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Abstract

Sequences stored as XStringSet objects (from the Biostrings package) can be used by several functions
in the universalmotif package. These functions are demonstrated here and fall into two categories: sequence
manipulation and motif scanning. Sequences can be generated, shuffled, and background frequencies
of any order calculated. Scanning can be done simply to find locations of motif hits above a certain
threshold, or to find instances of enriched motifs.
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This vignette goes through generating your own sequences from a specified background model, shuffling
sequences whilst maintaining a certain k-let size, and the scanning of sequences and scoring of motifs. For an
introduction to sequence motifs, see the introductory vignette. For a basic overview of available motif-related
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functions, see the motif manipulation vignette. For a discussion on motif comparisons and P-values, see the
motif comparisons and P-values vignette.

2 Basic sequence handling

2.1 Creating random sequences

The Biostrings package offers an excellent suite of functions for dealing with biological sequences.
The universalmotif package hopes to help extend these by providing the create_sequences() and
shuffle_sequences() functions. The first of these, create_sequences(), generates a set of letters in
random order, then passes these strings to the Biostrings package to generate the final XStringSet object.
The number and length of sequences can be specified. The probabilities of individual letters can also be set.

The freqgs option of create_sequences() also takes higher order backgrounds. In these cases the sequences
are constructed in a Markov-style manner, where the probability of each letter is based on which letters
precede it.

library(universalmotif)
library(Biostrings)

## Create some DNA sequences for use with an external program (default
## is DNA):

sequences.dna <- create_sequences(seqnum =

## writeXStringSet (sequences. dna,

sequences.dna
#> DNAStringSet object of length 500:

500,
freqgs =
"dna. fasta")

c(A=0.3,

Cc=0.2, G=0.2, T=0.3))

#> width seq

#> [1] 100 AATGCCAGTACTTTATTATTCTACATGTATCCT. . .CTTTTAACAAATTGACGCTTACTATCACTTGT
#> [2] 100 CTATTTTGATGGTTTTCGGACCCGAGCCATTAA. . .AAGAACTCCCTTATCAAATTTGACGAATAACG
#> [3] 100 TCATACGAAATCAGATAATGATGGAAAACTAGG. . . ATTTGAGACCTCCTCGTAAGAAACCAGACTCA
#> [4] 100 TGTCTTGCAAGTATGTTCGGTCCACGTTAAGAA. . .GGTTGACCAGCATGCACCACATCACGGTCGCA
#> [5] 100 CTGTTGATTATGAAGTATGCGGAATCTGTGAAT. .. TCCTCTAAGCTCAACGATGTATCCAGGTCAGT
#> 000 500 000

#> [496] 100 GCTTCGTATAATGTGTCAGATCTTGATTTAGCC. . .ATGTATGAAACAGAAGCAATGTAATTTGGCGT
#> [497] 100 ATGAGGTGAATTTCTTAACACGCAGCAGTCGAT. . .GTCTCTATGTGACACCATGAGTAGTGTTATAA
#> [498] 100 TTCTACAAAGTGTTATGTAGTGAACCAGGGGGC. . . TCGGATTATGCTGTTGTCGGGGGATAGGGCCA
#> [499] 100 CTGTGCCTTAAAACTTTTTGTCCGTAAGTCGGT. . . TATCTCGTCGCATATTCGATTTTGTTGTTTGA
#> [500] 100 CTTACAGATAACCTTCGAAACATACGCTCATGG. . .GGACAGACCTAGAAGGTTATAGGTATTGAATG

## Amino acid:

create_sequences(alphabet = "AA")

#> AAStringSet object of length 100:

#> width seq

#> [1] 100 EFTELKCDWFRQSUDGYKPHSWCRAWERAVVRP. . .(DHVYIAWCYWCPCPKVGAAHPRLENVGK(LK
#> [2] 100 PCGKGQYFKSFKEVCIAESYREWRSTCAWSRWQC. . .NVVYVTAQEYNDCQIMASIPFMILFCDRDVVN
#> [3] 100 DVAFAWFFGESTKISFWRWQFFTYSQFFNVSHGQ. . . FMAEPEVTKFPFSCFWLAQWPNRWPLWLTLW
#> 47 100 DEELQEQWFAGSRIKCKHSPYNRPKSNFILQTA. ..HETKKTCKICKFYPPVAKSIWPNWJLCGMCDE
#> [5] 100 RVTILCAADIWCMTHYRRLANSTKMOAYLSMQP. . . YEKKPVFEICMGYLGNAKWKEDEMSLOWDIQH
#> R 500 o0oo

#>  [96] 100 IETGMMSDIERNAVRWYREIWRSRSMHLMWDEY . ..MFEEDWWTTQMPPLNYVSKLTYHHEEEKTIPP
#>  [97] 100 FAENYHNGDSMKMIELCHNYKQGPFDWIKVHNFI. ..MYF(EPFMFFGASVNKWPTQFGYLRTTFRSVH
#> [98] 100 YFMTAMDYMWCYSQSRPFQSPFNENGMHSCDMC. . . AGIIFS(YRTHRHCKMWHVDAHSDWMESYGKV(@



#>
#>

[99]
[100]

100 VMLVIDADIAIPMANWALRPKGPYDYGREYVYQ. .. MUOKKVTAQYVWLIITGEGNMCILGNMFTNVWA
100 ANSVHCLKGLGFTLWYNYNGEAQFSMSPIPMLL. ..VWIIYIIKMRNYSDCNCISDYFVGYAFCLEPY

## Any set of characters can be used

.olgedcncugbgrhehfausgcobzmzoudys
.znlugwccjpktzunczqysjbhrsveymgce
.oltzvhrpaocboohemswokcmreewyluji
.nzmzjqufrkestcljnsmglkyaeyacjzil
.phrufnsvwvttmyfzcazoorbecllkydmty

.uyqreiyatytbsfhengncgrcspmuclwbw
.myavsvcrctkceqgmshj fmwccamuvsz funn
.mtrursrohuvluqtpzcreiacrbsvnnel jq
.0qogpgzvavzwahnlbzktivqrjyrcumzy

create_sequences(alphabet = pasteO(letters, collapse = ""))
#> BStringSet object of length 100:

#> width seq

#>  [1] 100 yisawvdmsdkuzrfzjgrgnwkucndbggilcs. .
#> [2] 100 rqtefigizzsruffdbybhklhqpumngfmlg. .
#> [3] 100 zrjyndiedqjjdidocoubwoufhevvzifll. .
#> [4] 100 chnhjkrumnohpzbngnyjjtypsbpejstld. .
#> [6] 100 phakzizszagiucfnjjsesvbutyvruvrzcf..
#> A s00 aoo

#> [96] 100 saoqiooanptrilyivoazraieuiwieyzam. .
#> [97] 100 wjcfsdasqafeoifvkyzrtswzanylhnjmyj. .
#> [98] 100 nsqglygqtgezzkpwtuwizyalohaiyplyz. .
#> [99] 100 dhzykvmwuqjzmasmlzrtrezitydyspawk. .
#> [100] 100 ahaurwvdihofoerryzldgmyiovnwutaua. .

2.2 Calculating sequence background

Sequence backgrounds can be retrieved for DNA and RNA sequences with oligonucleotideFrequency ()
from "Biostrings. Unfortunately, no such Biostrings function exists for other sequence alphabets. The
universalmotif package proves get_bkg() to remedy this. Similarly, the get_bkg() function can calculate
higher order backgrounds for any alphabet as well. It is recommended to use the original Biostrings for
very long (e.g. billions of characters) DNA and RNA sequences whenever possible though, as it is much faster

than get_bkg().

library(universalmotif)

## Background of DNA sequences:

dna <- create_sequences()

get_bkg(dna, k = 1:2)

#> DataFrame with 20 rows and 3 columns

#>
#>
#>
#>
#>
#>
#>

#> ...

#>
#>
#>
#>
#>

##

klet count probability
<character> <numeric>  <numeric>
1 A 2632  0.2532000
2 c 2495  0.2495000
3 G 2486  0.2486000
4 T 2487  0.2487000
5 AA 622 0.0628283
16 GT 607 0.0613131
17 TA 647  0.0653535
18 yio) 605 0.0611111
19 TG 572 0.0577778
20 TT 643  0.0649495
Background of mon DNA/RNA sequences:

qwerty <- create_sequences ("QWERTY")

get_bkg(qwerty, k =

1:2)

#> DataFrame with 42 rows and 3 columns

#>

klet

count probability

.bnlzgcryrvdyovcjldlefarmiikzcylh



#> <character> <numeric> <numertc>

#> 1 E 1667 0.1667
#> 2 Qg 1622 0.1622
#> 3 R 1752 0.1752
#> 4 T 1669 0.1669
#> 5 W 1587 0.1587
#> ... Ty 00 ¢ 500
#> 38 Yg 274  0.0276768
#> 39 YR 297  0.0300000
#> 40 Yr 285  0.0287879
#> 41 Yw 278  0.0280808
#> 42 Yy 295  0.0297980

2.3 Clustering sequences by k-let composition

One way to compare sequences is by k-let composition. The following example illustrates how one could go
about doing this using only the universalmotif package and base graphics.

library(universalmotif)

## Generate three random sets of sequences:

sl <- create_sequences(seqnum = 20,

freqs = ¢c(A =0.3, C=0.2, G=0.2, T =0.3))
s2 <- create_sequences(seqnum = 20,

freqs = c(A =0.4, C=0.4, G=0.1, T =0.1))
s3 <- create_sequences(seqnum = 20,

freqs = ¢c(A =0.2, C=0.3, G=0.3, T=0.2))

## Create a function to get properly formatted k-let counts:
get_klet_matrix <- function(seqs, k, groupName) {

bkg <- get_bkg(seqgs, k = k, merge.res = FALSE)

bkg <- bkgl, c("sequence", "klet", "count")]

bkg <- reshape(bkg, idvar = "sequence", timevar = "klet",
direction = "wide")
suppressWarnings (as.data.frame(cbind(Group = groupName, bkg)))

}

## Calculate k-let content (up to you what size k you want!):
sl <- get_klet_matrix(sl, 4, 1)
s2 <- get_klet_matrix(s2, 4, 2)
s3 <- get_klet_matrix(s3, 4, 3)

# Combine everything into a single object:
sAll <- rbind(sl, s2, s3)

## Do the PCA:
sPCA <- prcomp(sAll[, -(1:2)]1)

## Plot the PCA:
plot (sPCA$x, col = c("red", "forestgreen", "blue") [sAl1$Group], pch = 19)
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This example could be improved by using tidyr: :spread() instead of reshape () (the former is much faster),
and plotting the PCA using the ggfortify package to create a nicer ggplot2 plot. Feel free to play around
with different ways of plotting the data! Additionally, you could even try using t-SNE instead of PCA (such
as via the Rtsne package).

3 Shuffling

3.1 Shuffling sequences

When performing de novo motif searches or motif enrichment analyses, it is common to do so against a set of
background sequences. In order to properly identify consistent patterns or motifs in the target sequences,
it is important that there be maintained a certain level of sequence composition between the target and
background sequences. This reduces results which are derived purely from base differential letter frequency
biases.

In order to avoid these results, typically it desirable to use a set of background sequences which preserve a
certain k-let size (such as dinucleotide or trinucleotide frequencies in the case of DNA sequences). Though
for some cases a set of similar sequences may already be available for use as background sequences, usually
background sequences are obtained by shuffling the target sequences, while preserving a desired k-let size.
For this purpose, a commonly used tool is uShuffle (Jiang et al. 2008). The universalmotif package aims
to provide its own k-let shuffling capabilities for use within R via shuffle_sequences().

The universalmotif package offers three different methods for sequence shuffling: euler, markov and
linear. The first method, euler, can shuffle sequences while preserving any desired k-let size. Furthermore
1-letter counts will always be maintained. However due to the nature of the method, the first and last letters
will remain unshuffled. This method is based on the initial random Eulerian walk algorithm proposed by
Altschul and Erickson (1985) and the subsequent cycle-popping algorithm detailed by Propp and Wilson
(1998) for quickly and efficiently finding Eulerian walks.

The second method, markov can only guarantee that the approximate k-let frequency will be maintained, but
not that the original letter counts will be preserved. The markov method involves determining the original
k-let frequencies, then creating a new set of sequences which will have approximately similar k-let frequency.
As a result the counts for the individual letters will likely be different. Essentially, it involves a combination



of determining k-let frequencies followed by create_sequences(). This type of pseudo-shuffling is discussed
by Fitch (1983).

The third method linear preserves the original 1-letter counts exactly, but uses a more crude shuffling
technique. In this case the sequence is split into sub-sequences every k-let (of any size), which are then
re-assembled randomly. This means that while shuffling the same sequence multiple times with method
= "linear" will result in different sequences, they will all have started from the same set of k-length
sub-sequences (just re-assembled differently).

library(universalmotif)
library(Biostrings)
data(ArabidopsisPromoters)

## Potentially starting off with some external sequences:
# ArabidopsisPromoters <- readDNAStringSet ("ArabidopsisPromoters. fasta")

euler <- shuffle_sequences(ArabidopsisPromoters, k = 2, method = "euler")
markov <- shuffle_sequences(ArabidopsisPromoters, k = 2, method = "markov")
linear <- shuffle_sequences(ArabidopsisPromoters, k = 2, method = "linear")

k1l <- shuffle_sequences(ArabidopsisPromoters, k = 1)

Let us compare how the methods perform:

o.letter <- get_bkg(ArabidopsisPromoters, 1)
e.letter <- get_bkg(euler, 1)
m.letter <- get_bkg(markov, 1)
l.letter <- get_bkg(linear, 1)

data.frame(original=o.letter$count, euler=e.letter$count,
markov=m.letter$count, linear=1.letter$count, row.names = DNA_BASES)
#> original euler markov linear

#> A 17384 17384 17613 17384

#> C 8081 8081 8149 8081

#> G 7583 75683 < 7548 7583

#> T 16952 16952 16690 16952

o.counts <- get_bkg(ArabidopsisPromoters, 2)
e.counts <- get_bkg(euler, 2)

m.counts <- get_bkg(markov, 2)

1l.counts <- get_bkg(linear, 2)

data.frame(original=o.counts$count, euler=e.counts$count,
markov=m.counts$count, linear=1.counts$count,
row.names = get_klets(DNA_BASES, 2))

#> original euler markov linear
#> AA 6893 6893 6240 6435
#> AC 2614 2614 2846 2709
#> AG 2592 2692 2633 2567
#> AT 5276 5276 5878 5649
#> CA 3014 3014 2840 2949
#> CC 1376 1376 1354 1296
#> CG 1051 1051 1243 1184
#> CT 2621 2621 2706 2644
#> GA 2734 2734 2617 2686
#> GC 1104 1104 1245 1173
#> GG 1176 1176 1177 1204



#> GT 2561 2561 2498 2512

#> TA 4725 4725 5901 5294
#> TC 2977 2977 2695 2890
# TG 2759 2759 2487 2620
#> TT 6477 6477 5590 6138

3.2 Local shuffling

If you have a fairly heterogeneous sequence and wish to preserve the presence of local “patches” of differential
sequence composition, you can set window = TRUE in the shuffle_sequences() function. In the following
example, the sequence of interest has an AT rich first half followed by a second half with an even background.
The impact on this specific sequence composition is observed after regular and local shuffling, using the
per-window functionality of get_bkg() (via window = TRUE). Fine-tune the window size and overlap between
windows with window.size and window.overlap.

library(Biostrings)
library(universalmotif)
library(ggplot2)

myseq <- DNAStringSet(pasteO(
create_sequences(seqlen = 500, freqs = c(A=0.4, T=0.4, C=0.1, G=0.1)),
create_sequences(seqlen = 500)

))

myseq_shuf <- shuffle_sequences(myseq)

myseq_shuf_local <- shuffle_sequences(myseq, window = TRUE)
myseq_bkg <- get_bkg(myseq, k = 1, window = TRUE)
myseq_shuf_bkg <- get_bkg(myseq_shuf, k = 1, window = TRUE)

myseq_shuf_local_bkg <- get_bkg(myseq_shuf_local, k = 1, window = TRUE)

myseq_bkg$group <- "original"
myseq_shuf_bkg$group <- "shuffled"
myseq_shuf_local_bkg$group <- "shuffled-local"

myseq_all <- suppressWarnings(as.data.frame(
rbind (myseq_bkg, myseq_shuf_bkg, myseq_shuf_local_bkg)
))

ggplot(myseq_all, aes(x = start, y = probability, colour = klet)) +
geom_line() +
theme_minimal() +
scale_colour_manual (values = universalmotif:::DNA_COLOURS) +
xlab(element_blank()) +
facet_wrap(~group, ncol = 1)
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4 Sequence scanning and enrichment

There are many motif-programs available with sequence scanning capabilities, such as HOMER and tools
from the MEME suite. The universalmotif package does not aim to supplant these, but rather provide
convenience functions for quickly scanning a few sequences without needing to leave the R environment.
Furthermore, these functions allow for taking advantage of the higher-order (multifreq) motif format
described here.

Two scanning-related functions are provided: scan_sequences() and enrich_motifs(). The latter simply
runs scan_sequences () twice on a set of target and background sequences. Given a motif of length n,
scan_sequences () considers every possible n-length subset in a sequence and scores it using the PWM
format. If the match surpasses the minimum threshold, it is reported. This is case regardless of whether one
is scanning with a regular motif, or using the higher-order (multifreq) motif format (the multifreq matrix
is converted to a PWM).

4.1 Choosing a logodds threshold

Before scanning a set of sequences, one must first decide the minimum logodds threshold for retrieving
matches. This decision is not always the same between scanning programs out in the wild, nor is it usually
told to the user what the cutoff is or how it is decided. As a result, universalmotif aims to be as transparent
as possible in this regard by allowing for complete control of the threshold. For more details on PWMs, see
the introductory vignette.

Logodds thresholds

One way is to set a cutoff between 0 and 1, then multiplying the highest possible PWM score to get a
threshold. The matchPWM() function from the Biostrings package for example uses a default of 0.8 (shown
as "80%"). This is quite arbitrary of course, and every motif will end up with a different threshold. For high
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information content motifs, there is really no right or wrong threshold, as they tend to have fewer non-specific
positions. This means that incorrect letters in a match will be more punishing. To illustrate this, contrast
the following PWMs:

library(universalmotif)

ml <- create_motif ("TATATATATA", nsites 0, type = "PWM", pseudocount = 1)

5
2

m2 <- matrix(c(0.10,0.27,0.23,0.19,0.29,0.28,0.51,0.12,0.34,0.26,
0.36,0.29,0.51,0.38,0.23,0.16,0.17,0.21,0.23,0.36,
0.45,0.05,0.02,0.13,0.27,0.38,0.26,0.38,0.12,0.31,
0.09,0.40,0.24,0.30,0.21,0.19,0.05,0.30,0.31,0.08),

byrow = TRUE, nrow = 4)
m2 <- create_motif (m2, alphabet = "DNA", type = "PWM")
ml["motif"]
#> T A T A T A T
#> =5.672425 1.978626 -5.672425 1.978626 -5.672425 1.978626 -5.672425
#> L672425 —5.672425 —5.672425 -5.672425 -5.672425 -5.672425 -5.672425
#> G -5.672425 -5.672425 -5.672425 -5.672425 -5.672425 -5.672425 -5.672425
#> 1.978626 -5.672425 1.978626 -5.672425 1.978626 -5.672425 1.978626
#> 4 T A
#> 1.978626 -5.672425 1.978626
#> =5.672425 -5.672425 -5.672425
#> 672425 -5.672425 -5.672425
#> =5.672425 1.978626 -5.672425
m2["motif"]
#> S H o N N N
#> A -1.3219281 0.09667602 -0.12029423 -0.3959287 0.2141248 0.1491434
#> C 0.5260688 0.19976951 1.02856915 0.6040713 -0.1202942 -0.6582115
#> G 0.8479969 -2.33628339 -3.64385619 -0.9434165 0.1110313 0.5897160
#> T -1.4739312 0.66371661 -0.05889369 0.2630344 -0.2515388 -0.4102840
#> R N N /4
#> A 1.0430687 -1.0732490 0.4436067 0.04222824
#> C -0.5418938 -0.2658941 -0.1202942 0.51171352
#> G 0.0710831 0.5897160 -1.0588937 0.29598483
#> T -2.3074285 0.2486791 0.3103401 -1.65821148
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In the first example, sequences which do not have a matching base in every position are punished heavily.
The maximum logodds score in this case is approximately 20, and for each incorrect position the score is
reduced approximately by 5.7. This means that a threshold of zero would allow for at most three mismatches.
At this point, it is up to you how many mismatches you would deem appropriate.

P-values

This thinking becomes impossible for the second example. In this case, mismatches are much less punishing,
to the point that one could ask: what even constitutes a mismatch? The answer to this question is usually
much more difficult in such cases. An alternative to manually deciding upon a threshold is to instead start
with maximum P-value one would consider appropriate for a match. If, say, we want matches with a P-value of
at most 0.001, then we can use motif_pvalue() to calculate the appropriate threshold (see the comparisons
and P-values vignette for details on motif P-values).

motif_pvalue(m2, pvalue = 0.001)
#> [1] 4.858

Multiple testing-corrected P-values

This P-value can be further refined to correct for multiple testing (and becomes a Q-value). There are three
available corrections that can be set in scan_sequences (): Bonferroni (“bonferroni”), Benjamini & Hochberg



(“BH”), and the false discovery rate (“fdr”) based on the empirical null distribution of motif hits in a set of
sequences. They are excellently explained in Noble (2009), and these explanations will be briefly regurgitated
here.

To begin to understand how these different corrections are implemented, consider the following motif,
sequences, example P-value for an example motif hit, and the theoretical maximum number of motif hits:

library(universalmotif)
data(ArabidopsisMotif)
data(ArabidopsisPromoters)

(Example.Score <- score_match(ArabidopsisMotif, "TTCTCTTTTTTTTTT"))
#> [1] 16.81

(Example.Pvalue <- motif_pvalue(ArabidopsisMotif, Example.Score))
#> [1] 6.612819e-07

(Max.Possible.Hits <- sum(width(ArabidopsisPromoters) - ncol(ArabidopsisMotif) + 1))
#> [1] 49300

The first correction method, Bonferroni, is by far the simplest. To calculate it, take the P-value of a motif hit
and multiply it by the theoretical maximum number of hits:

(Example.bonferroni <- Example.Pvalue * Max.Possible.Hits)
#> [1] 0.0326012

As you can imagine, the level of punishment the P-value receives corresponds to the size of the sequences you
are scanning. If you are scanning an entire genome, then you can expect this to be very punishing and only
return near-perfect matches (or no matches). However for smaller sets of sequences this correction can be
more appropriate.

Next, Benjamini & Hochberg. To perform this correction, the P-value is divided by the percentile rank of the
P-value in the list of P-values for all theoretically possible hits sorted in ascending order (it also assumes that
P-values are normally distributed under the null hypothesis). It is important to note that this means the
correction cannot be calculated before the sequences have been scanned for the motif, and P-values have
been calculated for all returned hits. When requesting this type of Q-value for the minimum threshold of
score, scan_sequences () instead calculates the threshold from the input Q-value as a P-value, then filters
the final results after Q-values have been calculated. Returning to our example:

(Scan.Results <- scan_sequences(ArabidopsisMotif, ArabidopsisPromoters,
threshold = 0.8, threshold.type = "logodds", calc.qvals = FALSE))
#> DataFrame with 20 rows and 14 columns

#> motif  motif.t sequence sequence.?® start stop
#> <character> <integer> <character> <integer> <integer> <integer>
#> 1 YTTTYTTTTTYTTTY 1 AT1G05670 47 68 82
#> 2 YTTTYTTTTTYTTTY 1 AT1G19510 45 402 416
#> 3  YTTTYTTTTTYTTTY 1 AT1G49840 27 899 913
#> 4 YTTTYTTTTTYTTTY 1 AT2G22500 14 946 960
#> 5  YTTTYTTTTTYTTTY 1 AT2G22500 14 948 962
#> ... 600 oo 5006 6oa 6oa noo
#> 16 YTTTYTTTTTYTTTY 1 AT3Ge3170 34 603 617
#> 17 YTTTYTTTTTYTTTY 1 AT4G19520 3 792 806
#> 18 YTTTYTTTTTYTTTY 1 AT4G19520 3 793 807
#> 19 YTTTYTTTTTYTTTY 1 AT4G27652 20 879 893
#> 20 YTTTYTTTTTYTTTY 1 AT4GR7652 20 881 895
#> score match thresh.score min.score max.score score.pct
#> <numeric> <character> <numeric> <numeric> <numeric> <numeric>
#> 1 15.407 GTTTCTTTTTTCTTI 15.0272 -125.07 18.784  82.0219

10



#> 2 17.405 TTTTCTTTTTCTTTI 15.0272 -125.07 18.784 92.6586
#> 3 15.177 CTTTTTGTTTTTTIC 15.0272 -125.07 18.784 80.7975
#> 4 15.827 TCCTCTCTTTCTICTC 15.0272 -125.07 18.784 84.2579
#> 5 15.908 CTCTCTTTCTCTCTT 15.0272 -125.07 18.784 84.6891
#> ... ... S ... o R R
#> 16 15.734 GTTTCTICTTTTTTT 15.0272 -125.07 18.784 83. 7628
#> 17 15.352 TTTTTTTTTTTTTTI 15.0272 -125.07 18.784 81.7291
#> 18 15.352 TTTTTTTTTTTTTTI 15.0272 =125. 07 18.784 81.7291
#> 19 16.410 TTTTCTCTTTTTTTI 15. 0272 -125.07 18.784 87.3616
#> 20 16.810 TTCTCTTTTTTTTTIT 15.0272 -125.07 18.784 89.4911
#> strand pvalue
#> <character> <numeric>
#> 1 + 3.95595e-06
#> 2 + 2.44369e-07
#> 3 + 5.01977e-06
#> 4 + 2.53853e-06
#> 5 + 2.39165e-06
#> ... R
#> 16 + 2.83419e-06
#> 17 + 4.33848e-06
#> 18 + 4.33848e-06
#> 19 + 1.23950e-06
#> 20 + 6.61282e-07

First we sort and calculate the percentile ranks of our P-values, and then divide the P-values:

Pvalues <- Scan.Results$pvalue

Pvalues.Ranks <- (rank(Pvalues) / Max.Possible.Hits) * 100

Qvalues.BH <- Pvalues / Pvalues.Ranks

(Example.BH <- Qvalues.BH[Scan.Results$match == "TTCTCTTTTTTTTTT"] [1])
#> [1] 6.52024e-05

Finally, calculating the false discovery rate from the empirical distribution of scores. This method requires
some additional steps, as we must obtain the observed and null distributions of hits in our sequences. Then
for each hit, divide the number of hits with a score equal to or greater in the null distribution with the
number of hits with a score equal to or greater in the observed distribution. Along the way we must be
wary of the nonmonotonicity of the final Q-values (meaning that as scores get smaller the Q-value does not
always increase), and thus always select the minimum available Q-value as the score increases. To get the
null distribution of hits, we can simply use the P-values associated with each score as these are analytically
calculated from the null based on the background probabilities (see ?motif_pvalue).

Scan.Results <- Scan.Results[order(Scan.Results$score, decreasing = TRUE), ]
Observed.Hits <- 1:nrow(Scan.Results)

Null.Hits <- Max.Possible.Hits * Scan.Results$pvalue

Qvalues.fdr <- Null.Hits / Observed.Hits

Qvalues.fdr <- rev(cummin(rev(Qvalues.fdr)))

(Example.fdr <- Qvalues.fdr[Scan.Results$match == "TTCTCTTTTTTTTTT"][1])

#> [1] 0.00652024

Similarly to Benjamini & Hochberg, these can only be known after scanning has occurred.

To summarize, we can compare the initial P-value with the different corrections:

knitr: :kable(
data.frame(
What = c("Score", "P-value", "bonferroni", "BH", "fdr"),
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Value = format(
c(Example.Score, Example.Pvalue, Example.bonferroni, Example.BH, Example.fdr),
scientific = FALSE
)
),

format = "markdown", caption = "Comparing P-value correction methods"

Table 1: Comparing P-value correction methods

What Value

Score 16.8100000000000
P-value 0.0000006612819
bonferroni  0.0326011986749
BH 0.0000652023973
fdr 0.0065202397350

Use your best judgement as to which method is most appropriate for your specific use case.

4.2 Regular and higher order scanning

Furthermore, the scan_sequences () function offers the ability to scan using the multifreq slot, if available.
This allows to take into account inter-positional dependencies, and get matches which more faithfully represent
the original sequences from which the motif originated.

library(universalmotif)
library(Biostrings)
data(ArabidopsisPromoters)

## A 2-letter example:

motif.k2 <- create_motif ("CWWWWCC", nsites = 6)
sequences.k2 <- DNAStringSet(rep(c("CAAAACC", "CTTTTCC"), 3))
motif.k2 <- add_multifreq(motif.k2, sequences.k2)

Regular scanning:

scan_sequences (motif.k2, ArabidopsisPromoters, RC = TRUE,
threshold = 0.9, threshold.type = "logodds")
#> DataFrame with 94 rows and 15 columns

#> motif  motif.t sequence sequence.? start stop score
#> <character> <integer> <character> <integer> <integer> <integer> <numeric>
#> 1 motaf 1 AT1G03850 4 203 209 9.08
#> 2 motsf 1 AT1G03850 4 334 328 9.08
#> 3 motsf 1 AT1G03850 4 713 707 9.08
#> 4 motsf 1 AT1G05670 47 706 700 9.08
#> 5 motaf 1  AT1G06160 48 498 492 9.08
#> ... 000 5c 600 000 000 000 000
#> 90 motsf 1 AT5G22690 46 81 87 9.08
#> 91 motsf 1 AT5G22690 46 362 368 9.08
#> 92 motsf 1 AT5G24660 49 146 140 9.08
#> 93 motaf 1 AT5G58430 16 332 338 9.08
#> 94 motsf 1 AT5G58430 16 343 349 9.08
#> match thresh.score min.score max.score score.pct strand
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#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>

<character>

N WK
S OO OO

0
0
92 0.
0
0

CTAATCC
CTTTTCC
CTTAACC
CTTTACC
CTAAACC
CAATACC
CAAATCC
CATTACC
CATAACC
CAAATCC
pvalue
<numeric>
. 000976562
. 000976562
. 000976562
. 000976562
. 000976562

.000976562
.000976562
000976562
.000976562
.000976562

<numeric> <numeric> <numeric> <numeric> <character>

8.

0 0 ® ®

© © ® %

172

. 172
. 172
L172

172

. 172
L 172
L1772
L172
8.

qualue
<numeric>

N RN N RN

NN N NN

172

Using 2-letter information to scan:

-19

=118,
=i,
-19.
-19.

-19.
=i,
-19.
-19.
-19.

.649
649
649
649
649
649
649
649
649
649

9.08
.08
.08
.08
.08

© © © ©

.08
.08
.08
.08
.08

©© oo

100
100
100
100
100
100
100
100

100
100

scan_sequences (motif .k2, ArabidopsisPromoters, use.freq = 2, RC = TRUE,
threshold = 0.9, threshold.type = "logodds")
#> DataFrame with 8 rows and 15 columns

#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>

motif  motif.< sequence sequence.?t start stop score
<character> <integer> <character> <integer> <integer> <integer> <numeric>
1 motif 1  AT1G19510 45 960 965 17.827
2 motif 1 AT1G49840 27 959 964 17.827
3 motif 1 AT1G77210 32 184 189 17.827
4 motif 1 AT1G77210 32 954 959 17.827
5 motif 1 AT2G37950 15 751 756 17.827
6 motaf 1 AT3G57640 33 917 922 17.827
7 motif 1 AT4G12690 12 938 943 17.827
8 motif 1 AT4G14365 35 977 982 17.827
match thresh.score min.score max.score score.pct strand
<character> <numeric> <numeric> <numeric> <numeric> <character>
1 CTTTTC 16.0443 -16.842 17.827 100 +
2 CTTTTC 16.0443 -16.842 17.827 100 +
3 CAAAAC 16.0443 -16.842 17.827 100 +
4 CAAAAC 16.0443 -16.842 17.827 100 +
5 CAAAAC 16.0443 -16.842 17.827 100 +
6 CTTTTC 16.0443 -16.842 17.827 100 +
7 CAAAAC 16.0443 -16.842 17.827 100 +
8 CTTTTC 16.0443 -16.842 17.827 100 +
pvalue qualue
<numeric> <numeric>
1 1.90735e-06 0.0236988
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#> 2 1.90735e-06 0.0236988
#> 3 1.90735e-06 0.0236988
#> 4 1.90735e-06 0.0236988
#> 5 1.90735e-06 0.0236988
#> 6 1.90735e-06 0.0236988
#> 7 1.90735e-06 0.0236988
#> 8 1.90735e-06 0.0236988

Furthermore, sequence scanning can be further refined to avoid overlapping hits. Consider:

motif <- create_motif ("AAAAAA")
## Leave in overlapping hits:
scan_sequences(motif, ArabidopsisPromoters, RC = TRUE, threshold = 0.9,

threshold.type = "logodds")
#> DataFrame with 491 rows and 15 columns

#> motif  motif.% sequence sequence.? start stop score
#> <character> <integer> <character> <integer> <integer> <integer> <numeric>
#> 1 motif 1  AT1G03850 4 56 51 11.934
#> 2 motif 1  AT1G03850 4 57 52 11.934
#> 3 mottf 1  AT1G03850 4 58 53 11.934
#> 4 motef 1  AT1G03850 4 59 54 11.934
#> 5 mottf 1  AT1G03850 4 243 248 11.934
#> ... 000 20 500 000 000 000 000
#> 487 motif 1 AT5G64310 22 589 594 11.934
#> 488 mottf 1 AT5G64310 22 590 595 11.934
#> 489 motsf 1 AT5G64310 22 591 596 11.934
#> 490 mottf 1 AT5G64310 22 592 597 11.934
#> 491 motif 1 AT5G64310 22 696 701 11.934
#> match thresh.score min.score maxr.score score.pct strand

#> <character> <numeric> <numeric> <numeric> <numeric> <character>

#> 1 AAAAAA 10.7406  -39.948 11.934 100 -

#> 2 AAAAAA 10.7406  -39.948 11.934 100 -

#> 3 AAAAAA 10.7406  -39.948 11.934 100 -

#> 4 AAAAAA 10.7406  -39.948 11.934 100 -

#> 5 AAAAAA 10.7406  -39.948 11.934 100 +

#> ... 500 a0 600 500 500 oG

#> 487 AAAAAA 10.7406  -39.948 11.934 100 +

#> 488 AAAAAA 10.7406  -39.948 11.934 100 +

#> 489 AAAAAA 10.7406  -39.948 11.934 100 +

#> 490 AAAAAA 10.7406  -39.948 11.934 100 +

#> 491 AAAAAA 10.7406  -39.948 11.934 100 +

#> pvalue qualue

#> <numeric> <numeric>

#> 1 0.000244141 0.0494745

#> 2 0.000244141 0.0494745

#> 3 0.000244141 0.0494745

#> 4 0.000244141 0.0494745

#> 5 0.000244141 0.0494745

o
#> 487 0.000244141 0.0494745
#> 488 0.000244141 0.0494745
#> 489 0.000244141 0.0494745

S
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#> 490 0.000244141 0.0494745
#> 491 0.000244141 0.0494745

## Only keep the highest scoring hit amongst overlapping hits:
scan_sequences (motif, ArabidopsisPromoters, RC = TRUE, threshold = 0.9,

threshold.type = "logodds", no.overlaps = TRUE)
#> DataFrame with 220 rows and 15 columns

#> motif  motif.d sequence sequence.? start stop score
#> <character> <integer> <character> <integer> <integer> <integer> <numeric>
#> 1 motif 1  AT1G03850 4 56 51 11.934
#> 2 motif 1 AT1G03850 4 243 248 11.934
#> 3 motif 1 AT1G03850 4 735 740 11.934
#> 4 motif 1 AT1G05670 47 32 27 11.934
#> 5 motif 1 AT1G05670 47 78 73 11.934
>N R .. .. R 500 000 500
#> 216 motif 1 AT5G64310 22 251 246 11.934
#> 217 motif 1 AT5G64310 22 342 347 11.934
#> 218 motif 1 AT5G64310 22 586 591 11.934
#> 219 motif 1 AT5G64310 22 592 597 11.934
#> 220 mottf 1 AT5G64310 22 696 701 11.934
#> match thresh.score min.score max.score score.pct strand

#> <character> <numeric> <numeric> <numeric> <numeric> <character>

#> 1 AAAAAA 10.7406  -39.948 11.934 100 -

#> 2 AAAAAA 10.7406  -39.948 11.934 100 +

#> 3 AAAAAA 10.7406  -39.948 11.934 100 +

#> 4 AAAAAA 10.7406  -39.948 11.934 100 -

#> 5 AAAAAA 10.7406  -39.948 11.934 100 -

#> ... 0o o 500 500 500 000

#> 216 AAAAAA 10.7406  -39.948 11.934 100 -

#> 217 AAAAAA 10.7406  -39.948 11.934 100 +

#> 218 AAAAAA 10.7406  -39.948 11.934 100 +

#> 219 AAAAAA 10.7406  -39.948 11.934 100 +

#> 220 AAAAAA 10.7406  -39.948 11.934 100 +

#> pvalue qualue

#> <numeric> <numeric>

#> 1 0.000244141 0.0494745

#> 2 0.000244141 0.0494745

#> 3 0.000244141 0.0494745

#> 4 0.000244141 0.0494745

#> 5 0.000244141 0.0494745

> . 000

#> 216 0.000244141 0.0494745

#> 217 0.000244141 0.0494745

#> 218 0.000244141 0.0494745

#> 219 0.000244141 0.0494745

#> 220 0.000244141 0.0494745

Finally, the results can be returned as a GRanges object for further manipulation:

scan_sequences (motif .k2, ArabidopsisPromoters, RC = TRUE,
threshold = 0.9, threshold.type = "logodds",
return.granges = TRUE)

#> GRanges object with 94 ranges and 11 metadata columns:
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#> segnames ranges strand [ motif motif.7 sequence.? score
#> <Rle> <IRanges> <Rle> | <character> <integer> <integer> <numeric>
#> [1] AT1G03850  203-209 + motaf 1 4 9.08
#> [2] AT1G03850  328-334 = | motaf 1 4 9.08
#> [3] AT1G03850  707-713 = motaf 1 4 9.08
#> [4] AT1G05670  700-706 = [ motif 1 47 9.08
