


 

 

Figure 4: Nucleotide interdependency map of the NKX2.1 binding site for the FLANK model. The 
wildtype thyroglobulin promoter binding site sequence is shown diagonally with a red-dashed box 
enclosing the core nucleotides. For each double SNV, position A is on the y-axis and position B on the 
x-axis. The epistasis score is shown with a red-blue colour scale where a super-additive effect is red 
and a super-antagonistic effect is blue. The right side of the figure provides an example of how to 
read the map. Each square of 16 dots represents the variable combination of two nucleotide 
positions. Each possible nucleotide combination is depicted. The example shows that the 
combination G>A [at position 14] plus T>C [at position 17] results in increased, while the 
combination G>A [at position 14] plus T>G [at position 17] results in decreased binding compared to 
the expected additive effects when considering each SNV individually.  

 

EMSA-seq captures binding affinities at higher resolution compared to microscale 

thermophoresis through competitive binding dynamics  

MST was performed to test the binding of NKX2.1 to n = 29 altered thyroglobulin promoter 

binding site DNA sequences. One or two nucleotide variants were introduced into the core 

sequence or the two flanking nucleotides on either side of the core sequence. The same 

DNA sequences were offered to each deep learning model for LFC prediction and to FIMO 

[68] using the Nkx2.1 PWM (JASPAR: MA1994.1) [69]. The Spearman correlation coefficient 

was calculated to compare each of the model predictions with the DNA sequence 

dissociation constant (Kd) calculated by MST. The Kd was negative-log-transformed to reflect 

its relationship with the change in standard Gibbs free energy on binding [89]. This analysis 

revealed that the Kd and model predictions did not correlate (MST versus CORE r = 0.04; MST 

versus FLANK r = 0.00, MST versus ALL r = 0.14, and MST versus PWM r = -0.13). However, 
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the predictions across deep learning model types correlated well (CORE versus FLANK r = 

0.91, CORE versus ALL r = 0.84, and FLANK versus ALL r = 0.88), which was higher than the 

correlations between PWM and deep learning models (PWM versus CORE r = 0.64, PWM 

versus FLANK r = 0.72, and PWM versus ALL r = 0.59).  

 

Figure 5: Microscale thermophoresis (MST) dissociation constants (Kd) (orange) for NKX2.1 binding of 
n = 29 varied DNA sequences and their predicted relative fold changes (FC) by the ALL (green), CORE 
(blue), FLANK (pink), and PWM (yellow) models. Predicted FCs from neural network and PWM 
models were normalised to the wildtype score (grey bar), set to 1.0 (dashed line), called the "relative 
fold changes". For the PWM, the highest FIMO score per sequence was used. The binding in MST 
was measured three times with the average displayed in a bar and standard deviation represented by 
whiskers. The sequences were 24 bp long but only the 8 bp variable region is labelled for brevity. The 
red nucleotides represent those that deviate from the wildtype sequence. The dashed grey box 
encloses the four core positions.  

The average Kd between NKX2.1 and each DNA sequence, and its predicted relative 

fold change by each model can be seen in Figure 5. The free binding energy (Kd) and the FCs 

are displayed relative to the wildtype sequence so that the wildtype FC is set to 1.0 (dashed 

line). The majority of the DNA sequences have a Kd that falls within the margin of error of the 

wildtype sequence (grey bar). Consistent with the correlation coefficients, no clear pattern is 

visible between MST data and model predictions, whilst there is a clear trend across model 

predictions. A possible explanation for the lack of correlation between model predictions 

and MST measurements could be that EMSA-seq is able to detect relative binding affinities 

of DNA sequences at a higher resolution than MST, perhaps due to the competitive nature of 
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EMSA-seq. While EMSA-seq indirectly assesses TF binding to a pool of many, competing DNA 

molecules, MST only measures the direct binding affinity of two molecules in isolation: a 

single DNA sequence and its TF. Therefore, it is plausible that EMSA-seq may detect small 

binding affinity differences between DNA sequences that MST does not detect due to a lack 

of competition.  

Fabbro et al. [90] performed selective chromatography (SC) with the NKX2.1 protein 

and n = 15 varied DNA sequences of the same wildtype thyroglobulin promoter sequence 

used in this study. We used our models to predict LFCs for the sequences in this experiment 

and found that the Spearman correlation coefficient between the experimental binding 

affinities and the predictions was much higher than for MST measurements (SC versus CORE 

model r = 0.76, SC versus FLANK model r = 0.76, SC versus ALL r = 0.77). The SC experiment 

was performed with all 15 DNA sequences in parallel, resulting in a competitive environment 

similar to EMSA-seq. This further supports the hypothesis that EMSA-seq can detect smaller 

binding affinity changes caused by single DNA sequence variants due to its competitive 

nature. Furthermore, such a competitive environment is closer to reality within the cell, 

where all accessible genomic regions are potentially competing for TF binding.  

Discrepancies between MST and EMSA-seq binding measurements likely stem also 

from differences in reaction conditions, particularly temperature and the duration of  

incubation. While MST involves a short, low-temperature incubation followed by a thermal 

spike, EMSA-seq uses higher temperatures over longer periods. These thermal variations 

influence the biochemical properties of both molecules; e.g., increased heat enhances DNA 

flexibility, which may fundamentally alter TF docking [91]. Studies on p53 demonstrate that 

DNA binding affinity can fluctuate across temperature gradients as hydrogen bonds 

rearrange [92]. Furthermore, temperature modulates electrostatic and hydrophobic forces, 

such as the energetically favorable release of counterions at higher temperatures. [93]. 

Because these thermal effects are complex and highly TF-specific, they likely contribute to 

the observed affinity discrepancies between MST and EMSA-seq results.  

Reaction timing also distinguishes MST and EMSA-seq. Recent in vivo data suggest 

that TF residence times are longer than previously assumed, typically ranging from 30 to 100 

seconds [94]. While the brief MST incubation might theoretically capture TFs in a transient 
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"sliding" search mode rather than a stable bound state, the short DNA fragments used in 

these specific assays likely reached equilibrium within the two-minute window.  

Finally, the physical nature of EMSA-seq — specifically running the DNA:protein 

complex through a gel matrix — introduces unique variables. Although gel electrophoresis is 

sometimes thought to disrupt weak interactions, the higher resolution and broader affinity 

range observed here suggest otherwise. Nonetheless, the gel matrix itself imposes structural 

constraints on DNA:protein interactions that remain difficult to fully predict or quantify. 

Next, we compared the MST binding measurements and deep learning model 

predictions to FIMO LFCs, which were calculated based on how well the input sequence 

matches the Nkx2.1 PWM [68]. The PWM scores mostly follow the same trend as our deep 

learning models, except for a couple of instances. Interestingly, for the sequence 

5'-GTCACGTG-3', which has very low binding in MST (Kd = 171.2, SE = 23.2), the PWM has a 

comparatively high relative FIMO score of 0.63 (Figure 5). However, in this incidence, our 

models are in line with the MST measurements and predict low relative fold changes (ALL 

model = 0.41, FLANK model = 0.18, and CORE model = 0.02, Figure 5). The discrepancy 

between PWM and deep learning methods could be explained by the ability of deep 

learning to learn higher-order relationships between nucleotides, regardless of their position 

[8]. Conversely, PWM-based methods only consider neighbouring, dinucleotide 

dependencies [7]. We have used the mouse Nkx2.1 PWM (MA1994.1) from the JASPAR 

database [69], but the NKX2.1 DBD is 100% conserved between human and mouse, so this 

was unlikely to affect the performance of the PWM model.  

X-ray crystallography reveals interactions between NKX2.1 and the DNA sequence that align 

with patterns learnt by neural network models  

Following the establishment of a robust protocol for producing highly pure NKX2.1 DBD, we 

initiated crystallisation experiments for high-resolution structural analysis to investigate the 

molecular basis of differential binding of various DNA sequences. Optimal diffraction was 

achieved using a 12 bp dsDNA fragment, chosen for its efficiency in yielding well-diffracting 

crystals, likely due to the size constraints of the NKX2.1 DBD. We obtained high resolution 

crystal structures including NKX2.1 DBD and the wildtype thyroglobulin promoter binding 

site sequence, and eight variant DNA sequences. Detailed inspection of these structures 
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allowed us to precisely describe the intricate network of direct and water-mediated 

interactions between NKX2.1 and its dsDNA target.  

The wildtype crystal structure (PDB ID: 9U18) demonstrates that the homeodomain 

adopts a canonical fold comprising an extended N-terminal loop (N-loop) followed by three 

α-helices (H1–H3). The N-loop anchors within the DNA minor groove, while the recognition 

helix (H3) resides in the major groove (Figure 6A). Within the N-loop, R162 and R165 

facilitate direct base-specific interactions with the core CAAG binding motif and the 

immediately preceding position. Conversely, while H3 side chains primarily contact the 

phosphodiester backbone, Q210 and N211 engage in water-mediated interactions with the 

bases of the reverse complementary strand. We used the FLANK model only to show 

sequence attributions here, since the LFC predictions across models were consistently-well 

correlated. Interestingly, the nucleotides that interact with the protein were considered 

important by the deep learning models (Figure 6B), confirming their biological relevance, 

but the VCNNBPNet model did not discern whether a nucleotide was interacting directly or 

indirectly with NKX2.1. However, the more distal interacting nucleotides (at the 3’ end) were 

not found to be important for the model’s LFC prediction.  

Comparative analysis across all nine NKX2.1:DNA variant structures reveals a critical 

mechanistic insight: only the CAAG>CACG mutation (PDB ID: 9U19) induces a significant 

rearrangement within the protein:DNA interface (Figure 7). This transition is driven by a 

subtle shift (≤ 0.5Å) in the R165 side chain, which displaces the N-terminal loop outward 

from the minor groove. This movement triggers a reconfiguration of the internal 

hydrogen-bonding network within the protein scaffold, ultimately stabilising an alternative 

conformer. This structural plasticity provides a direct rationale for the altered binding 

characteristics observed in MST and EMSA-seq (Figure 5).  
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Figure 6: X-ray crystallography structural analysis validates patterns of attributions learnt by deep 
learning models. A: X-ray crystallography structure of NKX2.1 DBD bound to the 12 bp sequence of 
the thyroglobulin promoter. B: DeepSHAP nucleotide attributions of the thyroglobulin promoter 
binding site by the FLANK model, where size indicates importance for model prediction. C: Simplified 
diagram explaining which nucleotides interact with the NKX2.1 DBD. Red: nucleotides in the core 
sequence that interact with the protein, Green: flanking nucleotides that interact with the protein, 
Underlined: nucleotides that interact directly with the protein (other interactions occur via the DNA 
backbone with either sugar or phosphate moieties). Created in https://BioRender.com. 
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Figure 7: X-ray crystallography structural analysis of the CACG mutation validates patterns of 
attributions learnt by deep learning models. A: Comparison of crystal structures of the wildtype 
core sequence: CAAG and the SNV: CACG interacting with the NKX2.1 DBD. 

Given the extensive experimental and analytical work required for X-ray 

crystallography, we used the above structures (PDB IDs: 9U18 and 9U19) to validate 

AlphaFold predictions for unsolved NKX2.1:DNA sequence conformations. Structural 

models generated by AlphaFold provide insight into the altered binding mechanisms of 

non-crystallising variants. Specifically, we investigated the role of the thymine nucleotide 

directly upstream of the core sequence, since its substitution with a  guanine had resulted in 

stronger binding affinities in the MST experiment (Figure 5). However, the structural 

prediction in the presence and absence of this and other mutations (Figure 8) showed that 

the thymine to guanine substitution disrupted the local contact of thymine to Q210. This 

loss of interaction triggers a conformational shift in the Q210 and N165 side chains, 

accompanied by a slight outward displacement of the N-loop, which would result in a 

weaker binding between the mutated DNA sequence and the NKX2.1 DBD. This change was 
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mirrored by a clear reduction in the LFC for this sequence in the FLANK model predictions 

which stands in stark contrast to the MST measurement (Figure 5). 

 

 

Figure 8: AlphaFold predictions for DNA sequences that had not been solved experimentally. 
The different NKX2.1 DBD-DNA sequence interactions are coloured according to the varied DNA 
sequences. The sequences are shown with their predicted relative fold changes by the FLANK model. 
The wildtype sequence structure is yellow, and the alternative bases for the other sequences are 
shown in red. The core sequence is boxed by a broken line. 

EMSA-seq derived models are able to identify NKX2.1 binding sites in genomic data  

MST and selective chromatography [90] experiments provided a partial in vitro validation for 

our EMSA-seq-derived models. Next, we sought to test the models’ ability to identify NKX2.1 

binding sites in genomic data. We conducted an in vivo validation experiment using publicly 

available, high-confidence ChIP-seq data for NKX2.1 and four negative control TFs (GATA1, 

MYOD1, NKX2.5, and RXRA). The peaks for NKX2.1 and the respective negative control TF 

were combined and the models used as classifiers to identify which TF each ChIP-seq peak 

belonged to, based on their LFC predictions. The peaks were filtered to remove any peaks 
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that contained overlapping genomic regions to avoid situations where the two TFs might 

bind in the same region and skew results. We performed this classification task in two ways. 

First, we used the entire 500 bp sequence for our model LFC predictions (Figure 9), taking 

advantage of the models’ ability to take variable sequence lengths. Second, we used our 

models with a sliding window of 24 bp (the training sequence length) across the 500 bp 

ChIP-seq sequences and used the maximum scoring 24-mer to represent the peak (Figure 

10). In both tests, the PWM was used with a 7 bp sliding window according to its length, and 

the maximum LFC was used to represent each peak. Despite not being trained for this task, 

our models performed relatively well (Figures 9 and 10). Unsurprisingly, the CORE model 

performed the worst. The restricted number of nucleotides varied in this training dataset 

restricts the length and complexity of patterns that can be learnt by the model. The ALL 

model performed better than the CORE model, and was mostly on par with the PWM, which 

was also not trained for this classification task. We expected this model to perform the best, 

owing to the high sequence diversity of the mutant library used in EMSA-seq. However, the 

high diversity of the ALL library had resulted in the requirement of a much higher read depth 

in order to achieve the same read-depth-to-unique-sequence ratio as compared to the other 

libraries, while the FLANK mutant library with its total variation of only 10 bps allowed 

detection of complex patterns at much lower total read depths. Hence, the FLANK model 

out-performed all other models, including the PWM, at the task of ChIP-seq peak 

classification. Interestingly, the performance of our models increased when using the entire 

500 bp sequence (Figure 9) as compared to a 24 bp sliding window only (Figure 10). This is 

likely due to the increased sequence context included when using the entire peak instead of 

a sliding window, allowing the VCNNBPNet models to use nucleotide dependencies to make 

more accurate binding affinity predictions. The results from this classification task 

demonstrates that deep learning models trained on EMSA-seq data can predict binding in 

vivo.  
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Figure 9: ChIP-seq peak classification by the PWM and VCNNBPNet models using a 500 bp DNA 
sequence. The classification task is performed using predicted LFCs for the ChIP-seq peak 500 bp 
sequences of NKX2.1 and negative control TFs A: GATA1, B: MYOD1, C: RXRA, and D: NKX2.5. The 
VCNNBPNet models were provided with the entire 500 bp ChIP-seq sequence as input and predicted 
the LFCs. Sequences of length 500 bp cannot be used as input for FIMO so the PWM (7 bp) was 
moved as a sliding window across the peak, and the highest scoring sequence was used as a 
representation for the entire peak. Receiver operator characteristic (ROC) curves are depicted to 
illustrate the models’ ability to distinguish between a positive (NKX2.1) and negative (other TF) 
dataset. The area under the curve (AUC) is stated for each model for each task. Each plot includes the 
negative control TF PWM from JASPAR [69] to visualise similarities between TFBSs. 

35 

.CC-BY-NC 4.0 International licensemade available under a
(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 

The copyright holder for this preprintthis version posted March 2, 2026. ; https://doi.org/10.64898/2026.02.27.708450doi: bioRxiv preprint 

https://www.zotero.org/google-docs/?6MqSKS
https://doi.org/10.64898/2026.02.27.708450
http://creativecommons.org/licenses/by-nc/4.0/


 

 

Figure 10: ChIP-seq peak classification by the PWM and VCNNBPNet models using a 24 bp sliding 
window. The classification task is performed using predicted LFCs for the ChIP-seq peak sequences of 
NKX2.1 and negative control TFs A: GATA1, B: MYOD1, C: RXRA, and D: NKX2.5. The VCNNBPNet 
models were provided with a 24 bp sliding window across the 500 bp peak sequence in 1 bp 
increments. The highest scoring 24 bp sequence was used as a representation of the peak. 
Sequences of 24 bp length cannot be used as input for FIMO so the PWM (7 bp) was moved as a 
sliding window across the peak, and the highest scoring sequence was used as a representation for 
the entire peak. Receiver operator characteristic (ROC) curves are depicted to illustrate the models’ 
ability to distinguish between a positive (NKX2.1) and negative control (other TF) dataset. The area 
under the curve (AUC) is stated for each model for each task. Each plot includes the negative control 
TF PWM from JASPAR [69] to visualise similarities between TFBSs. 

 

​ In addition to the ChIP-seq peak classification task, we investigated where in the 500 

bp NKX2.1 ChIP-peak sequence our models and the PWM model predicted the highest LFC 

(Figure 10). We hypothesised that well-performing models would have a high frequency of 

top LFCs in the centre of the peak sequence. For this task, the models assessed each 24-mer 

across the peak, in 1 bp increments, resulting in 477 positions. All models found the highest 
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frequency of top LFCs in the centre of the NKX2.1 peaks. The CORE model (Figure 10B) 

performed the worst at this task, as for the ChIP-seq classification task. The FLANK (Figure 

10A) and ALL (Figure 10C) models produced clear centre peaks, with the PWM’s (Figure 

10D) centre peak slightly less pronounced. This task is based on the assumption that 

ChIP-seq peaks contain just one TFBS, and that the binding site should be at the centre of 

the peak, which is not always the case. Nevertheless, these results demonstrate the 

superiority of the FLANK model in NKX2.1 binding prediction in vivo compared to the PWM, 

despite a low correlation with MST binding affinity data.  

 

Figure 10: Highest model LFC prediction peak distribution plots for NKX2.1 ChIP-seq data. Each model 
was used to record where in the 500 bp NKX2.1 ChIP-seq peak sequence, the 24 bp DNA sequence 
with the highest predicted LFC occurred. The frequency of the highest predicted LFCs was plotted 
against the position this sequence was found in the peaks. A: ALL model, B: CORE model, C: FLANK 
model, and D: FIMO (length of sliding window was the size of the PWM). 

Final conclusions 

We present the first publicly available, in vitro binding data between millions of DNA 

sequences and the human transcription factor NKX2.1. In addition, we trained neural 
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network models that can accurately predict the relative binding strength of variable length 

DNA sequences, allowing prediction of the effects of nucleotide variants in known TFBSs. We 

also present direct binding affinity measurements between NKX2.1 and its thyroglobulin 

promoter binding site sequence and several introduced variants. Finally, we solved the 

crystal structure of the DNA-binding domain of NKX2.1 bound to its thyroglobulin promoter 

binding sequence and introduced several variants and used this to validate AlphaFold 

structure predictions for other DNA variants. This deep investigation of the binding between 

NKX2.1 and DNA revealed that in vitro EMSA-seq experiments can be used to train models 

with the ability of identifying TFBSs in vivo and that different methods for investigating TF 

binding can result in variable results (potentially due to the competitive nature of 

high-throughput methods). Future work should investigate the role of competition in 

binding reactions for other TFs. Importantly, this work allows the prediction of variants 

within known NKX2.1 binding sites, and could be used to assess variation in regulatory 

elements in patients with CAHTP in whom no mutation in the coding regions of the NKX2.1 

gene had been found.  
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