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ABSTRACT 
 
Cis-regulatory elements (CREs) direct gene expression in health and disease, and models that 
can accurately predict their activities from DNA sequences are crucial for biomedicine. Deep 
learning represents one emerging strategy to model the regulatory grammar that relates CRE 
sequence to function. However, these models require training data on a scale that exceeds the 
number of CREs in the genome. We address this problem using active machine learning to 
iteratively train models on multiple rounds of synthetic DNA sequences assayed in live 
mammalian retinas. During each round of training the model actively selects sequence 
perturbations to assay, thereby efficiently generating informative training data. We iteratively 
trained a model that predicts the activities of sequences containing binding motifs for the 
photoreceptor transcription factor Cone-rod homeobox (CRX) using an order of magnitude less 
training data than current approaches. The model’s internal confidence estimates of its 
predictions are reliable guides for designing sequences with high activity. The model correctly 
identified critical sequence differences between active and inactive sequences with nearly 
identical transcription factor binding sites, and revealed order and spacing preferences for 
combinations of motifs. Our results establish active learning as an effective method to train 
accurate deep learning models of cis-regulatory function after exhausting naturally occurring 
training examples in the genome. 
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INTRODUCTION 
 
The cis-regulatory grammar of a cell type defines the rules for interpreting CREs and their allelic 
variants by cell type-specific transcription factors (TFs). Cis-regulatory grammars describe how 
TF binding sites in a DNA sequence relate to its cis-regulatory activity 1–5. The effects of TF 
binding sites depend strongly on their sequence contexts, and CREs composed of similar 
binding sites often differ widely in their activities 6–23. These effects of sequence context on cis-
regulatory activity make it difficult to distinguish genuine CREs from non-functional clusters of 
TF binding sites in the genome, and to accurately predict the effects of non-coding genetic 
variants. Therefore, a major goal of regulatory genomics is to learn cell-type specific cis-
regulatory grammars that explain why DNA sequences with similar or identical TF binding sites 
exhibit a wide range of cis-regulatory activities. 
 
Modern machine learning methods, with their power to discover predictive features in high 
dimensional data, have the potential to discover features of cis-regulatory grammars that are 
missed by conventional enrichment analyses of TF motifs. Several studies report machine 
learning models trained on large epigenomic datasets 24–31. These studies attempt to learn the 
entire cis-regulatory grammar of a cell type. A limitation of these approaches is that the genome 
does not contain enough naturally occuring CREs to provide sufficient training examples to 
learn the complex interactions that occur among TF motifs. Thus, these approaches typically 
reveal the TF motifs with the largest independent effects on gene expression, which tend to be 
the same motifs identified by traditional motif-finding algorithms. In addition, while many of these 
models accurately predict TF binding and accessible chromatin in the genome, they are trained 
on indirect proxies of cis-regulation, and therefore less accurately predict cis-regulatory activity. 
Models trained on massively parallel reporter gene assays (MPRAs) 19,32–37 do predict cis-
regulatory activity directly. Still, MPRA studies must also contend with the same fundamental 
limitation: the number of genomic training examples in any particular cell type is small relative to 
the scale of the training data typically needed to model the interactions defining cis-regulatory 
grammars 38. To model the complex interactions among TF motifs, we require efficient 
strategies to pick informative training examples from the vast space of potential sequences, 
once the supply of genome-derived sequences has been exhausted 39. 
 
To address this problem, we made two major modifications to the current paradigm for learning 
cis-regulatory grammars. First, we deployed an iterative machine learning approach called 
active learning, which is here applied to the problem of cis-regulation for the first time. We train 
models of cis-regulatory grammar on successive rounds of MPRA experiments that test 
sequences actively selected for informative sequence perturbations. The key premise of this 
approach is that the training examples most likely to improve the model in the next round are 
sequence perturbations whose predicted outcomes are most uncertain under the current model. 
By prioritizing these perturbations at each iteration, we efficiently sample the space of possible 
sequences for informative examples, and thereby train accurate machine learning models with 
less data 40–42. Active learning has been successfully applied to model metabolic networks 43, 
optimize cell culture media 44, perform in silico drug screens 45–48, improve text and image 
classifiers 42,49, discover energy-efficient materials 50,51, identify TFs that drive cellular 
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differentiation 52, and select optimal training data for nanopore base calling 53. However, active 
learning has not yet been applied to train models of cis-regulatory grammars. 
 
Second, instead of attempting to learn the entire cis-regulatory grammar of a cell type, we 
focused on a network of interactions surrounding a single multifunctional TF. This increased our 
power to detect combinatorial interactions among motifs and allowed us to address why 
sequences bound by the same TF vary in their activity, ranging from enhancers to silencers. 
Current models are based on experiments that do not assay silencers. However, our 
experimental approach enabled us to model the contextual cues that specify whether 
sequences with the same TF motif are enhancers, silencers, or inactive. Our goal was to 
capture the detailed interactions that comprise a specific part of a cis-regulatory grammar, 
rather than to perform coarse-grained modeling of the entire grammar. 
 
RESULTS 
 
Iteratively learning the cis-regulatory grammar of mammalian rod photoreceptors 
A striking example of how a single TF binding motif can specify different activities in different 
DNA contexts is cis-regulation by the retina homeodomain TF Cone-rod homeobox (CRX). 54–61. 
In rods, CRX cooperates with other TFs to activate rod-specific genes and repress cone-specific 
genes 9,57,62–65. This dual role of CRX as activator and repressor requires context-specific 
regulatory information in its target CREs. Consistent with this idea, some CRX-bound genomic 
sequences act as enhancers, while others act as silencers when tested by MPRA 12,15,19,66,67. 
Many sequences with CRX motifs exhibit no cis-regulatory activity despite being bound by CRX 
and residing in open chromatin, similar to results reported for TF-bound sequences in cell 
culture models 16,68–70. These enhancers, silencers, and inactive sequences tested by MPRA all 
have one or more copies of the CRX motif, which demonstrates that the cis-regulatory effect of 
a CRX-bound motif depends strongly on its sequence context. Thus, CRX-dependent cis-
regulation in photoreceptors embodies a problem faced by all cis-regulatory grammars: how 
DNA contexts encode activating or repressing activity. 
 
We sought to learn the sequence features that are responsible for the activity differences 
among sequences with one or more copies of the CRX motif by training a machine learning 
model of rod photoreceptor cis-regulatory grammar. To train the model, we developed an 
iterative, active learning approach that leverages the capacities of MPRAs to test large libraries 
of designed, synthesized DNA sequences with informative perturbations. Because this 
approach is iterative, it provides a way to continuously improve model performance by 
generating new rounds of informative training data (Figure 1a and Methods). In each round, the 
model is trained on a cumulative training dataset and its performance is evaluated on an 
independent test set. The current model is used to actively select new training data by 
identifying candidate sequences for which the model predictions are least certain, with the 
expectation that these would be informative training examples if their activities were known. 
These sequences are then synthesized and assayed, and the results are added to the training 
data in the next round. The goal of the approach is to iteratively and efficiently sample the 
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search space of possible training data, targeting those parts of the space containing the most 
informative training examples. Accurate models are thereby trained with less data. 
 
In each round of active learning, we generate millions of candidate sequences by mutagenizing 
the sequences from the current training data in silico. Candidate sequences are then passed 
through two filters. First, candidates are scored by an open chromatin machine learning model 
and only candidate sequences predicted to be accessible in photoreceptors are retained. This 
filter enforces the condition that perturbed sequences should have general sequence properties 
of photoreceptor regulatory elements, rather than residing in an unrelated region of sequence 
space. For this filter, we trained a Support Vector Machine (SVM) that predicts whether a 
sequence will maintain chromatin accessibility in photoreceptors (AUC = 0.868, Extended Data 
Figure 1, Methods). This filter does not depend on MPRA measurements, but only on published 
measurements of open chromatin in rod photoreceptors 59. 
 
The critical component of active learning is the second filter, which samples candidate 
sequences whose activities are uncertain under the current model. The premise of uncertainty 
sampling is that the potential training examples that are most likely to improve the model are 
those sequences about which the model is most uncertain 42. To implement this step, candidate 
sequences that passed the open chromatin SVM filter are scored by the current model of 
regulatory activity, which assigns a probability mass function of activity to each sequence. 
These probabilities are used to calculate a metric of model uncertainty (discussed below). We 
then select sequences with the highest uncertainty to synthesize and test in the next MPRA 
library. Next, we add the new MPRA data to the existing training data, retrain the model, and 
reevaluate performance on the test set. Using this approach, we performed three rounds of 
active learning, beginning with data from a large set of genomic sequences that reside in open 
chromatin and are bound by CRX in rod photoreceptors (Figure 1b). 
 
We used our active learning framework to train two different four-way classifiers, a modified k-
mer Support Vector Machine (SVM) and a convolutional neural network (CNN). An advantage of 
the k-mer SVM is that the feature encoding is predetermined, which allows it to be trained on 
smaller datasets. However, the CNN can flexibly encode higher order features that may not be 
captured by the SVM. Each model predicts the probability that a given DNA sequence is a 
strong enhancer, a weak enhancer, an inactive sequence, or a silencer in photoreceptors. The 
activity thresholds for these classes were based on a prior MPRA study of genomic CREs 19. To 
evaluate model performance, we used two independent MPRA test datasets. The first was an 
exhaustive motif-mutagenesis analysis of 29 strong enhancers derived from the genome 
(‘mutagenic series’). Our rationale for using this set was that these 711 sequences resemble 
experiments investigators would perform to study individual enhancers or to evaluate specific 
genetic variants of interest. The second test set was 1,723 experimentally measured CRX-
bound sequences 67 that were not used elsewhere in the active learning pipeline (genomic test 
set). The two test sets assess model performance in complementary ways. The mutagenic 
series tests the ability of the models to predict perturbations to TF binding sites. Because this 
test set is derived from mutagenesis of enhancers, a limitation is that the classes are 
imbalanced (44% strong enhancers vs 3.7% silencers). The genomic test set reflects the natural 
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ratio of enhancers to silencers among CRX-bound sequences, however it lacks the extensive 
motif perturbations of the mutagenic series. The performance of the SVM was evaluated only on 
the mutagenic series because the SVM requires input sequences aligned on a central CRX 
motif, and sequences in the genomic test set are not aligned (Methods). We utilized the 
weighted F1 score (wF1) as our performance metric since our models are multi-class classifiers 
71.  
 
In the first learning round (‘Round 1’), we trained the SVM and CNN on an MPRA dataset 
derived from photoreceptor accessible chromatin sequences that each contained at least one 
copy of the CRX motif 19. Each sequence was 164 bp, centered on a central CRX motif, and 
placed upstream of the rod-specific Rhodopsin promoter, which allowed us to measure both 
enhancer and silencer activity. The MPRA library included 4,629 genomic sequences along with 
matched versions in which all CRX motifs were abolished. The MPRA library was assayed in 
explanted mouse retinas and thus sequences were tested in the full cellular context in which 
they are normally active. When trained on the Round 1 data, the SVM achieved a wF1 of 0.251 
(Figure 1c and Extended Data Figure 2), where a score of 0.28 represents random guessing 
on the mutagenic series and a score of one represents perfect four-way classification. The CNN 
did not generalize beyond the training data, presumably because the Round 1 dataset was too 
small to effectively train the model (Extended Data Figure 3). 
 
The performance of the models in Round 1 demonstrates the limitations of training models 
using only genome-derived sequences. Because the majority of CRX-bound sequences from 
the genome are in either the training dataset or the genomic test set, our results show that the 
genome does not contain enough examples of bona fide photoreceptor CREs to train robust 
models. However, our active learning approach provided a way to generate additional 
informative training data beyond genomic sequences. We completed three cycles of active 
learning and took Round 4b as the final round (Figure 1c). (Alternate Round 4a is discussed 
below.) We achieved a CNN performance of wF1 = 0.511 on the mutagenic series and 0.395 on 
the genomic test set. Thus, our active learning framework provided a route to generating 
additional informative training data, even after we exhausted all of the CRX-dependent 
regulatory elements in the genome. 
 
Our discrete multi-class classifiers assign probabilities to their class predictions, but they do not 
make continuous predictions of regulatory activity. To generate quantitative predictions, we 
trained a regression CNN on the Round 4b training data. We obtained a Pearson correlation 
coefficient (PCC) of 0.607 on the mutagenic series (Figure 1d). For the genomic test set, our 
CNN obtained a PCC of 0.482 (Figure 1e); although this performance is lower, the test set 
includes silencers, which current published models of MPRA activity do not predict. Using active 
learning, we were able to efficiently generate informative training data that spans the full range 
of enhancer and silencer activities. 
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Figure 1: Iterative machine learning improves predictions of cis-regulatory activity. a, 
Summary of active learning approach. The colored dots represent sequences measured in 
MPRAs (dark blue, strong enhancer; light blue, weak enhancer; green, inactive; red, silencer), 
which are used to train a multi-class classifier (solid lines represent the margins between 
classifications inferred by the model and shaded areas correspond to the inferred activity 
classes). A held-out test set is used to evaluate model performance. Candidate training 
sequences are generated by in silico perturbation and passed through the photoreceptor open 
chromatin filter SVM. Sequences scored as high uncertainty under the current model (black 
dots) are synthesized, measured by MPRA, and added to the training data for the next round of 
model fitting. b, Summary of the contents and generation of each training data batch. c, Iterative 
improvement of models on the mutagenic and genomic test sets. Horizontal lines represent 
accuracy expected from random guessing for the mutagenic series (dash) and genomic test set 
(dash-dot). Error bars denote one standard deviation based on ten-fold cross-validation of the 
newly added data. d-e, Predicted versus observed activity from the final model (Round 4b) for 
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the mutagenic series (d) and genomic test set (e). Diagonal line denotes equality. SCC, 
Spearman correlation coefficient. f, Violin plots of observed activity stratified by predicted 
activity for high-confidence sequences. Horizontal dashed lines correspond to cutoffs for the 
activity classes. Enh., enhancer. 

 
 
High-confidence model predictions are accurate 
The above global correlations of model performance are based on both high- and low-
confidence predictions. An advantage of our approach is that a measure of uncertainty is 
assigned to each individual model prediction, and thus high-confidence predictions can be 
separated from low-confidence predictions. To assess the accuracy of high-confidence CNN 
predictions, we synthesized and assayed 2,055 sequences whose activity was predicted by the 
CNN with high confidence. Remarkably, 72% of the high-confidence perturbations were correct 
(Figure 1f). Furthermore, 14.5% of the high confidence predictions were off by one class, 
indicating that the CNN learned the rank order of classes, even though this information was not 
explicitly provided. Therefore, the classification models’ internal measures of confidence are 
reliable guides for active learning. In addition, for practical downstream applications, these 
posterior probabilities allow users to focus on accurate predictions and avoid predictions that 
are unlikely to be correct.  
 
Uncertainty sampling produces informative training data 
We tested whether the improvement in model performance was due to sampling the most 
uncertain sequences, or whether it was only a consequence of a larger training dataset. We 
experimentally assayed a set of 6,335 randomly sampled sequences, tested concurrently with 
4,438 sequences picked by uncertainty sampling at Round 3. The models performed better 
when trained on uncertainty sampled training data than when trained on a dataset that included 
the randomly sampled examples (Figure 2a). Since the two groups of sequences were sampled 
from the same pool, we conclude that uncertainty sampling provides more informative training 
data than random sampling.  
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Figure 2: Mutagenesis strategies and sampling techniques influence model 
improvement. a, Performance of models when trained on new data from random or uncertainty 
sampling. b, Performance of models on each of the four activity classes after each round of 
learning. Horizontal lines represent chance for the mutagenic series (dash) and genomic test set 
(dash-dot). c, Performance of SVM predictions on the mutagenic series when trained using 
nucleotide-based mutagenesis (Round 1 and 2) or motif-based mutagenesis (Round 1 and 37% 
of Round 3 to normalize for dataset size). d, Distribution of activity classes in each subset of 
training data (dark blue, strong enhancer; light blue, weak enhancer; green, inactive; red, 
silencer). All error bars are the same as in Figure 1c. 

 
 
Effectiveness of active learning depends on sequence perturbation strategy 
The choice of perturbation strategy had a large impact on whether active learning could improve 
model performance. Our initial strategy was to randomly mutate 12% of nucleotides in the 
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Round 1 sequences and then select new training data with uncertainty sampling (Round 2). 
However, the resulting training data did not improve model performance (Figure 1c). In Round 
3 we used a motif-centric perturbation strategy that consisted of adding, subtracting, and 
rearranging motifs, particularly those previously reported to be enriched in CREs in the retina 
19,66. This perturbation strategy, followed by uncertainty sampling, produced informative training 
examples that substantially improved model performance when pooled with all prior data 
(Figure 1c). The largest gains in model performance were on predictions for strong and weak 
enhancers (Figure 2b). To directly compare the effectiveness of mutagenesis strategies, we 
compared SVMs trained using nucleotide-based mutagenesis (Rounds 1+2) or motif-based 
mutagenesis (Round 1+37% of Round 3 to equalize the dataset size). The model trained with 
motif-based mutagenesis outperformed the model trained by nucleotide-based mutagenesis 
(Figure 2c). We thus continued to use motif-based perturbations to generate candidates for 
Round 4 of active learning. 
 
Our results suggest that training models on datasets with more sequences from the extremes of 
the activity distribution (strong enhancers or silencers) leads to better model performance. This 
may explain why motif-centric perturbations produce more informative training examples. The 
nucleotide mutagenesis strategy (Round 2) generated a dataset in which silencers and strong 
enhancers occurred at roughly the same frequencies as genomic sequences, while motif-centric 
perturbations (Round 3) nearly doubled the fraction of strong enhancers (Figure 2d). Critically, 
uncertainty sampling is still required in conjunction with motif-centric perturbations to produce 
training data enriched for active sequences. The set of randomly sampled sequences, which 
were also generated by motif-centric mutagenesis, includes a larger fraction of weak enhancers 
and inactive sequences (54% of training examples) compared with the Round 3 dataset 
selected by uncertainty sampling (42% of training examples, Figure 2d). Notably all rounds of 
active learning that used motif-centric perturbations with active learning produced datasets that 
were highly enriched in strong enhancers (Round 3) or silencers (Rounds 4a and 4b) relative to 
genomic sequences (Figure 2d). 
 
Effect of the uncertainty metric 
We found that the metric of uncertainty used for the uncertainty sampling step affects the 
effectiveness of active learning. In Rounds 2 and 3 we used entropy sampling, which uses 
Shannon entropy as the uncertainty metric. Entropy reaches its maximum when the model is 
equally uncertain about all four activity classes (strong enhancer, weak enhancer, inactive, and 
silencer), and thus entropy sampling selects candidate sequences for which the model has no 
strong predictions. Entropy sampling at Round 3 improved the global performance, but at the 
per-class level, the models were much better at predicting strong and weak enhancers 
compared to silencers (Figure 2b). This is likely due to the large fraction of strong enhancers in 
the Round 3 training data (Figure 2d). We reasoned that enriching for silencers in the next 
round might improve the model. 
 
Since the activities of candidate sequence are unknown at the time of selection, we tried two 
different uncertainty sampling strategies to increase the number of silencers in the training data. 
The first strategy used entropy sampling once more, while increasing the sample size five-fold 
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by testing 59,648 high-entropy perturbations (Round 4a). The second strategy used margin 
uncertainty as the metric, which is highest when the two most likely activity classes have similar 
probabilities. We used margin sampling to select 11,169 candidate sequences for which 
silencers were one of the two most likely classes (Round 4b). Both strategies produced training 
datasets with a higher fraction of silencers (Figure 2d). However, the CNN trained on the 
entropy-sampled training data (Round 4a) led to overfitting (Extended Data Figure 3), which 
caused a substantial drop in the performance of global and per-class predictions (Figures 1c 
and 2b). The CNN predictions on the genomic test set appeared to improve both globally and 
for silencers, but at the cost of catastrophically forgetting 72 strong enhancers (Figures 1c and 
2b). In contrast, the CNN trained on the margin sampling dataset (Round 4b) was not overfit 
(Extended Data Figure 3). Although this model did not improve its performance on the 
mutagenic series, it did improve its performance on the genomic test set both globally and for 
silencers, without any catastrophic forgetting of enhancers (Figures 1c and 2b). While entropy 
sampling and margin sampling both yielded more silencers in Round 4, margin sampling 
targeted silencers without losing information about the other classes of sequences, and it 
provided information about silencers with fivefold less training data than entropy sampling. Our 
results suggest that entropy sampling works well in early rounds of active learning when a 
model is relatively naive, but that margin sampling works well in later rounds when it is 
necessary to improve model performance on certain classes of predictions. 
 
In silico analysis reveals global grammar 
We sought to understand the global features of rod photoreceptor cis-regulatory grammar 
learned by the trained regression CNN. We used an in silico perturbation analysis 73 to quantify 
the effect of motifs for CRX and other TFs on predicted activity. We first generated a set of 
4,658 background elements from shuffled genomic sequences. We then injected one or more 
binding sites for CRX and other TFs, and used the regression CNN to predict the activities of 
both the background sequences and the motif-containing sequences. By comparing the 
distributions of CNN activity for background sequences and motif-containing sequences, we 
quantified the global importance of CRX binding sites. This analysis revealed that CRX binding 
sites have both general and context-specific effects on activity (Figure 3a and Extended Data 
Figure 4). The addition of increasing numbers of CRX sites caused a general trend towards 
silencers, a trend which we have observed experimentally in both genomic and synthetic CREs 
12,15,19,74. However, the distribution of predicted effects also broadens as CRX sites are added, 
which shows that CRX sites can either increase or decrease CRE activity depending on the 
sequence context. For example, the predicted effect of four CRX motifs is positively correlated 
with the background GC content (PCC=0.387) even though GC content itself is not predicted to 
influence activity (Figure 3b and Extended Data Figure 5). The effect of GC content on the 
activity of sequences with CRX sites predicted by the model is an effect that we have observed 
experimentally 12. These results suggest that even basic sequence properties, such as GC 
content, can have context-dependent effects on TF motifs. 
 
We similarly quantified the predicted effects of seven other TF motifs involved in photoreceptor 
regulatory activity (Figure 3a and Extended Data Figure 4). The model predicts that GFI1 
motifs have a repressive effect in sequences that also include a CRX site. This is consistent 
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with our experimental finding that GFI1 motifs are enriched in genomic silencers 19. NRL and 
RORB motifs are both predicted to increase CRE activity in the presence of a CRX motif, with 
the RORB motif leading to larger gains in activity with increasing copy number (Figure 3a). The 
strong predicted effect of RORB motifs in CRX-containing CREs is consistent with prior 
experimental observations of both genomic and synthetic CREs 66,74. We further corroborated 
these predictions by examining our experimentally measured genomic sequences. We 
compared the measured activities of genomic sequences containing exactly one CRX motif and 
either NRL or RORB motifs (and no detectable instances of the other five motifs in our set). 
Consistent with the models’ predictions, genomic sequences with RORB motifs had higher 
activities than those with NRL motifs (Figure 3c). We also examined an independent 
experimental dataset in which we abolished all NRL and RORB motifs in a set of genomic 
strong enhancers. Again, consistent with the model’s predictions, mutating either NRL or RORB 
sites decreased expression, with RORB having larger effects (Figures 3d and e). These results 
show that the model accurately learned important quantitative effects of photoreceptor TF 
binding sites. 
 
We next explored what the model learned about the effects of motif order and spacing. We 
systematically varied in silico the positions of one CRX and one NRL motif in a set of >4,600 
background sequences, for a total of >100,000,000 unique predictions. The predicted activating 
effects of both CRX and NRL motifs increase as the motifs are moved closer to the basal 
promoter (Figure 3f). The in silico analysis also reveals a predicted synergistic effect of CRX 
and NRL at certain spacings (evident in the diagonal stripes in Figure 3f). In contrast to the 
predicted activating effects of CRX with NRL, the model predicts that sequences with GFI1 and 
CRX motifs are largely repressive (Figure 3g). However, this repressive effect is eliminated 
when the CRX motif is within ~65 bp of the basal promoter and the GFI1 motif is in a more distal 
position. However, when the GFI1 motif is moved close to the CRX motif, the sequences are 
predicted to be repressive, suggesting that the model infers that GFI1 acts through short-range 
repression 75. This analysis demonstrates how the trained model can be used to generate 
hypotheses about cis-regulatory grammar. 
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Figure 3: Regression CNN reveals global grammar. a, Predicted effect of motifs on 
regulatory activity. Leftmost panel shows the effect of 1-4 CRX motifs, subsequent panels show 
the effect of 0-3 motifs for other TFs (motif B) in the context of one CRX motif. Horizontal 
dashed lines denote activity class boundaries. b, Directional effect of 4 CRX motifs is correlated 
with background GC content. Each dot represents a different background sequence. Warmer 
colors denote higher point density. c, Activity distributions of genomic sequences with exactly 1 
CRX motif and either NRL or RORB motifs. d-e, Effects of scrambling all NRL (d) or RORB (e) 
motifs in genomic strong enhancers, stratified by the number of motifs scrambled. f-g, Predicted 
effects of a CRX motif and an NRL (f) or GFI1 (g) motif at all possible positions. Each pixel 
corresponds to the mean predicted effect of the two motifs in >4,600 different background 
sequences. White diagonal denotes excluded arrangements where the motifs would have 
overlapped. The basal promoter is at position 164. Colorbar is the same for both heatmaps. 
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The model identifies causal differences between similar CREs 
A major challenge in genomics is to understand why some sequences with similar motif content 
show large differences in cis-regulatory activity. We identified two genomic sequences whose 
motif content is nearly identical. Each sequence contains one CRX and one NRL site. When 
measured by MPRA, one sequence was inactive (Figure 4a) while the other was a strong 
enhancer (Figure 4b). We identified the contextual differences that underlie the activity 
differences between these two sequences by using the regression CNN to predict the 
contribution of each nucleotide to the activities of both sequences 76. Strikingly, the NRL motif 
was only predicted to contribute to activity in the strong enhancer, even though the inactive 
sequence contains the exact same NRL motif sequence (Figures 4a and b). This indicates that 
the CNN learned how the activities of two identical NRL sites are modified by local sequence 
context.  
 
This local sequence context appeared to be positions scored as important by the CNN and 
which lie adjacent to the NRL site in the strong enhancer (Figure 4b). The sequence in this 
position does not match any of the eight TF motifs that we previously found to be globally 
enriched in photoreceptor CREs 19, and thus it was not identified in our motif scan. We used this 
sequence to search the HOCOMOCO database 77 and identified a near-optimal motif for the 
NR1 TF family (Extended Data Figure 6), which includes TFs reported to complex with CRX, 
NRL, and NR2E3, another photoreceptor TF 58,78. This motif belongs to a clade of nuclear 
receptor DNA binding domains that is distinct from that of more well-characterized rod TFs 
RORB and NR2E3.  The NR1-family motif is not sufficiently enriched among all strong 
enhancers to be detected by traditional motif-finding methods. This shows that the model 
learned important features of the photoreceptor cis-regulatory grammar that do not reach 
statistical significance at a global level, but which nevertheless play important roles in specific 
CREs. 
 
We attempted to experimentally validate the model’s predictions by performing perturbation 
analyses on these two sequences via MPRA (Methods). Scrambling either the CRX or the NRL 
motif alone in the strong enhancer reduced activity, while scrambling both motifs together nearly 
abolished activity (Figure 4c). This confirms that both the CRX and NRL sites contribute to 
activity in the strong enhancer. Scrambling the NR1-family site largely abolished activity, 
confirming the model prediction that this sequence is important for activity. Scrambling other 
regions of the strong enhancer had little or no effect, again consistent with the model’s 
prediction that these intervening sequences do not contribute to activity. We then determined 
the sufficiency of sequence elements by testing whether the inactive sequence could be made 
active by swapping in the CRX and NRL motifs, or by swapping in the spacer regions between 
these motifs. The spacer between the CRX and NRL sites that includes the NR1-family site 
conferred strong activity when swapped into the inactive sequence, while swapping in other 
spacer regions did not (Figures 4d). The CNN predicted that the NR1-family motif caused the 
observed gain in activity via both an independent effect of the NR1-family site as well as through 
synergy with the CRX motif, but not the NRL motif (Figure 4e and Extended Data Figure 7a). 
Without the NR1-family site, neither changing the position of the NRL motif nor the sequence of 
the CRX motif was sufficient to convert the inactive sequence to an active one (Figures 4d). We 

.CC-BY-NC-ND 4.0 International licenseavailable 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 made 

The copyright holder for this preprintthis version posted August 22, 2023. ; https://doi.org/10.1101/2023.08.21.554146doi: bioRxiv preprint 

https://doi.org/10.1101/2023.08.21.554146
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

14 

conclude that the CNN identified a new sequence feature, the NR1-family site, that provides the 
necessary and sufficient context to discriminate between similar clusters of motifs. 
 
The results from the model suggest that the activity of the NRL motif is affected by its proximity 
to the NR1-family motif. The CNN predicts that in the strong enhancer, when the NRL motif is 
adjacent to the NR1-family motif, NRL has an activating effect, while in the inactive sequence 
the isolated NRL motif is inert (Figures 4a and b). The CNN also predicts that the NRL motif 
remains inert when the NR1-family motif is inserted in a distal position (Figure 4e). We 
experimentally tested the effect of the position of the NRL motif by sliding it along the strong 
enhancer sequence, while using the model to predict the importance of the NRL motif as it was 
moved (Figure 4f). Moving the NRL motif caused a loss of activity only when it disrupted the 
NR1-family motif, except at position 128, where wild type activity was restored despite 
disruption of the original NR1-family site (Figure 4f, top). The model interpretation of these 
results suggests that the NRL motif has a very low predicted contribution when it is not adjacent 
to the NR1-family site, while the NR1-family motif’s predicted contribution remains high as NRL 
is moved away (Figure 4f, bottom). When the NRL motif disrupts the NR1-family motif, both 
motifs have low predicted contributions, except when the NRL motif is at position 128. We found 
that placing the NRL motif at position 128 created a cryptic NR1:NRL motif (Extended Data 
Figure 7b). This cryptic motif restores wild-type activity and is also predicted to be important by 
the model. These results suggest a regulatory grammar that governs the activities of the NR1-
family and NRL motifs. In the strong enhancer, if the NRL motif is moved out of context, then the 
motif is decommissioned, but the enhancer can tolerate this loss because of the independent 
contribution of the NR1-family motif. But if the NRL site moves to a location that disrupts the 
NR1-family motif, then the enhancer can no longer function. We conclude that the strong 
enhancer is composed of both a modular (NR1) and a context-dependent (NRL) motif. So long 
as these constraints are satisfied, the same activity can be achieved with multiple combinations 
and arrangements of sites, providing a flexible grammar for constructing and editing an 
enhancer. 
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Figure 4: Model discovers novel sequence feature necessary and sufficient for activity. a-
b, Relative nucleotide contribution scores and locations of known motifs for an inactive 
sequence (a) and a strong enhancer (b). c, Effect of scrambling different parts of the strong 
enhancer. Error bars show standard deviation of 3-5 independent scrambles, or 4 independent 
replicates of wild-type. d, Effect of swapping strong enhancer regions into the inactive 
sequence. Cartoons show the designed construct with colors matching (a and b). Spacers were 
swapped into their complementary coordinates. Error bars show standard deviation of one 
sequence across 3 replicates. C, CRX motif; N, NRL motif. e, Total predicted importance of the 
NRL, CRX, and NR1-family motif in the inactive sequence before and after swapping in region 
86-136 from the strong enhancer. f, Observed effect of moving NRL motif within the strong 
enhancer (top) and predicted contribution of the NRL and NR1-family motifs to activity (bottom). 
Horizontal dashed lines represent the activity (top) and motif contribution (bottom) of the wild-
type sequence. 
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DISCUSSION 
 
We have presented an active machine learning framework for modeling cis-regulatory grammar. 
With four rounds of MPRAs in living mouse retinas, we arrived at a model that makes accurate 
predictions, recapitulates prior knowledge, and reveals novel sequence features necessary and 
sufficient for enhancer activity in photoreceptors. We discovered a nuclear receptor-type motif 
that is necessary and sufficient for enhancer activity. The model also revealed that, in some 
cases, the activities of NRL sites depend on an adjacent NR1-family motif. We previously found 
that motifs for other nuclear hormone receptors are enriched in CRX-bound enhancers 19,59,66, 
but the NR1-family motif belongs to a distinct clade of DNA binding domains. Independent 
experimental evidence supports a role for NR1-family TFs in photoreceptor-specific gene 
regulation. For example, NR1D1 can interact with CRX, NRL, and NR2E3, and can 
transactivate a subset of photoreceptor promoters in vitro 78,79. In a prior analysis, NR1-family 
motifs were not detected as enriched among photoreceptor CREs 19, however the model was 
able to identify a functional occurrence of this motif. This shows that the model has the power to 
learn features of the cis-regulatory grammar that are missed by conventional statistical tests for 
significant enrichment. Taken together, our results suggest that active learning will be a potent 
approach for unraveling the interactions among TFs that control cell type-specific gene 
regulation. 
 
Machine learning is often portrayed as an unbiased, automated approach, but we emphasize 
that success requires critical “human in the loop” decisions 40. The metric of uncertainty, 
perturbation strategy, size of the training data, and complexity of the machine learning model 
are all variables that require tuning based on experience and intuition. For example, modeling 
silencers required introducing margin sampling in the later rounds, which biased the training 
data towards silencers. Thus, success often depends on introducing bias at key points. 
 
The active learning framework, which biases training data towards the most uncertain 
predictions, allowed us to train models using an order of magnitude less training data than 
current approaches, while modeling both enhancers and silencers. Complementary approaches 
rely on hundreds of millions of random sequences 34,37 or hundreds of thousands of genomic 
sequences 33,80 measured in a single, large-scale screen. In contrast, we measured only tens of 
thousands of sequences, but spread over iterative rounds of screening. We suggest that active 
learning may be a more efficient approach because it generates training data that is enriched for 
positive examples of highly active sequences, whereas genomic sequences and random 
sequences are enriched for negative examples of inactive sequences. The iterative approach 
allows active learning to home in on training data that can rapidly improve a model.  
 
Active learning also solves the problem of where to find training data once examples from the 
genome have been exhausted. Cis-regulatory grammars are complex enough that the genome 
does not contain enough examples of active CREs from which to learn complete models. Active 
learning circumvents this problem by using informative perturbations to natural sequences as 
training data. Active learning will continue to generate highly informative rounds of training data, 
even after every naturally occurring element in the genome has been measured. Large libraries 

.CC-BY-NC-ND 4.0 International licenseavailable 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 made 

The copyright holder for this preprintthis version posted August 22, 2023. ; https://doi.org/10.1101/2023.08.21.554146doi: bioRxiv preprint 

https://doi.org/10.1101/2023.08.21.554146
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

17 

of random DNA may complement active learning 34,35,37,81,82. Models trained on random DNA, or 
fragmented genomic DNA, attempt to learn the entire regulatory grammar of a cell at once. In 
contrast, our approach gained power by focusing only on CRX-dependent CREs. Even focusing 
on this subset of the photoreceptor regulatory network required several rounds of active 
learning, which highlights the complexity of cis-regulatory grammars. Given that informative 
training data will be sparse in random DNA, and that most random DNA has weak or no 
regulatory activity 34,37, the size of random DNA libraries required to provide training data to 
create complete cis-regulatory grammars may be experimentally intractable. However, the 
results from random library screens may serve as good starting points from which to perform 
rounds of active learning. Active learning provides a framework for focusing on small sets of 
training data with large effects on model performance. 
 
Our results show that machine learning approaches benefit from training data that spans the 
widest possible dynamic range. Our decision to employ a cell type-specific basal promoter in 
our MPRA experiments allowed us to reliably measure both enhancers and silencers, which 
improved power relative to approaches that only measure enhancer activity. Future approaches 
should include experimental designs that reproducibly measure the full range of possible 
regulatory activities, regardless of whether the training data consists of random, genomic, or 
mutated DNAs. 
 
Our work highlights the risks of relying too heavily on one technique for uncertainty sampling. In 
Round 4, both entropy sampling and margin sampling successfully produced training datasets 
biased toward silencers, but entropy sampling, which had also been used in the prior rounds, 
resulted in catastrophic forgetting 72. Future work can protect against catastrophic forgetting by 
employing diversity criteria 83,84 and utilizing multiple sampling techniques in each round, 
including ensemble-based sampling 85,86. Every round should also include some perturbations 
from random sampling to test whether uncertainty sampling is working as expected. With 
respect to the strategy used to generate perturbations from which to sample, recent advances in 
generative modeling and gradient-based design could provide a complementary approach to 
generating training data 28,87,88.  
 
We implemented active learning in the context of discrete classifications (silencer, inactive, 
weak enhancer, and strong enhancer). Using these discrete classifications provided a 
straightforward way to implement uncertainty sampling using concepts from information theory. 
However, it will be desirable to implement active learning in a regression setting by taking 
advantage of sampling strategies that rely on Gaussian and neural processes 45,89,90. 
 
METHODS 
 
Library design 
All MPRA libraries were created using oligonucleotide (oligo) synthesis from Agilent 
Technologies™ as previously described 19,91. Every MPRA library contained 164 bp test 
sequences marked with unique 9 bp barcodes following the scheme: 5’ priming sequence, 
EcoRI, library sequence, SpeI, filler sequence, SphI, CRE barcode (cBC), NotI, 3’ priming 
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sequence (Extended Data Figure 8). The filler sequence is used to ensure all oligos are 230 nt 
for synthesis and is subsequently eliminated during cloning. In addition to this common design 
scheme, all libraries contained several groups of constant sequences: (1) a construct for the 
basal promoter alone, which is present with multiple redundant barcodes, (2) a set of 150 
scrambled genomic sequences (3) 20 genomic sequences that span the full dynamic range of 
the assay. The MPRA libraries are described in Supplementary Tables 1-3. 
 
Library cloning 
We created MPRA libraries from oligo pools using two-step cloning as described 19,91 with the 
following modifications. Oligos were amplified through multiple PCR reactions (New England 
Biolabs [NEB] Q5 High-Fidelity 2X Master Mix, cat. #M0515, see Supplementary Table 4 for 
primer sequences), purified from an agarose gel, digested with EcoRI-HF and NotI-HF (NEB), 
and then cloned into the EagI and EcoRI sites of pJK03 (AddGene #173,490) in multiple ligation 
reactions (NEB T4 ligase). Ligation products were transformed into either 5-alpha or 10-beta 
electrocompetent cells (NEB) and grown in liquid LB-Amp cultures. Plasmid pools were digested 
with SphI-HF and SpeI-HF and treated with Antarctic phosphatase or Quick CIP (NEB), then 
ligated to reporter gene inserts in multiple reactions (NEB T4 ligase). Ligation products were 
transformed into electrocompetent cells and grown in liquid culture from which we prepared 
plasmid DNA. 
 
We next cloned the Rho basal promoter into the plasmid library in between the test sequence 
and its cognate barcode. Basal promoter inserts were prepared by amplifying the Rho basal 
promoter and DsRed from the plasmid pJK01 (AddGene #173,489) using the forward primer 
MO566 and reverse primers that add 9bp multiplexing barcodes (mBC, Supplementary Tables 
1 and 2), purified from an agarose gel, and digested with NheI-HF and SphI-HF (NEB). Adding 
mBCs to the reporter gene allows us to test larger libraries by amplifying sublibraries with 
different primer sets and cloning each sublibrary in parallel with a unique mBC. When 
necessary, we could then mix sublibraries (Supplementary Table 1) for parallel analyses. 
Barcode complexity was always verified by sequencing the final library on the Illumina 
MiniSeq™ platform. 
 
MPRA in mouse retinal explants 
Animal procedures were performed in accordance with a Washington University in St. Louis 
Institutional Animal Care and Use Committee approved vertebrate animals protocol. CD-1 IGS 
mice were obtained from Charles River Laboratory. Retinas from newborn (P0) mice were 
dissected and electroporated as described 62. The sex of the mice could not be determined at 
the P0 stage. Retinas were dissected in serum-free medium (SFM; 1:1 Dulbecco’s Modified 
Eagle Medium (DMEM):Ham’s F12 (Gibco, 11330-032), 100 units per ml penicillin and 
100 µg ml−1 streptomycin (Gibco, 15140122), 2 mM GlutaMax (Gibco, 35050-061) and 

2 µg ml−1 insulin (Sigma, I6634) from surrounding sclera and soft tissue leaving the lens in 
place. Retinas were then transferred to an electroporation chamber (model BTX453 Microslide 
chamber, BTX Harvard Apparatus modified as described 92) containing 0.5 μg μl−1 of MPRA 
library. Five retinas were pooled for each biological replicate and at least three replicates were 
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performed for each library (Supplementary Table 1). Five square pulses (30 V) of 50-ms 
duration with 950-ms intervals were applied using a pulse generator (model ECM 830, BTX 
Harvard Apparatus). Electroporated retinas were removed from the electroporation chamber 
and allowed to recover in SFM for several minutes before being transferred to the same medium 
supplemented with 5% fetal calf serum (Gibco, 26140-079). The retinas were then placed (lens 
side down) on polycarbonate filters (Whatman, 0.2 µm pore size 110,606) and cultured at 37 °C 
in SFM supplemented with 5% fetal calf serum.  After eight days of culture, we harvested the 
retinas in TRIzol, homogenized tissues with a sterile needle, and extracted RNA following the 
manufacturer's protocol. RNA was treated with TURBO DNase and then reverse transcribed 
with SuperScript IV First Strand Synthesis following the manufacturer’s protocol. Barcodes were 
amplified from cDNA and plasmid pools with Q5 using primers BC_CRX_Nested_F and 
BC_CRX_R for 25 cycles. We performed 2 PCR reactions per cDNA sample and 1-2 reactions 
per plasmid pool. PCRs from the same sample were then pooled and purified. Custom 
sequencing adapters were added with two rounds of PCR with Q5. The final libraries were 
sequenced on the Illumina NextSeq or NovaSeq platform. 
 
Data processing 
Sequencing reads were filtered for reads that contained both the cBC and the mBC (when 
utilized) in the correct sequence context. One sequencing library (Supplementary Table 1) 
contained a systematic error that led to N’s in positions 5, 16, 21, 27, 29, and 34. Position 5 was 
in a sequencing adapter, positions 16 and 21 were in constant regions, and positions 21, 27, 
and 34 were in the mBC region. Since the mBC could only be one of two 9 bp sequences with a 
Hamming distance of 8, we could still unambiguously assign mBC-cBC pairs if there are no 
other errors in the read outside of these 6 positions. 
 
We removed cBCs with fewer than 50 counts in the plasmid pool or with a coefficient of 
variation above 0.8 across cDNA samples. Each sample was then normalized by sequencing 
depth; sublibraries that were cloned separately but co-electroporated were processed 
separately to account for any cloning batch effects. cDNA barcodes were normalized to plasmid 
barcode abundances; then, barcodes corresponding to the same CRE were averaged together 
to obtain an activity score for each CRE in each replicate. These activity scores were 
normalized to within-sample basal activity and then averaged together to obtain a final activity 
score. In cases where basal recovery was poor (median RNA/DNA barcode ratio below 0.05 in 
any one replicate), we calculated a pseudobasal activity using the cBCs corresponding to 
scrambled sequences. We took this as a reasonable approximation of basal activity because 
the average activity of scrambled sequences in our initial library is no different from basal. All 
within-library quality control summary statistics are in Supplementary Table 5. Activity scores 
were discretized into four classes using the cutoffs we previously reported 19. 
 
Filter SVM for open chromatin 
We fit a k-mer SVM to classify rod photoreceptor ATAC-seq peaks 59 from the rest of the mouse 
genome. We used the central 300 bp of all 39,265 rod ATAC-seq peaks as positives and 
selected an equal number of GC-matched sequences from the mm10 genome using the script 
nullseq_generate.py from the gkmSVM package. We fit this model using LS-GKM 93 with 
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parameters -l 10 -k 6 -d 3 and five-fold cross-validation. We assessed model 
performance using the Area Under the Receiver Operating Characteristic (AUROC, Extended 
Data Figure 1). In each round of in silico mutagenesis, we selected perturbations that had an 
LS-GKM score of 1 or greater; this score corresponds to a sequence that is beyond the 
maximum-margin hyperplane. Empirically, this removed at least half of all perturbations in each 
cycle. 
 
SVM classifiers of MPRA activity 
For our SVM classifier of MPRA activity, we implemented a version of the k-mer kernel that 
accounts for k-mer position. Since all sequences in our initial training data were centered on a 
high-quality CRX motif, k-mer position effectively reflects the distance of a k-mer from a CRX 
motif. As Giguère et al. show 94,95, the Generic String Kernel for any two strings  is: 
 

 
 
where  controls the maximum length of -mers,  controls the weight of -mer position,  
controls the weight of -mer similarity, and  is a -mer encoding function. (We use  wherever 
Giguère et al. used .) 
 
When , the second  becomes an indicator function that is only true if the two k-mers 
are identical. If we further remove the first summation from all  possible k-mers and 
only consider k-mers of length , we can rewrite the above kernel function as: 
 

 
 
When , the first  becomes constant and we recover the k-mer kernel 96,97. We 
extended Giguère et al.’s implementation for peptide sequences to allow for DNA k-mers; using 
this implementation, we pre-computed the Gram matrix for all available data. Then, we used the 
SVC class from scikit-learn 98 with probability = True to fit our multi-class classifier. We 
performed a grid search over the hyperparameters  and  
using five-fold cross-validation on our initial training data. We selected  based 
on the AUROC and used these hyperparameters for all future modeling. 
 
CNN classifiers of MPRA activity 
Our CNN was designed as a multi-class classifier that uses one-hot encoded 164-bp long DNA 
sequence (A = [1,0,0,0], C = [0,1,0,0], G = [0,0,1,0], T = [0,0,0,1]) to predict its activity in retinal 
MPRAs. Our model architecture consists of two convolutional layers, a max-pooling layer, a 
third convolutional layer, and a second max-pooling layer; this is followed by a single fully 
connected layer, and finally a four-node output layer with log soft-max activation, which 
corresponds to the log-probability the sequence belongs to each of four classes. Every 
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convolutional and fully connected layer is followed by batch normalization, Leaky ReLU 
activation, and dropout regularization. We implemented the model in Pytorch 99 and used 
Selene 100 to train the model with Stochastic Gradient Descent (learning rate = 0.0001, 
momentum = 0.9, weight decay = 10-6), negative log likelihood as a loss function, and a batch 
size of 64. We fit the model for 500 epochs using the default learning rate scheduler in Selene 
and kept the model with the lowest loss on a held-out validation set. We manually adjusted 
hyperparameters and model architectures to yield best performance on the validation set when 
using Round 3 as training data. We used these hyperparameters for all other datasets. 
 
Construction of validation set 
We created a validation set for the CNN by randomly sampling 10% of our original genomic 
sequences and then adding all perturbations derived from those sequences in Rounds 1-3. 
Similarly, all perturbations derived from our test set (described below) were removed from 
training and validation datasets for all machine learning models. To assess model performance, 
we performed ten-fold cross-validation on the newly added data while holding any previous data 
constant. This strategy ensures that the variation in model performance is only due to variation 
within the new data. 
 
In silico mutagenesis for candidate perturbations 
In each round, we generated a new pool of candidate sequences by perturbing sequences from 
the current round of training data. We defined multiple operations and performed combinations 
of these operations many times to generate multiple candidate sequences from each training 
sequence. In Round 2, the possible operations were: (1) randomly mutagenize ~12% of the 
positions (the exact number of positions was chosen by sampling from a Poisson distribution), 
(2) insert, delete, or move a random k-mer, (3) create a chimera with another randomly selected 
sequences, and (4) randomly rearrange blocks within the sequence. We performed each of 
these operations multiple times. In Round 3, we implemented motif-centric perturbations based 
on our reference list of 8 TFs (CRX, GFI1, MAZ, MEF2D, NeuroD1, NRL, RORB, and RAX) 19, 
plus ELF1 and TBX20. We computed the predicted occupancy with µ=9 for these TFs, defined 
spacer sites as positions with total predicted occupancy below 0.5, and then randomly selected 
one of the following operations: (1) sample from one of the position weight matrices and insert 
that motif into a random spacer region, (2) select an occupied site and scramble it to an 
unoccupied state, (3) select an occupied site and replace it with a motif sampled from a different 
position weight matrix, (4) select an occupied site and swap it with a length-matched spacer 
region. We generated additional candidate sequences by systematically scrambled tiles of 
spacer regions. For Round 4 we excluded ELF1 and TBX20 from the motif pool due to their very 
low representation in the genomic sequences.  
 
Active learning 
Our machine learning models take a 164-bp sequence  as input and predicts , the 
probability that the sequence belongs in the -th activity bin, . Our objective is to 
determine which perturbations are the most uncertain to the model. Entropy uncertainty is 

quantified with Shannon entropy, . Margin uncertainty is 

.CC-BY-NC-ND 4.0 International licenseavailable 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 made 

The copyright holder for this preprintthis version posted August 22, 2023. ; https://doi.org/10.1101/2023.08.21.554146doi: bioRxiv preprint 

https://doi.org/10.1101/2023.08.21.554146
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

22 

defined as , the difference in probability between the two 

most likely outcomes,  and . When  are equally likely the term in brackets is zero, so the 
complement represents the uncertainty. 
 
To provide intuition for the difference between Shannon entropy and margin uncertainty, 

consider three cases where  are equally likely. In the first case, a model outputs 
, so  and . In the second case, a model outputs 

; once again , but . In the third case, the output is 
 and  is still 1, but  . Thus, as the two most likely classes become more 

distinguishable from the remaining classes, the entropy can drop without a change in margin 
uncertainty. 
 
In Rounds 2 and 3, we calculated probabilities with our SVM from the previous round. In Round 
2, we sampled 4800 perturbations with high entropy uncertainty. In Round 3, we sampled the 
13,986 perturbations with the highest entropy uncertainty. We also randomly sampled 6584 
perturbations and 25 perturbations with high probability for each of the 4 classes (100 
sequences total). 
 
For Round 4, we calculated probabilities with our CNN trained in Round 3. In Round 4a, we 
sampled 96,190 perturbations with the highest entropy uncertainty. In Round 4b, we sampled 
18,000 perturbations with entropy uncertainty below 1.8 and high margin uncertainty for 
silencers. Of these, 6000 were on the silencer side of the strong enhancer vs. silencer margin, 
6000 were on the strong enhancer side of the strong enhancer vs. silencer margin, and 6000 
were on the silencer vs. inactive margin. Very few perturbations were on the silencer vs. weak 
enhancer margin, so we did not sample on this margin. We chose an entropy uncertainty cutoff 
of 1.8 because this approximately corresponds to probabilities of , which 
represents cases where one outcome is unlikely but the rest are equally likely. Finally, we 
sampled 500 perturbations with the highest probability of being a strong enhancer, 500 high-
probability weak enhancers, 500 high-probability inactive sequences, and 1500 high-probability 
silencers. 
 
For all data batches, the number of sequences sampled is larger than what is listed in the main 
text because not all sequences were recovered upon sequencing. 
 
Evaluating model performance on test datasets 
The genomic test set is from a parallel study 67 and contains 1723 CRX ChIP-seq peaks not 
tested in any previous study. We normalized activity scores to the basal Rho promoter and 
grouped strong and weak silencers into one silencer category, but otherwise did not re-process 
the data. 
 
The mutagenic series is based on 29 CRX ChIP-seq peaks that are strong enhancers in our 
original Round 1 data 19; 17 of these become weak enhancers when all CRX motifs are 
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mutated, while 12 remain strong enhancers. For each sequence, we computed the predicted 
occupancy for our reference list of 8 TFs. Then we selected all possible combinations of motifs 
and scrambled each motif and 3 bp of flanking sequence until its predicted occupancy was 
below 0.01. We tested these 727 sequences in the same library as Round 3 (Supplementary 
Table 1).  
 
We utilized the F1 score as our evaluation metric. For any class , the F1 score is the harmonic 

mean between the precision and recall, or equivalently,  where 
 is the number of true positives,  is the number of false positives, and  is the number 

of false negatives. The weighted F1 score is  where  is the total number of 
examples and  is the number of examples belonging to class . 
 
Additional perturbation datasets 
To find an inactive sequence whose motif content was similar to the strong enhancer in Figure 
4a, we selected previously tested inactive genomic sequences with the same number and 
identity of motifs, and selected the sequence with the highest 6-mer similarity. We partitioned 
the sequences into non-overlapping blocks based on the motif positions in the inactive and 
strong enhancer sequences (coordinates in Supplementary Table 6). Then we swapped blocks 
individually and in combinations of either motif blocks or spacer blocks (but not both); we also 
moved a motif internally from its native position to its corresponding position in the other 
sequence before swapping blocks (Supplementary Table 7). Last, we moved the NRL motif in 
the strong enhancer to every other position that did not overlap with the CRX motif 
(Supplementary Table 8). 
 
To test the effects of NRL, NeuroD1, RORB, and MAZ motifs, we scrambled all instances of 
these motifs in all strong enhancers in the Round 1 genomic library. Motifs were scrambled 
either individually or in combination with mutating all CRX motifs via point mutation. We assayed 
these sequences in the same library as Round 3 (Supplementary Table 1). 
 
Regression model 
To perform model interpretation, we trained a new regression CNN that predicts log2 MPRA 
activity directly from sequence. We updated our architecture to include residual skip 
connections, dilated convolutions, and first-layer exponential activation 101. This architecture 
consists of three “convolution blocks,” a fully connected layer, and a final single-output node. A 
convolutional block consists of a convolutional layer, multiple dilated convolutional layers with 
residual skip connections, and then max-pooling. We trained the model at Round 4b and used 
the same validation set to tune hyperparameters. We trained the model using the Adam 
optimizer (learning rate = 0.0003, weight decay = 10-6), mean squared error as a loss function, 
and a batch size of 128. We fit the model for 50 epochs with early stopping (patience = 10, 
metric = Spearman) and a custom learning rate scheduler (patience = 3, decay = 0.2). Our final 
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model was selected by training 20 initializations and selecting the one with the highest PCC on 
the validation set. 
 
Motif analysis 
All motif analyses were performed using our predicted occupancy framework and µ=9 102. At this 
value, a motif with a relative KD = 3% of the consensus site has 50% probability of being 
occupied. To identify individual motifs, we compute the predicted occupancy of a TF and identify 
the positions where the predicted occupancy is at least 0.5. To identify the total number of 
motifs for a TF, we sum the predicted occupancy across every position of the sequence. 
Cartoon sequences in Figure 4 were generated using the predicted occupancies of our 
reference list of 8 TFs. 
 
In silico global importance analysis 
We used Global Importance Analysis 73 to predict the global effect of specific sequence features 
on MPRA activity. We generated a background distribution by dinucleotide shuffling each of our 
4658 genomic sequences and predicting their activity with our regression model. Then, we 
injected a fixed sequence feature in a fixed location of every sequence in our background 
distribution, predicted their activity with the same model, and subtracted the predictions for the 
background distribution. The result is the predicted log2 fold change of a sequence feature on 
MPRA activity, and when averaged across all sequences, represents the global importance of 
that feature. 
 
Nucleotide contribution scores 
We predicted the contribution of each nucleotide to regulatory activity by calculating a 
sequence’s saliency map from the regression CNN followed by the Majdandzic correction 
method 76. This method has been shown to reduce noise in feature attribution maps. 
 
Statistics and data visualization 
All statistical analyses and data visualization were performed in Python with Numpy 103, Scipy 
104, Pandas 105, Matplotlib 106, and Logomaker 107. All correlations were calculated using the 
functions scipy.stats.pearsonr and scipy.stats.spearmanr. In all box plots, the line 
denotes the median, the box represents the interquartile range (25th to 75th percentile), and 
whiskers extend to 1.5x the interquartile range. Violin plots cover the same range as box plots, 
with any outliers shown as translucent dots. 
 
Ethics 
This study was performed in strict accordance with the recommendations in the Guide for the 
Care and Use of Laboratory Animals of the National Institutes of Health. All of the animals were 
handled according to protocol A-3381-01 approved by the Institutional Animal Care and Use 
Committee of Washington University in St. Louis. Euthanasia of mice was performed according 
to the recommendations of the American Veterinary Medical Association Guidelines on 
Euthanasia. Appropriate measures were taken to minimize pain and discomfort to the animals 
during experimental procedures. 
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Data availability 
Sequence data that support the findings of this study have been deposited with the NCBI Gene 
Expression Omnibus (GEO) with the primary accession codes GSE165812 (Round 1 library) 
and GSE (number pending)  (https://www.ncbi.nlm.nih.gov/geo/). Processed MPRA data files 
used in this study are available at [https://github.com/barakcohenlab/CRX-Active-Learning]. 
 
Code availability 
Code used to process all MPRA data, to train machine learning models, and to reproduce the 
results of this study are available at [https://github.com/barakcohenlab/CRX-Active-Learning]. 
Our implementation of the Generic String Kernel is available at 
[https://github.com/barakcohenlab/preimage]. Our fork of the Selene package with support for 
custom early stopping and learning rate decay is available at 
[https://github.com/rfriedman22/selene]. 
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EXTENDED DATA FIGURES 

 
Extended Data Figure 1: Receiver operating characteristic (ROC) curve of the filter SVM. 
Performance is based on five-fold cross-validation. 
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Extended Data Figure 2: Additional performance evaluation of classifiers. Accuracy is 
equivalent to the micro F1 score. Horizontal dashed line represents chance for both test sets. 
Error bars denote one standard deviation based on ten-fold cross-validation of the newly added 
data.  
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Extended Data Figure 3: CNN classifier training history for each round of learning. Blue 
line denotes training data, orange line denotes validation data, horizontal dashed line denotes 
chance. Shaded areas denote 1 standard deviation based on ten-fold cross-validation on the 
newly added data. The final model parameters used for each round were selected from the 
epoch where the validation loss is minimized. 
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Extended Data Figure 4: Predicted effects of additional photoreceptor motifs. Predicted 
effect of motifs conditioned on the presence of a CRX motif (as in Figure 3a). Panels show the 
effect of 0-3 motifs of another TF in the context of one CRX motif. Horizontal dashed lines 
denote activity class boundaries.  

.CC-BY-NC-ND 4.0 International licenseavailable 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 made 

The copyright holder for this preprintthis version posted August 22, 2023. ; https://doi.org/10.1101/2023.08.21.554146doi: bioRxiv preprint 

https://doi.org/10.1101/2023.08.21.554146
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

40 

 
Extended Data Figure 5: Predicted activity of background distribution vs. GC content. GC 
content alone without CRX sites has no global effect on predicted activity. Each dot represents 
a different background sequence. Warmer colors denote higher point density.  
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Extended Data Figure 6: NR1-family motif match in the strong enhancer. The motif for 
NR1D1 is used as a representative motif of the NR1 TF family. X-tick labels indicate the 
sequence that matches the motif. The position and orientation of the motif is indicated in the 
title.  
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Extended Data Figure 7: Nucleotide contribution scores for sequence perturbations in a 
strong enhancer and inactive sequence. a, Relative nucleotide contribution scores when 
positions 86-136 from the strong enhancer (containing the NR1-family site) are swapped into 
the inactive sequence. b, Nucleotide contribution scores of the strong enhancer when the NRL 
motif is moved to positions ranging from 126-130. The cryptic NR1:NRL site is formed when 
NRL is moved to position 128. Vertical dashes denote the breakpoints of the swap or the 
boundaries of the sliding NRL sequence.  
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Extended Data Figure 8: Snapgene schematic of MPRA library oligo design.  
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SUPPLEMENTARY TABLES 
Supplementary Table 1: Library design experimental metadata. 
Supplementary Table 2: mBC metadata. 
Supplementary Table 3: Oligo amplification primer pair metadata. 
Supplementary Table 4: Primers used in this study. 
Supplementary Table 5: Within-library quality control statistics. 
Supplementary Table 6: Block coordinates for the strong enhancer and inactive 
sequence pair. 
Supplementary Table 7: Annotations for swapping of blocks. Uppercase letter denotes the 
block originates from the strong enhancer twin, lowercase denotes the inactive twin. A block 
letter followed by an ‘x’ indicates the region is scrambled, with the exact coordinates indicated 
by the numbers. All coordinates are on the zero-based interval [start, stop). Note that scrambles 
corresponding to motifs stretch 3bp into the flanks of adjacent blocks. 
Supplementary Table 8: Annotations for experiment sliding the NRL motif along the 
strong enhancer. 
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