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Motivation: Computationally designed DNA sequence libraries are essential components of massively parallel reporter
assays (MPRAs), deep mutational scanning (DMS) experiments, and other multiplex assays of variant effect (MAVEs). They
are also increasingly used in silico to analyze genomic Al models. Designing these libraries, however, remains tedious and
error-prone due to the lack of purpose-built software.

Results: Here we describe PoolParty, a Python package that streamlines the design of complex oligo pools using a simple
but flexible API. In PoolParty, each library is represented by a computational graph that can be specified in just a few lines of
code. Over 50 built-in operations cover nucleotide- and codon-level mutagenesis, motif insertion, barcode generation, and
more. PoolParty automatically generates informative names for each sequence and provides “design cards” detailing how
each sequence was generated. Visualization methods let users quickly audit library content and inspect the underlying graph.
PoolParty thus transforms oligo pool design from a tedious task requiring custom functions and scripts into a structured,
transparent, and reproducible process.

Availability and implementation: PoolParty is freely available and can be installed using pip. It is compatible with Python >
3.10. Documentation is provided at https:/poolparty.readthedocs.io; source code is available at https://github.com/jbkinney/

poolparty-statetracker. A static release is archived at DOI 10.5281/zenodo.19445098.

Introduction

Designed libraries of DNA sequences (oligonucleotide pools)
have become essential tools in functional genomics. In massively
parallel reporter assays (MPRAs), complex libraries of DNA se-
quences are routinely used to measure the regulatory activities
of tens of thousands of candidate regulatory elements or their
variants in a single experiment [1-13]. In deep mutational scan-
ning (DMS) experiments, coding sequences that have been ei-
ther systematically or randomly mutagenized are commonly used
to map protein fitness landscapes [14-20]. Oligo pools can also
be used in high-throughput biochemical assays, such as mea-
surements of transcription factor specificity [21-27]. These are all
examples of multiplex assays of variant effect (MAVEs), a large
and expanding family of high-throughput methods that quantita-
tively link sequence to function at scale [28-30]. Designed se-
quence libraries are also used beyond the wet lab: they are in-
creasingly employed in silico to probe the behavior of genomic Al
models [31-35] and to augment genomic Al training data [36].

Computationally designing these libraries is straightforward in
principle, but in practice it is often tedious and prone to er-
ror. Typical applications require oligo pools comprising multi-
ple types of variant sequences. A DMS library, for example,
might combine exhaustive single-amino-acid substitutions, sam-
pled higher-order mutants, multiple copies of wild-type and con-
trol sequences, and barcodes—each generated by a different
procedure and subject to different coverage requirements. An
MPRA library might tile multiple transcription factor binding sites
across a regulatory element in all possible permutations and ori-
entations, then assign each variant multiple barcodes. Coordi-
nating this kind of combinatorial logic in a one-off script quickly
becomes unwieldy, and often produces errors that are hard to
catch.

Existing tools can help with parts of this process, but none pro-
vide a unified framework for library design. General-purpose se-
quence toolkits [37—39] can manipulate individual sequences but
have no notion of a variant library as a structured object. Con-
sequently, users must write custom scripts to handle the com-

binatorial logic themselves. Several assay-specific tools auto-
mate library design for particular experimental formats. For ex-
ample, VaLiAnT [40] generates exhaustive single-position variant
libraries for DMS and saturation genome editing, including single-
nucleotide substitutions, alanine scans, and in-frame deletions.
For MPRAs, MPRAnator [41] provides modules for motif place-
ment, SNP design, and negative control generation [see also 42].
However, each of these tools is tied to a specific assay type and
does not support combinatorial designs or mixed mutagenesis
strategies. While some annotate each variant with the specific
mutations it carries, none record the broader design parameters
governing how each sequence was generated—parameters that
can serve directly as covariates in downstream analyses.

Here we present PoolParty, a Python package that enables the
streamlined design of complex DNA sequence libraries. In Pool-
Party, libraries are represented as objects called Pools, while in-
dividual steps in the sequence generation process are called Op-
erations. Using a concise and transparent syntax, users chain
together Operations into a directed acyclic graph (DAG)—an ap-
proach inspired by deep learning frameworks—that yields the
desired Pool. The DAG describes the high-level logic used to
generate sequences, while the procedural details and bookkeep-
ing are handled internally. Importantly, no sequences are gen-
erated until the user requests them, so users can explore and
test multiple design options without triggering expensive compu-
tations. When sequences are generated, each is automatically
assigned an informative name and paired with a design card that
records the specific procedures used to construct it. We demon-
strate PoolParty through three example applications: a DMS li-
brary for protein GB1, an MPRA library probing transcriptional
regulatory grammar, and an in silico experiment characterizing
SpliceAl [43], in which design cards provide the covariates for
surrogate modeling.

Liuetal. | bioRxiv | April15,2026 | 1-9


mailto:zhliu@cshl.edu
mailto:aicorder@cshl.edu
mailto:jkinney@cshl.edu
mailto:jkinney@cshl.edu
https://poolparty.readthedocs.io
https://github.com/jbkinney/poolparty-statetracker
https://github.com/jbkinney/poolparty-statetracker
https://zenodo.org/records/19445098
https://doi.org/10.64898/2026.04.06.716802
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.04.06.716802; this version posted April 15, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY 4.0 International license.

. State assignment Sequence construction
Source Transformation
defines initial sequence collections modifies sequence content
Pool . )
q DNA Protein Motif
S sequence variants
..ATTAG.. ..MKFIR.. Z[(Tza J \
o a L] L] -
l L] L] -
L] L] -
mutagenize insert
Operation —
design rules
Composition State ]
combines sequences across pools selects, reorders, or pairs sequences
Pool Pool 1 Pool 2 ——
S'sequence variants — —
‘ x —
I
I .
Pools and Operations form a DAG . e sample shuffle Pool Final
join stac 9
Template: TCCGACT 1g>GCA: ATTCGGA :
Design DataFrame stack mutagenize del_scan repeat ) ) )
>>> pool_final.print_library(show_name=True)
Pool Template state name branch| pos sub pos | base idx
(n=1) 0 mut_o 0 0 G>A mut_o TCCGACT ATTCGGA
1 mut_1 0 0 G>C mut_1 TCCGACT CA ATTCGGA
mut_2 TCCGACT ATTCGGA
Mutagenize Deletion scan 2 mut_2 0 0 6T nut 3 TCCGACT n ATTCGGA
region = 'tag" region = 'tag' 3 mut_3 0 1 OA - .
style = 'red bold' style = ‘green bold' = mut_4 TCCGACT / ATTCGGA
prefix = 'mut prefix = 'del’ 4 mut_4 0 1 ©6 mut_s TCCGACT G ATTCGGA
‘ 5 mut_5 0 1 oOT mut_6 TCCGACT Gl ATTCGGA
Repeat 6 mut_6 0 2 A>C mut_7 TCCGACT C ATTCGGA
ti;nefZ.Z ! 7 mut_7 0 2 ASG mut_8 TCCGACT Gl ATTCGGA
RISTACP) del_@.rep_@ TCCGACT -C ATTCGGA
8 mut_8 0 2 AST ~
del_©.rep_1 TCCGACT -CA ATTCGGA
9 del_6.rep_o 1 0 0 del 1.rep_@ TCCGACT -A ATTCGGA
10 del_@.rep_1 1 0 1 del 1.rep_1 TCCGACT G- ATTCGGA
1 del_1.rep_0 1 1 0 del_2.rep_0 TCCGACT C- ATTCGGA
12 del 1.rep_1 1 1 1 del_2.rep_1 TCCGACT C- ATTCGGA
13 del_2.rep_0 1 2 0
14 del_2.rep_1 1 2 1

=inactive branch m mutation m deletion m tagged region

Fig. 1. PoolParty builds libraries from Pools and Operations. (A) Pools represent collections of sequences, and Operations generate new Pools
based on their inputs (left). Users chain Operations into a directed acyclic graph (DAG) that specifies the desired library. Operations fall into four
functional categories: source, transformation, composition, and state (right). (B) Sequence generation proceeds in two steps: state assignment and
sequence construction. For each desired sequence, PoolParty passes to the root Pool a number (called the state) that specifies which sequence to
generate. During state assignment (left), this state is propagated backward through the DAG, resolving the internal state of every Operation along the
way. During sequence construction (right), each Operation generates and combines sequence fragments according to its assigned state, producing the
final sequence at the root Pool. When multiple Pools are combined by stack, only one parent is active for a given state; inactive branches receive
no state (None) and are shown as grey arrows. (C) Example workflow. The template sequence contains a user-specified region (called “tag”) that is
targeted for both mutagenesis and deletion scanning. Left: the DAG specifying the sequence library. Center: the design card DataFrame returned by
the DAG. Right: styled sequence output, with colors indicating mutations (red), deletions (green), and the tagged region (blue).

Methods and state Operations. Source Operations create the initial Pools
from which all downstream Pools are constructed. The Pools

Pools and Operations they create may represent user-specified sequences, DNA se-

PoolParty is built around two core abstractions: Pools and Oper- quences generated using position weight matrices (PWMs) or
ations. Pools represent collections of sequences—either the final IUPAC motifs, random k-mers, barcodes, and so on. Transforma-
library that the user wishes to generate, or intermediate sets of tion Operations modify sequence content, e.g., generating se-
sequences out of which the final library is constructed. Opera- quence variants through point mutations, insertions, deletions,
tions represent the steps used to create Pools. When designing recombination, or shuffling. Specialized codon-aware Operations
a library, users chain together multiple Operations into a DAG are provided for transformations that operate on open reading
that yields the desired Pool, called the root Pool. Sequences are frames. Composition Operations combine sequences from multi-
then generated on demand from the root Pool. By delaying se- ple parent Pools, either by concatenating parent sequences end-
quence generation until it is explicitly requested, users can test to-end (the join Operation) or by merging multiple Pools into
many different library designs before committing to generating one Pool (the stack Operation). State Operations affect which
the full library. For example, users can inspect a few sampled sequences are in a Pool and how they are ordered, and include
sequences from each one of multiple proposed designs. methods to select, reorder, filter, and replicate sequences.
PoolParty provides over 50 built-in Operations that users can Sequence generation

choose from when constructing DAGs. Each Operation takes
zero or more Pools as input and returns exactly one Pool as out-
put. It is useful to think of Operations as falling into four func-
tional categories (Fig. 1A): source, transformation, composition,

To generate a sequence library, PoolParty iterates through a se-
ries of states. Each state is an integer that, together with a ran-
dom seed, uniquely determines a sequence. The generation of
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each individual sequence proceeds in two steps, state assign-
ment and sequence construction (Fig. 1B), a process that be-
gins when the corresponding state is passed to the root Pool.
State assignment involves a backward pass through the DAG.
Each Pool passes the state it receives to its upstream Operation.
Each Operation then decomposes this state into an internal state
(which it keeps) and zero or more component states, each of
which is passed to a distinct upstream Pool. Sequence construc-
tion then occurs during a forward pass through the DAG: each
Operation constructs a sequence based on its internal state and
the sequences received from the upstream Pools, then passes
this sequence to the downstream Pool. The final constructed se-
quence is then received from the root Pool and recorded.

Operation modes

The specific way that each Operation interprets its internal state
is determined by its mode.

* In sequential mode, the Operation exhaustively enumer-
ates a finite set of sequence designs. For example, when
mutagenize is instructed to generate single-nucleotide mu-
tations in sequential mode, it yields one variant for each possi-
ble character change at each target position. Its internal state
specifies which mutation to apply at which position.

In random mode, the Operation samples sequence designs
stochastically. For example, when mutagenize operates in
random mode, it randomly selects which positions to mutate
and which mutations to introduce. Its internal state, combined
with a master seed, determines the specific random draws,
ensuring reproducibility.

In fixed mode, there is no internal state. Rather, output se-
quences are uniquely determined by the input sequences.
One example is join, which concatenates its input se-
quences without modification.

StateTracker

The way each Operation decomposes the state it receives during
the backward pass is designed to reverse the way it constructs
sequences during the forward pass. For most Operations, the set
of possible output states is the Cartesian product of the possible
internal states and the possible states of each input Pool. In such
cases, the Operation uses mixed-radix decomposition to split the
received state into its component states. The stack Operation
is different: its output states are the disjoint union of its input Pool
states. The stack Operation therefore uses the state it receives
to select which input Pool to use, and to instruct this Pool (but not
the other Pools) which sequence to return. Keeping track of these
rules across a complex DAG requires specialized bookkeeping.
We therefore developed a back-end package called StateTracker
that automates state composition and decomposition during for-
ward and backward passes through the DAG.

Sequence regions

One may want to perform different Operations on different
parts of a sequence. To facilitate this, PoolParty lets users
mark regions of interest within sequences using XML-style
tags. PoolParty supports both opening/closing tag pairs (e.g.,
AAA<cre>CCCGGG</cre>TTT) and self-closing tags (e.g.,
ACGT<ins/>ACGT). Operations can then be instructed to act
only on a specified region, as illustrated in Fig. 1C. Tags persist
through the DAG and remain valid even when upstream Oper-
ations change the content of a region. Multiple Operations can
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thus target modifications to the same region in series.

Sequence metadata

It is often useful to record how each sequence within a library
was constructed. PoolParty provides three complementary ways
to do this (Fig. 1C).

» Design cards record the specific changes applied to each se-
quence by each Operation. Users specify which Operations
and Operation-specific variables to track. As each sequence
is generated, the root Pool returns it together with a design
card that records the tracked variable values for that sequence.
PoolParty compiles these into a DataFrame in which each row
contains a generated sequence and its design card.

Sequence names summarize at a glance how each sequence
was constructed. Users assign a prefix to each Operation
they wish to track. PoolParty then pairs each prefix with
the corresponding Operation’s internal state to form a token
(e.g., mut_03), and concatenates these tokens to form the
sequence’s name. For example, wt .mut_03.bc_01 might
denote a wild-type sequence with mutation variant number 3
and barcode number 1.

Sequence styling allows sequences to be annotated with col-
ors and formatted text that reflects each one’s construction his-
tory. For example, mutagenize can be instructed to mark
the positions it mutates in bold yellow text, making these po-
sitions stand out from the rest of the sequence. This format-
ting is accomplished using ANSI escape codes, so that out-
put renders correctly in command-line terminals, Jupyter note-
books, and other environments that support basic text format-
ting. These styles combine in a natural manner as sequences
propagate through the DAG. For example, a mutated position
can be underlined even if it occurs within a sequence region
that is already colored blue.

Implementation and extensibility

PoolParty requires Python 3.10 or later, is designed to have min-
imal dependencies, and is distributed via PyPl. Documentation,
tutorials, and example notebooks are available on the ReadThe-
Docs and GitHub project websites. PoolParty is also extensible:
users can create new Operation types by subclassing the Opera-
tion base class and implementing a few required methods. Cus-
tom Operations automatically inherit support for state tracking,
design card generation, and visualization, allowing researchers
to add domain-specific functionality without reimplementing core
infrastructure.

SpliceAl surrogate analysis

This section provides technical details for the surrogate model-
ing analysis presented in Results. Using the human 5’ splice site
(5’ss) position weight matrix [44], we sampled 9-mers represent-
ing cryptic 5’ss sequences and scored them with MaxEntScan
[45]. Sequences were binned into 100 MaxEntScan score (here-
after, strength) quantiles, and 20 sequences were drawn from
each bin (2,000 total). Each 9-mer was inserted at 100 posi-
tions flanking the canonical 5’ss of SMN2 exon 7 and paired with
a matched control in which the GT dinucleotide was disrupted
(T>A at +2; Fig. 4A).

We predicted SpliceAl 5’ss probabilities at the canonical site us-
ing the five-model ensemble of Jaganathan et al. [43] with 5 kb
of genomic context (GRCh38). For each library-control pair,
we computed the difference in logit-transformed predictions at
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A GB1 Deep Mutational Scanning Library

Designed

B DMS Library Code

import poolparty as pp

GB1 ORF (168 bp = 56 codons)

orf_pool = pp.from_seq(GB1_ORF)

mutagenize_orf
num_mutations=1

mutagenize_orf
num_mutations=2

orf_pool dms_pool
~ stack —» -
n=1 . n=547,230
mutagenize_orf
mutation_rate=0.1
repeat
times=100
Single mutant Double mutant
ATG TIC TAC AAG CTG ATC CIG ... ATG TTC TTC AAG CTG ATC CTG ...
M Y K . M K
ATG CIG TAC AAG CTG ATC CTG ... ATG TTC CTG AAG CTG ATC CTG ...
M Yy K L I L ... M K L I L
Random mutant WT control
ATG CAG TAC ATC CTG ATC CIG ... ATG CAG TAC AAG CTG ATC CTG ...
MooQ Y L I L ... M Q Y K L I L
ATG TTC TAC AAG ATG ATC (CAG ... ATG CAG TAC AAG CTG ATC CTG ...
" [ Voo v ox i
Output
>>> dms_df
name position wt_codon mut_codon wtaa mutaa repeat_idx
single 1 CAG TTC Q F
single 1 CAG cTG Q L
double 1.2 CAG,TAC TTC,TTC Qy FF
double 1.2 CAG,TAC TTC,CTG Qy FL
random 3 AAG ATC K |
random 1,4,6 CAGCTGCTG = TICATGCAG = QLL FEMQ
wt 0
wt 1

ATGTTCTAC. . .
ATGCTGTAC. . .

ATGTTCTTC. ..

ATGTTCCTG. . .

ATGCAGTAC. . .
ATGTTCTAC. ..

ATGCAGTAC. ..
ATGCAGTAC. ..

pos = slice(1, 56)

single_pool = orf_pool.mutagenize_orf(
num_mutations=1,
mutation_type="missense_only first',
codon_positions=pos,
prefix="single’,
mode="sequential')

# Single mutant

double_pool = orf_pool.mutagenize_orf( # Pairwise mutant
num_mutations=2,
mutation_type='missense_only first',
codon_positions=pos,
prefix="double’,
mode="sequential")

random_pool = orf_pool.mutagenize_orf( # Random mutant

mutation_rate=0.1,

mutation_type='missense_only_ first',

codon_positions=pos,

prefix="ramdom’,

mode="random",

num_states=10000)

wt_pool = orf_pool.repeat(times=100, prefix='wt') # WT control

# Combine and generate
dms_pool = pp.stack([single_pool, double_pool, random_pool, wt_pool])
dms_df = dms_pool.generate_library(num_cycles=1, seed=42)

D DAG View

>>> dms_pool.print_dag()

dms_pool (pool, n=547,230)
L op[5]:stack [mode=sequential, n=4]
— single_pool (pool, n=1,045)
op[1]:mutagenize_orf [mode=sequential, n=1,045]
L orf_pool (pool, n=1)
op[@]:from_seq [mode=fixed, n=1]
— double_pool (pool, n=536,085)
op[2]:mutagenize_orf [mode=sequential, n=536,085]
L— orf_pool (pool, n=1)
L— op[@]:from_seq [mode=fixed, n=1]
— random_pool (pool, n=10,000)
op[3]:mutagenize_orf [mode=random, n=10,000]
orf_pool (pool, n=1)
op[0@]:from_seq [mode=fixed, n=1]
— wt_pool (pool, n=100)
L op[4]:repeat [mode=sequential, n=100]
orf_pool (pool, n=1)
L— op[@]:from_seq [mode=fixed, n=1]

Fig. 2. A deep mutational scanning (DMS) library for protein GB1. (A) DAG and representative sequences for each of the four library components:
replicates of the wild-type sequence, all single amino acid substitutions, all pairwise amino acid substitutions, and random higher-order mutants. Mutated
codons are highlighted with amino acid translations shown beneath. (B) Python code implementing the DAG. (C) Design cards reporting the library
component, mutation positions, and amino acid changes for representative variants. (D) DAG structure displayed by print_dag ().

the canonical 5’ss. These per-sequence values were averaged
within each cell of the resulting 100 x 100 position-by-strength
grid (Fig. 4B).

We fit generalized additive models (GAMs) to the cell means us-
ing pyGAM [46], with smooth terms for position, strength, and
their interaction. Models were weighted by the inverse variance
of each cell mean. Exonic and intronic regions were modeled
separately. Model performance was evaluated by checkerboard
cross-validation of the grid.

LLM disclosure

Large language models (Claude Opus 4.5 and 4.6, Anthropic)
were used to assist with code development, debugging, docu-
mentation writing, and copy-editing of the manuscript. The au-
thors are responsible for all final code and text.
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Results

Example 1: DMS library for protein GB1

As a first example, we use PoolParty to reconstruct and extend
the library used in a DMS experiment on protein GB1 by Olson
et al. [17], adding random higher-order mutants and wild-type
replicates to the original design. Their library contained the wild-
type GB1 coding sequence, all single amino acid substitutions
(excluding the start codon), and nearly all possible pairs of amino
acid substitutions. This library is substantially larger than most
DMS libraries, containing over half a million variants. Its inclusion
of so many pairwise variants has helped it become a benchmark
dataset in the quantitative modeling of protein sequence-function
relationships [47-50].

Fig. 2A illustrates the DAG used to construct this library; the
corresponding Python code is shown in Fig. 2B. First, we use
the from_seq Operation to define a Pool named orf_pool
that represents the wild-type GB1 coding sequence. This Pool

Liu etal. | PoolParty
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A Regulatory Grammar MPRA Library B MPRA Library Code
Designed Designed import poolparty as pp
‘ Primer ‘ CRE (100 bp) Restriction site ‘ BC ‘ Primer template = pp.from_seq(MPRA_TEMPLATE)
Template: . ..<cre>GCAAGTCT...GACTTTGT</cre>... .. .<be>NNNNNNNN</be>. . . # Initialize TFBS pools with both orientations
hnf4a = pp.from_seq(HNF4A,style="'blue').flip(mode="'sequential’)
ppara = pp.from_seq(PPARA, style='purple').flip(mode="sequential")
template insertion multiscan xbpl = pp.from_seq(XBP1, style='orange').flip(mode="sequential")
(n=1) regio;="cre"
# Define cre design and fill XML-tagged cre region
H : * cre_pool = template.insertion_multiscan(
H hnfda repeat get_barcodes region="cre’,
(n=2) times=3 constraints insertion_pools=[hnf4a,ppara,xbpl],
* * insertion_mode="'unordered"’,
ppara min_spacing=0,
(n=2) replace_region P barcode_pool replace=True,
' region="bc" (n=24,000) mode="random',
xbp1 H * num_states=1000).repeat(times=3)
m=2) i
------------------- mpja—pDOI — First input # Define barcode design and fill XML-tagged bc region
TFBS pools (n=24,000) - - - Second input barcode_pool = pp.get_barcodes(
num_barcodes=cre_pool.num_states,
length=8,
Sequence Structure gc_range=(0.3,0.6),
min_edit_distance=1
= — bc0 5 = o
\ [ = [ \ | style="bold",
[ [ [ [ bet | | seed=42)
- T S
I b DO sera_pool = cre_pool.peplzce vegton
- region= c,
Fixed context
-_ — - = ‘ ‘ = ‘ ‘ content_pool=barcode_pool)
[ I - . [T bes | |
| | [ bee | | mpra_df = mpra_pool.generate_library(num_cycles=1,seed=42)

>>> mpra_pool.print_library(num_cycles=1,seed=42)

ACTGGCCGCTTCACTG
ACTGGCCGCTTCACTG
ACTGGCCGCTTCACTG
ACTGGCCGCTTCACTG
ACTGGCCGCTTCACTG
ACTGGCCGCTTCACTG
ACTGGCCGCTTCACTG

G AGAAGGGCCAGAAATGCCAAGGGGGCAAAGGTCAAGAATTAAGTCAGAGTGATGACGTGTCCCATGTTGTTTGACTTTGT
G AGAAGGGCCAGAAATGCCAAGGGGGCAAAGGTCAAGAATTAAGTCAGAGTGATGACGTGTCCCATGTTGTTTGACTTTGT
G AGAAGGGCCAGAAATGCCAAGGGGGCAAAGGTCAAGAATTAAGTCAGAGTGATGACGTGTCCCATGTTGTTTGACTTTGT
GCAAGTCTGCCATCGTGTTCAG GACTCAGGGGGGCAAAGGTCAGTCAGAGAGTTTCATGTGATGACGTGTCCCATCTTTGT
GCAAGTCTGCCATCGTGTTCAG! GACTCAGGGGGGCAAAGGTCAGTCAGAGAGTTTCATGTGATGACGTGTCCCATCTTTGT:
GCAAGTCTGCCATCGTGTTCAG GACTCAGGGGGGCAAAGGTCAGTCAGAGAGTTTCATGTGATGACGTGTCCCATCTTTGT:

CAGAGTGATGACGTGTCCCATGGAGGGGCAAAGGT CAAATTAAGTCAGAGAGTTTCATTACTGAGTGTTGTTTGACTTTGT

GGTACCTCTAGA
GGTACCTCTAGA
GGTACCTCTAGA
GGTACCTCTAGA
GGTACCTCTAGA
GGTACCTCTAGA
GGTACCTCTAGA

CAAGAAGC
AAGACAGA
CAGTTGCA
AATCGATG
TTACGGAG
ACACCTTC
AGATGTTG

AGATCGGAAGAGCGTCG
AGATCGGAAGAGCGTCG
AGATCGGAAGAGCGTCG
AGATCGGAAGAGCGTCG
AGATCGGAAGAGCGTCG
AGATCGGAAGAGCGTCG
AGATCGGAAGAGCGTCG

ACTGGCCGCTTCACTG
ACTGGCCGCTTCACTG
ACTGGCCGCTTCACTG
ACTGGCCGCTTCACTG
ACTGGCCGCTTCACTG
ACTGGCCGCTTCACTG
ACTGGCCGCTTCACTG
ACTGGCCGCTTCACTG

CAGAGTGATGACGTGTCCCATGGAGG!

GGCAAAGGTCATTCAGAAGGG!
AAAGGTCATTCAGAAGGG
GCAAGGGGCAAAGGTCATTCAGAAGGG

AGGTCAAATTAAGTCAGAGAGTTTCATTACTGAGTGTTGTTTGACTTTGT
CAGAGTGATGACGTGTCCCATGGAGGGGCAAAGGTCAAATTAAGTCAGAGAGTTTCATTACTGAGTGTTGTTTGACTTTGT
AGGGGAGGAGAATTAAGTCAGAGAGTTTCATTACTGAGTG. G
AGGGGAGGAGAATTAAGTCAGAGAGTTTCATTACTGAG
AGGGGAGGAGAATTAAGTCAGAGAGTTTCATTACTGAGTGATGACGTGTCCCAT
GCAAGTCTGCCATCGTGTTCAGAGTGATGACGTGTCCCATGGGGGGCAAAGGTCAGAATTAAGT CAGAGAGTTTCAT!
GCAAGTCTGCCATCGTGTTCAGAGTGATGACGTGTCCCATGGGGGGCAAAGGTCAGAATTAAGT CAGAGAGTTTCAT!
GCAAGTCTGCCATCGTGTTCAGAGTGATGACGTGTCCCATGGGGGGCAAAGGTCAGAATTAAGTCAGAGAGTTTCAT

GGTACCTCTAGA
GGTACCTCTAGA
GGTACCTCTAGA
GGTACCTCTAGA
GGTACCTCTAGA
GGTACCTCTAGA
GGTACCTCTAGA
GGTACCTCTAGA

CCGGATTT
TACGGAAT
TTTGCTGG
TTTTAGGC
GCCAGTTT
AAACCTTG
TACGATTC
CCTGCTTT

AGATCGGAAGAGCGTCG
AGATCGGAAGAGCGTCG
AGATCGGAAGAGCGTCG
AGATCGGAAGAGCGTCG
AGATCGGAAGAGCGTCG
AGATCGGAAGAGCGTCG
AGATCGGAAGAGCGTCG
AGATCGGAAGAGCGTCG

TTGT
TTGT
TTGT

Fig. 3. A massively parallel reporter assay (MPRA) library for probing regulatory grammar. (A) Library schematic showing TFBS placements
across a 100-bp CRE in representative variants, each linked to three different barcodes. (B) Python code for library construction. TFBS Pools are
initialized with forward sequences and augmented with the £1ip Operation to include both orientations. (C) Output of print_library. TFBSs are
colored by identity (HNF4A blue, PPARA purple, XBP1 orange); barcodes are shown in bold.

is then passed to four separate Operations that define the four
library components. The first is a repeat Operation that pro-
duces 100 copies of the wild-type sequence. The second and
third are mutagenize_orf Operations running in sequential
mode: one generates all 1,045 single amino acid substitutions,
and the other generates all 536,085 pairwise amino acid substi-
tutions. The fourth is a mutagenize_orf Operation running
in random mode, which mutates each amino acid position with
10% probability to generate 10,000 higher-order variants. We
note that mutagenize_orf supports multiple codon mutation
types; this example uses missense_only_first, which se-
lects the most abundant codon for each amino acid substitution.
These four Pools are then merged by stack into the root Pool,
yielding a library of 547,230 sequences in total. The design card
for each variant (Fig. 2C) reports which component it belongs
to, the specific mutations it contains, and the replicate index (for
wild-type copies). Users can also inspect the DAG structure by
calling the print_dag method of the root Pool (Fig. 2D).

Liu etal. | PoolParty

Example 2: MPRA library for regulatory grammar

MPRA libraries used to study regulatory grammar often vary the
positions and orientations of transcription factor binding sites (TF-
BSs) [3, 5, 51-55]. For example, Georgakopoulos-Soares et al.
[55] studied the impact of order and orientation on gene expres-
sion by testing over 200,000 sequences containing all pairwise
and triplet arrangements of 18 TFBSs. Designing such libraries
requires substantially more complex combinatorics than standard
DMS libraries do. PoolParty, however, handles this complexity
without making additional demands on the user.

As a second example, we designed an MPRA library represent-
ing various arrangements of binding sites for three liver-enriched
TFs—HNF4A, PPARA, and XBP1 (Fig. 3A,B). Following the oligo
layout of Melnikov et al. [3], we start by creating a Pool represent-
ing a template sequence that contains a putatively inert 100 bp
CRE region (<cre>) and a barcode region (<bc>). Next, we
create a Pool representing the binding site for HNF4A. This Pool
is then passed to the £1ip Operation, which yields both orien-
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tations of the site (forward and reverse complement). Pools for
PPARA and XBP1 are created similarly. The template Pool and
three TFBS Pools are then passed to the insert_multiscan
Operation, which creates 10,000 sequences by inserting the TF-
BSs at random positions, chosen to avoid overlaps, within the
<cre> region of the template. Each sequence is then repli-
cated three times using the repeat Operation. Finally, the
get_barcodes Operation is used to generate barcodes that
are inserted into the <bc> region of the sequence. The result is
a library of 30,000 sequences (Fig. 3A).

Colored text helps users inspect the architecture of the resulting
sequences. After the template Pool is created, the stylize Op-
eration is used to shade the <cre> region gray. Each TFBS Pool
is also assigned a distinct color when it is created (HNF4A blue,
PPARA purple, XBP1 orange); this is specified by the style
parameter passed to from_seqgs. Barcodes are similarly ren-
dered in bold text (Fig. 3B). These styles compose as sequences
pass through the DAG, so that when print_library is called
(Fig. 3C), the position, order, and orientation of each binding site
are immediately visible.

Example 3: Surrogate modeling of SpliceAl predictions

Designed sequence libraries are also used to study genomic Al
models [31-33, 35]. First, an in silico experiment is carried out in
which the Al model scores all sequences in a library. The results
are then analyzed to characterize model behavior. One useful
way of analyzing these synthetic data is surrogate modeling, in
which a mathematically simple model—one whose structure and
parameters are directly interpretable—is fit to the predictions.

In addition to streamlining the design of sequence libraries, Pool-
Party facilitates in silico experiments on genomic Al models in
two ways. First, because sequence design is separated from
sequence generation, new sequences can be generated on de-
mand as the experiment proceeds. Second, the design card that
PoolParty returns with each sequence provides metadata that
can be used directly as covariates in downstream analyses, in-
cluding surrogate modeling.

As a third example, we carried out a surrogate modeling study
of SpliceAl [43], a deep learning model of MRNA splicing. We
asked how the insertion of a cryptic 5’ss near an existing (canon-
ical) 5’ss affects the model’s prediction for canonical site usage.
Using the 5'ss of SMN2 exon 7 as the canonical site, we used
PoolParty to construct a library in which cryptic 5’'ss 9-mers of
varying strength were inserted at varying positions on either side
of the canonical 5'ss (Methods). The specific values for cryp-
tic site strength and position were recorded in the design cards
(Fig. 4A).

Each variant was paired with a matched control in which the cryp-
tic site was disrupted, and the effect of each insertion was quan-
tified as the difference in logit-transformed SpliceAl-predicted
probabilities at the canonical site (Alogit). Generalized addi-
tive models (GAMs) were used to separately model the effects
of cryptic site insertion at exonic and intronic positions. Each of
these two models has three terms, corresponding to the effects
of position alone, strength alone, and interactions between these
covariates (Fig. 4A).

The GAMs closely reproduced the observed data (held-out R?
of 0.82 for exonic and 0.71 for intronic insertions; Fig. 4B,C).
Cryptic sites on the exonic side suppressed canonical site us-
age more strongly than those on the intronic side (Fig. 4D), with
the effect peaking approximately 20 bp upstream of the canonical
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5’ss. This is consistent with the observation that cryptic 5'ss are
preferentially depleted near annotated ones on the exonic side
[56]. Stronger cryptic sites drove greater suppression in both
models (Fig. 4E). The effects of position and strength exhibited
substantial interactions (Fig. 4F). Through a comparison to anal-
ogous linear models, we observed that the non-linear terms and
interaction terms in the GAMs substantially improved predictive
performance (Fig. 4G).

Discussion

We have presented PoolParty, a Python package that replaces
the ad hoc scripting commonly used to design oligonucleotide
libraries with a declarative, composable, and flexible framework.
We demonstrated PoolParty through three use cases: a DMS
library for protein GB1; an MPRA library probing transcriptional
regulatory grammar; and a surrogate modeling analysis of the
effects of cryptic 5’ss on SpliceAl predictions. These examples
illustrate the flexibility of PoolParty and its applicability to both
experimental and computational studies.

PoolParty was inspired by deep learning frameworks like PyTorch
and TensorFlow, in which a high-level APl is used to construct a
DAG representing the desired neural network. The DAG then en-
ables computation of model gradients via backpropagation. Sim-
ilarly, in PoolParty, a backward pass through the DAG is used to
decompose the state for a requested sequence into the specific
Operation internal states needed to construct that sequence dur-
ing a subsequent forward pass. This state-decomposition mech-
anism is a core innovation of PoolParty; it is what allows users to
design complex oligo pools and test them before generating the
full sequence library.

We also highlight PoolParty’s design cards. Design cards allow
the parameters governing each sequence’s construction to serve
directly as covariates in downstream analyses, eliminating the
need for post hoc sequence parsing. In the SpliceAl example,
the cryptic splice-site strength and position recorded in each de-
sign card provided the covariates used for surrogate modeling.
We expect design cards to be increasingly useful as in silico ex-
periments on genomic Al models become more common.

In contrast to assay-specific tools such as VaLiAnT [40] and
MPRAnator [41], PoolParty provides a single framework that sup-
ports DMS libraries, MPRA libraries, and library designs that
combine elements of both. lts DAG-based architecture lets users
freely compose arbitrary sequence generation and transforma-
tion operations. Because the DAG encodes the full construction
logic, structured design-card metadata are generated automati-
cally as a byproduct.

PoolParty was designed to address a focused computational
problem: the streamlined design of DNA sequence libraries. As
such, it has several limitations. PoolParty is not a sequence op-
timization tool, e.g., for optimizing codon usage [57], satisfying
synthesis constraints on individual sequences [58], or designing
sequences guided by machine learning models [59]. Nor does it
address the problem of physically constructing DNA sequence li-
braries, e.g., by designing mutagenic primers [60]. We expect
that PoolParty can in many cases be productively paired with
such complementary tools.

PoolParty should substantially ease the design of DMS exper-
iments, MPRAs, and other multiplex assays of variant effect.
As genomic Al models continue to advance, PoolParty will also
help researchers systematically probe and interpret the behav-
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Fig. 4. Surrogate modeling of SpliceAl predictions. (A) Experimental design. Cryptic 5’'ss 9-mers of varying MaxEntScan strength (s) are inserted
at varying positions (p) flanking the canonical 5'ss of SMN2 exon 7. Each variant is paired with a control in which the splice-site GT dinucleotide is
disrupted (GT—GA). PoolParty records s and p in design cards. The effect of each insertion on SpliceAl predictions at the canonical 5’ss is quantified as
Alogit and modeled as a function of s and p using a generalized additive model (GAM). (B) Mean Alogit across the strength x position grid (100 x 100;
each cell averages 20 distinct 9-mers). The grey band marks the canonical 5’ss region. (C) GAM predictions (including interaction term), using the
same color scale as in B. (D) Partial dependence of the position term f1(p), shown separately for exon (blue) and intron (red) models. Shaded regions
indicate 95% confidence intervals; points denote mean partial residuals. (E) Partial dependence of the strength term f2(s), with conventions as in D. (F)
Interaction surface f12(s,p) for exon and intron models. (G) Block cross-validation R? for linear and GAM models, with and without interaction terms.
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ior of these models. Moreover, because PoolParty’s composable
design makes it straightforward to define new Operations, the
framework can readily be extended to support novel assay types
and analysis strategies as they emerge.

Author contributions

Zhihan Liu (Conceptualization, Methodology, Software, Formal
analysis, Validation, Writing—original draft, Writing—review &
editing), Aidan Cordero (Software, Validation, Writing—review &
editing), and Justin B. Kinney (Methodology, Software, Formal
analysis, Writing—original draft, Writing—review & editing, Su-
pervision, Funding acquisition).

Conflict of interest

None declared.

Funding

This work was supported by the National Institutes of Health
[RO1HGO011787]. Computational equipment was supported by
the National Institutes of Health [S100D028632].

Data availability

PoolParty is available on GitHub at https://github.com/jbkinney/
poolparty-statetracker. The version described in this article is
archived on Zenodo at DOI 10.5281/zenodo.19445098. Code
to reproduce the analyses in this paper is included in the same
repository.

References

1. Patwardhan RP, Lee C, Litvin O, Young DL, Pe’er D, Shendure J
(2009). High-resolution analysis of DNA regulatory elements by
synthetic saturation mutagenesis. Nat Biotechnol, 27(12):1173 —
1175.

2. Kinney JB, Murugan A, Callan CG, Cox EC (2010). Using deep
sequencing to characterize the biophysical mechanism of a tran-
scriptional regulatory sequence. Proc Natl Acad Sci USA, 107(20):
9158-9163.

3. Melnikov A, Murugan A, Zhang X, Tesileanu T, Wang L, Rogov
P, Feizi S, Gnirke A, Callan CG, Kinney JB, Kellis M, Lander ES,
Mikkelsen TS (2012). Systematic dissection and optimization of in-
ducible enhancers in human cells using a massively parallel reporter
assay. Nat Biotechnol, 30(3):271-277.

4. Kwasnieski JC, Mogno |, Myers CA, Corbo JC, Cohen BA (2012).
Complex effects of nucleotide variants in a mammalian cis-
regulatory element. Proc Natl Acad Sci USA, 109(47):19498 —
19503.

5. Sharon E, Kalma Y, Sharp A, Raveh-Sadka T, Levo M, Zeevi D,
Keren L, Yakhini Z, Weinberger A, Segal E (2012). Inferring gene
regulatory logic from high-throughput measurements of thousands
of systematically designed promoters. Nat Biotechnol, 30(6):521 —
530.

6. Mogno I, Kwasnieski JC, Cohen BA (2013). Massively parallel syn-
thetic promoter assays reveal the in vivo effects of binding site vari-
ants. Genome Res, 23(11):1908 — 1915.

7. Levo M, Segal E (2014). In pursuit of design principles of regulatory
sequences. Nat Rev Genet, 15(7):453 — 468.

8. Inoue F, Ahituv N (2015). Decoding enhancers using massively par-
allel reporter assays. Genomics, 106(3):159 — 164.

9. Vvedenskaya IO, Zhang Y, Goldman SR, Valenti A, Visone V, Taylor
DM, Ebright RH, Nickels BE (2015). Massively systematic transcript
end readout, "MASTER": transcription start site selection, transcrip-
tional slippage, and transcript yields. Mol Cell, 60(6):953 — 965.

10. Urtecho G, Tripp AD, Insigne K, Kim H, Kosuri S (2018). Systematic
dissection of sequence elements controlling 670 promoters using

8 | bioRxiv

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

28.

24.

25.

26.

27.

28.

29.

30.

a genomically-encoded multiplexed reporter assay in e. coli. Bio-
chemistry, 58(11).

Klein JC, Agarwal V, Inoue F, Keith A, Martin B, Kircher M, Ahituv
N, Shendure J (2020). A systematic evaluation of the design and
context dependencies of massively parallel reporter assays. Nat
Methods, pages 1-9.

Romero |G, Lea AJ (2023). Leveraging massively parallel reporter
assays for evolutionary questions. Genome Biol, 24(1):26.

Fleur AL, Shi Y, Seelig G (2024). Decoding biology with massively
parallel reporter assays and machine learning. Genes Dev, 38(17-
20):843-865.

Fowler DM, Araya CL, Fleishman SJ, Kellogg EH, Stephany JJ,
Baker D, Fields S (2010). High-resolution mapping of protein
sequence-function relationships. Nat Methods, 7(9):741 — 746.
Hietpas RT, Jensen JD, Bolon DNA (2011). Experimental illumina-
tion of a fitness landscape. Proc Natl Acad Sci USA, 108(19):7896
—7901.

Fowler DM, Fields S (2014). Deep mutational scanning: a new style
of protein science. Nat Methods, 11(8):801 — 807.

Olson CA, Wu NC, Sun R (2014). A comprehensive biophysical de-
scription of pairwise epistasis throughout an entire protein domain.
Curr Biol, 24(22):2643 — 2651.

Adams RM, Mora T, Walczak AM, Kinney JB (2016). Measuring
the sequence-affinity landscape of antibodies with massively paral-
lel titration curves. eLife, 5:e23156.

Findlay GM, Daza RM, Martin B, Zhang MD, Leith AP, Gasperini M,
Janizek JD, Huang X, Starita LM, Shendure J (2018). Accurate clas-
sification of BRCA1 variants with saturation genome editing. Nature,
562(7726):217 — 222.

Starr TN, Greaney AJ, Hilton SK, Ellis D, Crawford KH, Dingens AS,
Navarro MJ, Bowen JE, Tortorici MA, Walls AC, King NP, Veesler
D, Bloom JD (2020). Deep mutational scanning of SARS-CoV-2
receptor binding domain reveals constraints on folding and ACE2
binding. Cell, 182(5):1295-1310.e20.

Berger M, Philippakis A, Qureshi A, He F, Estep P, Bulyk M (2006).
Compact, universal DNA microarrays to comprehensively determine
transcription-factor binding site specificities. Nat Biotechnol, 24(11):
1429 — 1435.

Maerkl S, Quake S (2007). A systems approach to measuring the
binding energy landscapes of transcription factors. Science, 315
(5809):233 — 237.

Noyes M, Christensen R, Wakabayashi A, Stormo G, Brodsky M,
Wolfe S (2008). Analysis of homeodomain specificities allows the
family-wide prediction of preferred recognition sites. Cell, 133(7):
1277 — 1289.

Gordan R, Shen N, Dror |, Zhou T, Horton J, Rohs R, Bulyk M
(2013). Genomic regions flanking e-box binding sites influence DNA
binding specificity of bHLH transcription factors through DNA shape.
Cell Rep, 3(4):1093—1104.

Le DD, Shimko TC, Aditham AK, Keys AM, Longwell SA, Orenstein
Y, Fordyce PM (2018). Comprehensive, high-resolution binding en-
ergy landscapes reveal context dependencies of transcription factor
binding. Proc Natl Acad Sci USA, 115(16):E3702 — E3711.

Shen N, Zhao J, Schipper JL, Zhang Y, Bepler T, Leehr D, Bradley J,
Horton J, Lapp H, Gordan R (2018). Divergence in DNA specificity
among paralogous transcription factors contributes to their differen-
tial in vivo binding. Cell Syst, 6(4).

Khetan S, Carroll BS, Bulyk ML (2025). Multiple overlapping binding
sites determine transcription factor occupancy. Nature, pages 1-11.
Kinney JB, McCandlish DM (2019). Massively parallel assays and
quantitative sequence-function relationships. Annu Rev Genomics
Hum Genet, 20(1):99—-127.

Starita LM, Ahituv N, Dunham MJ, Kitzman JO, Roth FP, Seelig G,
Shendure J, Fowler DM (2017). Variant interpretation: Functional
assays to the rescue. Am J Hum Genet, 101(3):315 — 325.

Weile J, Roth FP (2018). Multiplexed assays of variant effects con-
tribute to a growing genotype-phenotype atlas. Hum Genet, 17(2):
241 —14.

Liu etal. | PoolParty


https://github.com/jbkinney/poolparty-statetracker
https://github.com/jbkinney/poolparty-statetracker
https://zenodo.org/records/19445098
https://doi.org/10.64898/2026.04.06.716802
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.04.06.716802; this version posted April 15, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY 4.0 International license.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

Liuetal |

Avsec Z, Weilert M, Shrikumar A, Krueger S, Alexandari A, Dalal K,
Fropf R, McAnany C, Gagneur J, Kundaje A, Zeitlinger J (2021).
Base-resolution models of transcription-factor binding reveal soft
motif syntax. Nat Genet, 53(3):354—366.

Toneyan S, Koo PK (2024). Interpreting cis-regulatory interactions
from large-scale deep neural networks. Nat Genet, 56(11):2517—
2527.

Seitz EE, McCandlish DM, Kinney JB, Koo PK (2024). Interpret-
ing cis-regulatory mechanisms from genomic deep neural networks
using surrogate models. Nat Mach Intell, 6(6):701-713.

Seitz EE, McCandlish DM, Kinney JB, Koo PK (2025). Uncovering
the mechanistic landscape of regulatory DNA with deep learning.
bioRxiv, page 2025.10.07.681052.

Nagai M, Murphy AE, Rizzo K, Koo PK (2026). Toward Interpretable
and Generalizable Al in Regulatory Genomics.

Lee NK, Tang Z, Toneyan S, Koo PK (2023). EvoAug: improving
generalization and interpretability of genomic deep neural networks
with evolution-inspired data augmentations. Genome Biol, 24(1):
105.

Cock PJA, Antao T, Chang JT, Chapman BA, Cox CJ, Dalke A,
Friedberg |, Hamelryck T, Kauff F, Wilczynski B, Hoon MJLd (2009).
Biopython: freely available python tools for computational molecular
biology and bioinformatics. Bioinformatics, 25(11):1422—1423.
Pereira F, Azevedo F, Carvalho A, Ribeiro GF, Budde MW, Johans-
son B (2015). Pydna: a simulation and documentation tool for DNA
assembly strategies using python. BMC Bioinformatics, 16(1):142.
Klie A, Laub D (2023). SeqPro (sequence processing toolkit).
Barbon L, Offord V, Radford EJ, Butler AP, Gerety SS, Adams DJ,
Tan HK, Waters AJ (2021). Variant library annotation tool (VaLiAnT):
an oligonucleotide library design and annotation tool for saturation
genome editing and other deep mutational scanning experiments.
Bioinformatics, 38(4):892—899.

Georgakopoulos-Soares |, Jain N, Gray JM, Hemberg M (2016).
MPRAnator: a web-based tool for the design of massively parallel
reporter assay experiments. Bioinformatics, 33(1):137—-138.

Ghazi AR, Chen ES, Henke DM, Madan N, Edelstein LC, Shaw CA
(2018). Design tools for MPRA experiments. Bioinformatics, 34(15):
2682-2683.

Jaganathan K, Panagiotopoulou SK, McRae JF, Darbandi SF,
Knowles D, Li YI, Kosmicki JA, Arbelaez J, Cui W, Schwartz GB,
Chow ED, Kanterakis E, Gao H, Kia A, Batzoglou S, Sanders SJ,
Farh KKH (2019). Predicting Splicing from Primary Sequence with
Deep Learning. Cell, 176(3):535-548.e24.

Wong MS, Kinney JB, Krainer AR (2018). Quantitative Activity Pro-
file and Context Dependence of All Human 5/ Splice Sites. Mol Cell,
71(6):1012—-1026.e3.

Yeo G, Burge CB (2004). Maximum Entropy Modeling of Short Se-
quence Motifs with Applications to RNA Splicing Signals. J Comput
Biol, 11(2-3):377-394.

Servén D, Brummitt C (2018). pyGAM: Generalized additive models
in python.

Otwinowski J (2018). Biophysical inference of epistasis and the ef-
fects of mutations on protein stability and function. Mol Biol Evol, 35
(10):2345 — 2354.

Otwinowski J, McCandlish DM, Plotkin JB (2018).
shape of global epistasis. Proc Natl Acad Sci USA.
Tareen A, Kooshkbaghi M, Posfai A, Ireland WT, McCandlish DM,
Kinney JB (2022). MAVE-NN: learning genotype-phenotype maps
from multiplex assays of variant effect. Genome Biol, 23(1):98.
Faure AJ, Lehner B (2024). MoCHI: Neural networks to fit inter-
pretable models and quantify energies, energetic couplings, epis-
tasis, and allostery from deep mutational scanning data. Genome
Biol, 25(1):303.

King DM, Hong CKY, Shepherdson JL, Granas DM, Maricque BB,
Cohen B (2020). Synthetic and genomic regulatory elements reveal
aspects of cis-regulatory grammar in mouse embryonic stem cells.
elLife, 9:e41279.

Smith RP, Taher L, Patwardhan RP, Kim MJ, Inoue F, Shendure

Inferring the

PoolParty

53.

54.

55.

56.

57.

58.

59.

60.

J, Ovcharenko |, Ahituv N (2013). Massively parallel decoding of
mammalian regulatory sequences supports a flexible organizational
model. Nat Genet, 45(9):1021 — 1028.

Grossman SR, Zhang X, Wang L, Engreitz J, Melnikov A, Rogov P,
Tewhey R, Isakova A, Deplancke B, Bernstein BE, Mikkelsen TS,
Lander ES (2017). Systematic dissection of genomic features de-
termining transcription factor binding and enhancer function. Proc
Natl Acad Sci USA, 114(7):E1291-E1300.

Weingarten-Gabbay S, Nir R, Lubliner S, Sharon E, Kalma Y, Wein-
berger A, Segal E (2019). Systematic interrogation of human pro-
moters. Genome Res, 29(2).

Georgakopoulos-Soares |, Deng C, Agarwal V, Chan CSY, Zhao J,
Inoue F, Ahituv N (2023). Transcription factor binding site orien-
tation and order are major drivers of gene regulatory activity. Nat
Commun, 14(1):2333.

Dawes R, Joshi H, Cooper ST (2022). Empirical prediction of
variant-activated cryptic splice donors using population-based RNA-
Seq data. Nat Commun, 13(1):1655.

Swainston N, Currin A, Green L, Breitling R, Day PJ, Kell DB (2017).
CodonGenie: optimised ambiguous codon design tools. PeerJ
Comput Sci, 3:e120.

Zulkower V, Rosser S (2020). DNA chisel, a versatile sequence
optimizer. Bioinformatics, 36(16):4508—-4509.

Schreiber J, Lorbeer FK, Heinzl M, Lu YY, Stark A, Noble WS
(2025). Programmatic design and editing of cis-regulatory elements.
Hiraga K, Mejzlik P, Marcisin M, Vostrosablin N, Gromek A, Arnold J,
Wiewiora S, Svarba R, Prihoda D, Clarova K, Klempir O, Navratil J,
Tupa O, Vazquez-Otero A, Walas MW, Holy L, Spale M, Kotowski J,
Dzamba D, Temesi G, Russell JH, Marshall NM, Murphy GS, Bitton
DA (2021). Mutation maker, an open source oligo design platform
for protein engineering. ACS Synth Biol, 10(2):357-370.

bioRxiv | 9


https://doi.org/10.64898/2026.04.06.716802
http://creativecommons.org/licenses/by/4.0/

	Pools and Operations
	Sequence generation
	Operation modes
	StateTracker
	Sequence regions
	Sequence metadata
	Implementation and extensibility
	SpliceAI surrogate analysis
	LLM disclosure
	Example 1: DMS library for protein GB1
	Example 2: MPRA library for regulatory grammar
	Example 3: Surrogate modeling of SpliceAI predictions

