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Abstract

Transcription factor (TF) binding prediction is the problem of determining, from raw DNA sequence, whether
a genomic region is recognised and bound by a specific regulatory protein. Deep learning models achieve
high predictive accuracy on this task, yet their behavioural response to biologically motivated perturbations
remains largely unvalidated. Predictive accuracy alone does not establish whether model outputs reflect genuine
regulatory signals or arise from spurious sequence correlations, which limits the reliability of current explainable
AI (XAI) approaches in scientific domains.

We introduce ISAAC (Intervention-based Structural Auditing for Computational Models), a post-hoc frame-
work that evaluates model behaviour through controlled, sequence-level interventions grounded in position
weight matrices (PWMs). PWMs are probabilistic representations of TF binding preferences derived from ex-
perimental data; high affinity of a sequence window to a PWM indicates compatibility with the known binding
preference of the factor. ISAAC generates matched structure-aligned and structure-violating perturbations and
summarises the resulting response distributions along three complementary axes: distributional separability
(Entanglement, &), effect magnitude (Collapse, C), and contrast stability (Instability, Z).

We apply ISAAC to DeepBind, DeepSEA, and BPNet on ENCODE TF binding datasets. In predictive regimes
where accuracy is sufficient, the audited models exhibit response patterns suggesting systematic misalignment
with the regulatory reference. These findings support structural auditing as a necessary complement to accuracy
and attribution in XAI for genomics.
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1. Introduction

Transcription factor (TF) binding prediction is the problem of classifying short DNA sequences as bound
or unbound by a specific regulatory protein, based on the presence of characteristic sequence patterns
known as motifs. Motifs are commonly represented as position weight matrices (PWMs), which encode
the nucleotide frequencies observed at each position across experimentally characterised binding sites
as log-odds scores. High affinity of a sequence window to a PWM therefore indicates compatibility
with the known binding preference of the factor.

Deep learning models have become the dominant approach for TF binding prediction and achieve
strong performance across a wide range of benchmarks [1, 2, 3]. These architectures map raw DNA
sequences to binding signals and frequently outperform classical motif-based methods. Nonetheless,
strong predictive performance does not imply that a model relies on biologically meaningful regulatory
mechanisms to generate its predictions.

Predictive evaluation provides only an observational characterisation of model behaviour and does
not reveal how predictions are produced. Models with similar accuracy may rely on different input
dependencies or internal strategies, a point formalised in veridical data science [4] and extensively
documented in shortcut learning research [5]. This concern is particularly critical in regulatory genomics,
where TF binding is governed by sequence context, combinatorial interactions, and partially stochastic
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mechanisms [6]. Biological knowledge constrains how perturbations of a DNA sequence should
influence binding predictions without uniquely determining model outputs, which motivates evaluating
whether model responses are consistent with that knowledge rather than merely well-calibrated on a
held-out test set.

Large-scale genomic datasets such as ENCODE intensify this concern. These resources contain highly
correlated sequence data in which spurious patterns and experimental artifacts can remain predictive
in-distribution [7, 8], and standard train-test evaluation is insufficient to expose them [9].

Most explainability approaches for genomic deep learning rely on post-hoc attribution methods
that assign relevance scores to individual input positions [10, 11]. While attribution maps are useful
for qualitative inspection, they do not directly test whether model behaviour is consistent with exter-
nal biological knowledge under structured perturbations [12]. Recent work in XAI has accordingly
emphasised the value of behavioural evaluation under controlled interventions as a complementary
paradigm [13, 14].

We introduce ISAAC, a post-hoc, model-agnostic auditing framework that evaluates whether model
responses to controlled perturbations are consistent with an explicit regulatory reference, operating
exclusively on observable input-output behaviour without requiring retraining.

2. Related Work

Explainability research in genomic deep learning has largely focused on post-hoc attribution methods
such as saliency maps, integrated gradients, and DeepLIFT [10, 11, 15]. These methods are sensitive
to implementation choices and may fail sanity checks that test their dependence on learned model
parameters [12]. Evaluation frameworks such as Quantus [16] assess attribution properties including
faithfulness, robustness, and randomisation stability; ISAAC addresses related questions, but at the
level of interventional response distributions rather than attribution scores.

Beyond attribution, perturbation-based methods evaluate models by directly modifying input se-
quences. In genomics, in silico mutagenesis (ISM) and its efficient implementation [17] systematically
alter individual nucleotide positions to assess local sensitivity, and BPNet [18] extended this approach
with co-mutation analyses to infer motif syntax. These methods are widely used but typically without
a structural prior that partitions perturbations into reference-aligned and reference-violating classes for
distributional comparison [5, 8].

ISAAC builds on both lines of work while addressing their limitations. Attribution methods char-
acterise local feature relevance without testing consistency with an external reference; ISM probes
sensitivity without organising perturbations around a structural prior. A closer analogue is TCAV [19],
which evaluates model behaviour against user-defined concepts through directional derivatives in
internal activation space. ISAAC follows the same principle but operates exclusively on observable
input-output behaviour, replacing abstract concepts with a biologically grounded intervention space
derived from an explicit regulatory prior. This makes the auditing procedure model-agnostic and directly
interpretable in terms of domain knowledge, without requiring access to internal model components.

3. ISAAC Framework

3.1. Problem Setting

Let x = (21,...,21) € X be a DNA sequence of length L over the alphabet A = {A,C, G, T}, and
let fg : X — R be a trained model producing a real-valued binding score, with parameters 6 held fixed
throughout. Domain knowledge is encoded as a PWM from a curated database such as JASPAR [20],
which assigns to each candidate binding window an affinity score

Lpyp—1

Az, s) = Z PWM|z;, jl,
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where s is the start position and L,, the motif length. High values of A(x, s) indicate compatibility
with the known binding preference of the factor.

3.2. Intervention Design

ISAAC evaluates model behaviour by comparing responses to two complementary classes of sequence
perturbations. Interventions  : X — X preserve sequence length and alphabet and modify only a
local window. Structure-aligned interventions target positions with high PWM affinity; non-structural
interventions target positions outside the regulatory reference.

Formally, structurally relevant positions are Sgruct () = {s | A(z,s) > ga(x)}, where g, (z) is the
(1 — «v) empirical quantile with o« = 0.05. Structure-aligned interventions act on the highest-affinity
site s* = arg max; A(x, s) through three operators of increasing severity: Precision Weakening (PW),
which replaces the highest-contributing nucleotide with its least compatible alternative; Structural
Scrambling (SS), which permutes the most affinity-contributing positions; and Complete Knockout
(CK), which replaces all motif positions with their anti-consensus bases. Each operator guarantees
A(6(x),s*) — A(x, s*) < 0 by construction. Non-structural interventions act on windows of identical
length outside Sstryct () through matched random mutations, random scrambling, and GC-content-
preserving substitutions, with positions selected independently of the regulatory prior.

For each intervention d, the model response is A fy(z, ) = fp(0(x)) — fo(x), and auditing is based
on the empirical distributions Dy(J) = {Afo(z,0) : © ~ Py, § € J} across the two intervention
classes.

3.3. Behavioral Diagnostics

The intervention design yields two empirical response distributions,
thruct = {Af@(l‘, 5) 10 € Istruct}a Dgonstruct = {Af@(x, 5) 10 € Inonstruct}-

ISAAC summarises their relationship through three diagnostics, each with an explicit, bounded formu-
lation (Table 1).

Entanglement (£). Entanglement quantifies distributional overlap between the two response distri-
butions using the Overlapping Coefficient [21]:

& = OVL(Dy™uet, pyorstruct) = /min(p(z), q(z)) dz,

where p and ¢ denote the density functions of D5""“* and Dj°"™* respectively, estimated empirically
via adaptive histogram binning. Since £ is the integral of the pointwise minimum of two probability
densities, it lies in [0, 1] by construction. Values near zero indicate well-separated distributions; values
near one indicate near-complete overlap.

Collapse (C). Collapse summarises the magnitude of the mean response contrast through an expo-
nential transformation of Cohen’s d [22]:

Mstruct — Mnonstruct —
d = | | ; C =€ d,
Opooled

where fistruct and finonstruct are the empirical means and opoled the pooled standard deviation. Since
d > 0,C € (0,1}, with values near zero indicating large standardised separation and values near one
reflecting negligible average contrast.



Table 1
ISAAC behavioral diagnostics. Lower values indicate better structural alignment.

Axis Metric Formula Range
Separability  Entanglement £ OVL(p,q) [0,1]
Effect size Collapse C e (0,1]
Stability Instability 7 CVZ/(1+CV?) [0,1)

Instability (7). Instability measures the relative variability of paired intervention contrasts, defined
for each input as A(z) = A fo(x, dstruct) — A fo(Z, dnonstruct ) via a bounded transformation of the

coefficient of variation [23]:
Ccv?
cvoa g OV
E|A| 1+CV

where o is the standard deviation of A and E|A| its mean absolute value. Since ¢t — t/(1 + t) is
strictly increasing on [0, +00) and bounded above by one, Z € [0, 1) by construction. All three metrics
share the convention that lower values correspond to better structural alignment with the regulatory
reference.

4. Experimental Design

Datasets. We apply ISAAC to TF binding prediction using ENCODE ChlIP-seq datasets [7] from three
human cell lines: A549, GM12878, and HepG2. Data construction and preprocessing follow the protocol
described in [24]. Each dataset comprises approximately 5 x 10° DNA sequences of length L = 576 bp
with binary labels. Sequences are partitioned into training (80%) and held-out sets (20%) by stratified
sampling to preserve class balance, in accordance with the benchmark protocol. This split is used
solely to establish a predictive validity gate; the structural diagnostics are computed post-hoc on frozen
models and are therefore independent of how training data were partitioned. From the training split,
10° sequences are sampled for model training, fixing the size to ensure a comparable predictive setting
across architectures.

Models and Training. Three representative architectures are audited: DeepBind [1], DeepSEA [2],
and BPNet [18]. Each is implemented in PyTorch following an architecture-faithful configuration
that preserves the defining structural properties of the original design: convolutional motif detectors
in DeepBind, deep convolutional feature hierarchies in DeepSEA, and dilated convolutional residual
blocks in BPNet. Each architecture is adapted to the binary classification setting and produces a single
real-valued output score per input sequence. All models are trained under a shared protocol: Adam
optimiser with learning rate 10~3, batch size 64, binary cross-entropy loss, and 20 epochs, repeated over
five independent random seeds. This shared protocol is a deliberate choice to ensure that differences in
structural diagnostics are attributable to architectural properties rather than to training configuration
disparities. After training, all models are frozen and treated as deterministic operators during auditing.

DeepSEA is included in the training protocol under the same controlled configuration but does not
reach a stable predictive threshold (AUROC > 0.6) in any of the three cell lines. It is therefore excluded
from structural auditing and reported separately for completeness. This exclusion reflects the behaviour
of DeepSEA under this specific controlled configuration, which may place architectures with a larger
parameter budget at a disadvantage, and should not be interpreted as a general statement about the
architecture.

Regulatory Reference. Structure-aligned interventions are defined using the CTCF PWM from
JASPAR (ID: MA0139.1) [20]. CTCF is one of the most thoroughly characterised human transcription
factors, with a well-defined canonical binding motif that shows relatively limited cell-type specificity,



Table 2
Predictive performance (AUROC), reported as mean =+ standard deviation over five independent training seeds.
DeepSEA is excluded from structural auditing under the controlled training regime described in the text.

Cell line Model AUROC

A549 BPNet 0.912 £0.001
DeepBind 0.702 £+ 0.021
DeepSEA  0.576 £0.170

GM12878 BPNet 0.898 £ 0.002
DeepBind 0.721 +£0.017
DeepSEA  0.573 £0.164

HepG2 BPNet 0.919 £ 0.001
DeepBind  0.702 +0.017
DeepSEA  0.500 £ 0.000

making it a methodologically conservative and appropriate reference for validating the auditing proce-
dure. The PWM is used exclusively to guide intervention placement and does not enter the training
objective.

Auditing Protocol. Structural auditing is conducted post-hoc on frozen models through repeated
balanced subsampling of the held-out set. For each combination of dataset, architecture, and training
seed, ten balanced subsamples of 5,000 sequences are drawn, yielding 5 x 10 auditing configurations
per dataset-architecture pair. ISAAC diagnostics are computed for each configuration and summarised
as means with 95% percentile confidence intervals across subsamples, controlling for variability arising
from training stochasticity and data subsampling.

Intervention Validation. The effectiveness and specificity of the intervention design are verified in-
dependently of the predictive models across n = 50,000 intervention instances. Structural interventions
induce a consistent and substantial reduction in PWM affinity (AA = —3.97 + 0.11 log-odds), whereas
non-structural interventions produce negligible changes (—0.07 & 0.02). Non-structural interventions
produce large Hamming distances from the original sequence (mean 8.10 £ 4.32 nt over 20 bp windows),
and only 1.7% of instances inadvertently create new motif-compatible sites while 3.6% disrupt existing
ones, confirming that the two intervention families are well-controlled and structurally distinct.

5. Results

5.1. Predictive Validity

BPNet achieves strong and stable predictive performance across all three cell lines (AUROC = 0.912 £+
0.001 in A549, 0.898 + 0.002 in GM12878, and 0.919 + 0.001 in HepG2, aggregated over five seeds).
DeepBind operates in a lower but reproducible regime across the same datasets (AUROC from 0.702 £
0.021 to 0.721 + 0.017). DeepSEA does not meet the predictive threshold under the present training
configuration and is consequently excluded from structural auditing (Table 2).

5.2. Structural Auditing

Structural auditing results are reported in Table 3 and Fig. 1. All metrics are interpreted on bounded
[0, 1] scales (see Table 1 for exact ranges), in which lower values indicate better alignment with the
regulatory reference.

DeepBind exhibits consistently high entanglement (£ = 0.925-0.932) and collapse (C = 0.933-
0.953) across all three cell lines, indicating that model responses to structure-aligned and non-structural
perturbations are substantially overlapping and only weakly differentiated in magnitude. Instability



Table 3
ISAAC auditing diagnostics, reported as mean with 95% confidence intervals aggregated over training seeds and
balanced subsamples. Lower values indicate better structural alignment for all three metrics.

Cell line  Model Entanglement Collapse Instability

A549 BPNet 0.881 [0.877, 0.884] 0.867 [0.853, 0.881] 0.695 [0.688, 0.702
DeepBind 0.925 [0.910, 0.941] 0.953 [0.945, 0.961] 0.853 [0.846, 0.860

] [ ] [ ]
[ ] [ ] [ ]
GM12878 BPNet  0.887 [0.884, 0.889] 0.941 [0.917, 0.965] 0.667 [0.662, 0.673]
DeepBind  0.929 [0.920, 0.939] 0.933 [0.910, 0.956] 0.853 [0.836, 0.870]

[ ] [ ] [ ]

[ ] [ ] [ ]

HepG2 BPNet 0.884 |0.881, 0.887] 0.884 [0.872, 0.896] 0.679 [0.676, 0.681
DeepBind 0.932 [0.913, 0.952] 0.941 [0.912, 0.971] 0.871 [0.848, 0.894

Entanglement Collapse Instability

- x -
2 =, T ﬁ 5

©

0.80

Score

0.75
0.70 %@
0.65 %
0.60
DeepBind BPNet DeepBind BPNet DeepBind BPNet

Intervention
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Figure 1: Distribution of ISAAC diagnostics across models, aggregated over datasets and training seeds for
architectures operating in a valid predictive regime (AUROC > 0.6). Lower values indicate better structural
alignment. Both audited architectures exhibit systematic failure profiles despite achieving adequate predictive
performance.

values are similarly elevated (Z = 0.853-0.871), reflecting strongly input-dependent expression of any
residual regulatory sensitivity.

BPNet achieves moderately lower entanglement (£ = 0.881-0.887) and instability (Z = 0.667-0.695)
relative to DeepBind, suggesting somewhat more regularised responses across inputs. However, collapse
remains high in GM12878 (C = 0.941), and all three diagnostics remain well above the low-failure
regime for both architectures.

These patterns persist across all three intervention operators (PW, SS, CK), including the most
severe perturbations produced by complete motif knockouts. Differences between architectures emerge
primarily in response dispersion, while distributional overlap and average contrast remain broadly
similar across operators. The consistency of these patterns suggests that the observed failure profiles
are structural in nature rather than specific to any particular perturbation type.

6. Implications and Limitations

The results suggest that models achieving adequate predictive accuracy may nonetheless produce
response distributions in which structure-aligned and non-structural perturbations are only weakly
distinguished, indicating that predictive performance does not certify behavioural alignment with the
specified regulatory reference.

From a methodological perspective, ISAAC differs from attribution-based approaches in the question
it addresses: rather than assigning relevance to individual input positions, it evaluates how model



responses are organised across matched structural and non-structural intervention classes. The two
perspectives address distinct aspects of model behaviour and are naturally complementary: locally
plausible attributions may coexist with globally weak behavioural alignment to the regulatory reference,
precisely the gap between plausibility and faithfulness identified in the XAI literature [25].

Because ISAAC operates solely on observable input-output behaviour and requires only an externally
specified reference structure, it is applicable in principle to any scientific domain where structural
knowledge can be stated independently of the learning algorithm.

The analysis uses CTCF as a well-characterised regulatory reference in a controlled experimental
setting; results should therefore be interpreted as evidence of behavioural alignment with respect to
this specific prior, rather than as general claims about mechanistic correctness. ISAAC does not ask
whether a model recovers the PWM, but whether its learned behaviour is consistent with the structural
constraints the PWM encodes. The validity of the diagnostics is conditioned on the quality of the external
regulatory prior, and extensions to additional transcription factors would further assess the generality
of the observed failure profiles. Consistency across intervention operators and training seeds is adopted
as the primary indicator of structural alignment because it provides a model-agnostic, distribution-level
signal that requires no access to internal model components and is directly interpretable in terms of
domain knowledge; the reported confidence intervals provide an empirical characterisation of estimate
stability. Extensions to additional TF priors, Transformer-based architectures, and regression settings
represent natural directions for follow-up work.

Overall, these findings support intervention-based behavioural auditing as a principled complement
to predictive evaluation and attribution analyses, advancing the goals of trustworthy Al in scientific
domains where explicit prior knowledge makes structured behavioural evaluation both feasible and
necessary. Code and processed datasets are publicly available online.'?.
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