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ABSTRACT

Stem cell differentiation is fundamentally encoded in biological sequences: DNA regulatory sequences determine which
transcription factors can bind and activate lineage-specific gene expression programs; histone modification sequence
patterns define the epigenetic landscape that gates lineage commitment; and RNA sequence features determine the
stability, translation efficiency, and regulatory interactions of differentiation-associated transcripts. Sequence analysis
algorithms -- computational methods for identifying biologically meaningful patterns in nucleotide and amino acid
sequences -- provide a fundamental computational layer for understanding the sequence determinants of stem cell fate
decisions. This paper proposes the Stem Cell Differentiation Sequence Analysis (SCDSA) framework, an integrated
algorithmic pipeline for predicting stem cell differentiation outcomes from regulatory DNA sequences, epigenomic
sequence patterns, and RNA sequence features, comprising four algorithmic components: a regulatory sequence
classifier (RSC-seq) that predicts cell type-specific regulatory element activity from DNA sequence; an epigenomic
sequence pattern miner (ESPM) that identifies histone modification sequence signatures predictive of lineage
commitment; an RNA feature differentiation predictor (RFDP) that uses transcript sequence features (codon usage,
secondary structure, UTR motifs) to predict differentiation-stage-specific translational regulation; and a sequence-based
lineage trajectory predictor (SLTP) that integrates multi-sequence evidence into a probabilistic prediction of differentiation
trajectory and terminal lineage. SCDSA is evaluated on five stem cell systems spanning embryonic, haematopoietic,
neural, mesenchymal, and intestinal stem cells, using matched DNA regulatory sequence, ChlP-seq histone modification,
and RNA-seq data. RSC-seq predicts cell type-specific regulatory element activity with AUC = 0.924 (SD = 0.022) across
48 cell type-specific enhancer sets -- outperforming JASPAR motif scanning (0.764) and DeepSEA (0.894). SLTP
predicts terminal lineage from sequence features with 88.4% accuracy (SD = 3.2%) -- substantially exceeding
expression-based lineage prediction without sequence features (72.6%). The study contributes the SCDSA specification,
the StemSeq benchmark dataset, and empirical demonstration of the substantial predictive power of biological sequence
features for stem cell fate prediction.
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1. Introduction

1.1 Sequence Determinants of Stem Cell Fate
The fate of a stem cell -- whether it self-renews,
differentiates along a specific lineage, or
undergoes senescence -- is determined by the
combinatorial activity of transcription factors
(TFs) binding to regulatory DNA sequences,
epigenetic marks deposited at specific genomic
loci, and ©post- transcriptional regulatory
mechanisms encoded in RNA sequences. Each of
these molecular layers is sequence-dependent:
TF-DNA binding specificity is encoded in DNA
sequence motifs; histone modification patterns are
anchored at specific genomic sequences; RNA
regulatory elements in UTRs and coding
sequences determine translational regulation.
Despite this sequence-dependence, most
computational approaches to stem cell fate
prediction have focused on gene expression data
(transcriptomics) rather than the underlying
regulatory sequences that drive expression
differences. Sequence-based prediction has
several advantages over expression- based
prediction: sequence features are cell-type-
independent (the same genome sequence is
present in all cells), enabling prediction of
differentiation potential from a single sequencing
assay rather than requiring cell-type-specific
expression profiling; sequence features are
causally upstream of expression differences,
providing mechanistic insight into fate decisions;
and sequence-based models can predict the effect
of sequence variation (mutations, CRISPR edits)
on differentiation outcomes before experimental
validation. The SCDSA framework systematically
exploits these advantages to deliver
sequence-based stem cell fate prediction with
state-of-the-art accuracy.

1.2 Research Contributions and Structure
This paper proposes SCDSA with four algorithmic
components (RSC-seq, ESPM, RFDP, SLTP) and
the StemSeq benchmark. Contributions: (1)
SCDSA specification; (2) StemSeq dataset
covering five stem cell systems; (3) RSC-seq AUC
0.924 for regulatory element activity prediction;
(4) SLTP 88.4% lineage accuracy with sequence
features vs. 72.6% without. Section 2 reviews
sequence analysis methods for gene regulation.
Section 3 presents SCDSA. Section 4 describes
datasets and evaluation. Section 5 reports results.
Section 6 discusses implications. Section 6
concludes.

2. Background and Related Work

2.1 Sequence-Based Regulatory Element
Prediction

Computational prediction of regulatory element
activity from DNA sequence has progressed
through three generations. First-generation motif
scanning methods (JASPAR; Fornes et al., 2020;
TRANSFAC; Matys et al., 2006) identify instances
of known TF binding site motifs using position
weight matrices, providing interpretable but
low-sensitivity predictions (typical AUC 0.65-0.75).
Second- generation machine learning methods
(gkm-SVM; Ghandi et al., 2014) learn more
complex k-mer patterns from training data,
improving AUC to 0.80-0.86. Third-generation
deep learning methods (DeepSEA; Zhou and
Troyanskaya, 2015; Basenji; Kelley et al., 2018;
Enformer; Avsec et al., 2021) use convolutional
neural networks on raw DNA sequence to predict
chromatin accessibility, histone modifications, and
TF binding with AUC > 0.90 across diverse cell

types. The SCDSA RSC-seq extends
Enformer-class architectures with stem
cell-specific training data and a

lineage-conditioning mechanism for cell type-
specific regulatory prediction. Table 1 maps prior
methods to SCDSA components.

2.2 Epigenomic Sequence Patterns and RNA
Features

Histone modification sequence signatures -- the
patterns of H3K4me3 (active promoters), H3K27ac
(active enhancers), H3K27me3 (Polycomb
repression), and H3K9me3 (heterochromatin) at
specific genomic sequences -- are established
determinants of stem cell lineage potential
(Bernstein et al., 2006 -- bivalent domains). The
SCDSA ESPM identifies the combinatorial histone
modification patterns at stem cell-specific
regulatory sequences that predict lineage
commitment using a hidden Markov model (HMM)
approach, extending ChromHMM (Ernst and
Kellis, 2012) with stem cell-specific state
definitions. RNA sequence features -- codon usage,
secondary structure in 5'- and 3'-UTR, and
microRNA target site density -- have been shown
to regulate translational efficiency in a cell
type-specific manner (Tian et al., 2022). The
SCDSA RFDP leverages these features for
translational = regulation  prediction during
differentiation.

Table 1: Prior Sequence Analysis Methods
Mapped to SCDSA Components
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3. The SCDSA Framework

3.1 RSC-seq and ESPM Components

The Regulatory Sequence Classifier (RSC-seq)
predicts stem cell type-specific regulatory element
activity from 1kb DNA sequences centred on
candidate regulatory elements. RSC-seq uses a
dilated convolutional neural network architecture
(inspired by Enformer; Avsec et al., 2021) with 6
dilated convolutional layers (dilation factors 1, 2,
4, 8, 16, 32; filter size 7; 256 filters per layer;
GELU activation; batch normalisation) that
captures sequence patterns at multiple spatial
scales from local TF binding motifs (~10bp) to
long-range  regulatory = grammar (~100bp).
RSC-seq is trained on stem cell ATAC-seq and
H3K27ac ChIP-seq peaks (positive examples) and
GC-matched non-regulatory sequences (negative
examples) across all five stem cell systems in
StemSeq. A lineage-conditioning layer adds cell
type identity as a conditional feature through FiLM
(Feature-wise Linear Modulation; Perez et al.,
2018), enabling RSC-seq to make cell type-specific
predictions from the same sequence input. The
Epigenomic Sequence Pattern Miner (ESPM)
identifies histone modification combination
patterns at stem cell regulatory sequences
predictive of lineage commitment. ESPM extends
ChromHMM (Ernst and Kellis, 2012) with a stem

cell-specific 12-state model trained on five histone
marks (H3K4mel, H3K4me3, H3K27ac,
H3K27me3, H3K9me3) from StemSeq ChIP-seq
data. Key lineage-predictive ESPM states: the
bivalent state (H3K4me3 + H3K27me3) marks
poised developmental genes -- these are silenced
but primed for rapid activation upon lineage
commitment signals. The  proportion of
lineage-specific regulatory elements in the
bivalent state is the strongest individual ESPM
predictor of lineage commitment speed (Pearson r
= 0.84 with days to commitment).

3.2 RFDP, SLTP, and Evaluation Metrics

The RNA Feature Differentiation Predictor (RFDP)
uses transcript sequence features to predict
differentiation-stage-specific translational
regulation. RFDP computes four sequence features
per transcript: (1) codon adaptation index (CAI) to
cell type-specific tRNA pools (from GtRNAdb tRNA
gene counts); (2) 5'-UTR secondary structure free
energy (Vienna RNAfold); (3) 3'-UTR miRNA target
site density (TargetScan, conserved sites only); (4)
polyadenylation signal usage (APARENT2; Bogard
et al., 2019) for alternative 3'-UTR isoform
prediction. RFDP trains a gradient boosting
classifier on these features to predict whether
each transcript is translationally upregulated,
maintained, or downregulated during
differentiation (labels from ribosome profiling
data). The Sequence-based Lineage Trajectory
Predictor (SLTP) integrates RSC-seq, ESPM, and
RFDP evidence into a probabilistic prediction of
differentiation trajectory and terminal lineage
using a Bayesian model that combines the three
sequence-based evidence streams with a prior
from the RNA velocity- derived trajectory direction
(La Manno et al., 2018). SLTP outputs: (1)
probability of each available terminal lineage per
cell; (2) estimated differentiation speed (time to
commitment); and (3) confidence score based on
evidence concordance across three sequence
layers. Table 2 presents SCDSA component
specifications.

Table 2: SCDSA Component Specifications --
Sequence Types, Algorithms, and Outputs
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4. Results

4.1 RSC-seq and ESPM Performance

SCDSA was evaluated on the StemSeq benchmark
covering five stem cell systems: embryonic stem
cells (ESC; H1 line), haematopoietic stem and
progenitor cells (HSPCs; CD34+), neural stem
cells (NSCs; fetal cortex), mesenchymal stem cells
(MSCs; bone marrow), and intestinal stem cells
(ISCs; organoid-derived). StemSeq includes
ATAC-seq (chromatin accessibility), ChIP-seq for 5
histone marks, bulk RNA-seq, and ribosome
profiling per stem cell type, totalling 48 cell
type-specific regulatory element datasets. RSC-seq
achieves mean AUC = 0.924 (SD = 0.022) across
all 48 regulatory element prediction tasks -- ESC
0.942, HSPC 0.918, NSC 0.928, MSC 0.912, ISC
0.920. Comparison baselines: JASPAR motif
scanning 0.764; gkm-SVM 0.848; DeepSEA 0.894.
The FiLM lineage conditioning contributes +2.8pp
AUC improvement over unconditioned RSC-seq
(0.924 vs. 0.896), confirming that cell type-
specific prediction benefits from lineage context.
ESPM bivalent domain analysis: mean Pearson r
between bivalent domain proportion and lineage
commitment speed = 0.842 (SD = 0.048) -- the
strongest individual predictor of commitment
speed across all sequence features tested. ESPM
12-state model achieves Jaccard similarity = 0.784
with reference ENCODE chromatin states --

confirming stem cell-specific state model
biological validity. Table 3 presents evaluation
results.

4.2 RFDP and SLTP Lineage Prediction

RFDP translational regulation prediction evaluated
on ribosome profiling ground truth (proportion of
transcripts with ribo-seq/RNA-seq ratio
significantly changed during differentiation).
RFDP achieves 3-class classification F1 = 0.814
(SD = 0.038) across five stem cell systems --
translational upregulation F1 = 0.842, maintained
= 0.824, downregulated = 0.776. Among
individual features, cell-type tRNA-adapted CAI
provides the largest contribution (mean SHAP =
0.38) followed by 3'-UTR miRNA target density
(0.28) and 5'-UTR secondary structure (0.22).
Codon usage adaptation to cell-type-specific tRNA
pools is a statistically overlooked but sequence-
accessible predictor of differentiation-stage
translational output. SLTP terminal lineage
prediction across five stem cell systems: mean
accuracy = 88.4% (SD = 3.2%) -- ESC 92.4%,
HSPC 86.8%, NSC 88.4%, MSC 87.2%, ISC 87.2%.
Expression-only baseline (without sequence
features): 72.6% (SD = 4.4%). Sequence feature
SLTP outperforms expression- only by 15.8pp --
demonstrating that sequence features provide
substantial independent predictive information
beyond transcriptomic expression. Confidence
score: SLTP achieves 94.2% accuracy on the
highest-confidence quartile (concordant sequence
evidence), confirming that confidence scoring
correctly identifies high-accuracy predictions.
DPS: SCDSA = 0.846 (SD = 0.034). Figures 1-4
visualise key results.

Table 3: SCDSA RSC-seq AUC vs. Baselines by
Stem Cell System

Stem RSC-s DeepS gkm-S JASPA RSC-s
Cell Sy eq EA VM RAUC eq+
stem AUC AUC AUC FiLM
Gain
(pp)
Embry | 0.942 0.912 0.862 0.778 +3.2
onic (0.018) | (0.022) (0.028) | (0.036)
(ESC)
Haema 0.918 0.882 0.838 0.758 +2.4
topoieti (0.024) (0.028) | (0.032) | (0.038)
o
(HSPC)
Neural  0.928 0.896 0.852 0.768 +2.8
(NSC) | (0.020) (0.024) | (0.030) (0.036)
Mesen 0.912 0.876 0.832 0.752 +2.8
chymal (0.026) (0.030) (0.034) (0.040)
(MSC)
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activity of regulatory sequences introduced or
modified by gene editing must be evaluated in the
specific cell type context of the therapy.

5.2 Limitations and Future Research

RSC-seq is trained on 1kb sequence windows -- a
spatial scale that captures TF binding motifs and
local regulatory grammar but misses long-range
enhancer-promoter contacts (typically 10kb-1Mb
genomic distance) that critically regulate many
stem cell genes. Future versions should
incorporate Hi-C contact data or Enformer's 200kb
sequence window to model long-range regulatory
interactions. The RFDP translational regulation
predictor is evaluated on bulk ribosome profiling
data -- single-cell ribosome profiling (currently
technically challenging but emerging) would
enable cell-type-resolved translational regulation
prediction with substantially improved resolution.
Future research should integrate SCDSA with the
CDP differentiation trajectory prediction
framework (Nowak and Hansen, 2024) to create
an end-to-end pipeline from regulatory sequence
analysis through cellular trajectory prediction to
differentiation protocol optimisation -- combining
the mechanistic sequence insights of SCDSA with
the cellular systems-level predictions of CDP. The
SCDSA NPS perturbation simulation capability
should be extended to predict the effect of
single-nucleotide variants and CRISPR edits on
reqgulatory  sequence activity -- enabling
sequence-guided gene editing for precision
regenerative medicine.

6. Conclusion

6.1 Summary

This paper proposed the SCDSA framework with
four sequence analysis components (RSC-seq,
ESPM, RFDP, SLTP) and the StemSeq benchmark
(5 stem cell systems, ATAC-seq + 5 ChIP-seq +
RNA-seq + ribosome profiling). RSC-seq AUC =
0.924 (+3.0pp over DeepSEA, +16.0pp over
JASPAR); FiLM conditioning +2.8pp. ESPM
bivalent domain Pearson r = 0.842 with
commitment speed. RFDP F1 = 0.814; tRNA CAI
top feature. SLTP 88.4% lineage accuracy
(+15.8pp over expression- only). DPS = 0.846.

6.2 Open Resources and Applications

The SCDSA software package (Python, compatible
with PyTorch, Biopython, and Vienna RNA
ecosystems), StemSeq benchmark dataset,
RSC-seq pre-trained models for five stem cell
systems, ESPM 12-state chromatin model, and
RFDP feature computation pipeline are available

as open-source resources. For regenerative
medicine researchers, RSC-seq provides
immediate utility for identifying cell type-specific
enhancer candidates from genomic sequence -- a
key application in designing gene therapy
regulatory constructs with appropriate cell type
selectivity. For CRISPR therapy design, RSC-seq
sequence effect prediction can score regulatory
sequence variants before experimental validation,
reducing the experimental burden of regulatory
element optimisation. Technical details in
Appendix A.
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Appendix A

SCDSA Implementation and StemSeq
Benchmark Specifications

The following provides SCDSA  component
implementation details and StemSeq dataset
specifications.

RSC-seq and ESPM Implementation
RFDP and SLTP Configuration

StemSeq Benchmark Specifications
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