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Abstract 43 

Simultaneous measurement of chromatin, transcriptomic, and proteomic features in single 44 
cells opens new avenues for modeling interactions between molecular layers during dynamic 45 
biological processes. Predicting one modality from another - such as inferring gene expression 46 
from chromatin profiles or protein abundance from RNA - has the potential to reveal regulatory 47 
relationships and enhance downstream analyses. However, conventional approaches for 48 
predicting gene regulation have largely failed and method development in modality prediction 49 
for regulatory inference has been limited. 50 
 51 
To explore effective modeling strategies and stimulate innovation, we generated a purpose-52 
built longitudinal multimodal benchmarking dataset that captures early hematopoietic 53 
differentiation and organized the largest single-cell data competition to date, receiving over 54 
27,000 submissions from 1,602 competitors worldwide. In our extensive analysis of the 55 
competition results, we demonstrated that top-performing approaches outperform state-of-the-56 
art methods, and uncover how best-performing models captured biologically meaningful 57 
regulatory relationships between modalities. With ablation studies of the winning models, we 58 
identified feature-engineering strategies, model architectures and cross-validation schemes 59 
that are crucial for outstanding performance, and provide simplified, reproducible, light-weight 60 
code for state-of-the-art models. Together, the benchmark and analyses serve as an 61 
evaluation standard and guide future method development, including recently emerging 62 
foundation models, to advance our understanding of regulatory interactions in longitudinal, 63 
multimodal single-cell data.  64 
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Main 65 

Single-cell multiomics technologies have emerged as powerful tools to unravel the complexity 66 
of cellular processes. They allow simultaneous measurement of multiple molecular modalities 67 
such as DNA accessibility, RNA expression, and protein levels in individual cells. 68 
Technologies, such as 10x Multiome1 and CITE-seq2, are being used extensively to generate 69 
novel datasets3–5. These paired measurements in a large number of cells enable in-depth 70 
characterization of cell states or inference of gene regulatory mechanisms6. Regulatory 71 
network inference algorithms predict the expression of one gene from all other genes7,8 and 72 
simple models such as GRNBoost2 have recently been shown to outperform more complex 73 
methods9. However, current regulatory network inference methods show limited 74 
generalizability across conditions and network completeness9,10, underscoring the need for 75 
novel approaches to improve applicability. A promising, but underexplored direction is to 76 
reframe the problem as a cross-modality prediction task by predicting gene expression from 77 
chromatin accessibility or surface protein expression from gene expression data. For accurate, 78 
generalizable cross-modality prediction a model should learn the biological regulatory 79 
processes and identify important features for cross-modality prediction in specific cell states.  80 
 81 
Several methods have been developed to achieve cross-modality prediction. MultiVI11, 82 
scButterfly12 and BABEL13 are specifically designed to predict gene expression from chromatin 83 
accessibility, while totalVI14, scPENN15 and cTP-net16 predict surface protein levels from gene 84 
expression. Other frameworks such as Seurat17, scVAEIT18, scArches19 and GLUE20 embed 85 
any multi-modal data and can infer missing modalities. Furthermore, we, the Open Problems 86 
in Single-cell Analysis project (www.openproblems.bio)21, hosted our first multimodal single-87 
cell data competition in 2021, where participants were asked to predict modalities in a bone 88 
marrow dataset. Remarkably, the top performing solutions of the teams Guanlab22 and LS-89 
Lab23 were recently shown to perform on par or outperform other methods in an independent 90 
benchmark24, highlighting the ability of competitions to provide new state-of-the art solutions. 91 
However, existing modality prediction benchmarks do not cover the temporal variation in 92 
biological regulation. Regulatory interactions between modalities are rarely static, frequently 93 
changing during cellular development or upon perturbation. Consequently, models trained 94 
exclusively at single time points may capture local cell state transitions, but fail to capture 95 
global distribution shifts during biological processes such as cell differentiation or disease 96 
progression and cannot reliably extrapolate future biological states25,26. 97 
 98 
To address these challenges, we generated the largest longitudinal single-cell dataset 99 
capturing chromatin accessibility, RNA, and surface protein expression and organized a 100 
Kaggle competition that attracted 1,600 participants with various backgrounds. They were 101 
challenged to solve two tasks of predicting RNA levels from open-chromatin regions (Multiome 102 
task) and surface proteins from RNA levels (CITE-seq task). Our competition set-up followed 103 
the Common Task Framework27, which has proven to be successful in a wide range of 104 
machine learning tasks. It consists of a publicly available training data set, a private test data 105 
set only released after the end of the competition and a predefined evaluation metric used for 106 
the ranking of solutions. The longitudinal nature of the dataset provided us a natural test set 107 
drawn from a distinct distribution of gene-gene relationships. Methods were provided early 108 
time points for training, and evaluated at a later, unseen time point using Pearson’s R as an 109 
evaluation metric. 110 
 111 
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Here, we describe the outcome of the competition and the results of a comprehensive follow-112 
up study that contextualizes results from a methodological and biological perspective. We 113 
identify successful modeling approaches and perform an extensive ablation study of the top 114 
performing methods to identify the minimal set of decisions required for outstanding 115 
performance. We further examine validation strategies, which enable selecting robust and 116 
generalizable solutions. Furthermore, we evaluate how leveraging prior biological knowledge 117 
facilitates modality prediction, identify research gaps where it doesn’t, and demonstrate how 118 
top performing models learn regulatory interactions between modalities via feature importance 119 
analyses. We envision that this study will set standards for the evaluation of modality 120 
prediction methods, provide guidance to method developers, and ultimately impact our ability 121 
to infer regulatory interactions from single-cell multimodal data. 122 

Results 123 

Advancing Multimodal Time Series Modeling through an Open Problems 124 
Competition 125 

At the 35th Neural Information Processing Conference in November 2022, we organized the 126 
“Open Problems - Multimodal Single-Cell Integration” competition. The competition was 127 
hosted on Kaggle28. Participants were challenged to predict omics profiles across modalities 128 
in longitudinal single-cell data. This design was set up so that successful approaches would 129 
have to model covariation between modalities across biological contexts (time points). This 130 
encouraged methods to indirectly capture gene regulatory relationships. To provide a new 131 
training and evaluation dataset for this competition, we generated the largest longitudinal 132 
single-cell data set at the time capturing three modalities, which is still the largest of its kind to 133 
date (Supplementary table 3). It comprises over 280,000 CD34+ cells extracted from blood 134 
samples of 4 donors, differentiated in vitro for 10 days and sampled at 5 time points (Fig. 1a). 135 
Each sample was profiled jointly for snRNA-seq and chromatin accessibility (10X Multiome) 136 
as well as scRNA-seq and protein abundance (CITE-seq), resulting in two complementary 137 
datasets that measure 23,418 genes and 228,942 peaks in 161,868 cells and 22,085 genes 138 
and 134 proteins (or antibody-derived tags, ADTs) in 119,191 cells, respectively (Fig. 1b). To 139 
enable modeling of a longitudinal process, we selected hematopoiesis via in vitro 140 
differentiation as a model system, characterized by dynamic changes in cell type composition 141 
over time, including a decreasing proportion of hematopoietic stem cells and increasing 142 
proportions of progenitor cells for hematopoietic lineages (Fig. 1c, Supplementary Fig. 1).  143 
 144 
To model the flow of genetic information from DNA to RNA to protein, we asked participants 145 
to predict gene expression levels from DNA accessibility profiles (Multiome task) as well as 146 
surface protein levels from gene expression (CITE-seq task). Both tasks followed the Common 147 
Task Framework27. We evaluated submissions based on average Pearson’s R between 148 
predicted and true target modality within each cell (Fig. 1d). This way, we choose a metric 149 
invariant to the scale of predictions, learning from our previous competition at NeurIPS 202129. 150 
During the competition phase, submissions were assessed using a publicly available test split, 151 
which included one of the four donors across the training time points. The final score was 152 
determined using a private test split, which consisted of all four donors on a held-out later time 153 
point from the same experiment (Fig. 1a). While temporal modeling is not explicitly evaluated 154 
in this setup, models sensitive to time-resolved changes are expected to perform better due 155 
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to shifting cell type proportions and cellular states over time. To prevent information leakage 156 
between tasks, we evaluated predictions in the Multiome task at a later time point (day 10) 157 
than in the CITE-seq task (day 7). This ensured that the input modality in the private CITE-seq 158 
data did not closely resemble the target modality in the Multiome task. Additionally, we 159 
removed cell type labels from the private test split of the Multiome task (Fig. 1c) (see 160 
Methods). In summary, this competition was designed to foster the development of innovative 161 
methods for cross-modality prediction in longitudinal single-cell data while promoting models 162 
that learn underlying regulatory relationships across modalities. 163 
 164 

 165 
Figure 1: Competition setup, dataset and tasks. a, Schematic diagram of the dataset design and train-test splits. 166 
CD34+ cells were extracted from blood samples of 4 donors, plated and differentiated for 10 days. For both data 167 
modalities, a public train-test split was defined as one of the four donors across the first time points, while the 168 
private test set consisted of all four donors at day 7 for the CITE-seq data and day 10 for the Multiome data. 169 
Numbers in the diamonds indicate the number of donors in a set. b, Schematic diagram of the modalities profiled 170 
in each dataset. Two parallel datasets were measured via Multiome profiling measuring scATAC and snRNA, and 171 
CITE-seq profiling measuring scRNA and a panel of 134 surface proteins. c, UMAPs of the scRNA-seq and snRNA-172 
seq data from the Multiome and CITE-seq data, respectively, showing the differentiation from hematopoietic stem 173 
cells (HSC) to mast cell progenitors (MasP), megakaryocyte progenitors (MkP), neutrophil progenitors (NeuP), 174 
monocyte progenitors (MoP), erythrocyte progenitors (EryP) and B-cell progenitors (BP) over time. d, Schematic 175 
diagram of prediction tasks in the competition that represent the principal flow of information from DNA to RNA and 176 
proteins. Predictions were evaluated by Pearson’s R between the predicted and true target modality profile across 177 
all cells. ADT: antibody-derived tag. 178 

The competition accumulated know-how across disciplines and 179 
advanced state-of-the-art 180 

The competition, which ran on Kaggle from August to November 2022, saw over 27,000 181 
submissions from 1,602 competitors (Fig. 2a), making it the largest competition in single-cell 182 
data analysis at the time and to the date of writing this paper. A post-competition survey filled 183 
out by 30 participants revealed varying experience in single-cell data analysis and varying 184 
domain expertise (life science and other fields; Fig. 2a, Supplementary Fig. 2). During the 185 
competition, participants engaged in active discussion, with over 100 threads on the 186 
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competition discussion board30. Topics ranged from data preprocessing to model architecture 187 
and domain-specific interpretation. Several top-performing teams consisted of members 188 
combining expertise from machine learning and the life sciences. Furthermore, post-189 
competition community efforts, such as webinars and collaborative forums, indicated 190 
sustained interest in interdisciplinary exchange and further research development beyond the 191 
scope of the competition31,32. Thus, our competition supported the exchange of domain 192 
knowledge and a wider machine learning know-how. 193 
 194 
The final competition ranking was computed by averaging the Multiome and CITE-seq task 195 
performance. Competitors used a wide variability of approaches with different preprocessing 196 
of the data, modelling and validation decisions, often unconventional for scientific literature. 197 
One benefit of the Kaggle competition platform is that winners are required to provide code to 198 
reproduce their submissions. After the competition ended, we used these assets to re-evaluate 199 
submissions per modality (see Supplementary table 4 for ranks and Supplementary table 200 
5 for scores per modality) to investigate which submissions performed best for each task. We 201 
found that different competitors excelled in different tasks suggesting that prediction models 202 
are best developed for a specific modality (Fig. 2c). The overall competition winner Shuji 203 
Suzuki created the best model for the Multiome task (henceforth called model O1M1; overall 204 
rank 1, Multiome task rank 1), and the second place team by senkin13 and tmp outperformed 205 
other competitors in the CITE-seq task (model O2C1). As the competition was run with both a 206 
public and a private test set, we could validate the performance robustness of suggested 207 
solutions. Although some solutions had a different performance on the test sets, indicating 208 
possible overfitting to the public test set, leading solutions were overall robust. Among 12 209 
solutions that won a golden medal (the top 0.1% of all submissions), 7 kept similar 210 
performance for both public and private test sets. For example, the second rank solution 211 
moved from first to second place between public and private test set evaluations. Given that 212 
the private test set included all samples at an unseen time point and that the ground truth data 213 
for 1 donor from the public test was unknown to participants, this suggests good 214 
generalizability of the underlying model across time points and donors. 215 
 216 
To assess how significant the performance differences between methods are, we evaluated 217 
the robustness of the competition results to changes in test datasets, leveraging the availability 218 
of all the submissions on the Kaggle platform. Bootstrapping predicted values of the target 219 
modality showed that the top rank model for each task robustly performed better than the 220 
following ranks (Fig. 2d-e). However, when comparing the performance of worse performing 221 
models, the rank robustness becomes less pronounced, suggesting that only top performers 222 
were significantly better than other methods. We assessed how close the proposed models 223 
come to optimal performance by estimating a lower bound optimal prediction computed with 224 
full data leakage (see Methods). In the Multiome task, the top solutions did not reach the lower 225 
bound optimal prediction, suggesting substantial room for improvement in this task (Fig. 2d). 226 
In contrast, top performing solutions in the CITE-seq task outperformed the estimated lower 227 
bound optimal prediction (Fig. 2e). The predictions were uniformly good for all surface proteins 228 
in our data with the worst Pearson’s correlation score between true and predicted values being 229 
0.803 (Supplementary Fig. 8). These results suggest that top performing models can provide 230 
highly accurate imputation of surface proteins and capture complex regulatory relationships 231 
between RNA transcription and protein expression. 232 
 233 
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We next investigated whether top solutions in this competition could outperform approaches 234 
commonly used in multimodal single-cell data analysis and state-of-the-art modality prediction 235 
models (Fig. 2b). We reimplemented baseline models (gene activity scoring33–35, KNN 236 
regression) and current state-of-the-art approaches represented by the top models from our 237 
previous NeurIPS 2021 competition6. Baseline methods performed worse than more complex 238 
methods, especially for gene expression prediction from chromatin accessibility. Gene activity 239 
scoring and kNN regression reached Pearson’s R of 0.12 and 0.52 correspondingly for the 240 
Multiome task. The previous state-of-the-art method achieved a Pearson’s R of 0.56, but was 241 
surpassed by the top 2022 competition model (O1M1) which reached a Pearson’s R of 0.58. 242 
In the CITE-seq task, a baseline kNN regression reached R of 0.82. The top model from our 243 
2021 competition benchmarked at R = 0.83, but was surpassed by the best 2022 competition 244 
model (O2C1) which achieved R= 0.85 (Fig. 2b). Overall, the above evidence suggests that 245 
top performing models in our competition produce highly accurate predictions, especially in 246 
the CITE-seq task, and outperform the current state-of-the-art. 247 
 248 

 249 
Figure 2: Global participation and highly performant models for the Multiome and CITE-seq tasks. a, Map 250 
displaying the country of origin of competitors and a survey question results. It shows remarkable participation from 251 
all continents and across the skill sets. b, Benchmark of Baseline and state-of-the-art prediction models evaluated 252 
by Pearson’s R. Top solutions for each task outperform commonly used modality prediction models. c, Performance 253 
of top 100 solutions at the Multiome and CITE-seq task. Ranks of the leading 10 solutions according to the total 254 
score are additionally labeled with the corresponding numbers. This panel shows how the overall winning solution 255 
performed specifically well in the Multiome task while the second rank excelled in the CITE-Seq task. d-e, 256 
Robustness assessment of the ranking and overall performance. Boxplot displaying Pearson’s R values for 257 
bootstrapped predictions of the top 50 ranks for the Multiome and CITE-Seq task. The red dashed line represents 258 
the lower bound optimal prediction derived from a KNN regression for each cell on the private test data. For both 259 
tasks, the winning solution robustly shows superior performance. Overall, the CITE-Seq task was solved specifically 260 
well compared to the Multiome task with the top solution outperforming the lower bound optimal prediction. 261 
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Successful solutions use neural network models and extensive 262 
preprocessing of the data 263 

To investigate what distinguishes top performing solutions from less successful ones, we 264 
collected publicly available information about modeling approaches, validation strategies, and 265 
metadata usage from 15 source code submissions and 23 discussion threads shared on the 266 
Kaggle platform (Supplementary table 5). Survey results highlighted that neural network-267 
based approaches were particularly popular among top-performing competitors and that a 268 
large range of model complexities from 3-11 layers with 128 to 1024 dimensions per layer was 269 
explored. Furthermore, half of the responses indicated that cell type labels were used as part 270 
of preprocessing or predictions in the CITE-Seq task (Supplementary Fig. 2). The winner of 271 
the competition exclusively used neural networks (NN), while the rank 2 and 3 models 272 
combined Light Gradient-Boosting Machine (LGBM)36 and Catboost37 models with NNs. 273 
Almost all competitors combined outputs of different models in an “ensembling” strategy38. To 274 
aggregate model results, some competitors used simple averaging (e.g., rank 1 and 5), while 275 
others weighted different predictions (e.g., ranks 2-4) either using a linear model to learn 276 
weights that maximize the validation score or using weighting guided by intuition. The rank 2 277 
submission leveraged a more sophisticated approach to ensembling that included training a 278 
meta-model based on the predictions from other models.  279 
 280 
The winning solution (labelled O1M1) by Kaggle user “Shuji Suzuki” used a neural network 281 
architecture with extensive preprocessing of the input data. It incorporates a multi-head 282 
prediction structure and averages predictions from different heads of the model (Fig. 3a, see 283 
Supplementary information for a detailed description of all models and preprocessing 284 
strategies). This approach ranked 1st in solving the Multiome task (Fig. 2d) and achieved 2nd 285 
place in CITE-seq prediction (Fig. 2e). Unique features of this solution included the prediction 286 
of residuals for inverse truncated singular value decomposition (TSVD) in the  Multiome task, 287 
and using biological prior knowledge from the Reactome database39 to select genes related 288 
to target proteins for the CITE-seq task. 289 
 290 
The second-place team (O2C1) senkin13 and tmp combined inputs from multiple 291 
preprocessing methods that were fed into LGBM models and into 2 neural networks with 292 
different loss functions and slightly different architectures further aggregating results by a 293 
weighted average (Fig. 3c). This solution holds the first place on the public test evaluation, 294 
showing consistently good performance on both test sets, and particularly excelled in the 295 
CITE-seq task, outperforming all other approaches by a wide margin (Fig. 2e). Notable 296 
features of the second place approach are the use of multiple preprocessing approaches for 297 
the input data, including CLR transformation of RNA expression data, a custom normalization 298 
approach (combining mean expression scaling factors, a square root transformation, and z-299 
scoring per gene), selecting the most correlated genes for each target, and TSVD 300 
transformation (Supplementary Table 2). Datasets preprocessed in various ways were used 301 
to obtain predictions from gradient boosting models, and their outputs were used as an 302 
additional input to neural networks (see Supplementary for an extensive description). 303 
 304 
The third-place solution (henceforth: O3), by Kaggle user Makotu, relied heavily on 305 
ensembling numerous models and datasets. 20 models were trained for the CITE-seq task, 306 
including 18 neural networks and 2 Catboost models, and 26 neural networks were used to 307 
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obtain prediction in the Multiome task. The input datasets included SVD-transformed 308 
normalized and raw counts data, selected features with the high correlation to the targets, 309 
word2vec-transformed data40, cell type proportions and aggregated data per cluster or donor. 310 
Besides various preprocessing, a unique feature of this solution was an adversarial validation 311 
strategy used to locally evaluate the quality of the models (see the section below). 312 
 313 

 314 
Figure 3: Model architectures of top performers, ablation study and validation strategies analysis. a, 315 
Architecture of the best Multiome prediction model from place 1 solution (O1M1). Orange blocks are not important 316 
for model performance according to our ablation studies and can be removed without a significant reduction in 317 
Pearson’s R. Striped orange blocks can be simplified to keep a similar score. Light-blue blocks are crucial for model 318 
performance. x2 and x4 for encoder and decoder parts mean that identical blocks are repeated 2 and 4 times, 319 
respectively. b, Ablation study results for the model from a) showing score on the private test set for model variants. 320 
“/” in the model names should be read as “instead of”, followed by the value in the original model. The scale matches 321 
the spread of scores for top 49 models on Fig. 2d. The grey line marks the score of the second best model for this 322 
task. c, Architecture of the best performing CITE-seq model from place 2 solution (O2C1). The coloring scheme is 323 
identical to a).  d, Ablation study results for the model from c), presented as in b). The scale matches Fig. 2e. e, 324 
Cross-validation strategies visualization. Light green illustrates cells taken as a validation set to test the 325 
performance of different models. In the random validation strategy, a fixed proportion of cells is taken with an equal 326 
probability of every cell to appear in the validation set. In day- or donor-out strategies, all cells from a particular 327 
day, donor, or their combination are left out for testing. Adversarial validation requires training a classifier to predict 328 
if a cell comes from a training or testing set. The fixed number of cells from public training data with the highest 329 
predicted probability of coming from the test set are later used for the model validation. f, Validation strategies 330 
quality calculated as an agreement of model ranking by a score on a validation set and by score on the private test 331 
set. 332 
 333 
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Winning models can be simplified while preserving prediction quality 334 

To gain insights into best practices for predicting RNA from chromatin accessibility and surface 335 
protein abundance from RNA expression, we deeply investigated the 3 highest ranking 336 
solutions, using the code and solution descriptions published on the Kaggle platform. We 337 
performed ablation studies of the winning models to identify critical features of their modeling 338 
approaches. Specifically, we investigated the effects of preprocessing, loss functions, model 339 
architecture, model width and depth, activation functions, normalization techniques, and data 340 
preprocessing (Methods). We selected O1M1 and O2C1 models for their impressive 341 
performance on the Multiome and CITE-seq respectively, and O3 model for a good overall 342 
performance and an outstanding number of applied input data preprocessing methods. 343 
 344 
For the Multiome task, we ablated the M1 model to identify modeling components that are 345 
critical for preserving performance. We discovered that ablating most of the individual parts, 346 
including MSE loss for the residuals prediction from the second head, normalization layers, 347 
decoders’ first heads predicting SVD-compressed values of expression or second heads 348 
predicting the residuals of transcriptome restored from predicted SVD, and even leaving only 349 
1 instead of 5 decoder blocks kept the performance very similar to the original model (Fig. 350 
3b). Only the combination of ablations, namely leaving 1 of 5 decoder blocks, removing MSE 351 
loss for residual prediction, and the entire first head, resulted in dropping performance down 352 
to the level of the 8th, 5th, and 3rd place submissions for the Multiome task (Fig. 2d). These 353 
results show that the top-performing prediction model for the Multiome task can be significantly 354 
simplified while keeping outstanding performance. 355 
 356 
To identify critical model components for the CITE-seq task, we ablated the O2C1 and O3 357 
models, thus focusing on the best solution for this task, and on a less performant approach 358 
with rank 13 for the CITE-seq prediction. For the O2C1 model, which averaged predictions of 359 
2 neural networks (Fig. 3c), the aggregated prediction resulted in a better performance 360 
(Pearson correlation with the private test set Pc=0.8477) compared to single model predictions 361 
(Pc=0.8463 and Pc=0.8466 for MSE loss and cosine loss models respectively), while individual 362 
models had similar scores. We focused our ablation study only on the model trained with MSE 363 
loss because of its comparable simplicity. The least important parts were bidirectional GRU 364 
layer, dropout blocks and 3 consecutive fully connected layers as removing or simplifying them 365 
resulted in comparable or even slightly better prediction compared to the original MSE loss 366 
model. Elements crucial to model performance included the diverse preprocessing of input 367 
data and the predictions of the LGBM models used as additional input features to NNs. When 368 
LGBM predictions and raw counts-based data are not used, the model performance dropped 369 
to Pc=0.8436, making it worse than the top 100 solutions. These results indicate that using 370 
NNs to correct predictions of simpler models is a powerful approach, which is in line with the 371 
prediction strategy of the O1M1 model, which relies on correction of the data obtained with 372 
inverse SVD transformation. 373 
 374 
The O3 CITE-seq prediction was based on a complex ensemble of 20 models trained on 375 
different combinations of 27 variants of the data with diverse preprocessing (See 376 
Supplementary information) and was a perfect test case to evaluate the effect of ensembling. 377 
We tested the predictions of the ensemble with one or two models ablated, as well as the 378 
predictions of individual models on public and private test sets (Supplementary Figure 4). 379 
When a single model was used for prediction, private test scores were significantly lower than 380 

.CC-BY 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted February 25, 2026. ; https://doi.org/10.64898/2026.02.24.707614doi: bioRxiv preprint 

https://doi.org/10.64898/2026.02.24.707614
http://creativecommons.org/licenses/by/4.0/


 

in ensembles of 18, 19 or all 20 models, often pushing the submission out of the top 10. 381 
Interestingly, one of the best performing individual models used the simplest preprocessing 382 
approach containing 84 selected genes as well as 128 SVD components of log-normalized 383 
expression data excluding these 84 genes. The NN model trained on this simple dataset alone 384 
would have ranked 8 in the competition, indicating that complex preprocessing is not 385 
necessary for good performance. 386 
 387 
We additionally created ensembles of 4 models with the best private test scores and 4 models 388 
with the worst private test scores. While this would be an unrealistic scenario at the competition 389 
because the ground truth score was unknown, this experiment demonstrates an interesting 390 
effect. The average prediction of 4 worst individual models predicted the data better than most 391 
single-model predictions, and the ensemble of 4 best models received an even better score 392 
than when all 20 models were used. Thus, ensembling is a powerful strategy even when the 393 
individual models are not the best performers, but adding too many models in the ensemble 394 
can lead to a drop in prediction quality. 395 

Validation strategies have a major impact on prediction robustness 396 

The competition structure with public and private test sets forced competitors to create models 397 
that generalize to new samples and time points in an out-of-distribution scenario. Competitors 398 
evaluated and optimized for this generalization capability using different cross-validation 399 
approaches. Competitors labeled part of the training data as a validation set, trained different 400 
models on the rest of the data, tested performance on the validation sample, and submitted 401 
only the best-performing model (or more frequently, an ensemble of the best models) retrained 402 
on the whole dataset. This approach relies on the assumption that the validation score is 403 
monotonically related to the private test score. To determine the best practices for model 404 
development in our competition, we investigated the validation strategies used by competitors 405 
by systematically evaluating the effect of exchanging validation strategies for top performing 406 
models. 407 
 408 
The participants of the competition utilized several validation strategies. Following the known 409 
structure of the test sets, competitors often used the leave-day-out or leave-donor-out 410 
strategy, evaluating model quality on the data from a day or donor unseen during training or 411 
hiding both one day and one donor from a training set. This approach was particularly popular 412 
among the top positions of the leaderboard. Solutions at places 1, 5, 6, 7, and 8 all used 413 
validation split by day and donor; the solution that took the 2nd place leveraged validation on 414 
an unseen day, and the solution at place 4 was obtained using validation on an unseen donor. 415 
A female donor was often not included in a validation set because participants uncovered41 416 
that the donor in the private test set was male and assumed that validation on another sex 417 
would not be reliable42. While randomly splitting the data into 3 or 5 folds was a common 418 
validation strategy, no method in the top 15 used this approach for both tasks, suggesting that 419 
random validation has a worse ability to find generalizable models. The 3rd and 41st place 420 
solutions used a so-called “adversarial validation” technique43, where a classifier was trained 421 
on all available transcriptomics data to label each cell as belonging to the public train set or a 422 
private test set. Cells from the train data misclassified as belonging to the test set were used 423 
for validation. This strategy is designed to identify cells in the public train split that are closest 424 
to the private test set and enable robust local evaluation of models with known ground truth. 425 
We noted other approaches for validation as well but did not investigate them in detail as they 426 
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were associated with poorer performance. It is worth mentioning that the validation strategy is 427 
unknown for 11 of the top 25 solutions (all ranked between 9 and 25). 428 
 429 
To assess the effect of common validation strategies, we systematically compared the ranking 430 
of variants of top-performing models by performance on different validation sets. We 431 
conducted this analysis only on the CITE-seq prediction models as participants tended to use 432 
more complex validation strategies only for this task due to the reduced computational 433 
resource requirements. We trained 23 variants of the neural network models from the top 3 434 
participants, tweaking the width and depth of some models, activation functions, normalization 435 
approaches, and random seeds (see Methods). We tested 12 validation strategies: 3 random 436 
validation sets containing one-fifth, one-tenth, or one-tenth of cells in the training data, 2 leave-437 
day-out sets excluding days 2 and 4 (the first and last days in the training data), 2 leave-donor-438 
out sets with male donors (D2m and D3m), 4 combined leave-day-and-donor-out strategies, 439 
and an adversarial validation strategy containing 4000 cells from a train set that were 440 
misclassified by a LGBM model as test cells (Fig. 3e). Validation strategies were evaluated 441 
based on the similarity of the overall ranking of models to the ranking on the private test set 442 
used to score the competition. 443 
 444 
The best predictors of the private test performance were a score on the public test set 445 
(Spearman correlation coefficient ρ=0.944, Fig. 3f) and a validation score using the 446 
adversarial set (ρ=0.910), followed by validations on random one-fifth (ρ=0.896) and one-third 447 
(ρ=0.889) subsets of the data. Leaving day 4, or donor D3m, or the combination of both 448 
resulted in an intermediate validation strategy (ρ=0.867, ρ=0.850, ρ=0.879 correspondingly) 449 
while using the cells of donor D2m or coming from day 2 resulted in poor generalization of 450 
performance (ρ=0.583, ρ=0.716, correspondingly). The success of validation strategies may 451 
be explained by their transcriptional or compositional similarity to the private test set 452 
(Supplementary figure 3). However, similarity to the test set was not in general predictive of 453 
validation strategy performance. While the public test set showed the highest correlation with 454 
the final ranking, optimizing only this score could result in a poor generalization of performance 455 
as illustrated by the fall of the O2C1 solution with the 2nd place on public leaderboard to place 456 
133 on the private test set. Together, these results suggest that the adversarial approach is 457 
the most generalizable validation strategy. 458 

Incorporating biological priors does not consistently enhance model 459 
performance 460 

Including prior biological knowledge has been shown to be impactful to improve modeling 461 
performance in data-scarce settings44,45. Thus, we encouraged competitors to include 462 
additional datasets and prior knowledge to improve prediction accuracy. However, top-463 
performing solutions generally did not explore this approach. This leaves it unclear whether 464 
this lack of biological priors is due to their inability to improve model performance on this 465 
dataset or whether it was simply not tested. To determine whether biological priors could be 466 
used to improve model performance, we systematically evaluated the effectiveness of 467 
integrating prior biological knowledge using biologically driven feature engineering 468 
approaches with a simple baseline model using SVD-transformed input data on a 2-layer 469 
neural network (Methods). 470 
 471 

.CC-BY 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted February 25, 2026. ; https://doi.org/10.64898/2026.02.24.707614doi: bioRxiv preprint 

https://www.zotero.org/google-docs/?86fSdj
https://doi.org/10.64898/2026.02.24.707614
http://creativecommons.org/licenses/by/4.0/


 

In the CITE-seq task, we evaluated the inclusion of different protein-protein interaction (PPI) 472 
network-derived features hypothesising that they reflect gene regulatory interactions. Features 473 
were obtained by propagating the expression levels of interacting proteins for each target 474 
protein whose abundance was predicted using random walk with restart (Fig. 4a). We tested 475 
multiple network sources (STRING46 and HumanBase47 networks) and propagation depths 476 
ranging from zero (no propagation) to five hops. Across all network types and propagation 477 
depths, the addition of network-propagated features improved model performance only 478 
marginally (0.25%) from ρ=0.8407 (SVD baseline) to ρ=0.8428 (SVD & 0-5-hop combined) 479 
and performance was largely unaffected by the choice of network source (Supplementary 480 
Fig. 5). Models trained exclusively on network features performed worse than those including 481 
SVD components, indicating that information contained in the networks is already captured by 482 
the transcriptome-derived features. We tested different scales of network features by varying 483 
the number of hops in the network propagation from zero (0-hop; no propagation) to five 484 
propagation hops using a random walk kernel (Methods). 0-hop network features that use 485 
only expression levels of genes that match the target protein were the most performant feature 486 
that could be added (Fig. 4b). Including 0-hop features was indeed also a strategy used by 487 
multiple top performing competitors including the best performing CITE-Seq model. However, 488 
comparison with bootstrapped results from a similarly performing model (overall rank 49) 489 
showed that these differences lie within the range of sampling variation of the test set, 490 
indicating a small effect size of adding network-based features. 491 
 492 
In the Multiome task, we evaluated feature engineering approaches following three known 493 
mechanisms of gene regulation and combined these with SVD components (Fig. 4c). 494 
Specifically, we computed accessibility features in gene bodies and promoters (gene activity 495 
matrix, GAM), known enhancer-gene associations from multiple databases48–51 and genomic 496 
regions of known expression quantitative trait loci (eQTL), whereby higher accessibility is 497 
generally associated with increased gene expression. To compare the effect of different 498 
biology-informed features independent of the number of features available for each type, we 499 
reduced the set of target genes to 1115 genes for which all feature types were available. 500 
Surprisingly, we observed that adding biology-informed features decreased performance 501 
across feature types on the private test data substantially compared to only using SVD 502 
components (Fig. 4d). We investigated this decrease of performance by testing how well each 503 
feature set can represent cell types - a simplified task to evaluate the information content of 504 
the biologically informed features. Principal component regression analysis, which computes 505 
the variance associated with different covariates (Methods), showed that cell type differences 506 
were associated with three times less variance in the three prior knowledge-derived feature 507 
sets compared to SVD components (Supplementary Fig. 6a). Furthermore, we explored 508 
whether the correlation between regulatory features and their corresponding target genes 509 
changes during the differentiation process, which could explain decreased model performance 510 
at later time points in the private test set. We indeed identified shifts in the correlation structure 511 
even within the same cell types, suggesting that direct promoter-gene links become less 512 
predictive as differentiation progresses, possibly due to the increasing influence of post-513 
transcriptional regulation not captured by chromatin accessibility alone. This could further 514 
explain the insufficient performance of predicting gene expression at a later time point using 515 
prior knowledge derived features (Supplementary Fig. 6b). 516 
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 517 
Figure 4: Integration of prior biological knowledge and interpretability of feature attributions. a, Schematic 518 
drawing of the model to evaluate the integration of protein-protein interaction (PPI) network-derived features in the 519 
CITE-seq task. Network-derived features were combined with SVD components to predict surface proteins. b, 520 
Boxplot showing model performance with varying depth of network-propagated features added to SVD 521 
components. It shows that adding 0-hop (direct gene expression of target proteins) and the combined set of 522 
features can improve model performance. Above the bootstrapping results of a model with similar performance is 523 
shown indicating the scale of performance differences when adding network-derived features. c, Schematic 524 
drawing of the model to evaluate integration of prior biological information in the Multiome task. Accessibility of the 525 
gene body and promoter region (gene activity), known enhancer regions and known eQTLs were added to SVD 526 
components. d, Boxplot, displaying model performance of predicting gene expression from chromatin accessibility 527 
and bootstrapping results of a model with similar performance. In all cases, addition of prior-bio-derived features 528 
decreased model performance. 529 

Box 1: Best practices for cross modality prediction 530 

As a result of the deep investigation of the top 3 solutions, a survey of the competitors, and 531 
the ablation study, we formulate the following best practices for building a model for the 532 
prediction of RNA from chromatin accessibility data or surface proteins from RNA expression 533 
data: 534 

● Neural networks show a superior performance compared to tree-based and other 535 
classical machine learning models 536 

● Fully connected networks with 1-4 hidden layers perform the best on the current scale 537 
of the data 538 

● While complex activation functions, such as swish, may work better in certain models, 539 
ReLU activation often leads to a similar performance. We therefore recommend 540 
starting from the simplest approaches and then testing more complex modelling 541 
decisions. 542 

● Combining different preprocessing regimes of inputs helps to achieve better 543 
performance 544 

● Ensembling significantly improves prediction quality and robustness of the results 545 
● Feature selection, either data-driven or based on prior knowledge, significantly helps 546 

to achieve good predictions 547 
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● Initial prediction with simple models and training a NN model to correct them is a 548 
powerful approach 549 

● Models can learn regulatory interactions from the data directly, while effective use of 550 
PPI networks or known gene regulatory elements requires more sophisticated 551 
modeling strategies than were tested in the competition 552 

 553 

Top performing methods learn biologically relevant regulatory 554 
interactions 555 

Deriving biological relevance from top-performing models could offer significant insights into 556 
DNA-to-protein regulatory mechanisms. Specifically, within the context of the CITE-seq task 557 
(which showed overall better model performance), we assume that a model demonstrating 558 
high performance is likely to have captured generalizable RNA-to-protein regulatory 559 
relationships. Key predictive features fall into two categories: genes that covary with the target 560 
protein due to shared upstream regulation in the given biological context, or genes that 561 
regulate the target protein. In the diverse cellular profiles measured across cell types, 562 
timepoints, and donors, shared pathways (that indicate shared upstream regulation) are likely 563 
activated differently across conditions, making RNA-to-protein regulatory relationships more 564 
predictive. This regulation captured by important features for highly performant models is 565 
hypothesized to account for the imperfect correlation between RNA and protein levels52. 566 
Understanding and interpreting these models can therefore offer insights into the underlying 567 
mechanisms of protein regulation. 568 
 569 
To investigate this hypothesis, we conducted feature attribution analysis using SHAP53. The 570 
third-place model from Kaggle user Makotu was chosen for this analysis because it required 571 
relatively fewer preprocessing steps to revert to the original feature space (genes), ensuring 572 
direct interpretability when using feature attribution methods. Given that some models in 573 
Makotu's ensemble clearly outperformed others (Supplementary Figure 3), we focused on 574 
computing SHAP values for these dominant models. 575 
 576 
Overall, we find that genes with high feature importance in the rank 3 model relate to post-577 
transcriptional regulatory signals, confirming our hypothesis. As an example, we run gene set 578 
enrichment on the top 20 genes (Methods) which are most predictive of CD86 and find post-579 
transcriptional regulation pathways and regulators (Fig. 5, Supplementary Figure 7). C1QBP 580 
and EIF5A are the 7th and 9th ranked genes, respectively. Eukaryotic initiation factor 5a 581 
(EIF5A) promotes initiation of translation and elongation54. C1QBP, also known as p32, inhibits 582 
splicing factor 2 (SF2) within the nucleus. While C1QBP has been studied in mitochondria, 583 
little is known about the nuclear mechanism nor its relation to CD86 regulation, making C1QBP 584 
a promising target for further investigation55. To ensure that these genes are not just assessed 585 
as important for the model because their RNAs are highly correlated with the target protein, 586 
we also ranked the RNAs according to their Pearson correlation with the target protein. In 587 
contrast with SHAP value analysis that identified post-transcriptional regulators, the top 588 
correlated RNAs are enriched for an adaptive immunity response gene set (Fig. 5). We reason 589 
that this is because CD86 is an antigen presented by monocytes which contributes to adaptive 590 
immunity, and these RNAs are correlated because they act in shared pathways. Instead, by 591 
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looking at regulators obtained from feature attribution scores on a high-performing model, we 592 
can identify potential direct regulators of CD86 in hematopoiesis. Thus, top performing models 593 
in our competition learned meaningful regulatory interactions to enable accurate prediction of 594 
unseen cellular modalities in a new time point. 595 
 596 

 597 
 598 
Figure 5: CITE-seq model learns biologically relevant regulatory interactions. Shown are the most important 599 
features (highest SHAP values) in the rank 3 solution for predicting CD86 levels compared to highly correlated 600 
input features. While highly correlated features are associated with the biological function of CD86, the suggested 601 
model learned features associated with post-transcriptional regulation. 602 
 603 

Discussion 604 

We hosted the largest single-cell data science competition to date, asking over 1,600 605 
competitors to predict modality profiles in the direction of the central dogma of molecular 606 
biology: predicting RNA expression from ATAC data (Multiome task) and predicting surface 607 
protein levels from RNA (CITE-seq task). To power the competition, we generated the largest 608 
multimodal longitudinal single-cell datasets from human donors, specifically designed to 609 
empower the development of models generalizable to unseen time points and donors, and 610 
uncover regulatory mechanisms of hematopoiesis. In follow-up studies, this dataset may also 611 
serve as a valuable resource to investigate mechanisms of hematopoiesis with therapeutic 612 
relevance. Leveraging over 30,000 submissions, we improved upon existing state-of-the-art 613 
approaches for modality prediction, identified best practices for model building (see Box 1), 614 
and showed that top performing models learn meaningful regulatory patterns across omics 615 
modalities. 616 
 617 
Promoting method development via a competition on a single dataset comes with the risk of 618 
methods being overly tailored to the set challenge and lacking generalizability. While the 619 
solutions proposed during the competition were tuned for the specific dataset and evaluation 620 
metric, the competition’s train-test split was specifically designed to measure generalizability: 621 
predictions were evaluated across four biological replicates on an unseen time point. Indeed, 622 
our benchmark showed that the winning models for the Multiome and CITE-seq task had 623 
superior performance compared to the rank 1 solutions from our previous modality prediction 624 
competition at NeurIPS 2021. Top performing methods from the NeurIPS 2021 competition in 625 
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turn have recently been shown to perform on par with best performing state-of-the-art 626 
approaches in a recent independent benchmark based on a total of 36 datasets and 6 627 
evaluation metrics24, supporting the generalizability of our competition setup. Furthermore, we 628 
hypothesize that models that learn interpretable, biologically relevant features should be more 629 
generalizable to new contexts, as the underlying regulatory mechanisms they capture are 630 
likely to be invariant across conditions, including different time points. When assessing feature 631 
attribution scores in the CITE-seq task, we observed an enrichment of features associated 632 
with post-transcriptional regulation, which indicates that models learned biologically 633 
meaningful, and therefore generalizable, patterns in the data. 634 
 635 
Models in the CITE-seq task achieved particularly strong performance, reaching a Pearson 636 
correlation of 0.848 for the unseen time point and exceeding our estimated lower bound of 637 
optimal performance. Accurate predictions of surface proteins imply that in future CITE-seq 638 
experiments in well-characterized tissue types such as HPSCs might be replaced by prediction 639 
of protein levels from RNA expression data, unless cells are strongly perturbed relative to 640 
conditions captured in available training data. In the Multiome task, the highest Pearson 641 
correlation of 0.578 did not reach our lower bound estimate of optimal performance. This 642 
performance difference may be connected to the higher dimensionality of the Multiome data 643 
limiting both the number of hypotheses that competitors could test in a given time due to 644 
computational limitations and the set of tools that could scale to this number of features. 645 
Consequently, predicting RNA expression from chromatin state remains a challenging 646 
problem. Future improvements may require incorporating additional epigenetic features 647 
beyond chromatin accessibility, such as methylation and histone modifications. Regarding 648 
protein prediction, we anticipate that standard CITE-seq panels might become less central as 649 
novel technologies emerge that can capture the full proteome. Such advances will also enable 650 
the design of future competitions focused on predicting the entire proteome. 651 
 652 
Our competition enriched the single-cell field with wider machine learning expertise. 653 
Participants often used preprocessing techniques unconventional for single-cell data 654 
analysis56, such as dividing expression values by non-zero median or TSVD-based imputation. 655 
Another innovation was adversarial validation technique enabling selection of generalizable 656 
models and their hyperparameters based on the cells most similar to test data. Beyond 657 
competition setup, adversarial validation can be used when a target sample for prediction is 658 
known. With respect to model architectures, fully connected neural networks represented the 659 
vast majority of implemented model architectures suggesting that this is currently the best 660 
model class for modality prediction. Ensembling predictors is a common approach to improve 661 
generalizability in machine learning, however, with few exceptions57,58, it is not commonly used 662 
in single cell data science. Our competition results suggest that ensembles of models with 663 
varying input features or model architectures, can increase performance and robustness of 664 
the predictions while remaining interpretable as we showed in SHAP values analysis. 665 
Remarkably, in our ablation studies, we showed that top-performing models in both tasks 666 
could be simplified substantially, while maintaining rank 1 performance. We therefore provide 667 
lightweight yet powerful models to users, and understanding of crucial model components for 668 
method developers. 669 
 670 
Despite the more than 30,000 solutions submitted during the competition, two modeling 671 
directions remained underexplored in the competition and warrant further investigation: the 672 
incorporation of longitudinal information and the use of prior biological knowledge. Most 673 
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competitors, including the top performers, considered the longitudinal aspect of the data only 674 
in the validation scheme (and sometimes during data preprocessing), but not in the model 675 
itself. This implicitly assumes a static relationship between modalities across time points, 676 
ignoring known temporal dynamics. Perhaps a more successful approach would leverage 677 
trends of chromatin accessibility, mRNA and protein levels during differentiation trajectories, 678 
including time lags between modalities that have been observed and used to compute 679 
chromatin potential51 and multimodal velocities52. Additionally, cell type information was rarely 680 
used as direct model input, assuming that gene expression and protein translation 681 
mechanisms are not dependent on a cell type or that this information can be implicitly learned 682 
from the data. The former assumption is not true in a general scenario61,62, but might hold for 683 
our dataset coming from one tissue. Interestingly, prior biological information was rarely 684 
considered by competitors. Several databases exist that link biological features across 685 
modalities, for instance eQTLs or pQTLs to link genomic regions to gene expression levels or 686 
protein-protein interaction networks46–48,50,63, which could give prior information on co-687 
regulated proteins to inform predictions. We found that the inclusion of this information is not 688 
always straightforward and can even worsen model performance in our own efforts. Thus, 689 
either these resources are not generalizable to our specific tissue, effect sizes are too small, 690 
feature interactions are already sufficiently captured by the data, or modeling approaches for 691 
including biological prior information must be improved. Here, we see potential for advancing 692 
methods that include gene regulatory networks for the purpose of modality prediction. 693 
 694 
As competitions will continue to be a powerful strategy to facilitate method development, we 695 
reflected our set-up and gained knowledge for future competitions. While we learned from our 696 
previous competition that scale-invariant metrics such as Pearson’s R are important to fairly 697 
evaluate predictions on unseen batches23, our choice of metric still has room for improvement. 698 
Specifically, the sparsity and high dimensionality of the data led to quite small absolute 699 
differences in the evaluation metric, which could be improved by giving more weight to less 700 
sparse features in the target modality. 701 
 702 
Engaging a record number of 1,600 participants, our Open Problems in Single-cell Analysis 703 
competition has demonstrated the impact of encoding biologically relevant open single-cell 704 
challenges in a quantitative manner to engage researchers across domains. This model of 705 
promoting innovation has seen increasing focus in recent years, and we believe our 706 
competition can serve as a useful blueprint for future competitions across computational 707 
biology. We have advanced modality prediction methods while implicitly learning gene 708 
regulatory patterns in the process, exploring a new avenue for multimodal inference of gene 709 
regulation that relies on improving modality prediction models while using comparatively 710 
simple feature importance approaches. Our best practices for modality prediction, together 711 
with our unique longitudinal, multimodal dataset, will provide a foundation for future 712 
innovations, extending beyond modality prediction and inferring gene regulation to also enable 713 
method development in temporal modeling. Taken together, we envision that the insights from 714 
this competition will set standards and drive progress in modeling gene regulatory 715 
mechanisms via model interpretation, facilitating a deeper understanding of complex biological 716 
systems. 717 
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Methods 718 

Data Acquisition  719 

 720 
The dataset comprises single-cell multiomics data collected from mobilized peripheral CD34+ 721 
hematopoietic stem and progenitor cells (HSPCs) isolated from four healthy human donors. 722 
The cells were bought from AllCells and more information about the cells can be found under 723 
https://allcells.com/research-grade-tissue-products/mobilized-leukopak/. 724 
 725 
Measurements were taken at five time points over a ten-day period. During this time, cells 726 
were cultured with StemSpan SFEM media supplemented with CC100 and thrombopoietin 727 
(TPO) and incubated at 37ºC. Media was changed every 2-3 days. No additional media 728 
supplements were added to the cell culture conditions. 729 
 730 
From each culture plate at each sampling time point, cells were collected for measurement 731 
with two single-cell assays. The first is the 10x Chromium Single Cell Multiome ATAC + Gene 732 
Expression technology (Multiome) and the second is the 10x Genomics Single Cell Gene 733 
Expression with Feature Barcoding technology technology using the TotalSeq™-B Human 734 
Universal Cocktail, V1.0 (CITE-seq). 735 
 736 
Each assay technology measures two modalities. The Multiome kit measures chromatin 737 
accessibility (DNA) and gene expression (RNA), while the CITE-seq kit measures gene 738 
expression (RNA) and surface protein levels.  739 

Data Pre-Processing  740 

Multiome data 741 

snRNA 742 

Standard quality control (QC) metrics (total counts, number of detected genes, and percent 743 
mitochondrial RNA) were computed, and cells were filtered using thresholds optimized by visual 744 
inspection of diagnostic plots. The applied thresholds were: total UMIs between 3,100 and 40,000; 745 
at least 2,000 detected genes; and a mitochondrial RNA fraction of 20% or less. Genes expressed 746 
in fewer than 20 cells were removed. Counts were normalized per cell to 106 and log-transformed 747 
with log1p. Doublets were detected in the RNA modality with Scrublet (run per library,expected 748 
doublet rate was set to 10%) via the Scanpy interface64. Doublet scores were smoothed over the 749 
15-nearest neighbor graph, and cells with a smoothed doublet score of 0.1 or higher were 750 
removed. This threshold was selected after scanning values from 0.1 to 0.4 in increments of 751 
0.02 and visually inspecting results. 752 

scATAC 753 

Library quality was assessed via transcription start site (TSS) enrichment and fragment length 754 
distributions, after which cell-level filters were applied: total fragment counts between 1,000 755 
and 80,000; at least 750 features per cell; TSS enrichment of at least 0.8; and a nucleosome 756 
signal of 2.0 or less. Features present in fewer than 20 cells were removed. Accessibility was 757 
binarized, normalized using term frequency–inverse document frequency (TF–IDF) with a 758 
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scale factor of 10,000, and reduced in dimensionality via truncated singular value 759 
decomposition (LSI). 760 
 761 
After QC, only barcodes present in both modalities were retained for the final data sets. 762 

CITE-seq data 763 

scRNA 764 
The same QC metrics and plotting workflow were applied as for the Multiome RNA modality. 765 
The thresholds used were: total UMIs between 10,000 and 50,000; at least 2,000 detected 766 
genes; and a mitochondrial RNA fraction of 20% or less. Genes expressed in fewer than 20 767 
cells were excluded. Doublets were identified in the RNA modality as in the snRNA-seq 768 
modality in the Multiome data. 769 

Surface proteins 770 

Raw antibody-derived tag (ADT) counts were normalized using DSB-normalization65. Non-human 771 
isotype controls (mouse/rat IgG) and an empty-droplet log10-UMI range of 1.5–2.8 were used for 772 
background estimation. Detection was verified by comparing mean expression of human targets 773 
versus non-human controls. 774 

Only cells passing QC in both RNA and protein modalities were retained. 775 

Splits 776 

Following the usual structure of machine learning competitions, each data set is split into a 777 
training set, a private test set, and a public test set. For the training set, both model inputs and 778 
the correct predictions are released - allowing participants to train the model. For the private 779 
and public test set, only model inputs are released and participants have to make predictions 780 
on these. For the public test, participants can submit predictions prior to the end of the 781 
competition, and immediately see the result - allowing competitors to understand the 782 
performance of their model and other submitted solutions. 783 
 784 
The data splits are arranged as follows: The training set comprises samples only from donors 785 
1-3. The public test set contains samples only from donor 4. The private test set consists of 786 
samples from all donors 1-4 but from an unseen day. For the Multiome samples, the training 787 
set comprises samples only from days 2, 3, 4, and 7. The public test set contains samples 788 
only from days 2, 3, and 7. The private test set comprises data only from day 10. For the CITE-789 
seq samples, the training set and public test set consist of samples from days 2, 3, and 4. The 790 
private test set comprises samples only from day 7. There are no day 10 CITE-seq samples 791 
in any split. 792 

Evaluation metric 793 

The average Pearson’s R between predicted and true values within each cell was used as the 794 
evaluation metric. Due to the different number of observations (cells) of the test sets for each 795 
subtask, the performance in predicting surface proteins was weighted higher in the final score 796 
(about 0.743 to 0.256). To reduce computational resources needed for evaluation, cells were 797 
randomly subsampled to 16780 cells. 798 
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 799 

Evaluating robustness of ranking and lower bound optimal performance 800 

To assess the stability of competition rankings, we generated 300 bootstrap samples of the 801 
top 50 submissions by sampling predictions with replacement across cells and targets, 802 
recalculating the Pearson correlation for each. To estimate a lower bound on optimal predictive 803 
performance, we trained a k-nearest neighbors (kNN) regression model using the entire 804 
dataset, including the private test set. This model used k=100 and predicted each cell’s output 805 
by averaging the target values of its 100 nearest neighbors in PCA space, based on Euclidean 806 
distance. 807 

Evaluation of validation strategies 808 

We created 12 validation sets for the CITE-seq task using popular or well-performing 809 
approaches from the competition. For random validation sets, ⅓, ⅕ and 1/10 of the cells in 810 
training data was used, which corresponded to 20051, 12853 and 6749 cells. The same cells 811 
were used for validation of all models in our experiments. For testing day-out or donor-out 812 
strategies, we put all cells from the furthest time point or from a particular donor to a validation 813 
set. Validation set using all cells from the day 2 consisted of  21942 cells, for day 4 there were 814 
28145 cells, sets excluding donors D2m and D3m consisted of 24803 and 23986 cells 815 
correspondingly, and combined validation strategies excluding both one day and one donor 816 
used 38350, 38452, 42799, and 42620 cells for day-2-D2m, day-2-D3m, day-4-D2m and day-817 
4-D3m correspondingly. Finally, for evaluating adversarial validation strategy, we took the 818 
same 5997 cells that rank 3 competitor used in his solution. To obtain this validation set, the 819 
competitor trained a LGBM model to predict whether cells come from training or test set. Part 820 
of the transcriptomics dataset labeled “X_test_best_128” in the Supplementary table 6 was 821 
used as a model input. The LGBM model with parameters boosting='gbdt', 822 
max_depth=7, min_data_in_leaf=20 was trained with learning rate 0.05 to maximize 823 
area under ROC curve for classification of training and test data. Then for each donor in 824 
training data, 1999 cells with the highest predicted probability of belonging to the test set were 825 
selected as the validation set. Almost 80% of adversarial validation set consisted of cells from 826 
day 4 followed by cells from day 3 and with almost no cells from day 2. All 3 donors from the 827 
training data were evenly represented in this validation set.  828 
 829 
We compared 23 variants of CITE-seq models from top 3 competitors using these validation 830 
strategies (Supplementary Figure 3a). For rank 2 model, which averaged predictions of 2 831 
different neural networks (Fig. 3c), we evaluated performance of each of the networks. For 832 
rank 1 CITE-seq model, we tested original model with different random seeds (namely, 0, 1, 833 
2, 3, 42, 73, 666, and 1998), 1 and 3 decoder blocks instead of original 5 (see Supplementary 834 
for a detailed description of the model), ReLU activation instead of original GELU, 1024 835 
neurons in the fully connected layers of both encoder and decoder instead of 2048 in the 836 
original model, and a combination of ablations, consisting of reducing the number of neurons 837 
in fully-connected layers to 1024, number of decoding blocks to 3, and using ReLU activation 838 
in all layers. For rank 3 CITE-seq solution, which was based on a linear model on top of 839 
concatenated outputs of 3 fully connected neural networks with ReLU or Mish activation 840 
function and an extensive preprocessing of data, we simplified the model to a single neural 841 
network. We used neural networks with 1, 2 or 4 hidden layers with layer normalization and 842 

.CC-BY 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted February 25, 2026. ; https://doi.org/10.64898/2026.02.24.707614doi: bioRxiv preprint 

https://doi.org/10.64898/2026.02.24.707614
http://creativecommons.org/licenses/by/4.0/


 

ReLU activations. Hidden layers contained the following number of neurons (labels according 843 
to supplementary figure 3a): 128 for OneLayerPerceptron; 256 for OneLayerPerceptronV2; 844 
256 and 128 for ThreeLayersPerceptron; 256 for both hidden layers of 845 
ThreeLayersPerceptronV2; 256 and 3 layers of 128 neurons for FiveLayersPerceptron; 256, 846 
200, 180, and 128 for FiveLayersPerceptronV2. The final layer of all models was linear with 847 
140 neurons matching the number of surface proteins in the CITE-seq data. 848 
 849 
To calculate the quality of validation strategies, every model variant was trained on each 850 
training set and evaluated on the validation set. Similarly to a common approach at the 851 
competition, models were then retrained on the entire training data and used to predict values 852 
for the test sets. We used Spearman correlation coefficient to compare ranking of models by 853 
their validation score and by the ground truth private test score (Fig. 3f, supplementary figure 854 
3a). 855 

Ablation study of top-performing models 856 

We dissected the best approaches per task to understand what makes them successful. For 857 
the best Multiome prediction model from rank 1 competitor (Fig. 3a), we tested how simplifying 858 
the model, removing parts of the input data or ablating pre- and postprocessing steps affects 859 
the performance. On the model side, we tested removing MSE loss for predicted residuals; 860 
model without 1st or 2nd head; using ReLU activation function instead of GeLU in all layers; 861 
using batch normalization or no normalization instead of layer normalization; reducing the 862 
number of decoder blocks to 3 or 1; decreasing width of fully-connected layers from 2048 to 863 
1024; removing per-median division of input data or targets, and the combined ablations 864 
including removing the 1st head of the model and leaving only 1 decoder; removing 1st head 865 
and MSE loss in the 2nd head; removing 1st head, MSE loss in the 2nd head, and leaving 866 
only 1 decoder block. We then followed the original training procedure, obtained the prediction 867 
of gene expression and evaluated it with Pearson’s correlation to the ground truth on the 868 
private test set (Fig. 3b), following the structure of the competition. In total, we performed 14 869 
ablation experiments for the winning Multiome prediction model. 870 
 871 
For the top performing CITE-seq approach from the rank 2 competitor, we noticed that 872 
predictions of 2 underlying neural networks (Fig. 3c) have similar performance (Fig. 3d). 873 
Given a simpler architecture of the model using MSE-loss, we focused our ablation study on 874 
this model only. We tested changing Bidirectional GRU block to LSTM or to a simple linear 875 
layer or completely removing it; using dropout with fixed parameter or no dropout at all instead 876 
of Gaussian dropout; reducing width of fully connected layers to 1000 or to 500; reducing the 877 
number of fully connected layers from 3 to 2 or to 1; and changing Swish activation functions 878 
to ReLU. As the original solution used 8 differently pre-processed datasets, including LGBM 879 
predictions (Supplementary table 2), we tested how ablating these datasets changes the 880 
prediction quality. We one-by-one removed each of the 4 datasets using predictions of LGBM 881 
models; datasets using raw count data; datasets using CLR-transformed expression data 882 
(number 1 in the Supplementary table 2); raw data-based dataset enriched by selected 883 
features (number 4 in the Supplementary table 2); all LGBM predictions; and all LGBM and 884 
raw counts-based datasets (numbers 3-8 in the Supplementary table 2). Ablated models 885 
were trained in the same way as the original one. This included random splitting of the training 886 
data into 5 folds, training the model on 4 folds, selecting the best model parameters according 887 
to validation loss on the validation fold, using it to predict the test data, and averaging 888 
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prediction of 5 models. Predicted values were then compared with the ground truth on the 889 
private test set using Pearson’s correlation. In total, we performed 22 ablation experiments for 890 
the top-performing CITE-seq prediction model. 891 

Evaluating integration of prior biological knowledge 892 

Integration of prior biological knowledge in CITE-seq task 893 

To assess the impact of prior biological knowledge, we constructed input features by 894 
concatenating data-driven and biology-informed representations of gene expression. 895 

Data preprocessing and input features 896 
Raw gene expression matrices were normalized using SCTransform (v0.3.2), and each gene 897 
was standardized to zero mean and unit variance. Dimensionality was reduced via truncated 898 
singular value decomposition (SVD), using the top 128 left singular vectors multiplied by their 899 
corresponding singular values. Gene features were encoded for each of the 134 target 900 
proteins, corresponding encoding genes were identified using MyGeneInfo queries. 901 
Expression values of these genes were extracted from the normalized matrix and used directly 902 
as features. A mapping between protein names and Ensembl gene IDs is provided in 903 
Supplementary Table 7. Network-propagated features were derived for each encoded gene 904 
by propagating over gene interaction networks using random walk with restart (RWR). The 905 
propagation followed the recurrence: 906 
 907 

𝑋# = 𝑙𝑖𝑚
!→#

𝑋(!) = 𝑙𝑖𝑚
!→#

𝛽𝑋(&) + (1 − 𝛽)𝑃𝑋(!'() 908 

 909 
where 𝑋(&) is the normalized gene expression matrix, 𝛽 ∈ (0, 1) is the restart parameter that 910 
is set to 0.85 in our experiments, and 𝑃 is the column stochastic matrix derived from the gene 911 
interaction adjacency matrix. The propagation process is repeated until convergence, resulting 912 
in a smoothed gene expression matrix 𝑋#. We evaluated networks from STRING v11 913 
(coexpression, experimental, database, and text-mining evidence) and HumanBase (v2021) 914 
(generic and tissue-specific, including bone marrow and HSC-specific networks). Network 915 
propagation was performed for 0 to 5 hops, and features from each step were concatenated 916 
to the input feature set. 917 

Model architecture, training and evaluation 918 
The final input feature set was the concatenation of: (i) 128 SVD components, (ii) encoding 919 
gene expression, and (iii) network-propagated features. This was passed to a 2-layer 920 
multilayer perceptron (MLP) with 512 hidden units per layer, ReLU activation, and dropout of 921 
0.1. Models were trained using mean squared error (MSE) loss, the Adam optimizer (learning 922 
rate = 1e−3), and a batch size of 256 for 100 epochs. We evaluated models using batch-aware 923 
cross-validation, where each fold corresponded to a unique donor-day combination. Pearson 924 
correlation between predicted and observed protein abundance was computed for each target 925 
and averaged across targets and folds. Final performance was assessed on held-out public 926 
and private test sets by retraining on the full training data. 927 

.CC-BY 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted February 25, 2026. ; https://doi.org/10.64898/2026.02.24.707614doi: bioRxiv preprint 

https://doi.org/10.64898/2026.02.24.707614
http://creativecommons.org/licenses/by/4.0/


 

Integration of prior biological knowledge in Multiome task 928 

To test the utility of databases containing gene regulatory interactions, we combined SVD-929 
derived ATAC features with multiple biologically informed feature sets representing different 930 
regulatory mechanisms. 931 

Data preprocessing and input features 932 
Chromatin accessibility matrices were TF-IDF normalized and standardized. The top 512 933 
components from truncated SVD were used as baseline features. Accessibility scores for each 934 
gene were computed as the sum of peak counts within the gene body and upstream 2 kb 935 
region, using the default parameters from Seurat::CreateGeneActivityMatrix (v4.1.1). Only 936 
protein-coding genes were considered. To derive enhancer-gene associations, peak counts 937 
from annotated enhancer regions were aggregated per gene using enhancer-gene mappings 938 
from the following databases: scEnhancer48, SEdb66, ENdb67, SEanalysis68, and dbSUPER69. 939 
Only enhancer-gene pairs relevant to hematopoietic stem cells (HSCs) were retained. 940 
eQTL features were extracted by overlapping peaks with expression quantitative trait loci 941 
(eQTLs) from GTEx v8 (whole blood) and mapping them to target genes. Accessibility scores 942 
from these eQTL regions were aggregated per gene. Only lead eQTLs with FDR < 0.05 were 943 
considered. All biology-informed features were aggregated into gene-level matrices. To 944 
ensure fair comparison, only the intersection of genes with valid annotations across all feature 945 
types was used (n = 1,115). Feature matrices were concatenated with the corresponding SVD 946 
components. 947 

Model architecture, training and evaluation 948 
We trained 2-layer MLPs (512 units per layer, ReLU activation, dropout = 0.1) on the combined 949 
input. Models were optimized using Adam (learning rate = 1e−3), with MSE loss and batch 950 
size of 256 for 100 epochs. Seven-fold cross-validation was performed using a leave-donor or 951 
leave-day-out strategy. Final performance was assessed on held-out public and private test 952 
sets. We also computed principal component regression (PCR) scores to quantify the amount 953 
of biological variance captured by each feature set, using cell type, day, and donor as 954 
covariates as implemented by Luecken et al70. 955 
 956 

Computation and analysis of SHAP values 957 

Since SHAP was not initially designed for use with ensemble models, we made the 958 
assumption that SHAP feature attributions are additive with respect to the same input. That is, 959 
SHAP values computed using the same input in two different models in which the predictions 960 
are linearly added, can also be summed to derive the total importance. Briefly, we used SHAP 961 
to compute a feature importance for each of the 84 hand-selected features and the 300 SVD 962 
features. We then reverse transformed the feature importances of the SVD features to derive 963 
feature importances per RNA (Methods), and examined the results of the top ranking RNAs. 964 
 965 
Makotu’s ensemble contained 18 multi-layer perceptrons, with two models, numbered 16 and 966 
17 in Supplementary table 6, outperforming most models in the ensemble, despite simple 967 
data preprocessing. Thus, we decided to focus feature attribution experiment on these two 968 
models. SHAP was applied to both MLPs using the provided model weights. For background 969 
data in SHAP, we used the median RNA expression or the median value of the TruncatedSVD 970 
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feature. Model 16 incorporated 128 SVD features, while model 17 used 64. As standard, 971 
feature attributions were computed on the test set71 . To streamline computation, given the 972 
time-intensive nature of SHAP and to minimize cell type bias, we subsampled each cell type 973 
to 160 cells and trained KernelExplainer accordingly. SHAP values for each pair of input and 974 
output features for each data point in the test set were generated using 975 
KernelExplainer().shap_values, with the nsamples parameter set to 300. We then used the 976 
inverse_transform() function of TruncatedSVD to reverse the transformation of the SVD 977 
features to convert attributions from TruncatedSVD space back to the original 22,001 RNA 978 
expression space. The attributions of the hand-selected 84 genes were not modified. Final 979 
attributions values for all genes were taken by computing the mean attribution value between 980 
model 16 and 17. We deemed this to be an acceptable method of ensembling attribution 981 
scores between ensemble models as 94% of attributions between the two models had the 982 
same directionality (e.g. increasing the RNA expression value increased the attribution score 983 
in both models). Finally, genes were ranked by their mean attribution values across all test 984 
data points, as recommended by SHAP (beeswarm plot), for a single protein target at a time. 985 
 986 
Gene set enrichment was run using GO:BP72 and the gprofiler-official python package73, with 987 
all RNAs used as background. 988 

Donor label mapping 989 

For better readability, in the publication we changed the donor labels. They correspond to 990 
the labels in the data as follows: D1f – Donor 13176, D2m – Donor 31800, D3m – Donor 991 
32606, D4m – Donor 27678 (test). 992 

Data availability 993 

Processed data for this study is available on GEO at accession GSE305370. The 994 
corresponding FASTQ files are available on SRA under BioProject PRJNA1300406. 995 

Code availability 996 

The code is available at https://github.com/lueckenlab/OpenProblems2022Analysis. 997 
Reimplemented O2C1 model and preprocessing is available at 998 
https://github.com/lueckenlab/senkin-tmp-cite-pred. 999 
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