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Massively parallel reporter assays (MPRAs) enable high-throughput functional evaluation of numerous DNA regulatory elements and/or their mutant variants. The assays are based on the construction of reporter plasmid libraries containing two variable parts, a region of interest (ROI) and a barcode (BC), located outside and within the transcription unit, respectively. Importantly, each plasmid molecule in a such a highly diverse library is characterized by a unique BC–ROI association. The reporter constructs are delivered to target cells and expression of BCs at the transcript level is assayed by RT-PCR followed by next-generation sequencing (NGS). The obtained values are normalized to the abundance of BCs in the plasmid DNA sample. Altogether, this allows evaluating the regulatory potential of the associated ROI sequences. However, depending on the MPRA library construction design, the BC and ROI sequences as well as their associations can be a priori unknown. In such a case, the BC and ROI sequences, their possible mutant variants, and unambiguous BC–ROI associations have to be identified, whereas all uncertain cases have to be excluded from the analysis. Besides the preparation of additional “mapping” samples for NGS, this also requires specific bioinformatics tools. Here, we present a pipeline for processing raw MPRA data obtained by NGS for reporter construct libraries with a priori unknown sequences of BCs and ROIs. The pipeline robustly identifies unambiguous (so-called genuine) BCs and ROIs associated with them, calculates the normalized expression level for each BC and the averaged values for each ROI, and provides a graphical visualization of the processed data.
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INTRODUCTION

Although numerous regulatory elements have been identified in eukaryotic genomes (Narlikar and Ovcharenko, 2009; Taher et al., 2011; Kellis et al., 2014), so far there is no complete understanding of why these elements are active in specific cell types and at specific levels. Accordingly, the effect of a particular mutation within a regulatory element can be hardly predicted, especially for a particular cell type (1000 Genomes Project Consortium et al., 2015; Albert and Kruglyak, 2015; Rojano et al., 2019). The recent development of massively parallel reporter assays (MPRAs) allows high-throughput functional characterization of native transcriptional regulatory elements (first of all, enhancers and promoters) as well as their mutant variants (reviewed in Haberle and Lenhard, 2012; Inoue and Ahituv, 2015; Trauernicht et al., 2020; Mulvey et al., 2021). In an MPRA, regions of interests (ROIs), e.g., putative enhancers or promoters, together with unique barcodes (BCs) are assembled into reporter constructs to obtain MPRA plasmid libraries that consist of thousands or even millions of individual molecules (Kheradpour et al., 2013; Kwasnieski et al., 2014; van Arensbergen et al., 2019). Specific MPRA libraries can also be packaged in lentiviruses to deliver reporter constructs into the target genome (O’Connell et al., 2016; Inoue et al., 2017; Maricque et al., 2017; Gordon et al., 2020).

From the structural point of view, BCs are always placed within the transcription unit [usually in the 5′ or 3′ untranslated region (UTR)], whereas ROIs are typically outside this unit (Figure 1A). As a result, the BC sequences are present in the reporter mRNA molecules and, thus, allow quantitative evaluation of the regulatory effects caused by their cis-paired ROI variants using next-generation sequencing (NGS) (Figure 1B and Supplementary Figure 1). For that, cells of interest are transfected by an MPRA plasmid library or transduced by a lentiviral MPRA library, and subsequently, transcriptional activity levels of barcoded reporters are assessed on episomal plasmids and/or after stable integration of the constructs at random or specific genomic loci (Melnikov et al., 2012; Sharon et al., 2012; Kheradpour et al., 2013; White et al., 2013; O’Connell et al., 2016; Tewhey et al., 2016; Ulirsch et al., 2016; Maricque et al., 2017; Inoue et al., 2019). More specifically, the “expression” and “normalization” samples are prepared by PCR amplification of the BC sequences from cDNA synthesized on total RNA isolated from the transfected/transduced cells and the plasmid DNA used to transfect cells or total DNA isolated from the transduced cells, respectively. These samples are subjected to NGS to determine the normalized expression level of each BC, which is calculated as the ratio between the BC abundance in the expression and normalization samples.
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FIGURE 1. Structure of MPRA constructs and samples. (A) Schematic representation of typical MPRA reporter constructs with two variable regions, the region of interest (ROI) and barcode (BC). An enhancer element may be missing in particular MPRA constructs. The ROI is usually located outside the coding sequence, whereas the BC must be within the transcribed unit to ensure measurements of the ROI influence on the reporter expression level. TSS, transcription start site; TTS, transcription termination site; UTR, untranslated region. (B) Schematic showing the experimental steps involved in the preparation of MPRA samples and their structures. Note that the normalization and expression samples have identical structures; the mapping sample is required only for MPRA libraries in which BC–ROI associations are not predetermined. mCP, constant part present in the sequence of the mapping sample; neCP, constant part present in the sequence of the normalization/expression sample.


It should be noted that ROIs can be either (i) preselected native, mutant, and/or synthetic sequences (e.g., minimal core elements of enhancers and promoters) usually of the same length (Melnikov et al., 2012; Sharon et al., 2012; Kheradpour et al., 2013; Smith et al., 2013) or (ii) somehow experimentally enriched genomic fragments, random genomic fragments, or synthetic sequences of varying length (Mogno et al., 2013; Verfaillie et al., 2016; van Arensbergen et al., 2017). In particular cases, the ROI can be just a fixed segment within the cloned regulatory element (Patwardhan et al., 2009; Vvedenskaya et al., 2015; Omelina et al., 2019). On the other hand, BCs are most frequently sequences of fixed length between 9 and 20 nucleotides (nts) (Kwasnieski et al., 2012; Melnikov et al., 2012; Patwardhan et al., 2012; Mogno et al., 2013; Verfaillie et al., 2016).

Depending on the MPRA library design, the ROI and BC sequences as well as their associations can be either a priori known or not. Completely predetermined MPRA libraries are generated by using sequences synthesized on custom high-density DNA microarrays (Patwardhan et al., 2009; Melnikov et al., 2012; Sharon et al., 2012; Kwasnieski et al., 2014). MPRA libraries with unknown sequences of ROIs and BCs are made by cloning randomly sheared genomic fragments or pooled synthetic DNA fragments or by PCR-mediated mutagenesis and/or by cloning oligonucleotides containing randomized stretches of nucleotides (Patwardhan et al., 2012; Mogno et al., 2013; Vvedenskaya et al., 2015; Verfaillie et al., 2016; van Arensbergen et al., 2017; Kircher et al., 2019; Omelina et al., 2019). In some cases, the ROI sequences are predetermined although associated BCs are not known in advance (Smith et al., 2013; O’Connell et al., 2016; Tewhey et al., 2016; Grossman et al., 2017; Gordon et al., 2020). For the libraries that are not completely predetermined, there is a need to identify cloned ROI and/or BC sequences as well as their associations. Hereafter, the procedure of finding unique BC–ROI associations is referred to as “mapping” by analogy with the thousands of reporters integrated in parallel (TRIP) experiments (Akhtar et al., 2013, 2014). The mapping is typically done by PCR amplification of BC–ROI regions of MPRA constructs followed by Illumina NGS (Patwardhan et al., 2012; Mogno et al., 2013; Tewhey et al., 2016; Omelina et al., 2019). Importantly, associations of the same BC with different ROI sequences are excluded from the further analysis although the association of the same ROI with different BCs allows revealing and excluding the possible influence of particular BC sequences on the measurements.

The MPRAdecoder pipeline described in this study was developed for the processing of NGS data generated for MPRA libraries with a priori unknown sequences of ROIs and BCs, for example, those cloned by the usage of oligonucleotides with randomized stretches of nucleotides. The pipeline (i) robustly identifies unambiguous (hereafter genuine) BCs and their mutant variants as well as associated ROIs, (ii) calculates the normalized expression level for each genuine BC and the averaged values for each ROI, and (iii) provides a graphical visualization of the processed data. The functionality of the pipeline was demonstrated using a data set obtained for an MPRA library designed to study the effects of sequence variations located at a certain distance downstream of the transcription termination site (TTS) of the eGFP reporter on its expression at the transcription level.



MATERIALS AND METHODS


Preparation of the MPRA Mapping, Expression, and Normalization Samples and Illumina NGS

The MPRA plasmid library, in which random-sequence BC and ROI are separated by an 83-nt fixed-sequence region and located, respectively, in 3′ UTR and downstream of the TTS of the eGFP reporter, was generated earlier (Omelina et al., 2019). The wild-type and mutant deltaC (Boldyreva et al., 2021) reporter plasmids carrying specific 20-nt BCs were constructed by standard molecular cloning procedures and verified by sequencing. An equimolar pool of two such wild-type and two deltaC mutant plasmids was mixed in a 1:99 molar ratio with the MPRA plasmid library. Immortalized human embryonic kidney (HEK293T) cells were obtained from ATCC (United States) and were maintained and transfected as described previously (Boldyreva et al., 2021).

The mapping samples were prepared according to a previously reported two-round conventional PCR procedure that prevents the formation of chimeric products (Omelina et al., 2019). Briefly, primers specific to the ends of fixed sequences mCP1 and mCP3 (Figure 1B and Table 1) were used, and a specific, custom-designed 8-nt index along with other sequences necessary for Illumina NGS was introduced in the PCR products of each sample replicate. The normalization samples were obtained in the same way, using primers specific to the ends of fixed sequences neCP1 and neCP2 (Figure 1B and Table 1) and 2.5 ng of the plasmid library as a template. To prepare expression samples, BCs were amplified as specified above but using 1/20 of cDNA prepared from the transfected cells as described earlier (Boldyreva et al., 2021) as a template. Phusion High-Fidelity DNA Polymerase (Thermo Fisher Scientific) was used for all amplification reactions. All obtained PCR products were purified on spin columns, mixed together, and sequenced on an Illumina MiSeq instrument as 151-nt single-end reads. Notice that the read length was shorter than the amplified plasmid fragments for all samples. Therefore, there was no need to remove Illumina adapter sequences from the reads. Finally, to prepare an example data set, a representative subset of the reads was randomly selected from the obtained fastq file. A copy of this subset was demultiplexed using Cutadapt (Martin, 2011).


TABLE 1. Specific features of the example MPRA data set.
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Pipeline Code and Documentation Availability

The MPRAdecoder pipeline source code written in Python, the example data set, and the corresponding expected outputs as well as detailed documentation are publicly available on GitHub repository1.



Hardware and Software Requirements

The MPRAdecoder installation and analyses were performed on a computer with an Intel® CoreTM i7-3770 processor, 31.4 Gb RAM, Linux Ubuntu 14.04 64-bit system, and Python version 3.8.6.




RESULTS


Overview of the MPRAdecoder Pipeline

A workflow of the MPRAdecoder pipeline is shown in Figure 2. Briefly, after providing details of a particular MPRA data set to be analyzed, the pipeline parses the input fastq file(s) and demultiplexes them if required. Next, all expected parts of the mapping, normalization, and expression reads are detected, particularly the sequences of BCs and ROIs. Then, a list of BCs common for all samples is generated with the assumption that some BCs have zero counts in the expression data. After that, genuine BCs and their mutant variants as well as associated ROIs are identified. Finally, the data are averaged over expression and normalization replicates, normalized, and averaged over ROIs, and the results are visualized in different plots. Below, these steps are described in more detail with the help of the example MPRA data set.
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FIGURE 2. Schematic overview of the MPRAdecoder pipeline. The optional steps are marked by an asterisk. The steps at which the pipeline saves intermediate or final results are marked by gray.




Characteristics of the Example Data Set

To demonstrate the capabilities of the MPRAdecoder pipeline, we used a data set consisting of two biological replicates of mapping, normalization, and expression samples obtained using an MPRA library, in which the BC and ROI (both cloned by using oligonucleotides containing fully randomized sequences) are located in 3′ UTR and downstream of TTS, respectively (the option is shown at the bottom of Figure 1A), being separated by 83 nts of fixed sequence (Omelina et al., 2019). The samples were sequenced as 151-nt single-end reads on the Illumina MiSeq platform and were indexed with custom-designed 8-nt sequences located at the beginning of the reads (Figure 1B). Important features of the data set are listed in Table 1. Note that the BC sequences were in forward and reverse-complement orientations in the mapping and normalization/expression samples, respectively. In addition, about 1% of the reads in each sample contained four unique 20-nt BCs associated with spiked-in reference constructs; the TTCCAAGTGCAGGTTAGGCG and TGTGTACGGCTTGCTCTCAA sequences tagged the wild-type construct, whereas GAGCCCGGATCCACTCCAAG and TGTCACGTCAGCTAACCCAC sequences marked the deltaC mutant construct that is characterized by a higher expression level than the wild-type one (Boldyreva et al., 2021). The substantially longer length of the BC (18 nts) compared to the ROI (8 nts) ensures that each ROI is associated with multiple different BCs in a representative large plasmid library. This allows controlling the potential influence of individual BC sequences on the studied phenomenon.



Specifying Characteristics of an MPRA Data Set to Be Analyzed

The information on the input MPRA data set is provided in the two complementary forms. First, most details, such as (i) names and lengths of all expected parts in the mapping and normalization/expression reads for each MPRA library (including indexes), (ii) sequences of the predetermined parts (including indexes and optional reference BCs), (iii) relative orientation of BC sequences in mapping and normalization/expression reads, (iv) a maximum allowed error rate and the Phred quality score threshold for different parts, (v) a minimum number of read counts required for a BC and a BC–ROI association, and (vi) settings for identification of genuine BCs and associated ROIs, are specified in the configuration file. A detailed description of this file is available on the GitHub page of this project. Second, a user has to manually input the following details in the command prompt: (vii) names of the appropriate fastq file(s) and their locations as well as a location for output files, (viii) a number of replicates of each sample for each MPRA library, (ix) names of indexes used for sample multiplexing and (x) information on whether the fastq file(s) should be demultiplexed by the pipeline.



MPRA Data Demultiplexing by Pairwise Sequence Alignment

The pipeline is able to process either fastq files that are already demultiplexed, for example, by the Illumina software, or fastq files containing custom-designed index sequences at the beginning of the reads. In the latter case, detection of a predetermined index sequence in each read is performed using a pairwise sequence alignment tool from Biopython (Cock et al., 2009). For that, all index sequences specified in the configuration file are aligned, one by one, against the beginning of a read. The following alignment scoring system is used: +1 for a match, 0 for a mismatch, and –1 for an indel. If the maximum alignment score is higher than or equal to the threshold value (calculated as the index length - the maximum allowed error rate + 1 for each insertion) and the Phred quality score for each base (Cock et al., 2010) is higher than a threshold (equal to 10 for the example data set), the corresponding index sequence is considered to be identified; otherwise, the read is discarded. To generate the example data set, 8-nt index sequences differing from each other by at least 2 nts were used as suggested for the short (5–10 nts) predefined BCs (Patwardhan et al., 2009; Sharon et al., 2012). At the same time, the maximum allowed error rate was set to ∼10% based on our experience with PCR-amplification and subsequent NGS of predetermined sequences under experimental conditions identical to those used in this study (including the quality of oligonucleotide primers). Together, these factors ensure that one allowed single-base mutation (substitution, deletion, or insertion) in the index sequence cannot lead to an error in its identification. At the end, the reads are divided into an appropriate number of groups based on the detected indexes.



Identification of the BC and ROI Sequences in the Reads

Detection of the mCP1, mCP2, mCP3, neCP1, neCP2 (Figure 1B and Table 1), and reference BC sequences in the reads is performed for each replicate of each sample by using the pairwise sequence alignment approach described above for the index, taking into account location(s) of the preceding part(s), which can be already identified (e.g., the mCP1/neCP1) or just estimated (e.g., the BC). Sequences of BCs and ROIs are defined as spacers between the appropriate constant parts. By default, the Phred quality scores are ignored for the mCP1, mCP2, mCP3, neCP1, and neCP2 sequences. For the BCs (including the reference ones) and ROIs, the quality score for each base should be higher than a threshold (e.g., set to 10 for the example data set); otherwise, reads are discarded from the downstream analysis. More specifically, in the case of the mapping reads, the process includes the following sequential steps. First, the mCP1 sequence is detected. Second, if sequences of the reference BCs are specified in the configuration file, the reads with such BCs are identified and excluded from the subsequent structural analysis. This is done because the functional sequences (e.g., wild-type or deltaC in the example data set) associated with the reference BCs might be located outside the ROI (e.g., within the mCP2 sequence as in the example data set). Third, the mCP2 sequence is detected, and the sequence between mCP1 and mCP2 is recognized as the BC if its length is within the range set in the configuration file (e.g., ≥16 and ≤20 nts for the example data set). Fourth, the mCP3 sequence is identified, and the sequence between mCP2 and mCP3 is recognized as the ROI if its length is within the range defined in the configuration file (e.g., ≥7 and ≤9 nts for the example data set). In the case of the normalization and expression reads, the last step is omitted. Lastly, if the ROI and/or BC sequences are in reverse-complement orientations in the mapping or normalization/expression samples (this is specified in the configuration file), they are converted to their forward counterparts.



Data Filtering and Generation of a List of Unique BCs

At the next step, the number of supporting reads for each BC (with a random or reference sequence) is counted for each replicate of all samples. Then, these numbers are divided by the total number of effective reads (i.e., those that passed all filters described above) in a replicate and multiplied by 1 × 106 to calculate the reads per million (RPM) values. After that, unique BC–ROI associations and BCs are assessed for reproducibility and robustness. Although preliminary results can be obtained using single replicates of the mapping, normalization, and expression samples, at least two replicates of each sample are strongly recommended. Under such conditions, only the BC–ROI associations that are revealed with at least m raw read counts (e.g., one for the example data set) in at least two out of any available number of replicates of the mapping data are retained for further analysis. Also, only the BCs with n raw read counts (e.g., three for the example data set) in each replicate of the normalization data are kept. For the expression data, the threshold read count e is set by default to zero, as some BCs might be present with very low frequency or even completely absent in the reporter transcripts due to the properties of particular ROI sequences. The threshold values m, n, and e are arbitrarily set in the configuration file. Finally, a list of BCs that are common for all samples is generated considering that some BCs might have zero counts in some or all replicates of the expression data.



Identification of Genuine BCs

Oligonucleotides with a totally randomized part (characterized by an equal representation of all four nucleotides at each position) of 15–20 nts in length can ensure cloning of ∼1 × 109 to 1 × 1012 unique BCs, some of which might be different from each other just at one position. However, in practice, the size of a typical MPRA plasmid library is significantly less (by orders of magnitude) than the theoretical values. Nevertheless, in MPRA data sets, BCs with similar sequences do appear, partly due to errors introduced during PCR amplification and NGS steps. Thus, there is a need to find similar BC sequences, group them, and identify the genuine BCs in each such group (referred to below as a cluster). Two BC sequences are considered to be similar if they differ at no more than s positions (by substitutions, deletions, and/or insertions), where s is equal to the maximum allowed error rate for this part. By default, up to two mismatches

are allowed for BCs of the example data set, as suggested previously (Akhtar et al., 2013).

Because identification of similar BCs by the means of alignment approaches is rather time-consuming, especially for thousands or even millions of sequences to compare (Song et al., 2014; Zielezinski et al., 2017), the MPRAdecoder pipeline first preselects candidate BCs for their subsequent pairwise sequence alignment (Figure 3A). The preselection is achieved by decomposing all unique BC sequences into overlapping k-mers and then revealing BCs that share identical k-mers (Haubold, 2014; Zielezinski et al., 2017). The length of k-mers (e.g., six for the example data set) is calculated as the BC length/(s+ 1) rounded down to the nearest whole number. Next, BCs sharing each particular k-mer are directly compared by using the pairwise sequence alignment (see above), taking into account their normalized read counts (RPM values). Then, similar BCs are grouped into clusters, and a number of quality control steps are applied to ensure the absence of overlap between the clusters (ambiguous cases are removed).
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FIGURE 3. Identification of genuine BCs, their mutant variants, and associated ROIs. (A) The clustering of similar BC sequences is achieved by their decomposition into overlapping k-mers and by the subsequent pairwise alignment of BCs that share identical k-mers. At the top, three BCs are shown as an example. K-mers (6-mers) shared by BC1 and BC2 and by BC1 and BC3 are indicated by red and green arrows, respectively. At the bottom, the pairwise sequence alignment of the candidate similar BC sequences is depicted. The BC1 and BC2 are recognized to be similar because their sequences differ from each other only at two positions (≤the maximum allowed error rate). BC1 and BC3 are considered to be different because their sequences differ from each other at three positions (>the maximum allowed error rate) even though these BCs share more common k-mers than the BC1 and BC2. (B) Identification of genuine BCs. One cluster of seven similar BCs along with the associated ROI sequences is shown as an example. BC1 is the most abundant BC (as in A) and the ROI sequence, which is associated with it most frequently (n1 > n4 and n1 > n7), is considered as the putative ROI for the cluster. By default, if the putative ROI is supported by at least 90% of normalized read counts calculated for all ROI sequences found in the cluster, the BC1 becomes genuine. Otherwise, the entire cluster is excluded from the subsequent analysis. Optionally (indicated by an asterisk), if mismatches within the ROI are permitted (e.g., a difference at one position could be allowed for the example data set), then normalized read counts for the putative ROI and its allowed mutants are summed. Notice that differences between the ROI sequences associated with similar BCs should be allowed with caution, especially for very short ROIs. Dashed horizontal lines separate different groups of ROIs: the putative sequence, its allowed mutants, and all other sequences. Gray arrowheads denote mismatches in both panels.


After that, for each cluster, it is verified whether the most abundant ROI associated with the most abundant BC is supported by the majority of normalized read counts obtained for all ROI sequences present in a cluster (Figure 3B). As a default setting, an arbitrary cutoff at ≥ 0.9 (specified in the configuration file) is used, similar to earlier studies (Akhtar et al., 2013; Mogno et al., 2013). If the criterion is not satisfied, probably due to associations of the same BC with different ROIs during the cloning by a chance or formation of chimeric molecules during PCR amplification of the mapping samples (Omelina et al., 2019), the entire cluster is excluded from the downstream analysis. If the criterion is satisfied, the most abundant BC and all other BCs are recognized as genuine and its mutant variants, respectively (the appropriate information is saved in a tab-delimited text file), and the RPM values of all BCs in such cluster are summed for each replicate of each sample. Eventually, all genuine BC sequences are different from each other by at least s + 1 position(s) (e.g., three for the example data set).



Data Normalization and Visualization

Once genuine BCs are identified, their RPM values in the normalization and expression replicates are averaged. Next, for each genuine BC, the normalized expression value is calculated as a ratio between its expression and normalization RPM values. Then, if reference constructs were spiked in the plasmid library, the pipeline can further normalize data by dividing them by the value obtained for one of these references (specified in the configuration file; e.g., for the wild-type construct in the case of the example data set). After that, values obtained with different genuine BCs but for the same ROI sequence are averaged. The raw and normalized read counts per unique BC–ROI association for each replicate of the mapping samples and per unique BC for each replicate of the expression and normalization samples, the RPM values averaged over these replicates as well as the ultimate expression values obtained for genuine BCs after each step of the data normalization and averaging are saved as tab-delimited text files. Also, the important details of data processing are reported in additional files. Among them are the numbers of allowed mismatches in the expected parts of the reads; the list of input fastq files used for a run; and statistics on (i) total and effective read counts per fastq file, (ii) numbers of unique and genuine BCs, and (iii) numbers of genuine BCs per ROI.

Finally, the pipeline generates a number of plots to help evaluate data quality and interpret the results (Figure 4). In particular, the reproducibility of the measurements between the replicates of the expression and normalization samples, the potential influence of the BC sequences on the measurements, and the sequence peculiarities of the ROIs with different properties are visualized.
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FIGURE 4. Representative plots generated by the pipeline. (A) Distribution and correlation of normalized expression values for the entire MPRA library. At the top, density plots of normalized expression values obtained for genuine BCs in each of the two replicates are shown. At the bottom, the correlation of these values between the replicates is visualized as regular (left) and density (right) scatterplots. In the left scatterplot, the regression line and 99% confidence intervals are shown in green; r and ρ denote Pearson’s correlation coefficient and Spearman’s rank correlation coefficient, respectively. (B) Genuine BC length distribution for the entire MPRA library. (C) Histogram and a kernel density estimation of normalized expression values for the entire MPRA library that were averaged over replicates and normalized to the wild-type reference construct. The expression levels of the wild-type and the deltaC mutant references are indicated by red and green vertical lines, respectively. (D) Distribution of the genuine BC number per ROI for the entire MPRA library. (E) Effect of the BC sequences on normalized expression values as estimated by using a subset of the ROIs, each associated with more than one BC. For each such ROI, only two different BCs, which are randomly assigned to groups “1st BC” and “2nd BC” are used for the comparison (for the ROIs associated with three or more BCs, only two of them are randomly sampled). At the top, density plots of normalized expression values obtained for BCs from the groups “1st BC” and “2nd BC” are shown. At the bottom, the correlation of these values between the groups is visualized as regular (left) and density (right) scatterplots. The rest of the description of the left scatterplot is as in (A). (F) Distribution of normalized expression values of genuine BCs, each associated with the ROI of the wild-type (WT) sequence. For (A–F), it is worthwhile noting that the plots shown were generated by using the entire fastq file obtained (see section “Materials and Methods”), from which the example data set was randomly sampled.




Performance of the Pipeline

The pipeline can process 1 million reads of a non-demultiplexed fastq file in ∼20 min using the hardware and software specified in Materials and Methods. For larger data sets, the processing time can be estimated by assuming a linear dependence on the read number.




DISCUSSION

MPRAs are becoming widely used as an effective tool to assess functionality of cis-regulatory DNA elements in a high-throughput manner (Ernst et al., 2016; Rabani et al., 2017; Mattioli et al., 2019; Shigaki et al., 2019; Choi et al., 2020; Davis et al., 2020; Ireland et al., 2020; King et al., 2020; Klein et al., 2020; Morgan et al., 2020; Renganaath et al., 2020). In addition, several modifications to the approach have been described that broaden its applicability (Rosenberg et al., 2015; Shen et al., 2016; Safra et al., 2017). Accordingly, to simplify the design of the MPRA experiments as well as to analyze their results, a number of bioinformatics pipelines have been developed, the majority of which were, however, so far validated primarily for studies with predetermined sequences of both ROIs and BCs or, at least, ROIs (Georgakopoulos-Soares et al., 2017; Ghazi et al., 2018; Kalita et al., 2018; Ashuach et al., 2019; Myint et al., 2019; Niroula et al., 2019; Gordon et al., 2020; Qiao et al., 2020; Yang et al., 2021).

The MPRAdecoder pipeline is primarily intended for the processing of data obtained for MPRA libraries generated using oligonucleotides with randomized stretches of nucleotides for cloning the ROI and BC sequences. Such libraries are most suitable for the investigation of the properties of all possible sequence variants within a certain small region of a regulatory element. Considering the current capabilities of NGS as well as the necessity for several different BCs per ROI, the length of the region that can be subjected to saturation mutagenesis is in the range of 8–10 nts. The need for multiple BCs per ROI is dictated by the following two main factors. First, the BC sequences themselves might influence the measurements performed (Ernst et al., 2016; Ulirsch et al., 2016; Figure 4F), most probably due to occasional occurrence of binding sites for specific DNA- or RNA-binding proteins or microRNA in them. Therefore, in order to identify and exclude such cases, it is necessary to analyze each ROI sequence in combination with different BCs. Second, mutations may appear in both the ROI and BC sequences due to errors in PCR amplification and NGS although the frequency of such events was previously estimated to be relatively low (the error rate per nt ≤ 0.3%) (Pfeiffer et al., 2018; Ma et al., 2019). At the same time, all possible variants of the short ROI sequence are expected to be present in a high-quality MPRA library, making identification of mutant ROI variants in the reads practically impossible. However, the use of multiple BCs for each ROI allows detecting outliers, which can be, in particular, caused by mutated ROI sequences, and excluding them from the analysis.

Multiple BCs per ROI can be simply ensured by a longer sequence of the BCs compared to the ROIs (e.g., 18 and 8 nts, respectively, in the example MPRA library). In addition, such design allows excluding as much as possible mutant or just very similar BC sequences from the analysis. Namely, only such BCs (referred to as genuine) (Akhtar et al., 2013; Omelina et al., 2019) are used, which sequences differ from each other by at least a certain number of nts. For example, when predefined BCs up to 20 nts in length are used, the difference between each pair of them of at least at two to three positions is typically set (Patwardhan et al., 2009; Sharon et al., 2012). For BCs with random sequences of 16 nts in length, the minimum difference at three positions also provides reliable measurements (Akhtar et al., 2013, 2014). In our case, we linked the allowed error rate in the BC sequences (as well as in all other parts of the reads, except for the ROI, in which we do not allow errors by default) with the experimentally determined error rate detected for fixed sequences amplified and sequenced in same conditions. Note that with the ROI length of 8 nts, a total of 48 = 65,536 sequence variants are possible, whereas the BC length of 18 nts provides 418 = 68,719,476,736 variants. Of the latter, obviously, not all can be genuine BCs (satisfy the Levenshtein distance ≥ 3) (Faircloth and Glenn, 2012; Hawkins et al., 2018), but nevertheless, each ROI can be associated with more than enough number of different BCs.

The use of oligonucleotides with randomized stretches of nucleotides to clone the ROIs and BCs as well as regular primers to amplify the mapping, normalization, and expression samples means that the following considerations should be taken into account during the processing of raw MPRA data. First, although synthetic oligonucleotides are purified by polyacrylamide gel electrophoresis (PAGE) or high-performance liquid chromatography (HPLC), their actual length in the preparation may vary due to the presence of deletions (more often) and insertions (less often) (Figure 4B). Second, our experience shows that most errors found in the reads come from imperfection in oligonucleotide primer synthesis and purification (however, this could strongly depend on a supplier). Therefore, substitutions, deletions, and insertions are quite possible in the sequences of the ROIs and BCs as well as in the regions of the constant parts flanking them (that were generated by oligonucleotides used at the plasmid library cloning step). The same is true for the edges of PCR-amplified products, which are introduced by appropriate primer pairs. Along with the general drop in the quality of sequencing toward the end of the reads, this is the main reason why we allow a fairly high percentage of errors (∼10%) in all expected parts of the reads. The described issues with the use of synthesized oligonucleotides are generally consistent with previous studies (Faircloth and Glenn, 2012; Hawkins et al., 2018). In addition, considering the possible variation in the BC length, especially its shortening (Figure 4B), it seems reasonable to equip the reference constructs that can be spiked into an MPRA library with slightly longer BC sequences (e.g., 20 nts in the example MPRA library). This could minimize the chance of accidental coincidence of sequences of the reference BC and a random BC.

Because many of the pipeline settings are arbitrary (set in the configuration file), it is important to note the following. First, of course, it is possible to set the allowed error level for all expected parts of reads to 0%; however, in the case of the example data set, this leads to a decrease in the number of genuine BCs by more than two times compared with the default settings described above. Second, because it is well known that the quality of sequencing gradually decreases toward the end of the reads, it seems appropriate to map the mCP3 and neCP2 regions in the reads not completely, but only by their beginnings. In particular, the use of only 10 instead of 17 nts for mCP3 and 20 instead of 86 nts for neCP2 for the example data set ultimately makes it possible to detect more than ∼1.5 times more genuine BCs with the error level in all parts of the reads set to 0%, but this gives only negligible gain (<0.1%) with the default settings described above. Third, the difference in the number of minimum reads, in which unique BCs should be detected in replicates of the mapping and normalization samples (parameters m and n), is associated with the fact that, when performing the mapping procedure, it is more important to identify the fact of different BC–ROI association(s) although data from the normalization samples are eventually quantified. Moreover, both of these parameters, as well as the parameter e, which determines the minimum number of reads for each unique BC in replicates of the expression samples, largely depend on both the complexity of a particular MPRA library (the number of unique clones in it) and the sequencing depth of the samples. Fourth, the threshold level of 0.9 controlling the identification of genuine BCs can be increased if necessary. This parameter is also highly dependent on the expected number of unique BC–ROI associations in the samples and their sequencing depth.

Although it is strongly recommended to obtain at least two biological replicates of the mapping, normalization, and expression samples, we notice that the pipeline nevertheless can process single replicates of these samples as well. This option can be useful when performing pilot experiments for a quick and preliminary evaluation of the results. Also, it is possible to load raw data obtained for different MPRA libraries into the pipeline simultaneously.

Finally, the results obtained for the example data set (Figure 4C) indicate that sequence variations in the region located after the TTS (which is not present in mature mRNA molecules) are able to substantially influence the reporter transcript level. This suggests a potentially high regulatory potential of the sequences located at the 3′-ends of genes, which has not yet been systematically studied.



DATA AVAILABILITY STATEMENT

The MPRAcode code written in Python is publicly available at https://github.com/Code-master2020/MPRAdecoder. The example input data as well as expected outputs are included in the GitHub repository. Detailed information on program can be found in the GitHub repository.



AUTHOR CONTRIBUTIONS

AL and AP conceived the study. AL, EO, and AI developed the pipeline. EO and AL performed experiments and applied the pipeline to the obtained data sets. AP supervised the project. AP, EO, and AL wrote the manuscript. All authors contributed to the article and approved the submitted version.



FUNDING

This work was mainly supported by the Russian Science Foundation Grant 16-14-10288 and in part of the preparation and deposition of the materials to the GitHub repository by the Russian Science Foundation Grant 20-74-00137.



ACKNOWLEDGMENTS

We thank Lyubov A. Yarinich and Mikhail O. Lebedev for the generation of the MPRA plasmid library, Lyubov A. Yarinich for critical reading of the manuscript, and Petr P. Laktionov and Daniil A. Maksimov for the assistance with the Illumina DNA sequencing that was performed at the Molecular and Cellular Biology core facility of the Institute of Molecular and Cellular Biology of the Siberian Branch of the Russian Academy of Sciences.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2021.618189/full#supplementary-material


FOOTNOTES

1https://github.com/Code-master2020/MPRAdecoder


REFERENCES

1000 Genomes Project Consortium; Auton, A., Brooks, L. D., Durbin, R. M., Garrison, E. P., Kang, H. M., et al. (2015). A global reference for human genetic variation. Nature 526, 68–74. doi: 10.1038/nature15393

Akhtar, W., de Jong, J., Pindyurin, A. V., Pagie, L., Meuleman, W., de Ridder, J., et al. (2013). Chromatin position effects assayed by thousands of reporters integrated in parallel. Cell 154, 914–927. doi: 10.1016/j.cell.2013.07.018

Akhtar, W., Pindyurin, A. V., de Jong, J., Pagie, L., ten Hoeve, J., Berns, A., et al. (2014). Using TRIP for genome-wide position effect analysis in cultured cells. Nat. Protoc. 9, 1255–1281. doi: 10.1038/nprot.2014.072

Albert, F. W., and Kruglyak, L. (2015). The role of regulatory variation in complex traits and disease. Nat. Rev. Genet. 16, 197–212. doi: 10.1038/nrg3891

Ashuach, T., Fischer, D. S., Kreimer, A., Ahituv, N., Theis, F. J., and Yosef, N. (2019). MPRAnalyze: statistical framework for massively parallel reporter assays. Genome Biol. 20:183. doi: 10.1186/s13059-019-1787-z

Boldyreva, L. V., Yarinich, L. A., Kozhevnikova, E. N., Ivankin, A. V., Lebedev, M. O., and Pindyurin, A. V. (2021). Fine gene expression regulation by minor sequence variations downstream of the polyadenylation signal. Mol. Biol. Rep. 48, 1539–1547. doi: 10.1007/s11033-021-06160-z

Choi, J., Zhang, T., Vu, A., Ablain, J., Makowski, M. M., Colli, L. M., et al. (2020). Massively parallel reporter assays of melanoma risk variants identify MX2 as a gene promoting melanoma. Nat. Commun. 11:2718. doi: 10.1038/s41467-020-16590-1

Cock, P. J. A., Antao, T., Chang, J. T., Chapman, B. A., Cox, C. J., Dalke, A., et al. (2009). Biopython: freely available Python tools for computational molecular biology and bioinformatics. Bioinformatics 25, 1422–1423. doi: 10.1093/bioinformatics/btp163

Cock, P. J. A., Fields, C. J., Goto, N., Heuer, M. L., and Rice, P. M. (2010). The Sanger FASTQ file format for sequences with quality scores, and the Solexa/Illumina FASTQ variants. Nucleic Acids Res. 38, 1767–1771. doi: 10.1093/nar/gkp1137

Davis, J. E., Insigne, K. D., Jones, E. M., Hastings, Q. A., Boldridge, W. C., and Kosuri, S. (2020). Dissection of c-AMP response element architecture by using genomic and episomal massively parallel reporter assays. Cell Syst. 11, 75–85. doi: 10.1016/j.cels.2020.05.011

Ernst, J., Melnikov, A., Zhang, X., Wang, L., Rogov, P., Mikkelsen, T. S., et al. (2016). Genome-scale high-resolution mapping of activating and repressive nucleotides in regulatory regions. Nat. Biotechnol. 34, 1180–1190. doi: 10.1038/nbt.3678

Faircloth, B. C., and Glenn, T. C. (2012). Not all sequence tags are created equal: designing and validating sequence identification tags robust to indels. PLoS One 7:e42543. doi: 10.1371/journal.pone.0042543

Georgakopoulos-Soares, I., Jain, N., Gray, J. M., and Hemberg, M. (2017). MPRAnator: a web-based tool for the design of massively parallel reporter assay experiments. Bioinformatics 33, 137–138. doi: 10.1093/bioinformatics/btw584

Ghazi, A. R., Chen, E. S., Henke, D. M., Madan, N., Edelstein, L. C., and Shaw, C. A. (2018). Design tools for MPRA experiments. Bioinformatics 34, 2682–2683. doi: 10.1093/bioinformatics/bty150

Gordon, M. G., Inoue, F., Martin, B., Schubach, M., Agarwal, V., Whalen, S., et al. (2020). lentiMPRA and MPRAflow for high-throughput functional characterization of gene regulatory elements. Nat. Protoc. 15, 2387–2412. doi: 10.1038/s41596-020-0333-5

Grossman, S. R., Zhang, X., Wang, L., Engreitz, J., Melnikov, A., Rogov, P., et al. (2017). Systematic dissection of genomic features determining transcription factor binding and enhancer function. Proc. Natl. Acad. Sci. U.S.A. 114, E1291–E1300. doi: 10.1073/pnas.1621150114

Haberle, V., and Lenhard, B. (2012). Dissecting genomic regulatory elements in vivo. Nat. Biotechnol. 30, 504–506. doi: 10.1038/nbt.2266

Haubold, B. (2014). Alignment-free phylogenetics and population genetics. Brief. Bioinform. 15, 407–418. doi: 10.1093/bib/bbt083

Hawkins, J. A., Jones, S. K. Jr., Finkelstein, I. J., and Press, W. H. (2018). Indel-correcting DNA barcodes for high-throughput sequencing. Proc. Natl. Acad. Sci. U.S.A. 115, E6217–E6226. doi: 10.1073/pnas.1802640115

Inoue, F., and Ahituv, N. (2015). Decoding enhancers using massively parallel reporter assays. Genomics 106, 159–164. doi: 10.1016/j.ygeno.2015.06.005

Inoue, F., Kircher, M., Martin, B., Cooper, G. M., Witten, D. M., McManus, M. T., et al. (2017). A systematic comparison reveals substantial differences in chromosomal versus episomal encoding of enhancer activity. Genome Res. 27, 38–52. doi: 10.1101/gr.212092.116

Inoue, F., Kreimer, A., Ashuach, T., Ahituv, N., and Yosef, N. (2019). Identification and massively parallel characterization of regulatory elements driving neural induction. Cell Stem Cell 25, 713–727. doi: 10.1016/j.stem.2019.09.010

Ireland, W. T., Beeler, S. M., Flores-Bautista, E., McCarty, N. S., Röschinger, T., Belliveau, N. M., et al. (2020). Deciphering the regulatory genome of Escherichia coli, one hundred promoters at a time. eLife 9:e55308. doi: 10.7554/eLife.55308

Kalita, C. A., Moyerbrailean, G. A., Brown, C., Wen, X., Luca, F., and Pique-Regi, R. (2018). QuASAR-MPRA: accurate allele-specific analysis for massively parallel reporter assays. Bioinformatics 34, 787–794. doi: 10.1093/bioinformatics/btx598

Kellis, M., Wold, B., Snyder, M. P., Bernstein, B. E., Kundaje, A., Marinov, G. K., et al. (2014). Defining functional DNA elements in the human genome. Proc. Natl. Acad. Sci. U.S.A. 111, 6131–6138. doi: 10.1073/pnas.1318948111

Kheradpour, P., Ernst, J., Melnikov, A., Rogov, P., Wang, L., Zhang, X., et al. (2013). Systematic dissection of regulatory motifs in 2000 predicted human enhancers using a massively parallel reporter assay. Genome Res. 23, 800–811. doi: 10.1101/gr.144899.112

King, D. M., Hong, C. K. Y., Shepherdson, J. L., Granas, D. M., Maricque, B. B., and Cohen, B. A. (2020). Synthetic and genomic regulatory elements reveal aspects of cis-regulatory grammar in mouse embryonic stem cells. eLife 9:e41279. doi: 10.7554/eLife.41279

Kircher, M., Xiong, C., Martin, B., Schubach, M., Inoue, F., Bell, R. J. A., et al. (2019). Saturation mutagenesis of twenty disease-associated regulatory elements at single base-pair resolution. Nat. Commun. 10:3583. doi: 10.1038/s41467-019-11526-w

Klein, J. C., Agarwal, V., Inoue, F., Keith, A., Martin, B., Kircher, M., et al. (2020). A systematic evaluation of the design and context dependencies of massively parallel reporter assays. Nat. Methods 17, 1083–1091. doi: 10.1038/s41592-020-0965-y

Kwasnieski, J. C., Fiore, C., Chaudhari, H. G., and Cohen, B. A. (2014). High-throughput functional testing of ENCODE segmentation predictions. Genome Res. 24, 1595–1602. doi: 10.1101/gr.173518.114

Kwasnieski, J. C., Mogno, I., Myers, C. A., Corbo, J. C., and Cohen, B. A. (2012). Complex effects of nucleotide variants in a mammalian cis-regulatory element. Proc. Natl. Acad. Sci. U.S.A. 109, 19498–19503. doi: 10.1073/pnas.1210678109

Ma, X., Shao, Y., Tian, L., Flasch, D. A., Mulder, H. L., Edmonson, M. N., et al. (2019). Analysis of error profiles in deep next-generation sequencing data. Genome Biol. 20:50. doi: 10.1186/s13059-019-1659-6

Maricque, B. B., Dougherty, J. D., and Cohen, B. A. (2017). A genome-integrated massively parallel reporter assay reveals DNA sequence determinants of cis-regulatory activity in neural cells. Nucleic Acids Res. 45:e16. doi: 10.1093/nar/gkw942

Martin, M. (2011). Cutadapt removes adapter sequences from high-throughput sequencing reads. EMBnet J. 17, 10–12. doi: 10.14806/ej.17.1.200

Mattioli, K., Volders, P.-J., Gerhardinger, C., Lee, J. C., Maass, P. G., Melé, M., et al. (2019). High-throughput functional analysis of lncRNA core promoters elucidates rules governing tissue specificity. Genome Res. 29, 344–355. doi: 10.1101/gr.242222.118

Melnikov, A., Murugan, A., Zhang, X., Tesileanu, T., Wang, L., Rogov, P., et al. (2012). Systematic dissection and optimization of inducible enhancers in human cells using a massively parallel reporter assay. Nat. Biotechnol. 30, 271–277. doi: 10.1038/nbt.2137

Mogno, I., Kwasnieski, J. C., and Cohen, B. A. (2013). Massively parallel synthetic promoter assays reveal the in vivo effects of binding site variants. Genome Res. 23, 1908–1915. doi: 10.1101/gr.157891.113

Morgan, R. A., Ma, F., Unti, M. J., Brown, D., Ayoub, P. G., Tam, C., et al. (2020). Creating new β-globin-expressing lentiviral vectors by high-resolution mapping of locus control region enhancer sequences. Mol. Ther. Methods Clin. Dev. 17, 999–1013. doi: 10.1016/j.omtm.2020.04.006

Mulvey, B., Lagunas, T. Jr., and Dougherty, J. D. (2021). Massively parallel reporter assays: defining functional psychiatric genetic variants across biological contexts. Biol. Psychiatry 89, 76–89. doi: 10.1016/j.biopsych.2020.06.011

Myint, L., Avramopoulos, D. G., Goff, L. A., and Hansen, K. D. (2019). Linear models enable powerful differential activity analysis in massively parallel reporter assays. BMC Genomics 20:209. doi: 10.1186/s12864-019-5556-x

Narlikar, L., and Ovcharenko, I. (2009). Identifying regulatory elements in eukaryotic genomes. Brief. Funct. Genomic. Proteomic. 8, 215–230. doi: 10.1093/bfgp/elp014

Niroula, A., Ajore, R., and Nilsson, B. (2019). MPRAscore: robust and non-parametric analysis of massively parallel reporter assays. Bioinformatics 35, 5351–5353. doi: 10.1093/bioinformatics/btz591

O’Connell, D. J., Kolde, R., Sooknah, M., Graham, D. B., Sundberg, T. B., Latorre, I., et al. (2016). Simultaneous pathway activity inference and gene expression analysis using RNA sequencing. Cell Syst 2, 323–334. doi: 10.1016/j.cels.2016.04.011

Omelina, E. S., Ivankin, A. V., Letiagina, A. E., and Pindyurin, A. V. (2019). Optimized PCR conditions minimizing the formation of chimeric DNA molecules from MPRA plasmid libraries. BMC Genomics 20:536. doi: 10.1186/s12864-019-5847-2

Patwardhan, R. P., Hiatt, J. B., Witten, D. M., Kim, M. J., Smith, R. P., May, D., et al. (2012). Massively parallel functional dissection of mammalian enhancers in vivo. Nat. Biotechnol. 30, 265–270. doi: 10.1038/nbt.2136

Patwardhan, R. P., Lee, C., Litvin, O., Young, D. L., Pe’er, D., and Shendure, J. (2009). High-resolution analysis of DNA regulatory elements by synthetic saturation mutagenesis. Nat. Biotechnol. 27, 1173–1175. doi: 10.1038/nbt.1589

Pfeiffer, F., Gröber, C., Blank, M., Händler, K., Beyer, M., Schultze, J. L., et al. (2018). Systematic evaluation of error rates and causes in short samples in next-generation sequencing. Sci. Rep. 8:10950. doi: 10.1038/s41598-018-29325-6

Qiao, D., Zigler, C. M., Cho, M. H., Silverman, E. K., Zhou, X., Castaldi, P. J., et al. (2020). Statistical considerations for the analysis of massively parallel reporter assays data. Genet. Epidemiol. 44, 785–794. doi: 10.1002/gepi.22337

Rabani, M., Pieper, L., Chew, G.-L., and Schier, A. F. (2017). A massively parallel reporter assay of 3′ UTR sequences identifies in vivo rules for mRNA degradation. Mol. Cell 68, 1083–1094. doi: 10.1016/j.molcel.2017.11.014

Renganaath, K., Cheung, R., Day, L., Kosuri, S., Kruglyak, L., and Albert, F. W. (2020). Systematic identification of cis-regulatory variants that cause gene expression differences in a yeast cross. eLife 9:e62669. doi: 10.7554/eLife.62669

Rojano, E., Seoane, P., Ranea, J. A. G., and Perkins, J. R. (2019). Regulatory variants: from detection to predicting impact. Brief. Bioinform. 20, 1639–1654. doi: 10.1093/bib/bby039

Rosenberg, A. B., Patwardhan, R. P., Shendure, J., and Seelig, G. (2015). Learning the sequence determinants of alternative splicing from millions of random sequences. Cell 163, 698–711. doi: 10.1016/j.cell.2015.09.054

Safra, M., Nir, R., Farouq, D., Vainberg Slutskin, I., and Schwartz, S. (2017). TRUB1 is the predominant pseudouridine synthase acting on mammalian mRNA via a predictable and conserved code. Genome Res. 27, 393–406. doi: 10.1101/gr.207613.116

Sharon, E., Kalma, Y., Sharp, A., Raveh-Sadka, T., Levo, M., Zeevi, D., et al. (2012). Inferring gene regulatory logic from high-throughput measurements of thousands of systematically designed promoters. Nat. Biotechnol. 30, 521–530. doi: 10.1038/nbt.2205

Shen, S. Q., Myers, C. A., Hughes, A. E. O., Byrne, L. C., Flannery, J. G., and Corbo, J. C. (2016). Massively parallel cis-regulatory analysis in the mammalian central nervous system. Genome Res. 26, 238–255. doi: 10.1101/gr.193789.115

Shigaki, D., Adato, O., Adhikari, A. N., Dong, S., Hawkins-Hooker, A., Inoue, F., et al. (2019). Integration of multiple epigenomic marks improves prediction of variant impact in saturation mutagenesis reporter assay. Hum. Mutat. 40, 1280–1291. doi: 10.1002/humu.23797

Smith, R. P., Taher, L., Patwardhan, R. P., Kim, M. J., Inoue, F., Shendure, J., et al. (2013). Massively parallel decoding of mammalian regulatory sequences supports a flexible organizational model. Nat. Genet. 45, 1021–1028. doi: 10.1038/ng.2713

Song, K., Ren, J., Reinert, G., Deng, M., Waterman, M. S., and Sun, F. (2014). New developments of alignment-free sequence comparison: measures, statistics and next-generation sequencing. Brief. Bioinform. 15, 343–353. doi: 10.1093/bib/bbt067

Taher, L., McGaughey, D. M., Maragh, S., Aneas, I., Bessling, S. L., Miller, W., et al. (2011). Genome-wide identification of conserved regulatory function in diverged sequences. Genome Res. 21, 1139–1149. doi: 10.1101/gr.119016.110

Tewhey, R., Kotliar, D., Park, D. S., Liu, B., Winnicki, S., Reilly, S. K., et al. (2016). Direct identification of hundreds of expression-modulating variants using a multiplexed reporter assay. Cell 165, 1519–1529. doi: 10.1016/j.cell.2016.04.027

Trauernicht, M., Martinez-Ara, M., and van Steensel, B. (2020). Deciphering gene regulation using massively parallel reporter assays. Trends Biochem. Sci. 45, 90–91. doi: 10.1016/j.tibs.2019.10.006

Ulirsch, J. C., Nandakumar, S. K., Wang, L., Giani, F. C., Zhang, X., Rogov, P., et al. (2016). Systematic functional dissection of common genetic variation affecting red blood cell traits. Cell 165, 1530–1545. doi: 10.1016/j.cell.2016.04.048

van Arensbergen, J., FitzPatrick, V. D., de Haas, M., Pagie, L., Sluimer, J., Bussemaker, H. J., et al. (2017). Genome-wide mapping of autonomous promoter activity in human cells. Nat. Biotechnol. 35, 145–153. doi: 10.1038/nbt.3754

van Arensbergen, J., Pagie, L., FitzPatrick, V. D., de Haas, M., Baltissen, M. P., Comoglio, F., et al. (2019). High-throughput identification of human SNPs affecting regulatory element activity. Nat. Genet. 51, 1160–1169. doi: 10.1038/s41588-019-0455-2

Verfaillie, A., Svetlichnyy, D., Imrichova, H., Davie, K., Fiers, M., Kalender Atak, Z., et al. (2016). Multiplex enhancer-reporter assays uncover unsophisticated TP53 enhancer logic. Genome Res. 26, 882–895. doi: 10.1101/gr.204149.116

Vvedenskaya, I. O., Zhang, Y., Goldman, S. R., Valenti, A., Visone, V., Taylor, D. M., et al. (2015). Massively systematic transcript end readout, “MASTER”: transcription start site selection, transcriptional slippage, and transcript yields. Mol. Cell 60, 953–965. doi: 10.1016/j.molcel.2015.10.029

White, M. A., Myers, C. A., Corbo, J. C., and Cohen, B. A. (2013). Massively parallel in vivo enhancer assay reveals that highly local features determine the cis-regulatory function of ChIP-seq peaks. Proc. Natl. Acad. Sci. U.S.A. 110, 11952–11957. doi: 10.1073/pnas.1307449110

Yang, Z., Wang, C., Erjavec, S., Petukhova, L., Christiano, A., and Ionita-Laza, I. (2021). A semisupervised model to predict regulatory effects of genetic variants at single nucleotide resolution using massively parallel reporter assays. Bioinformatics doi: 10.1093/bioinformatics/btab040 [Epub ahead of print].

Zielezinski, A., Vinga, S., Almeida, J., and Karlowski, W. M. (2017). Alignment-free sequence comparison: benefits, applications, and tools. Genome Biol. 18:186. doi: 10.1186/s13059-017-1319-7


Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2021 Letiagina, Omelina, Ivankin and Pindyurin. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OPS/images/fgene-12-618189-g001.jpg
Reporter coding sequence

i with or without intron(s) TTS

‘ SUTR ' Y 3 UTR
— B |

Possible I j ‘ §
mutual ‘ ‘ | -
locations of — ; =
ROI (™) ; -—n :
and BC (1) j - 3

| | B T
B Plasmid library DNA ~ —3 Transient cell 3 RNA isolation and

transfection cDNA synthesis

Y

[ ‘mapping’ }

Index

mCP1

us)
m g

oz}

mCP2

ROI
=

mCP3

* PCR amplification

[ ‘normalization’ ] [ ‘expression’

BC BC
- -
¢ Indexing for NGS
Index Index
] =
[ = 0 =

neCP1 neCP2 neCP1 neCP2





OPS/images/cross.jpg
3,

i





OPS/xhtml/Nav.xhtml




Contents





		Cover



		MPRAdecoder: Processing of the Raw MPRA Data With a priori Unknown Sequences of the Region of Interest and Associated Barcodes



		INTRODUCTION



		MATERIALS AND METHODS



		Preparation of the MPRA Mapping, Expression, and Normalization Samples and Illumina NGS



		Pipeline Code and Documentation Availability



		Hardware and Software Requirements







		RESULTS



		Overview of the MPRAdecoder Pipeline



		Characteristics of the Example Data Set



		Specifying Characteristics of an MPRA Data Set to Be Analyzed



		MPRA Data Demultiplexing by Pairwise Sequence Alignment



		Identification of the BC and ROI Sequences in the Reads



		Data Filtering and Generation of a List of Unique BCs



		Identification of Genuine BCs



		Data Normalization and Visualization



		Performance of the Pipeline







		DISCUSSION



		DATA AVAILABILITY STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		ACKNOWLEDGMENTS



		SUPPLEMENTARY MATERIAL



		FOOTNOTES



		REFERENCES

















OPS/images/fgene-12-618189-g002.jpg
- Characteristics of MPRA data set(s) h
\_ and parameters for their processing J

\

K Demultiplexing of fastq sequence data*

h

_____________________________________________

," ‘mapping’ data “I ," ‘normalization’ data “I ,” ‘expression’ data “I
- Identifying the expected parts in each read of each replicate \
(i) mCP1
(i) reference BC* (i) neCP1 (i) neCP1
(i) mCP2 (i) reference BC* (i) reference BC*
(iv) BC (iii) neCP2 (i) neCP2
(v) mCP3 (iv) BC (iv) BC
(vi) ROI
Generating lists of a priori unknown sequences for each replicate
\\ BC-ROI associations BCs BCs //
e Identifying unique and reproducible sequences \
BC—-ROI associations BCs BCs
found in found in found in
at least 2 replicates all replicates all replicates* /

____________________________________________

~

Generating a list of unique BCs for all sample types

(i) Unique BCs must be present in ‘mapping’ and ‘normalization’ data
(i) Missing values in ‘expression’ data set to be equal zero*

\
-

/Clustering similar BCs )
See

W
\

<Generating a list of genuine BCs j

\

Data averaging and normalization N

(i) Averaging ‘expression’ and ‘normalization’ replicates

(ii) Calculating normalized expression (‘expression’/‘normalization’) value for each BC
(iii) Normalizing data to the reference construct values*®
(iv) Averaging values of multiple BCs for each ROI

\

(Graphical visualization of the processed data>






OPS/images/fgene-12-618189-g003.jpg
A BCq BCy
(highly abundant) (lowly abundant)
1 6 12 18
[HE _EEEE EEESEE

—
—
—
—
—
—
—
—
—
—

—
—

Similar BCs

BCq [EIFM (SISO [ [ (SISO [
BC, [T T TTTTT ]

A A Ad A
B Counts
ROI: (in decreasing order): Sums:
BC NN TSI T T (S - - - ] n1 A
BC» —-— n2 N
BC3_“'-— n3
___________________________________________________ N’
BC NN TSN | [ (S S - e e n4
BC4 —-— ns
BCs [MTMMFTRTN [ [ SISO - S e ne
,,,,,,,, Ao A A ____ <
BC NN TSI | T [ - - nz
AAAAd A4
BCZ—-— ng
BCBA_--* ng
BC, [N I [ [ - - n1o
A A A A AAA

Mismatches within ROI are not allowed (default):

if N/ Ntotg) = 0.9 then BC+ is genuine
if N / Niotal < 0.9 then BC1-BC7 are discarded

BC3

(intermediately abundant)

Different BCs

NS EEEE EEESEE EEE|
BC; [T T TT T To o]

Mismatches within ROI are allowed*:

if N’ / Ntotal = 0.9 then BC is genuine

1 6 12 18 1 6 12 18
COW T T 1T [N _EEEN EEENSE N N
—

—
—
—
—
—i
—
—
—
—
—
—=

Niotal

if N’ / Ntotal < 0.9 then BC1-BC7 are discarded





OPS/images/fgene-12-618189-g004.jpg
=y
o] N

Relative frequency »
N

i

0 400 800 1200
Norm. exp. replicate 1

-
N
o
o

[0 ]
o
o

E-S
o
o

Norm. exp. replicate 1

0 400 800 1200
Norm. exp. replicate 2

o

Counts, 103
=)

[¢)]

16 18 20
BC length, nts

(9]

Relative frequency

124
>
o
c
S
T 8
g
&=
o

= 4

©
(0]

o
04
0 400 800 1200
Norm. exp. replicate 2

™~ 1200

L

(]

Q

S 800

o

o

x

o 400+

£

o]

N F A——
0 400 800 1200
Norm. exp. replicate 1

8

6

i

0 | 25
logo (Norm. exp.)

w)

Counts, 103

> >
o 154 & 15
(] (0]
= =
® 101 o 10
(= (=
e 2
g 5 g S
iz i
o 0
0 5 10 15 20 0 5 10 15
Norm. exp. of 1st BC Norm. exp. of 2nd BC
@) O
@ 15 D15
(2] C
N N
© 104 G 10
s o
x X
® &l o 5
- £ '
s £
z | = 20
0 5 10 15 0 5 10 15 20
Norm. exp. of 2nd BC Norm. exp. of 1st BC
F
16
>
o
{ o}
12 2
o
o
=
8 2
©
41 &
0
0 5 10 2.5 0 25

Number of BCs per ROI

log2 (Norm. exp. of WT)





OPS/images/cover.jpg
frontiers
in Genetics

MPRAdecoder: Processingof the
Raw MPRA Data With a priori
Unknown Sequences of the
Region of Interest
and Associated Barcodes









OPS/images/logo.jpg
’ frontiers
in Genetics





OPS/images/fgene-12-618189-t001.jpg
Part? Length, nts Strand® Sequence Note

“Mapping” sample

index 8 Plus AGCGAGCT, CTGCACGT Fixed
mCP1 17 Plus GACACTCGAGGATCGAG Fixed
BC 18¢ Plus (N)1s Random
mCP2 83 Plus GAGTTGTGGCCGGCCCTTGTGACTGGGAAAACCCTGGCGTAAAT Fixed
AAAATACGAAATGACTAGTCATGCGTCAATTTTACGCAT

ROI 8 Plus (N)s Random
mCP3 174 Plus TTAACGTACGTCACAATATGATTATCTTTCTAGGG® Fixed
“Normalization” and “Expression” samples

index 8 Plus CCTATGGT, AACGTCGT, ACAATTCG, TACTTGTC Fixed
neCP1 39 Minus CGCCAGGGTTTTCCCAGTCACAAGGGCCGGCCACAACTC Fixed
BC 18° Minus (N)1g Random
neCP2 86d Minus CTCGATCCTCGAGTGTCACCTAAATCGTATGCGGCCG Fixed

CGAATTCTTACTTGTACAGCTCGTCCATGCCGAGAGTGATCCCGGCGGC
GGTCACGAACTCCAGCAGGAC®

aIn the order of presence in the sample (starting from immediately after the lllumina forward sequencing primer).

P Orientation relative to the plasmid reporter construct, except the index introduced during PCR amplification.

CThe length of the BCs present in the spiked-in reference constructs was 20 nts (see the text for details).

dThe expected length of the fragment of the component in 151-nt single-end readss; the length is shorter by 2 nts for the reads containing reference 20-nt BCs.
€The complete sequence of the component in the PCR amplified sample is shown; the fragment expected in 151-nt single-end reads is underiined.





