already published and were obtained from
public data repositories. The BMMC dataset is available at NCBI Gene
Expression Omnibus (GEO) with the accession number GSE194122"
[https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE194122].  The
PBMC dataset is available at NCBI Gene Expression Omnibus (GEO) with
the accession number GSE129785 [https://www.ncbi.nlm.nih.gov/geo/
query/acc.cgi?acc=GSE129785]. The Pan-cancer dataset is available from
GSE154763 and GSE156728"** [https://www.ncbi.nlm.nih.gov/geo/query/
acc.cgitacc=GSE154763,https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?
acc=GSE156728]. The DLPFC dataset is available in the OpenNeuro
database under accession code ds002076™ [https://openneuro.org/datasets/
ds002076/versions/1.0.1]. The 10x-Multiome dataset is available at https://
support.10xgenomics.com/single-cell-multiome-atac-gex/datasets/1.0.0/
pbmc_granulocyte_sorted_10k. The Chen-2019 dataset is available at NCBI
Gene Expression Omnibus (GEO) with the accession number GSE126074"
[https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE126074]. ~ The
Ma-2020 dataset is available at GEO with the accession number
GSE140203 [https://www.ncbinlm.nih.gov/geo/query/acc.cgitacc=
GSE140203]. The Muto-2021 dataset is available at GEO with the acces-
sion number GSE151302% [https://www.ncbi.nlm.nih.gov/geo/query/acc.
cgi?acc=GSE151302]. The Human 15 organs dataset is collected from GEO
with the accession number GSE156793* [https://www.ncbi.nlm.nih.gov/
geo/query/acc.cgi?acc=GSE156793] and GEO with the accession number
GSE149683* [https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=
GSE149683]. Source data are provided with this paper.

Code availability
The code of this study is available at https:/github.com/shapsider/
cellannotationand https://doi.org/10.5281/zenodo.13970294".
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