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ABSTRACT 

In this TFG we will assess the effect that 5-methylcytosine methylation can cause 

to the affinity of certain transcription factors and their corresponding transcription 

factor binding site. For this, we will use DNAffinity, a machine learning algorithm 

that predicts affinity for a specific transcription factor binding site trained on 

experimental data. Firstly, we will integrate and uniform different sections of the 

code, previously developed, in order to be able to reduce its dependencies and 

simplify its execution. Lastly, we will analyze several transcription factors in order 

to visualize the difference between both cases using different sources of 

experimental data like uPBM or HT-SELEX as well as adapting the features as 

required to allow the regressor to predict transcription factor-DNA binding affinity. 

The main objectives for this work are to integrate key elements for the program 

to work and to check if the machine learning algorithm is able to predict them 

correctly. 

Keywords: machine learning (ML), transcription factors, methylation, data 

analysis. 

 

100-WORD SUMMARY 

In this TFG we will assess the effect that 5-methylcytosine methylation can cause 

to the affinity of certain transcription factors and their corresponding transcription 

factor binding site. We will use DNAffinity, a machine learning algorithm that 

predicts affinity for a specific transcription factor binding site trained on 

experimental data. This is a technical TFG, we will integrate and uniform different 

sections of the code, previously developed, in order allow it to work with 

methylation, to be able to reduce its dependencies and simplify its execution. It 

seems to only predict affinities correctly with HT-SELEX data. 
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ABBREVIATIONS 

C-H: Carbon – hydrogen 

ChIP-Seq: Chromatin Immunoprecipitation Sequencing 
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EM: Expectation-Maximization 

ENA: European Nucleotide Archive 

GEO: Gene Expression Omnibus 

GST: Glutathione S-transferase 

HT-SELEX: High throughput SELEX 

MEME: Multiple EM for motif elicitation 
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PBM: Protein binding microarrays 

PCR: Polymerase Chain Reaction 

PSPM: Position-Specific Probability Matrix 

RNA: Ribonucleic acid 

R0, R1,…: Round 0, 1,… 

SELEX: Systematic Evolution of Ligands by Exponential Enrichment 

TF: Transcription factor 

TFBS: Transcription factor binding site 

4mC: 4-methylcytosine 

5mC: 5-methylcytosine 

6mA: 6-methyladenine 
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INTRODUCTION 

DNA is the cell’s genetic information reservoir and is the core part of the dogma 

of molecular biology. Without DNA, proteins cannot be synthesized, which would 

end in complete deregulation of the organism. However, not all DNA is required 

on all proteins, one gene of vital importance for the correct function of a 

hepatocyte may not be required at all for neuronal function. This is why it is so 

important to regulate gene expression. There are several ways this goal can be 

achieved, but methylation is one of the most prevalent methods. However the 

means, all gene that must be expressed have to be first transcribed into RNA 

and, for that process to start, is where transcription factors come into play. 

Transcription factors 

Transcription factors (TFs) are proteins that regulate gene expression by 

controlling the transcription of DNA. These bind to particular DNA sequences in 

gene regulatory regions, called TF binding sites (TFBS), like promoters, 

enhancers, silencers and insulators (1). Although binding is required in order for 

these TF to work, there are also other interactions that must happen for it to exert 

its function, like interaction with the RNA polymerase (2), etc. However, we will 

not focus on this manner as we are only reviewing the impact on DNA binding, 

differentiating on whether the site is methylated or non-methylated. 

According to Yumi Minyi et al. (2024) (3), the recognition of DNA by TF is complex 

and has a lot of variables that must be considered. The DNA-binding domain of 

a TF can selectively bind to specific sequence motifs depending on their unique 

chemical signature. This is known as a direct readout. Those chemical signatures 

can go from hydrogen bonds, methyl groups, non-polar C-H bonds and more, 

and must be located on the surface of the DNA’s major and minor grooves to be 

able to be recognized by the TF. These facilitate the formation of various contact 

groups between the TF and the DNA. In addition to direct readout, the chemical 

signatures or the DNA nucleotides can influence the affinity between a TF and a 

TFBS. This is because the nucleotide sequence or modifications such as 

methylation influence other DNA characteristics like DNA stability, flexibility, 

groove with and shape (3, 4), which all change the number of chemical signatures 
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available for the TF to recognize and bind to, modifying its affinity. This is called 

indirect readout. However, there are also other mechanisms that can influence 

TF-DNA recognition, like cofactors, nucleosomes and protein-protein 

interactions, which further enhance the complexity of the problem. Cofactors and 

nucleosomes can modify chromatin environment, either allowing or disallowing 

TF binding and gene expression; and interactions between multiple TFs can 

enhance gene expression in some regions or competitively inhibit themselves, 

causing gene suppression. 

5-methylcytosine and DNA methylation 

DNA methylation is a method of epigenetic gene regulation in which methyl 

groups are added to DNA molecules. When added to gene regulatory regions, 

they can cause the region to become inaccessible to TF that usually do by altering 

their affinity for the region (5). The two only nucleobases that, as of today, have 

been found natural DNA methylation takes place in are cytosine and adenine, in 

the forms of 5-methylcytosine (5mC) (3, 5, 6), 4-methylcytosine (4mC) (7) and 6-

methyladenine (6mA) (8). However, we will primarily focus on 5mC methylations 

since those are the ones used afterwards as affinity data for methylated TFBS. 

This epigenetic mark is widespread in nature, has been conserved throughout 

evolution and is the most common in mammals. It occurs typically at CpG sites 

(3) and is so abundant (over 80% of CpG sites are methylated (9)) that some 

papers reference it as the fifth base (3). Depending on where this methylation 

occurs, multiple outcomes are possible. For example, methylation of promoter 

regions often represses gene expression (1, 3, 6) by reducing their affinity for their 

usual TFs and allowing methyl-binding proteins to bind to the regions. These will 

then partner with histones to condense the chromatin into a transcriptionally 

inactive region (1). However, there are other specific contexts in where cytosine 

methylation is also associated with gene expression, like enhancer activation. 

Cytosine methylation in enhancers can block the affinities these regions have for 

their corresponding suppressors, activating enhancer function (10). Enhancers’ 

main function is to boost transcription levels (1). They recruit TFs, co-activators 

and chromatin-modifying enzymes to open the chromatin and boost gene 

expression for a specific gene or set of genes. Some of these TFs that are 
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positively influenced by CpG methylation are HOXB13 (6), which we will use later 

in the work to test our predictor. Therefore, even though cytosine methylation is 

usually in direct correlation with gene suppression, it can also be related to gene 

expression if some conditions are met. 

Experimental data collection techniques 

While this work does not use any experimental procedures itself, being a pure 

software work, it’s important to know how the data that is used on the regressor 

is obtained from in order to develop the correct preprocessing code. Most data 

on TFBS are obtained by techniques such as PBM or SELEX experiments (11), 

which are performed in vitro. Specifically in this work HT-SELEX (High 

Throughput SELEX) and uPBM (protein binding microarrays using synthetic 

sequences) experimental data will be used. These techniques give a set of very 

short frequences, which length varies between experiments (between 10 for HT-

SELEX to 40 for uPBM). There are other methods for obtaining these TFBS 

affinities in vivo, like with the use of ChIP-seq (12), but that’s beyond the scope of 

this work as there is not much data available for methylated TFs and the 

resolution and sequence length are not optimal for algorithm training. 

HT-SELEX experiments work by using a randomized library of DNA sequences 

that get exposed to a specific protein. Sequences that have a higher affinity with 

the protein will be bound more easily, forming a protein-DNA complex that can be 

then captured by binding them to affinity resins. For example, the protein could 

be marked with a hexahistidine tag, which can then bind to Ni Sepharose beads, 

pulling the sequences that have good affinity with them. Then the non-bound DNA 

is rinsed, and the bound DNA is amplified by PCR. The number of PCR cycles is 

Figure 1: Overview of the HOXB13:MEIS1 heterodimer bound to a methylated DNA. HOXB13 is colored 
pink, MEIS1 is colored blue, the methylated base pairs are shown as ball-andstick models, the contacts are 
presented as dashed lines, and the residues and methylated bases are labeled. Similar to the HOXB13 
monomer, the two methylated cytosines are respectively recognized by Ile262 and Val269. Image extracted 
from (6). 



11 
 

very specific and different in each experiment. A low number of PCR cycles will 

not suffice the amount of DNA required to run the next cycle successfully, but a 

high number of PCR cycles will cause the formation of bubble products due to 

annealing of mismatched sequences. These contain secondary structures that 

can be detected via gel electrophoresis, as they will appear at a higher size than 

their corresponding. After the PCR is done, the next cycle can be run, which will 

do it all over again, but with a more affinity-prone library. This means that, with 

each HT-SELEX cycle, the library will contain more high-affinity sequences as the 

ones that do not bind will be washed away. The number of HT-SELEX cycles can 

vary, usually from 4 to 6 cycles. In the dataset that we will use for this work (6), 

the HT-SELEX was run for 4 cycles. 

To gather and analyze the results, single-end sequencing techniques like Illumina 

NextSeq (13) are used to sequence the DNA sequences that formed the protein-

DNA complex to reveal their sequences. Once all DNA sequences of all cycles 

have been coded, they can be compared. Scripts or libraries may be used, and 

the idea is to count every possible k-mer in each sample and then calculate their 

frequency. Afterwards, they are compared between cycles to assess their affinity 

with the protein. For a more detailed read on the HT-SELEX protocol, all this 

information was gathered from recently used protocols (6, 14). 

uPBM experiments work by exposing a DNA microarray to a tagged protein, 

which will then allow us to quantify the affinity that that protein has for that specific 

sequence. As explained in some papers (15, 16), first the microarray is designed 

so that it contains all possible k-mer DNA sequences synthesized as single-

stranded 60-mer probe. Then those sequences are converted to double-stranded 

DNA and get fluorescently labeled dUTP (Cy3) to track DNA amounts. This is 

important because it allows us to normalize the results afterwards, as a low-

affinity binding but with high amounts of DNA would appear as strong as a high-

affinity with low DNA amounts. Once the microarray is ready an epitope-tagged 

TF is incubated in the microarray under physiological conditions, which will bind 

to the DNA depending on its affinity for it. Afterwards, bound TFs are labeled with 

a fluorophore-conjugated antibody (like Alexa 488 anti-GST), and the microarray 

is scanned to measure both fluorescent markers to normalize the amount of DNA 
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and to quantify TF binding intensity. After normalization, E-scores are assigned 

to each k-mer, which allows to rank them and to identify high affinity sequences. 

These experiments are not only costly but have multiple points of failure (like 

limited number of sequences that can be tested) and take a long time to do. That’s 

why multiple teams have changed their focus to try and find a prediction-based 

approach, such as DNAffinity (11) or others. 

Random forest regressor 

The software we’ll use to make predictions, DNAffinity, is a random forest 

regressor, a form of machine learning. This technique uses an ensemble of 

decision trees that make predictions based on one individual feature (17). 

 

Figure 2: Representation of a random forest regression’s decision trees and how they’d work.(18) 

The decision tree’s main job is to split the data into two groups that are as different 

as possible in their mean value and then uses the mean squared error 

𝑀𝑆𝐸 =  
1

𝑛
෍(𝑦௜ − 𝑦ത)ଶ

௡

௜ୀଵ

 

to try to minimize the variance on that value. The best split, and the one that will 

be kept for predictions, is the one that creates two groups that have their values 
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tightly clustered around their group mean. While one single tree provides a weak 

prediction, we can average the predictions of all the decision trees to obtain a 

result that will be high confidence and reliable, since that value comes from the 

outcome of tens or hundreds of decision trees all working on different features 

that affect in one way or another the prediction (17, 19). This allows the random 

forest regressor to find correlation in non-linear relationship problems reliably. 

The main advantages of a random forest regressor over other machine learning 

models are for example its capability to handle non-linear relationships, it’s robust 

to noise and overfitting and that random forests don’t require normalization (19). 

However, it’s not perfect in all situations since it’s slower and requires lots of 

memory to run and cannot predict beyond the range of the training data (19). 
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OBJECTIVES 

In this work, we will be using DNAffinity, a previously developed machine learning 

algorithm able to detect with high accuracy TBFS, to predict the effect of 5mC 

methylation on TFBS affinity. This algorithm is capable of doing so by using 

datasets from two different experiments: PBM (obtained from Gene Expression 

Omnibus GSE94634) and HT-SELEX (6). The Machine Learning algorithm works 

by using a random forest regression  to predict the affinity of certain TF for DNA 

sequences. 

The main hypothesis of the work is that DNAffinity’s random forest regressor 

should be able to predict a TF affinity for methylated TFBS if we give it a set of 

features that has CpG methylation into account. 

Before using this algorithm though, first we will integrate and optimize several 

sections of the code that depend on external sources to make sure we can obtain 

and manipulate the data however we see fit to ensure the best possible 

regression we can, and that we can see and use all data in the in-between steps. 

Therefore, in this work we will: 

 Understand and integrate several sections of code that would otherwise 

make it dependent on external pages or other programming languages. 

 Verify that the new version of the code is able to predict the affinity TFs 

have for methylated TFBS using a new set of features.  
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MATERIALS AND METHODS 

As stated previously, our main tool during this work will be DNAffinity. However, 

this work is not only a biochemistry work but a bioinformatics and therefore has 

a technical part. Those parts are the integration of MEME Suite (20) 

(https://meme-suite.org/meme/tools/meme) within the data preprocessing code 

for the uPBM random forest regressor, the translation of the R code selex.R into 

Python code for the HT-SELEX random forest regressor and a cleanup and 

integration of all code so it can be run automatically or with a script however we 

see fit. To run all the processes, we used data from the Gene Expression 

Omnibus GSE94634 for the uPBM raw data and the database associated with 

Yin Y. et al. (6) for the HT-SELEX raw data, extracted from ENA PRJEB9797. 

MEME Suite integration 

Firstly, we will start with the MEME (Multiple EM for Motif Elicitation) Suite 

integration. This section is within the uPBM_Preprocess.py code, which uses 

uPBM data to generate a training set for the regressor. The code first starts by 

loading, cleaning the experimental data and extracting DNA sequences of 35bp. 

Then assigns their affinity by subtracting the mean background intensity to the 

mean signal intensity. Afterwards, a FASTA file is created with the top 50 high-

affinity sequences for motif discovery. 

In the previous version of this program, this FASTA file had to be exported to 

MEME Suite, which uses an Expectation Maximization (EM) algorithm specially 

refined to detect motifs of variable or set lengths on DNA, RNA or proteins, as 

determined by the user. In this case, we used 10-mers as TFBS. The MEME 

algorithm can then display a variety of motifs and the first one (the other motifs 

would usually only occur in 2 or 3 sequences out of 50) was selected to explain 

the high-affinity sequence preferences. A Position-Specific Probability Matrix 

(PSPM) was then exported from the site and imported into uPBM_Preprocess.py. 

In this work we integrated this analysis into uPBM_Preprocess.py itself, which 

erases the dependance on an external webpage. We now use a custom EM 

algorithm. It functions by selecting a random point in all 50 sequences and 

extracting a 10-mer and then creating a PSPM (a matrix with the probability that 

a specific nucleotide is in that position). Then that PSPM is run for all possible 
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positions on a specific sequence, and the one that has a higher log-probability 

(the one that matches the best with the current PSPM) is saved as the new motif 

for that sequence. This step is repeated on all sequences and, once that’s done, 

a new PSPM is generated with all those new motifs. Then this PSPM is fed into 

the EM loop and, once again, all sequences are run with this new PSPM to find 

new motif positions. This makes the motif positions more and more precise as 

this cycle gets repeated, until we get a PSPM that shows what the motif looks 

like. The number of times the EM cycle is repeated depends on the amount of 

data. In our case, we cycled the EM algorithm 100 times. The resulting PSPM 

can be used to obtain a consensus sequence. This consensus sequence can be 

divided into two sections: the “fixed” section, which contains the motif, and the 

lateral “variable” regions, which are not part of the motif and therefore can vary 

widely. 

While our EM algorithm is simpler than a fully-fledged MEME algorithm, it still 

identifies the “fixed” section of the consensus sequence in most cases, although 

Figure 3: PSPM for the TF LHX9. Top one corresponds to the MEME Suite PSPM while the bottom one 
corresponds to the one from the custom EM. We can see the “fixed” motif displaced but clearly represented.



17 
 

sometimes appearing displaced, as we can observe in the resultant PSPM for 

both MEME Suite  (top)  and  our  EM  algorithm  (bottom)  below.  

 

In  other  cases,  the  PSPM positions appeared to be identical regarding 

positions, but the frequencies appeared slightly off, although still within 

acceptable ranges. All PSPM comparisons are located in Annex C with their 

corresponding logoplots from MEME Suite. 

Continuing with the execution of uPBM_Preprocess, the consensus sequence 

and PSPM are then used to align the consensus sequence to the 35-mers we 

extracted from the raw data and then assigns them a weight based on alignment 

quality. The more aligned the 35-mer is with the consensus, the more heavily 

weighted it will be. This is a very important step towards generating a valid training 

set for the regressor because a high affinity k-mer doesn’t necessarily mean a 

strong match to the motif. This is because uPBM data is noisy due to the 

technique itself and we must be able to provide to the regressor a way to 

Figure 4: PSPM for the TF MAX. Top one corresponds to the MEME Suite PSPM while the bottom one 
corresponds to the one from the custom EM. We can see that the entire motif detected is identical position-
wise, but not frequency-wise. Still, the frequencies are close enough to consider it a perfect match. 
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understand which data is truly relevant and which one is not. High affinity by a 

uPBM experiment could not correlate to actual motif affinity, because of the noisy 

data and because affinity can vary for reasons other than the core motif, like 

shape. Assigning a weight to each sequence solves that issue, since it will allow 

the regressor to understand which data is more important to consider. The final 

step is to undersample. The amount of high-affinity, high-weight data we have 

can be extremely low compared to the large number of low-affinity sequences we 

have, which could bury that data causing the regressor to not be able to recognize 

the patterns for later prediction. Therefore, the last step is to undersample, to 

reduce the amount of data we will make available to the regressor. 

 

Figure 5: Undersampling represented in two graphs. As we can see on the left (not undersampled), we have 
an extremely high population of low-affinity sequences which won’t allow the regressor to train with the high-
affinity ones due to the low population of them. On the right (undersampled) we can see how the trimming 
of data allows the high-affinity sequences to be conserved integrally while chopping down the low-affinity 
irrelevant sequences. 

We use two parameters for this: L and upper_bound. upper_bound will pick the 

top points as stated within the code, like in this example: upper_bound = sort_aff[-

1000]. In this case, we will conserve the top 1000 points with the most affinity fully 

intact. The other parameter, L, will divide the reminder of the data into different 

blocks and will pick between 1 and 2 values from each, shrinking the population 

of low-affinity data. Once the undersampling is done the reminding, weighted data 

is added to a .txt file that the regressor will use to train itself. 

HT-SELEX preprocessing (selex.R) translation 

The HT-SELEX data preprocessing was mainly done by selex.py and allows to 

look for high-affinity k-mers to train the random forest regressor. In the previous 

version of this program, this was done by selex.R (which uses the R package 
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https://bioconductor.org/packages/release/bioc/html/SELEX.html), but it was 

decided to integrate it directly into python to make it easier to use, maintain and 

correct. The new code, selex.py, preprocesses the HT-SELEX data to compute 

k-mer affinities and their enrichment statistics. The dataset we are using (6) 

consists of four rounds (R0, R1, R2 and R3). R0 has the affinities for the initial 

random pool, while R1 to R3 contain the affinities for the subsequent enriched 

pool. The code works in two clear steps. The first step is to load and interpret R0 

data in order to have a baseline to evaluate and quantify which k-mers are 

enriched in the other cycles (R1, R2 and R3). The raw data is imported in a 

FASTQ format and the sequences within it have their central 20-mer extracted 

since it contains the actual TFBS while skipping any ambiguous base (coded as 

N). Then these 20-mers are split between a training set (70%) and testing set 

(30%). The training set is then used to build a 3rd order Markov Model. A Markov 

Model is a complex statistical model that predicts the probability of a future event 

from happening based on the current state. In our context, a 3rd order Markov 

Model allows us to estimate the probability of a subset of 3 bases from occurring, 

giving us a background expectation for how likely a k-mer is to occur if there was 

no selection (like the R0 of a SELEX experiment). This means that the 3rd order 

Markov Model will be keeping track 𝑃(𝑏𝑎𝑠𝑒|𝑐𝑜𝑛𝑡𝑒𝑥𝑡), where P is the probability 

of that event happening, base is the next base following the 3-mer and context is 

the 3-mer itself. To model it, the code runs a 4 base “window” through the 

sequence and divides it for context and base and will save those contexts and 

count how many occurrences are of that specific base following that specific 

context, and it will do that for all possible positions in all the provided sequences. 

 

Figure 6: Visual representation of the 4-base window scanning a 6-mer, obtaining the context and base to 
construct the 3rd order Markov Model. 

 Once we have all counts for all contexts, we can convert counts to probabilities 

by following the formula:  

𝑃(𝑏𝑎𝑠𝑒|𝑐𝑜𝑛𝑡𝑒𝑥𝑡) =  
𝑐𝑜𝑢𝑛𝑡 𝑜𝑓 (𝑏𝑎𝑠𝑒|𝑐𝑜𝑛𝑡𝑒𝑥𝑡)

𝑡𝑜𝑡𝑎𝑙 𝑐𝑜𝑢𝑛𝑡 𝑜𝑓 𝑐𝑜𝑛𝑡𝑒𝑥𝑡
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and adding it to a dictionary for all contexts detected. This will return us the 

probabilities of a context being followed by a specific base. For example, if the 

context AGC was seen a total of 20 times and 15 of the bases that followed were 

T, 3 were A, 2 were G and 0 were C, the code will add an entry to a dictionary 

with the probability data which would look like this: probs = {'AGC': {'T' : 0.75, 'C': 

0.15, 'A': 0.1}, ... }. With a 3rd order Markov Model ready we can now start 

calculating the enrichment (how often a k-mer occurs versus how often it should 

occur given no enrichment at all) stats for R1 to R3 in order. 

First, we load the specific fastq file required (R1.fastq, R2.fastq or R3.fastq) and 

list all unique k-mers on all sequences, keeping track of how many times each 

unique k-mer appears. The code is adapted to allow the user to select the desired 

length of the k-mer. In this case, we went for 10-mers since it’s a common number 

for motif finding. Then, using the 3rd order Markov Model, we can calculate the 

expected count for each of these k-mers by using:  

𝑃(𝑘𝑚𝑒𝑟) =  ෑ 𝑃(𝑏𝑎𝑠𝑒|𝑐𝑜𝑛𝑡𝑒𝑥𝑡)

௞ିସ

௜ୀ଴

 

which calculates the combined probabilities of all the contexts happening in the 

specific k-mer from happening. With this information we can afterwards calculate 

the enrichment score (or affinity) for each k-mer. This is done by performing the 

following operations:  

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝐴𝑓𝑓 = 𝑇𝑜𝑡𝑎𝑙𝐾𝑚𝑒𝑟𝑠 · 𝑃𝑟𝑜𝑏ெ௔௥௞௢௩ 

𝐴𝑓𝑓𝑖𝑛𝑖𝑡𝑦 =  
𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑𝐴𝑓𝑓

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝐴𝑓𝑓
 

𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝐸𝑟𝑟𝑜𝑟 =  
𝐴𝑓𝑓𝑖𝑛𝑖𝑡𝑦

ඥ𝐶𝑜𝑢𝑛𝑡௞௠௘௥

 

This data is then put on a file and exported. The most relevant file of these will be 

R3, which will be saved as 3.txt and used directly for training. Inside this file we 

can also see the sequences that have the most affinity with our TF, and we can 

check for methylation dependencies by looking at the CG within that file. 
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Random forest regressor 

Once the training is done, we can feed the results to the regressor. The regressor 

should work (it did in the previous version) regardless of what experimental 

method was used to obtain the data.  

The features are the main thing that changes in between regressors (non-

methylated versus methylated). There are 4 features used by the regressor, 

tagged as presence_tetramer, avg, diagonal_fce and electrostatic. We can check 

out the original paper (11) to understand how it works, since the regressor has 

been not altered. 

Firstly, the base pair parameters, like equilibrium values (avg) and the diagonal 

components of the stiffness constant matrix (diagonal_fce) are taken from 

molecular dynamics simulations covering all possible tetranucleotide contexts. 

The parameters include shift, slide, rise, tilt, roll and twist positions for DNA 

tetramers. This reflects how DNA physically behaves and not just its sequence. 

Then we also consider the electrostatic pattern of each tetramer (electrostatic), 

because this models how proteins interact and recognize DNA. Each base is 

assigned a value based on if they are acceptors (-1), hydrophobic sites (0) or 

donors (+1) and then added for a tetramer perspective. For example, for ‘AACT’ 

[–1, +1, –1, 0, 0] + [–1, +1, –1, 0, 0] +[0, +1, –1, –1, +1] + [0, –1, +1, –1, 0] = [–2, 

2, –2, –2, 1].  

Lastly, the last feature (presence_tetramer) is used to generate a vector of 

tetramer counts for each k-mer in order to know it’s composition and to be able 

to use the rest of the features, since they are all based on tetramers. A sliding 

window of 4 goes over the k-mer and keeps count of all tetramers seen. For 

example, the k-mer AAAAAT would yield 2 counts of AAAA, 1 count of AAAT and 

0 counts for the reminder 254 possible tetramers (the total are 256 since it’s the 

total amount of possible tetramers (44)). 

For the methylated features, avg and diagonal_fce needed to be changed in order 

for them to adapt to methylated DNA. Therefore, all iterations of CG within the 

tetramers were changed to 5mCG data, which can be found in the paper The 
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Impact of the HydroxyMethylCytosine epigenetic signature on DNA structure and 

function from F. Battistini et. al. (21). 

As for the function of the code, the random forest regressor is trained and used 

with the module scikit-learn, a popular python module used to train machine 

learning programs. The regressor would use 90% of the available data to train 

itself and the remaining 10% to test whether it could accurately predict the 

affinities for certain sequences regarding a specific TF. All results, be it with uPBM 

data or HT-SELEX data, can be found at either Annex B or Annex A respectively. 
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RESULTS AND DISCUSSION 

Firstly, we will discuss the results obtained by the HT-SELEX regressor. After 

running both HT-SELEX results through the regressor (Annex A), we obtained 

results with an R2 ranging from 0.45 to 0.82 for both methylated and non-

methylated TF. The average was 0.57 for both too. However, we can observe 

some outliers above and below the mean box. 

 

Figure 7: HT-SELEX regressor boxplot of the results of the regression for all 15 tested TF (Annex A). We 
can see 3 clear outliers all the way down. In general, most of the regressions have an acceptable correlation 
coeficient. 

We can say that the top values are completely normal and not truly outliers since 

there are a large amount of them. What causes to be outside the box is therefore 

the outliers way down. Specifically, HOXB9 Cytosine (R2 = -0.343), DMRTC2 

5mC (R2 = -0.007) and LBX2 5mC (R2 = 0.010) all have extremely low correlation 

coefficients, which drag the mean down and end up excluding those top points. 

Therefore, the question lies on why these three TF have this low of a correlation 

coefficient. There are three possible answers. One is that the regressor is not 

working. While we can’t discard this straight away because the vast amount of 

regressor tests (90%) have values with an acceptable range (R2 = 0.4-0.8). The 

other two options are that either the data is tainted and therefore not usable or 

that there’s no correlation between the TF and DNA and so the model cannot 
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predict their affinities. To see if it’s the latter, we can check the logoplots located 

in the supplementary material S2 of (6) as well as the 3.txt top sequences and 

their specific regressor affinity plot. Let’s start by HOXB9 Cytosine.  

If we check its 3.txt, we can see that the top 6 sequence with the highest affinity 

 

Figure 8: HOXB9 Cytosine 3.txt that shows the top 6 sequences with the highest affinity. We can observe all 
motifs have CG somewhere within the 10-mer. 

all have the sequence CG within it. This means that HOXB9 could have a high 

preference for methylated sites, that wouldn’t allow it to bind to regular CpG sites 

that are not methylated. This could mean that HOXB9, like other protein of the 

HOX family is sensitive to methylation and has a clear pattern in high-affinity 

sequences when methylated but is not present when not methylated. Therefore, 

our software cannot reproduce the experimental data.  

 

Figure 9: Regression graphs for HOXB9 in a non-methylated environment (NM) versus a methylated 
environment (M). We can observe how the regressor is incapable of predicting the affinities in (NM). 

Further testing and study of the biological function of this TF would be required 

to completely justify this, but it’s a plausible explanation. 

LBX2 has high-affinity motifs that do not involve methylation and therefore won’t 

influence the binding affinity significantly. If we check LBX2 5mC 3.txt, we can 
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observe that even the top motifs have very low affinity.

 

Figure 10: LBX2 5mC 3.txt that shows the top 6 sequences with the highest affinity. We can observe how 
they have extremely low affinity for being top sequences, especially comparing it to Figure X. 

Therefore, it makes sense that the correlation coefficient for this specific 

regressor run is practically null, since if it doesn’t have high affinity motifs because 

it doesn’t bind naturally to it, and therefore the regressor won’t find a relation and 

will be unable to predict affinities reliably. 

Lastly DMRTC2, although it has some high affinity sequences, they don’t involve 

CpG sites. Therefore, methylation doesn’t affect this TF. 

 

Figure 11: DMRTC2 5mC 3.txt that shows the top 6 sequences with the highest affinity. Although these 
sequences have decent affinity, the next ones fall off very quickly, especially comparing it to Figure X. 

If we check the 3.txt further down as well, we can see that the affinity falls off 

pretty quickly with the rest of the motifs. Therefore, we can deduce that the 

regressor may have not had enough high-affinity sequences to obtain a good 

training to capture it, therefore making it unreliable and have a bad correlation 

coefficient.  

However, for the rest of the points, we got a good number of points which had a 

good enough correlation coefficient to be deemed acceptable. This allows us to 

conclude that the integration of selex.R into the code was successful, and that it 

is in fact capable of predicting the affinity of TFs for 5mC methylated TFBS. A 

future work line could be to analyze the weight and importance of each feature 

used in the random forest regressor to detect and quantify the effect that 
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methylation causes in TF-DNA binding affinity and which TF are more dependent 

on 5mC methylation. 

Regarding the uPBM prediction results (Annex B), the correlation coefficient is 

extremely low, and the results cannot be deemed valid. The average correlation 

coefficient of the data was R2 = 0.07 for the non-methylated predictions and R2 

= 0.03 for the methylated one. These, of course, are too low to indicate any 

correlation  between the regressor and the experimental data provided. 

Although the integration of MEME Suite functionality with a custom EM algorithm 

worked in most cases, being able to detect the motif, even if displaced within the 

10-mer it gave us to form the consensus, was not enough to make the regressor 

predict the affinity of TF-DNA binding reliably. Therefore, the integration of MEME 

Suite into the python code was correct, although some upgrades could be done, 

like actually running the EM multiple times like a MEME algorithm does in order 

to increase the precision of the detection of the motif. To make sure it was not the 

implementation of MEME Suite that was causing these errors, we also run the 

old uPBM_Preprocess.py, which required the PSPM from MEME Suite, also 

getting similar results. Thanks to this we can confirm that the implementation was 

correct. We also tried to fix it by tweaking the undersampling variables widely with 
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Figure 12: uPBM regressor boxplot of the results of the regression for all 8 tested TF (Annex B). The 
correlation coefficient is way too low to consider any correlation. The regressor was not able to predict any 
affinity at all. 
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minimal improvements. This may mean that the data collected from GEO was too 

noisy or that there are not enough high affinity sequences available in the dataset. 

This would cause the regressor to not be able to obtain clear patters during its 

training given that it gets the training data straight from the provided dataset (trash 

in, trash out), rendering it useless and unable to predict reliably. 
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CONCLUSION 

What we can conclude from this work is that, in most cases (90%), DNAffinity is 

able to predict the affinity of a TF for both methylated and non-methylated 

sequences with an average correlation coefficient of 0.57±0.17 if we exclude the 

clear outliers. This means that the translation and implementation of selex.R was 

successful, as well as the variation in the features required by the random forest 

regressor to be able to interpret the changes in form, electrostatic forces, etc. 

derived from the changes from cytosine to 5mC. 

Regarding the uPBM results, as commented, the regressor seems to not be able 

to process the affinities correctly, given that the PSPM of both MEME Suite and 

uPBM_Preprocess.py both had the motif correctly represented within it, even if 

the motif was displaced. Therefore, we can state that the main objective, which 

was the integration of the MEME Suite algorithm, was completed successfully; 

but more testing and code upgrades must be done in order to make the regressor 

work. 

Therefore, we can affirm that the code implementation was done correctly on all 

fronts, but that further work is required to make the regressor work again with 

uPBM data. Possible points of work for the future would be to analyze the 

importance of each feature and how 5mC methylation affect each of them, 

quantifying how much this epigenetic mark contributes to the decrease or 

increase in affinity for all studied TFs. 
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ANNEX A: HT-SELEX REGRESSOR PREDICTION 
RESULTS 
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ANNEX B: uPBM REGRESSOR PREDICTION 
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ANNEX C: uPBM PSPM, LOGOPLOT AND CONSENSUS 
(MEME SUITE vs EM ALGORITHM) 
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ANNEX D: uPBM_Preprocess & selex.py 

uPBM_Preprocess.py 

import numpy as np 
import pandas as pd 
from Bio import pairwise2 
import re 
from collections import defaultdict 
import random 
from Bio import motifs 
from Bio import SeqIO 
import random 
import matplotlib.pyplot as plt 
import seaborn as sns 
import re 
from collections import defaultdict 
from IPython.display import display 
from Bio.Seq import Seq 
import sys 
 
# Must change the protein of interest to make the code run 
 
protein = sys.argv[1] 
 
 
# We first preprocess the raw data file to extract the 35mers and 
intensity (we have already deleted the header) 
 
raw_data = 
pd.read_csv(f'raw_data/GSM2479934_{protein}_RawData_Cytosine.txt', 
sep='\t', skiprows=53) 
raw_data = raw_data.dropna(subset='Annotation 2') 
raw_data = raw_data.reset_index(drop=True) 
raw_data = raw_data[raw_data['Annotation 1'] != 'NoDNA'] 
 
# Extract only sequence, mean signal instensity and background 
instensity (Annotation 2, Signal Mean, and Background) 
raw_data = pd.DataFrame(raw_data[['Annotation 2', 'Signal Mean', 
'Background Mean']]) 
raw_data.columns = ['pbm_sequence', 'mean_signal_intensity', 
'mean_background_intensity'] 
 
# Trim sequences to 35mers of interest 
raw_data['pbm_sequence'] = raw_data['pbm_sequence'].str[:35] 
raw_data 
 
"""##### Take the top sequences and generates a FASTA file""" 
  
matrix = raw_data 
matrix = matrix.dropna() 
matrix = matrix[matrix['pbm_sequence'].str.len() == 
35].reset_index(drop=True) 
 
# Calculate affinities for all sequences 
matrix["affinity"] = matrix["mean_signal_intensity"] - 
matrix["mean_background_intensity"] 
sequences = np.array(matrix[["pbm_sequence"]]) 
affinities = np.array(matrix[["affinity"]]) 
max_aff = max(affinities)[0] 
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# Determine upper_bound for affinity selection (top 50 highest 
affinities) 
sort_aff = sorted(list(affinities)) 
upper_bound = sort_aff[-50][0] 
lower_bound = sort_aff[int(len(sort_aff)/4)][0] 
 
# Save top sequences (affinity > upper_bound) to FASTA 
with open(f'{protein}_FASTA_seq.txt', 'w') as file: 
    for i in np.arange(0, len(sequences)): 
        if affinities[i][0] > upper_bound: 
            if affinities[i][0] == max_aff: 
                file.write(f'>MAX\n{sequences[i][0]}\n') 
            else: 
                file.write(f'>{i}\n{sequences[i][0]}\n') 
 
import matplotlib.pyplot as plt 
plt.plot(sorted(list(affinities))) 
# ---------------------- 
# TOP 50 MOTIF ANALYSIS 
# ---------------------- 
top50 = matrix.sort_values("affinity", ascending=False).head(50) 
top_sequences = list(top50["pbm_sequence"]) 
 
# Expectation-Maximization 
motif_length = 10 
num_iterations = 100 
random.seed(42) 
motif_positions = [random.randint(0, len(seq) - motif_length) for seq 
in top_sequences] 
 
def expectation_maximization(sequences, motif_positions, motif_length, 
num_iterations): 
    bases = ['A', 'C', 'G', 'T'] 
    for _ in range(num_iterations): 
        counts = {base: [1] * motif_length for base in bases} 
        for seq, pos in zip(sequences, motif_positions): 
            for i in range(motif_length): 
                counts[seq[pos + i]][i] += 1 
        pspm = {base: [counts[base][i] / sum(counts[b][i] for b in 
bases) for i in range(motif_length)] for base in bases} 
        new_positions = [] 
        for seq in sequences: 
            best_score = -float("inf") 
            best_pos = 0 
            for i in range(len(seq) - motif_length + 1): 
                score = sum(np.log(pspm[seq[i + j]][j]) for j in 
range(motif_length)) 
                if score > best_score: 
                    best_score = score 
                    best_pos = i 
            new_positions.append(best_pos) 
        motif_positions = new_positions 
    return pspm, motif_positions 
 
pspm, motif_positions = expectation_maximization(top_sequences, 
motif_positions, motif_length, num_iterations) 
 
# ---------------------- 
# PWM & CONSENSUS 
# ---------------------- 
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df_pspm = pd.DataFrame(pspm, index=[f"Pos {i+1}" for i in 
range(motif_length)]) 
background_freq = {'A': 0.25, 'C': 0.25, 'G': 0.25, 'T': 0.25} 
pwm = {base: [np.log2(pspm[base][i] / background_freq[base]) for i in 
range(motif_length)] for base in pspm} 
df_pwm = pd.DataFrame(pwm, index=[f"Pos {i+1}" for i in 
range(motif_length)]) 
consensus = ''.join(df_pspm.idxmax(axis=1).values) 
 
print("Consensus sequence:", consensus) 
 
# ---------------------- 
# ALIGN TO CONSENSUS 
# ---------------------- 
def comp(seq): 
    return str(Seq(seq).reverse_complement()) 
 
def alignment(seq, motif): 
    align1 = pairwise2.align.localms(seq, motif, 1, 0, -9999, -9999) 
    align2 = pairwise2.align.localms(seq, comp(motif), 1, 0, -9999, -
9999) 
    if align1 and align2: 
        best = align2[0] if align2[0][2] > align1[0][2] else align1[0] 
    elif align1: 
        best = align1[0] 
    elif align2: 
        best = align2[0] 
    else: 
        return None 
    return ''.join([best[0][i] for i in range(len(best[0])) if 
best[1][i] != '-']) 
 
aligned_motifs = [alignment(seq, consensus)[:motif_length] for seq in 
top_sequences if alignment(seq, consensus)] 
 
print("\nFirst 5 extracted 10-mers aligned to consensus:") 
print(aligned_motifs[:5]) 
 
# ---------------------- 
# SAVE RESULTS 
# ---------------------- 
df_pspm.to_csv("motif_pspm.txt", sep="\t", index=True) 
df_pwm.to_csv("motif_pwm.txt", sep="\t", index=True) 
 
plt.figure(figsize=(8, 6)) 
sns.heatmap(df_pspm.T, annot=True, cmap="coolwarm", linewidths=0.5) 
plt.title("Motif Position-Specific Probability Matrix (PSPM)") 
plt.xlabel("Motif Position") 
plt.ylabel("Base") 
plt.tight_layout() 
plt.savefig("motif_pspm_heatmap.png", dpi=300) 
plt.close() 
 
print("\nPWM, PSPM, consensus, aligned motifs, and heatmap saved.") 
 
"""### Now the user needs to go to meme suite to extract the motif 
matrix""" 
 
file_path = "motif_pspm.txt" 
 
# Read the file while setting the first column as the index 
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df_pspm = pd.read_csv(file_path, sep="\t", index_col=1) 
 
# Remove the first column (if needed) 
df_pspm = df_pspm.iloc[:, 1:]  # Removes the first column while 
keeping others 
 
# Display the modified matrix 
print("Updated PSPM Matrix (First Column Removed):") 
print(df_pspm) 
 
# Save the modified version back to a file 
df_pspm.to_csv(f'{protein}_freq_matrix.txt', sep="\t", index=True) 
 
print("Updated PSPM saved as 'motif_pspm_modified.txt'") 
 
# reads the frequency matrix and picks the most likely sequence 
freq_matrix = pd.read_csv(f'{protein}_freq_matrix.txt', 
delim_whitespace=True) 
freq_matrix = np.array(freq_matrix) 
 
## generates the consensus (and second sequence for oversampling if 
necessary) 
cons = [] 
for i in np.arange(0,len(freq_matrix)): 
    result = np.where(freq_matrix[i] == np.amax(freq_matrix[i])) 
    cons.append(result[0][0]) 
 
translate = {'A':0, 'C':1, 'G':2, 'T':3} 
reverse = {0:'A', 1:'C', 2:'G', 3:'T'} 
 
seq = '' 
for num in cons: 
    seq = seq+reverse[num] 
 
consensus = [seq] 
 
''' 
# second 
sec = [] 
for i in np.arange(0,len(freq_matrix)): 
    if np.amax(freq_matrix[i])<0.5: 
        second = sorted(freq_matrix[i])[-2] 
        result = list(freq_matrix[i]).index(second) 
        sec.append(result) 
        continue 
    result = np.where(freq_matrix[i] == np.amax(freq_matrix[i])) 
    sec.append(result[0][0]) 
 
seq = '' 
for num in sec: 
    seq = seq+reverse[num] 
 
consensus.append(seq) 
''' 
consensus 
 
max_aff = max(affinities)[0] 
min_aff = min(affinities)[0] 
normalization = max_aff-min_aff 
 
# define a new function: best alignment between the consensus and a 
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sequence from the 35mers 
sequences=np.array(ams[["pbm_sequence"]]) 
 
from Bio import pairwise2 
import re 
 
def comp(seq): 
    """Returns the reverse complement of a DNA sequence.""" 
    complement = str.maketrans("ACGTacgt", "TGCAtgca") 
    return seq.translate(complement)[::-1] 
 
def alignment(seq, aln): 
    """Aligns a sequence to another and removes gaps from the best 
alignment.""" 
 
    # Get alignments for both original and reverse-complement 
    align1 = pairwise2.align.localms(seq, aln, 1, 0, -9999, -9999) 
    align2 = pairwise2.align.localms(seq, comp(aln), 1, 0, -9999, -
9999) 
 
    # Ensure alignment is not empty before accessing [0] 
    if align1 and align2: 
        if align2[0][2] > align1[0][2]:  # Compare alignment scores 
            fst, snd, scx, *q = align2[0] 
        else: 
            fst, snd, scx, *q = align1[0] 
    elif align1:  # Use align1 if align2 is empty 
        fst, snd, scx, *q = align1[0] 
    elif align2:  # Use align2 if align1 is empty 
        fst, snd, scx, *q = align2[0] 
    else: 
        return ""  # No valid alignment found 
 
    # Remove gaps from the aligned sequence 
    aligned = ''.join([fst[n] for n, i in enumerate(fst) if snd[n] != 
'-']) 
    aligned = re.sub('-', '', aligned) 
 
    return aligned 
 
 
# generates the file matching the sequences with the consensus 
sequence(s) 
 
len_aln = len(consensus[0]) 
 
fst_aln = consensus[0] 
 
to_write = [] 
for seq, aff in zip(sequences, affinities): 
    s_1 = alignment(seq[0],fst_aln) 
    if len(s_1) != len_aln: 
        continue 
    if aff[0]<lower_bound: 
        continue 
    score = pairwise2.align.localms(s_1, fst_aln, 1, 0, -9999, -
9999)[0][2] 
    if pairwise2.align.localms(s_1, comp(fst_aln), 1, 0, -9999, -
9999)[0][2] > pairwise2.align.localms(s_1, fst_aln, 1, 0, -9999, -
9999)[0][2]: 
        score = pairwise2.align.localms(s_1, comp(fst_aln), 1, 0, -
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9999, -9999)[0][2] 
        s_1 = comp(s_1) 
    if score<len_aln-3: 
        w=1 
    if score>=len_aln-3: 
        w=10 
    to_write.append((s_1, (aff[0]-min_aff)/normalization, w)) 
 
if len(consensus) != 1: 
    snd_aln = consensus[1] 
    for seq, aff in zip(sequences, affinities): 
        s_2 = alignment(seq[0],snd_aln) 
        if len(s_2) != len_aln: 
            continue 
        if aff<upper_bound: 
            continue 
        a = aff[0]-0.0001 
        score = pairwise2.align.localms(s_2, snd_aln, 1, 0, -9999, -
9999)[0][2] 
        if pairwise2.align.localms(s_2, comp(snd_aln), 1, 0, -9999, -
9999)[0][2] > pairwise2.align.localms(s_2, snd_aln, 1, 0, -9999, -
9999)[0][2]: 
            score = pairwise2.align.localms(s_2, comp(snd_aln), 1, 0, 
-9999, -9999)[0][2] 
            s_2 = comp(s_2) 
        if score<len_aln-3: 
            w=1 
        if score>=len_aln-3: 
            w=10 
        to_write.append((s_2, aff[0], w)) 
 
 
with open(f'{protein}_alignment_weighted.txt','w') as file: 
    file.write('ID_REF\tVALUE\tWEIGHT\n') 
 
with open(f'{protein}_alignment_weighted.txt','a') as file: 
    for i in to_write: 
        file.write(f'{i[0]}\t{i[1]}\t{i[2]}\n') 
 
# from the previous file (the file of nicely aligned kmers), we remove 
those that have low score according to the freq matrix 
data = pd.read_csv(f'{protein}_alignment_weighted.txt', sep='\t') 
dodecamers = np.array(data[["ID_REF"]]) 
affs = np.array(data[["VALUE"]]) 
ws = np.array(data[["WEIGHT"]]) 
 
freq_matrix = pd.read_csv(f'{protein}_freq_matrix.txt', 
delim_whitespace=True) 
freq_matrix = np.array(freq_matrix) 
 
# scores 
scores = [] 
for dod in dodecamers: 
    score = 0 
    for j in np.arange(0,len_aln): 
        a = translate[dod[0][j]] 
        score = score + freq_matrix[j][a] 
    scores.append(score) 
 
# boundaries 
low_score = len_aln/4 
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upp_score = sorted(scores)[::-1][50] 
 
# file 
to_write = [] 
 
for dod, aff, w, score in zip(dodecamers, affs, ws, scores): 
    if score<low_score: 
        continue 
    if score<upp_score: 
        #to_write.append((dod[0],aff[0], w[0], score, 1)) 
        to_write.append((dod[0],aff[0], 1)) 
    if score>upp_score: 
#        to_write.append((dod[0],aff[0], w[0], score, 10)) 
        to_write.append((dod[0],aff[0], 10)) 
with open(f'{protein}_matrix_aligned.txt','w') as file: 
#    file.write('ID_REF\tVALUE\tWEIGHT\tSCORE\tWEIGHTEDSCORE\n') 
    file.write('ID_REF\tVALUE\tWEIGHT\n') 
 
with open(f'{protein}_matrix_aligned.txt','a') as file: 
    for i in to_write: 
#        file.write(f'{i[0]}\t{i[1]}\t{i[2]}\t{i[3]}\t{i[4]}\n') 
        file.write(f'{i[0]}\t{i[1]}\t{i[2]}\n') 
 
deca = pd.read_csv(f'{protein}_matrix_aligned.txt', sep='\t') 
 
strings = list(deca["ID_REF"]) 
values = list(deca["VALUE"]) 
weights = list(deca["WEIGHT"])  # pick either WEIGHT or WEIGHTEDSCORE 
 
values = [(value-min(values))/(max(values)-min(values)) for value in 
values] 
 
dictionary = dict(zip(values, strings)) 
weight_dict = dict(zip(values, weights)) 
 
len_aln = len(strings[0]) 
 
"""#### Last step, we undersample""" 
 
#### undersampling 
 
# number of divisions we are using 
L = 15000 
 
# affinitiy boundaries 
sort_aff = sorted(values) 
# pick top points ~ proportion 1:500 before undersampling i.e. we pick 
50 top points not to undersample 
upper_bound = sort_aff[-1000] 
 
# interval dictionary -- maybe it is not the best option? idk it works 
for now... 
interval_dict = defaultdict(list) 
for value in values: 
    interval_dict[int(value*L)].append(value) 
 
# creates a matrix of values: we pick one value for the intervals 
where i<L/2 
# and up to two for i>L/2 
 
training_ordered = [] 
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start = 1 # i.e. starts picking values larger than start/L from the 
normalized affinites 
 
for i in np.arange(start,L+1): 
    if len(interval_dict[i])>0: 
        if i <= L*upper_bound: 
            random_values = [random.choice(interval_dict[i]) for j in 
np.arange(0,20)] 
            random_values = set(random_values) 
            value = random.choice(interval_dict[i]) 
            training_ordered.append([dictionary[value], value, 
weight_dict[value]]) 
        if i > L*upper_bound: 
            for value in interval_dict[i]: 
                training_ordered.append([dictionary[value], value, 
weight_dict[value]]) 
 
# # writes the file w/o randomization (not used but in case we need 
it) 
 
# with open(f'{protein}_training_ordered.txt','w') as file: 
#     file.write('ID_REF\tVALUE\tWEIGHT\n') 
 
# with open(f'{protein}_training_ordered.txt','a') as file: 
#     for vector in training_ordered: 
#         file.write("%s\t" % vector[0]) 
#         file.write("%s\t" % vector[1]) 
#         file.write("%s\n" % vector[2]) 
 
# writes the randomized file ready for training 
 
np.random.shuffle(training_ordered) 
 
with open(f'{protein}_training.txt','w') as file: 
    file.write('ID_REF\tVALUE\tWEIGHT\n') 
 
with open(f'{protein}_training.txt','a') as file: 
    for vector in training_ordered: 
        file.write("%s\t" % vector[0]) 
        file.write("%s\t" % vector[1]) 
        file.write("%s\n" % vector[2]) 
 
 
 
# Convert full values and undersampled values to arrays for plotting 
full_affinities = np.array(values) 
 
undersampled_affinities = [val for _, val, _ in training_ordered] 
 
# Plot histogram of affinities before and after undersampling 
plt.figure(figsize=(12, 5)) 
 
# --- Before undersampling --- 
plt.subplot(1, 2, 1) 
sns.histplot(full_affinities, bins=100, color='skyblue', kde=False) 
plt.axvline(x=upper_bound, color='red', linestyle='--', label=f'Upper 
bound ({upper_bound:.3f})') 
plt.title("Before Undersampling") 
plt.xlabel("Normalized Affinity") 
plt.ylabel("Count") 
plt.legend() 
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# --- After undersampling --- 
plt.subplot(1, 2, 2) 
sns.histplot(undersampled_affinities, bins=100, 
color='mediumseagreen', kde=False) 
plt.axvline(x=upper_bound, color='red', linestyle='--', label=f'Upper 
bound ({upper_bound:.3f})') 
plt.title("After Undersampling") 
plt.xlabel("Normalized Affinity") 
plt.ylabel("Count") 
plt.legend() 
 
plt.tight_layout() 
plt.show() 

 

selex.py 

import pandas as pd 
from Bio import SeqIO 
from collections import defaultdict 
import random 
import math 
import os 
import shutil 
import sys 
 
def load_sequences(filepath, center_length=20): 
    """Extract central region from 40-mer, excluding sequences with 
'N'.""" 
    sequences = [] 
    for record in SeqIO.parse(filepath, "fastq"): 
        seq = str(record.seq) 
        if len(seq) == 40: 
            start = (40 - center_length) // 2 
            center_seq = seq[start:start + center_length] 
            if 'N' not in center_seq: 
                sequences.append(center_seq) 
    return sequences 
 
def split_train_test(sequences, test_fraction=0.3): 
    random.shuffle(sequences) 
    cutoff = int(len(sequences) * (1 - test_fraction)) 
    return sequences[:cutoff], sequences[cutoff:] 
 
def build_markov_model(sequences, order=3): 
    model = defaultdict(lambda: defaultdict(int)) 
    context_counts = defaultdict(int) 
    for seq in sequences: 
        for i in range(len(seq) - order): 
            context = seq[i:i+order] 
            next_base = seq[i+order] 
            model[context][next_base] += 1 
            context_counts[context] += 1 
    probs = {} 
    for context in model: 
        probs[context] = {} 
        total = context_counts[context] 
        for base in model[context]: 
            probs[context][base] = model[context][base] / total 
    return probs 
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def compute_kmer_stats(sequences, k, markov_model, order): 
    kmer_counts = defaultdict(int) 
    for seq in sequences: 
        for i in range(len(seq) - k + 1): 
            kmer = seq[i:i+k] 
            kmer_counts[kmer] += 1 
 
    total_kmers = sum(kmer_counts.values()) 
    kmer_data = [] 
    for idx, (kmer, count) in enumerate(sorted(kmer_counts.items(), 
key=lambda x: -x[1])): 
        prob = 1.0 
        for i in range(len(kmer) - order): 
            context = kmer[i:i+order] 
            next_base = kmer[i+order] 
            if context in markov_model and next_base in 
markov_model[context]: 
                prob *= markov_model[context][next_base] 
            else: 
                prob *= 1e-6  # pseudocount smoothing 
        expected = total_kmers * prob 
        affinity = count / expected if expected > 0 else 0 
        se = (affinity / math.sqrt(count)) if count > 0 and expected > 
0 else 0 
        kmer_data.append([idx, kmer, count, prob, expected, affinity, 
se]) 
    df = pd.DataFrame(kmer_data, columns=["#", "Kmer", 
"ObservedCount", "Probability", "ExpectedCount", "Affinity", "SE"]) 
    df = df.sort_values(by="Affinity", 
ascending=False).reset_index(drop=True) 
    df["#"] = df.index 
    return df 
 
# === Main Execution === 
 
base_dir = f'fastq{sys.argv[2]}_folder/{sys.argv[1]}' 
output_dir = os.path.join(base_dir, "six3") 
result_dir = os.path.join(base_dir, "RESULT") 
os.makedirs(output_dir, exist_ok=True) 
os.makedirs(result_dir, exist_ok=True) 
 
rounds = ["R0", "R1", "R2", "R3"] 
files = {r: os.path.join(base_dir, f"{r}.fastq") for r in rounds} 
 
# Load R0 and build model 
r0_seqs = load_sequences(files["R0"]) 
r0_train, r0_test = split_train_test(r0_seqs) 
markov_model = build_markov_model(r0_train, order=3) 
 
# Analyze R1–R3 
for r in rounds[1:]: 
    seqs = load_sequences(files[r]) 
    df = compute_kmer_stats(seqs, k=10, markov_model=markov_model, 
order=3) 
    output_file = os.path.join(output_dir, f"six3_0vs{r[1]}.txt") 
    df.to_csv(output_file, sep='\t', index=False) 
    print(f"Written: {output_file} with {len(df)} k-mers.") 
 
    # Save copy of R3 as 3.txt in RESULT 
    if r == "R3": 
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        result_copy = os.path.join(result_dir, "3.txt") 
        shutil.copyfile(output_file, result_copy) 
        print(f"Copied to: {result_copy}") 

 

To consult the regressor itself or its features, please look at the DNAffinity 
repository on GitHub: https://github.com/Jalbiti/DNAffinity . 

 


