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ABSTRACT

This supplementary text provides details of the
method presented in the main manuscript, as well
as supplementary results. It discusses mathematical
details of measures of association to elicit sequence
motifs with discriminative learning. The gradients of
those objective functions are given that are used in
the gradient optimization of the HMM parameters.
Furthermore, in addition to the mathematical
formalism of HMMs, in particular of binding site
HMMs, we describe how the gradient of the
HMM likelihood with respect to transition and
emission parameters are computed. Multiple testing
correction in motif analysis is also discussed.
We explain the multiple motif discovery mode of
Discrover, and illustrate the Discrover module for
the bioinformatics web framework Galaxy.

Supplementary results presented here include
detailed motif discovery performance metrics on
synthetic data for all considered motif discovery
results. For data of the PUF family of RBP this
supplement includes a dilution analysis, as well
as word-based analyses. For the ChIP-Seq data
positional distributions of the motif occurrences in
the ChIP-Seq regions are displayed. Also, tables
with detailed numbers of occurrences of motifs in
signal and control data are included for both RBP
data and for ChIP-Seq data.

MEASURES OF ASSOCIATION

Here we collect various discriminative objective functions,
some of which are implemented in the accompanying
software, while others are used by related methods. Among the
objective functions are measures of association in contingency
tables, as well as measures not based on contingency tables.
Some of these objective functions are directional, i.e. motifs
that maximize them are not only differential but in fact
enriched in the signal sequences. By considering motifs that
minimize directional objective functions one can identify

Supplementary table T1. 2x2 contingency table of
number of sequences in datasets for two conditions that
have or do not have at least one occurrence of a motif.
TP and F P stand for true and false positives, TN and
F'N for true and true negatives.

Condition Motif present Motif absent
Signal TP FN
Control FP TN

differential motifs that are depleted in the signal sequences.
For non-directional objective functions it is possible to filter
differential motifs for enrichment in the desired sample.

2x2 CONTINGENCY TABLES BASED MEASURES

First we will discuss measures that are based on 2x2
contingency tables, as exemplified in supplementary table
Such contingency tables are applicable in binary classification
problems on data representing contrasts involving a pair of
positive and negative example sets.

Difference of relative frequency - DFREQ

The simplest directional measure of association is the
difference of relative frequency of motif prevalence in the
signal and control data (DFREQ),

TP FP
TP+FN FP+TN'

DFREQ=AF = )]

One may argue that a possible drawback of this measure is
the failure to assign higher relevance to qualitative differences
between signal and control samples. As an example, consider
the following two contingency tables,

1000 0 950 50
n= ( 500 500) and - Ty= (450 550) :
1

For both T and T the relative frequency difference AF = 3,
but there is a qualitative difference in that the data of 7T are
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Supplementary table T2. k x 2 contingency table of
number of sequences with and without a feature in
datasets of k conditions. m; gives the number of
sequences with motif in the regulatory sequences of
condition ¢. n; is the number of sequences in condition
7.

Condition Motif present Motif absent
1 mi ny—mai
ma ng —ma
k mg ng —myg

consistent with the hypothesis F'IN =0, while there is evidence
contradicting this hypothesis for T5.
Matthews correlation coefficient - MCC

Another directional measure of association is Matthews
correlation coefficient (1) (MCC), defined as

TP-TN—FP-FN
V(TP+FP)(TP+FN)(FN+TN)(FP+TN)
2

MCC=

As the name indicates, the MCC is a proper measure of
correlation, i.e. it takes on values between -1 and 1, where a
value of 1 indicates perfect correlation, a value of -1 an inverse
perfect correlation, and a value of O statistical independence.
The MCC of the matrices 17 and 75 is 0.577 and 0.546,
respectively, demonstrating that the MCC assigns higher
relevance to the association observed in the case of T7.

Fisher’s exact test

Another widely used measure of association on 2 X2
contingency tables is Fisher’s exact test (2). It is based
on the tail probabilities of the hypergeometric distribution.
Fisher’s exact test amounts to summing the probabilities of all
contingency tables that are more extreme than the observed
contingency table. It thus gives the probability of observing a
contingency table as extreme or more so than the observed one
based on a null model of independence of rows and columns
under fixed marginals.

For T and T Fisher’s exact test gives an odds ratio of co
and 23.17, respectively, which both correspond to p-values
less than the smallest representable positive floating point
number. When adding one pseudo-count before computing
Fisher’s exact test, the resulting odds ratios are 984.59 and
22.73, respectively. There exist generalizations of Fisher’s
exact test to contingency tables larger than 2 x 2 (3)).

K x2 CONTINGENCY TABLES BASED MEASURES

In case multiple positive or negative example sets are
available, or in case a signal grading contrast is used,
contingency tables of motif occurrence in the sequence data of
n conditions take the form depicted in supplementary table[T2]

Note that for probabilistic motif models 8 we will use
contingency tables that hold expected counts m;(6) of
sequences with motif occurrence in condition <.

Normalized enrichment scores

The first k£ x 2 contingency table based measure that we want
to discuss here are normalized enrichment scores. These are
usable when the contrast provides one set of positive example
sequences and multiple sets of control sequences. They are
related to the difference of relative frequency discussed
above. Normalized enrichment scores divide the difference
of relative frequency in the signal data and the mean of
relative frequencies in the control by a standard deviation
computed from the relative frequencies in the control datasets.
For this we define the relative frequency of sequences with
motif occurrences in condition i to be f; = % Assume that
condition 1 is the signal dataset, and conditions 2 to [+1 are
control datasets. The mean relative frequency of sequences
with motif occurrences in the control data is labeled p=

ZHl fi» and the standard deviation of relatlve frequenmes

+1
in the control datasets, o, is given by 02 = =1 Z 5(fi— )2,
Then the normalized enrichment score z is given by

3

The following measures of association are applicable to
general n X k contingency tables.

Pearson’s x? test for independence

Perhaps the most well known such measure is given by
Pearson’s x? test for independence (). Given a contingency
table with counts O;; in the cell in row 7 and column j,

and defining the row sums R; = Z§:1 O;; and column sums
Cj=>110;;, as well as the expected counts under the

1ndependence hypothesis F;; = ’—J ,where N=3" | R, =
Z =1 Cj, then the X 2 statistic is given by

3oy OB @

i=1j5=1

This statistic X2 is asymptotically distributed like x? with
(n—1)-(k—1) degrees of freedom, and thus p-values are
available for it.

Mutual information of condition and motif occurrence -
MICO

Assume we are given a contingency table for the number of
sequences with or without at least one occurrences of a motif
M across the conditions of a contrast C. Mutual information
of condition C' and motif occurrence M (MICO) is an non-
directional measure of association from information theory
(8H7), which measures in bits the expected log odds ratio
of the observed contingency table to an independence model
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that assumes no association between conditions and motif
presence.

P
MICO=I(C;M)= Z P(c,m)loggy P(C()CI%> ©)
meM

where P(c,m) are joint relative frequencies of contingency
tables like depicted in supplementary table [T2} and P(c)=
Y omemP(e;m), and P(m)=3%" .~ P(c,m) are their row
and column marginal relative frequencies, respectively. In
terms of the variables given in supplementary table this
is

+log, an.
J
(6)

Mutual information is closely related to the likelihood ratio
statistic A (8) and the G-test statistic (9),

G =—2logA=2log2-I(C;M)- Y~ M. (7
j

Due to Wilks’ theorem (10), the G-test statistic for kx2
contingency tables is distributed like x? with k—1 degrees
of freedom, where k is the number of objects in the contrast.
This connection allows the calculation of p-values for mutual
information.

MEASURES NOT BASED ON CONTINGENCY
TABLES

Difference of log likelihood

A directional discriminative objective function that is not
based on contingency tables is the difference of log likelihood
between signal and control (DLOGL),

DLOGL = AlogL =logP (Xsignal |0) —log P (X control |0)
= logP(X;|6)— log P(X;|6),

1€signal 1E€control

®

where X ggna and X conyol are the signal and control data,
respectively, and 0 are the parameters of a probabilistic model.
In words, this objective functions identifies models for which
the signal data appear as typical examples but simultaneously
the control data appear as unlikely examples. Thus, data
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Supplementary figure S1. The graphical model of MMIE. C represents the
class, or dataset, M the motif presence, and X the observed sequence. For an
explanation of the graphical model notation see e.g. (11).

yielding high likelihood for a model selected by Alog L tends
to indicate signal data.

The choice of AlogL as objective function for learning
necessitates balancing of the sizes of signal and control data.
In case the control dataset is considerably larger, any gain
in likelihood for the signal data may be outweighed by a
loss of likelihood for the control data. Dominating control
data sizes may thus lead to parameters that are determined
primarily by being bad generative models for the control data.
Conversely, in case the control dataset is considerably smaller,
this objective function is dominated by the signal likelihood
and loses it discriminative character.

Difference of entropy rates

A related approach, that we did not pursue further, but that
might obviate the need to balance signal and control dataset
sizes, is to scale the log likelihoods by the data size, effectively
computing entropy rates, and then to consider the difference of
entropy rates of signal and control.

Classification probability - MMIE

We now turn to consider a probabilistic model of classes. For
this we assume that the data are given in form of paired sets
of sequences X =(X;) with corresponding classes ¢=(c;).
one may consider the probability of correctly classifying all
samples (MMIE),

P(C=c|X,0)=]]P(Ci=ci|X;,0), ©)

or its logarithm,

logP(C=c|X,0)=> logP(Ci=c;|X;,0). (10)
A

It may appear tempting to identify the classes with motif
presence or absence, but this turns out to be problematic
when the data includes mislabeled samples, in particular false
positives. As this situation appears to be common in real
biological data, it makes sense to consider alternatives. One
possibility is to add a mixture model as follows.

The model comprises three random variables, X for the
sequence, a binary variable M for the motif presence in
a sequence, and a discrete variable C' for the class of
the sequence. Additionally, there are parameters 6 for a
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probabilistic (sub-) model that determines P(X|6@). The
structure of the model is as depicted in supplementary
figure [ST| which corresponds to the following factorization,

P(C,M,X|0)=P(X|M,0)P(M|C)P(C). (1)

The conditional probabilities P(M|C), the prior P(C), as
well as the HMM parameters 6 are parameters of the
model. P(C) is a probability distribution over k=|C/| classes,
and thus represents k—1 free parameters. P(M|C) is a
table of conditional probabilities with kx 2 entries, and
k free parameters. Given an expression for the likelihood
P(X|0) and for posterior probability of a feature occurrence
P(M|X,0), we then have

where P(M)=3_.ccP(M,c)=>.ccP(M|c)P(c). The
likelihood of motif presence and class, P(C,M|X,0), is then
given by

P(M|X,0)P(X|0)

PCMIX0)=—5 pxg T MICIP(C) .
_ P(M|X,0)
=—pun_ PMIOPE).

By summing over M € {m,—~m} we can express the posterior
probability of classifying data X as class C' given the HMM
parameters 0, P(C|X,8), as follows,

P(C,M,X@):WP(M@F(O)
12)
_P(M|X,0)P(X|0)

P(C|X,0)=P(C,m|X,0)+ P(C,~m|X,8) (14)
=P(C) (Wp(m|0)+ Wp(ﬂmw’)) 15)
- P(m|X,0) 1—P(m|X,0)
() (P2 Pnle)+ S - p(mic) ) 16)
- PmIX.0) , o PmIX.0) o 1=P(m[C)
P0) (PP ptmle) - S (1 Pl + TS a7
=P(C) P(le’@(P;Tyjz?)_lfng?g)) 1;1@?) 8)
1_131(30(27” (P(m|X,0) (P](Dm? 1) +1P(m|C’)) . 19)

In we use (T3). Step (L6)) uses the fact that M is a binary
variable, and thus m and -m are complementary events, from
which we have P(m)=1—P(—m), and similarly P(m|C)=
1—P(—-m|C), and P(m|X,0)=1— P(—-m|X,0). The steps
(@7), (18), and (19), are just rearranging and cancelling terms.

(
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GRADIENTS OF DISCRIMINATIVE OBJECTIVE
FUNCTIONS

Next, in order to allow for gradient optimization, we give
expressions for the gradients of these objective functions.

Throughout this section, we generally assume a proba-
bilistic model with parameters 8 for a motif M, and will
occasionally denote the presence of M with M () to indicate
that it depends on the probabilistic model 6. Similarly, m;(0)
is used to stress that the number of sequences in condition
i with occurrences of motif M depends on 6. The gradient
expression presented below generally depend either directly
on the log likelihood gradient, Vlog P(X |0), or indirectly via
the gradient of the expected counts of sequences with motif
occurrences, Vm;(8). Later in this supplement we will give
expressions for both of these gradients.

Below, we first give gradient expressions for the likelihood
difference before turning to the contingency table based
measures. We will first consider 2 x2 contingency tables,
and give gradients for the difference of relative occurrence
frequency, for the MCC, and for mutual information. We
exclude Fisher’s exact test due to the absence of simple
expressions for i 1ts gradient. While expressions for the gradient
of Pearson’s X2 statistic are available, they are not as simple
as those presented below.

Likelihood difference

The gradient of the difference of the log likelihood is simply
the difference of log likelihood gradients

VAlogL= ZVIogP(X
1E€signal

i\@)—ZVIogP(XiW) (20)

i€control

For the case of hidden Markov models, we give expressions
for the log likelihood gradient V1og P(X|@) in a later section.

Difference of relative frequency of occurrence

Adopting the notation of supplementary table and
assuming that conditions 1 and 2 represent signal and
control respectively, the gradient of the difference of relative
frequencies of sequences with motifs between the signal and
control is given by

Vi (8) Vima()
ni nag

VAF= 21

Mutual information

To derive an expression for the gradient of the mutual
information of condition and motif presence we consider the
gradient of (6)),

VI(C;M(0))=

1 .

A P N D)
(Zv z(0>>1g22n._mi(0)>. (22)

%
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Matthews correlation coefficient

To find an expression for the gradient of the MCC we first
adopt the notation of supplementary table

1 ) ngml(e)—nlmg(e)

MCC=
Vi \/(m1(0)+m2(6))(N —m1(8)

9

—mz(0))
(23)

where N =nj+ngo. We now consider first the gradient of the

numerator of the second term of (23),
V (ngm1(0) —nims(0))

=naVm1(0)—n1Vma(0). (24)

The gradient of the denominator of the second term of (23)) is

Y/ (m1(8)+ma(0))(N —m1(0) —ma(6))
(B0 -ma(8)) (Tmi(6) +Vma(0))

\/(m1(9)+m2(9))(N—m1(9)—m2(9))

(25)

Using these two expressions and the quotient rule for
differentiation, and canceling a few terms we have the
following somewhat lengthy expression for the gradient of the
MCC,

) Vm1(0)+Vma(0)
(mmm+mxmemummme'(”)

Classification probability - MMIE

Our MMIE learning routine uses gradient optimization for the
HMM parameters 8 = (6;);. The other MMIE parameters, i.e.
the class prior P(C') and the conditional motif occurrence
priors P(M|C), are simply reestimated by our MMIE learning
routine. Thus, for MMIE, we only give the gradient of the
classification probability VP(C|X,0) with respect to the

HMM parameters 0, V = ( 80

i

P(C|X,0)=

P(C) <

P(m|C)
I~ P(m) ‘Q

P(m)
P(m|X,0). (27)

As the global MMIE objective (T0) is given by the sum of
log probabilities of correct classification of the individual
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sequences, we finally consider

VlogP(C|Xv9):W
__P(C) (P(m|C) |\ YP(mIX.0)
—1_P(m)< Plm) ) P(C1X.,0) (28)
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MEASURES FOR CONDITIONAL ASSOCIATION

Our method makes use of conditional mutual information
(cMI) (6), as mentioned in the multiple motif mode section
of the methods part of the main manuscript. cMI of a variable
X and a variable Y given a variable Z, I(X;Y|Z), is defined
as,

P(z,y]2)
I(X;Y2)=) P(x’y%)lOgZP(xIZ)P(Z)
zeX /
y@Z’
z€E P( )P( ) (29)
x’y?'z 4
= Z P(xz,y,z)logy 5——7—-
= P(LL',Z)P(:U?Z)
yey
z2€Z

In particular, we use it to determine cMI of conditions of a
contrast C and occurrence of motif 4 given occurrences of
motif B (¢cMICO),

cMICO(C; A|B)=1(C;A|B), (30)

as well as to define motif pair cMI of occurrences of two
motifs A4 and B given conditions of a contrast C,

motif pair cMI(A;B|C)=1(A;B|C). (31)

c¢MICO of a contrast C and a motif 4 given a motif B
measures the discriminatory contribution of A across the
contrast C after accounting for the discriminatory contribution
of B. Motif pair cMI of A and B across C quantifies how
strongly occurrences of A and B are associated throughout
the contrast.

Motif pair MI and motif pair cMI

Our usage of cMICO and motif pair cMI for filtering (see page
[16] of this supplement) is motivated by FIRE (12). Unlike our
criterion, however, FIRE uses the (non-conditional) motif pair
MI in place of the motif pair cMI. In our opinion motif pair
cMI improves over motif pair MI, as illustrated by the two
cases in supplementary figures [S2] and [S3] In the first case,
two motifs that independently occur within each condition are
found as associated by MI, but not by cMI. Conversely, in the
second case two motifs that are dependently occurring within
each condition are only found as associated according to cMI,
but not according to MI.

In other words, usage of (non-conditional) motif-pair MI
may lead to the conclusion that independently occurring
motifs are occurring dependently, and conversely that
dependent motifs are occurring independently, while cMI does
not have this problem. Theses cases are of course instances of
Simpson’s paradox (13).
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A Condition 1 B Condition 2 C Marginal (1+2)
\ A —-A \ A -A \ A —-A
B 1 9 B | 81 9 B | 82 18
-B |9 8l -B| 9 1 -B |18 82

Supplementary figure S2. Two motifs occur independently in condition 1,
and independently in condition 2, but their marginal distribution appears
dependent. In this case motif pair cMI yields 0.44 bit, while motif pair MI
yields 61 bit (calculations done after adding a pseudo-count of 1).

A Condition 1 B Condition 2 C Marginal (1+2)
\ A —-A \ A —-A \ A —-A
B [40 O B 0 60 B |40 60
-B| 0 60 -B |40 O -B | 40 60

Supplementary figure S3. Two motifs are dependently occurring in
condition 1, and dependently in condition 2, but their marginal distribution
appears independent. In this case motif pair cMI yields 167 bit, while motif
pair MI yields O bit (calculations done after adding a pseudo-count of 1).
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HMMS FOR MOTIF DISCOVERY
INFERENCE WITH HMM

This section first introduces notation and then gives brief but
concise definitions of important algorithms for inference using
HMMs.

Relevant literature on HMM includes a famous review
by (14), as well as textbooks on speech recognition
applications (13)), biological sequence applications (16)), and
more theoretical aspects (17)). Also, general machine learning
textbooks may serve as introduction to the theory of HMM
(7, 118).

Hidden Markov modeling involves two spaces, one that
represents the observable entities, and another one that
represents underlying states. Both observation and state space
may be continuous or discrete. Here we will only consider
discrete observation and state spaces.

Formal definition of hidden Markov models

The notation and definitions here follow (19) and (14).
Hidden Markov model Let A= (a;;) be an N x N stochastic

matrix, 162 1a1]—1fora111<z<N Leta=(a;),1<i<
N be a probability distribution, i.e. Z _1a;=1.Foreach 1<
i< N let b;(y) be a probability density: [b;(y)dy=1. Let 6

be the triple A,a,b={b;}. We define a stochastlc process X =
{Xt}thl with density

P(X|0)=P(X
N

= Zaioaioh biy (#1)@iyiybiy (£2) - @ig_yigbig (T7).
10,01,y =1

1=21,Xo=x9,...,.X7=x7|0)

(32)

Then 6 is a hidden Markov model for {X;}.

Hidden Markov model with start and end state As above,
let A= (a,'j) be an N x N stochastic matrix, and for each 1 <
1< N let b;(y) be a probability density. Let 8 be the pair A,b=
{b; }. We define a stochastic process X ={X;} with density

P(X|0)=P(X1=21,X2=12,.... X7 =27(0)
N
= a1i,biy (21)a4,iybiy (€2) Qi igbig (27) a1
it mir=1

(33)

Then @ is a hidden Markov model with start and end state S
for {X;}. Below we, will exclusively use HMMs with start
and end state S7.

The start and end state .S is the only state to emit a specific
symbol, €, the so called empty symbol that is never occurring
in the observations and which is not emitted by any other state.
It is assumed that the observation sequence X = X1 Xo... X7
is pre- and postfixed by the empty symbol ¢, i.e. that Xg=
X741 =¢, thus forcing any valid state path to begin and end
in that state.

Inference with HMMs

HMMs are useful probabilistic models of sequence data
because they can give answers to questions like which state
the system was in at a given point in the observation.

Important tools to perform efficient inference with HMMs
are the forward and backward algorithms that compute two
matrices a and 3 of likelihoods of partial observations, such
that
at(i)::P(Xng...Xt,thSiW) (34)
is the conditional joint probability of the partial observation
sequence X7 X9...X; and being in state .S; at time ¢ given the
model 6. The matrix 3 is defined by

Be(i):=P(X¢11X¢42... X7lqt = 5;,0) (35)

and gives the conditional probability of the partial observation
sequence X¢41X¢y2...X7 given the model € and given that
the state at time ¢ is .5;.

Algorithm to compute the forward matrix

The following algorithm computes the forward matrix.

1. Initialization (¢ =0):

N 1 forj=1
O“O(]){o forl<j<N (36)
2. Recursion (t=1,...,T+1):
N
=0;(X0)) ay-1(i)ay; for1<j<N 37
=1

Regarding the initialization step in the algorithm, note that
we use an HMM with start and end state, assuming that it is
initialized in state gg =.51.

Algorithm to compute the backward matrix

The following algorithm computes the backward matrix.

1. Initialization (¢t =T"+1):

N for j=1
Br+1(j)= {O for 1<j<N (38)

2. Recursion (t=1T,...,0):

Z“w

(Xer1)Bis1(j)  forl<i<N (39)

Regarding the initialization step in the algorithm, note again
that we use an HMM with start and end state, assuming that it
has to end in state g7 =951.
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Computing the posterior probability of being in a state

Using the forward and backward matrices we find that the joint
probability of being in state S; at time ¢ and an observation
sequence X = X1 Xo... X7 given the model 8 is given by

P(X,qt=15;]0)= (i) (). (40)

And, using the Bayesian theorem, from this we see that the

posterior probability of being in state S; at time ¢ given an
observation sequence X = X7 Xo... X7 is given by

at (1) B (7)
P(X|0) @D

P(qt=15;|X,0)= PXI0) "

Similarly, if we want to compute the posterior probability of a
transition from state S; to state S at time ¢ we may use

P(X,qt=>95;,qt41=15;10
P(gt=5;,qt+1=5;|X,0)= : tP(lXIZF)l -
o (i)aijbj (Xt+1)6t+1(j)
- P(X|6) @

Computing the likelihood

By marginalizing (d0) over all states at any time ¢ we can
compute the likelihood of an observation sequence X =

X1 Xs...Xp given the model 6,
N N

P(X[0)=> P(X,q:=Si|0)=>_as(i)B:(i). (43)
i=1 i=1

For HMMs with start and end state S7 another way of
determining the likelihood from the forward matrix alone is

P(X|0)=P(X,qp+1="5110)=ar1(1), (44)

and similarly, using only the backward matrix:

P(X|60)=P(X,q0=151|0)=p0(1). (45)

Scaled forward-backward matrices

With increasing length of the observation the numbers in the
matrices o and 3 quickly become smaller than what can
be represented by floating point numbers. To alleviate this
problem a scaling method can be used, which is detailed
below.

The scaled forward-backward algorithm determines two

matrices & and B as well as a scaling vector s such that

Hsk ay (i Hsk, (46)
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and
_ T+1
=6e(i) IT - @7
k=t
In equation (46)) the latter identity is due to so=1.

Algorithm to compute the scaled forward matrix

The following algorithm computes the scaled forward matrix
& and the scaling vector s.

1. Initialization (¢ =0):

- 1 for j=1
= 4
Go() {0 for 1<j<N “@8)
so=1 49)
2. Recursion (t=1,...,T+1):
N
=b;(X1)Y ay-1(i)ay;  for 1<j<N (50)
i=1
N
st= Y dn(i) (51)
i=1
&(j)= O‘i] ) for1<jen (52)

Note that the algorithm to compute the scaled forward matrix
a differs from the algorithm for the unscaled forward matrix
o in that first an intermediate value &; is computed, which is
subsequently summed over to yield s;. This sum is then used
to scale the values in the matrix & for time ¢, yielding .

Algorithm to compute the scaled backward matrix

The following algorithm computes the backward matrix J¢;
using the scaling vector s.

1. Initialization (t=T+1):

1 for j=1

Br41(j) = { ST+ 53
Br1(7) {0 for 1<j<N (53

2. Recursion (t=1T,...,0):

Zam (X141)Bi+1() for I<i<N (54)

Buli) = 10 (55)

Note that in the algorithm for the scaled backward matrix the
same s; values are used that were determined in the calculation
of the scaled forward matrix.
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Computing the likelihood

Building on (44)), and using the scaling coefficient vector s,
the likelihood of the observation sequence X = X1 Xo... X7
given the model 8 may be computed by

T+1 T+1

H st= H st, (56)

P(X|0)=ary1(1)=daryq(1

as arg1(1)=1, and sp=1. Similarly, and numerically
preferably, the log-likelihood may be determined by

T+1

log P(X|0) = Z log s¢. (57)

Computing the posterior probability of being in a state

An expression based on the scaled variants of the forward and

backward matrices, & and B corresponding to for the
posterior probability of being in a state .S; at time ¢ given the
observation sequence X = X1 Xs... X7 and the model 6 is

(i) e (i)
P(X|0)
_ (1) Theo sk Be () TTE S, s (58)

T+1
t:JB St

=0 (1) Be (i) st

P(qt=5;|X,0)=

Similarly, (42) may be computed as

Nasibi (X :
P(qt:Si,qt+1:Sj|X,9):at(z)a” ]( t+1)5t+1(])

P(X10)
_@t(i>H§g:OSka’i]b (Xp1)Be (DT H_lsk
B T+1
t=0 St

=&y (1)a;jbi (Xe41)Ber1(§)- (59)

Expected number of transitions

By summing over @2) or over (89), we compute for each
observation sequence X" the expected number of transitions
Ag’; from state S; to state S,

T
A=Y "P(gr=5i.q141="S5;|X™.0)
t=0
T
ZO&T )a;jb; t+1)5t+1() (60)
XmIO)
t=0
T

Z i)aijb;

(XTE)BT (),

By subsequently summing over all M observation sequences,
we determine the total expected number of transitions A;;
from state .S; to state S s

M
Aij= Z AZL (61)

Expected number of observations

The expected number of times that observation x occurs in
state S; in observation sequence X is given by summing
(@1) or over those times ¢ at which x is observed,

Z Plgt

{tl X ==}

= >
(1| X} =2}
= > P (i)se.

{t| X" =}

ai" (1) 8" (i)
P(X™|9) (62)

Again, by summing over all M observation sequences, the
total expected number of emissions of kind z in state .S; are
determined,

M
m=1

HIGHER-ORDER HMMS

As mentioned in the introduction of the main manuscript,
HMMs can account for interacting neighboring positions.
There are several different ways in which this can be achieved
via higher-order dependencies (illustrated in supplementary
figure [S4). In the simplest case, both emission and
state transition probabilities depend simply on the current
state (supplementary figure . However, state transition
probabilities can be modeled to additionally depend on more
than just the immediately preceding state (supplementary
figures and [C). Similarly, also emission probabilities can
depend both on the current state as well as on preceding
emissions (supplementary figures and [E). Alternatively,
aside from the current state, emission probabilities can also
depend on preceding states (supplementary figures [S4F] and
Finally, also combinations of the afore-mentioned cases are
possible (not shown).

Note that in this manuscript we only consider HMMs
with first-order transition and first-order emission probabilities
(supplementary figure [S4A). For higher-order models, the
equations presented in this section become slightly more
complicated, but retain the essential property that inference
and learning can be done in time linear in the length of the
data.
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A st order transitions, 1st order emissions

0000000

B 2nd order transitions, 1st order emissions

C 3rd order transitions, 1st order emissions

D 1st order transitions, 2nd order emissions

O -0 -0 -0 -0

00

F Emissions depend on the current and
preceding states

E 1st order transitions, 3rd order emissions
G Emissions depend on the current and two
preceding states

A 0 o

§b-o0

v

Supplementary figure S4. Graphical model notation for HMMs of different transition and emission orders. Circles correspond to state variables, rectangles
to emission variables. Doubly-circled states are non-emitting start and stop states. Filled nodes are observed. (&) Standard HMM for a sequence of length 5.
@ Transition probabilities depend on the preceding two states. @) Transition probabilities depend on the preceding three states. @ Emission probabilities
depend on the current state and the preceding emission. @) Emission probabilities depend on the current state and the two preceding emissions. @) Emission
probabilities depend on the current and the preceding state. @) Emission probabilities depend on the current state and the two preceding states.

Motif

Supplementary figure S5. State transition graph of a binding site HMM with
a motif of 8 nucleotides length and a background state B. The model includes
a start state S, and an end state E. The numbered states represent motif chain
states, the diamond shaped states are (optional) insert states. The box around
the motif is an instance of plate notation from probabilistic graphical models
(see (11)) and indicates that there may be multiple motifs, which may have
different lengths. Note that the implementation in Discrover uses a combined
start/end state, rather than two separate states as depicted.

BINDING SITE HMM

Supplementary figure [S3] illustrates the default topology of
binding site HMMs as used by Discrover.

We now describe how to calculate the posterior probability
of at least one motif occurrence, and then give expressions for
the gradient thereof.

Given an HMM @ that models binding sites for motif M,
let M be the set of states of M in 8. The likelihood of no
occurrence of M is the joint probability given @ of data and
all state paths that avoid transitions through M . This is the sum
of probabilities of all state paths g that do not transit through

M9

P(-M.X|0)= ) P(q.X|0). (64)
q:q;¢ M

With this we can compute the posterior probability of no
occurrence of M,

P(-M,X|0)

POMIX.0)=—F50

(65)

By considering the complementary element, we have the
posterior probability of at least one occurrence of M,

P(M|X,0)=1—P(-M|X,6). (66)

However, it would be fairly inefficient to enumerate all
paths q:¢; ¢ M in order to compute P (—M, X |0) according
to (64). Instead, we may consider modified parameters 6’
which are identical to @ except for having the transition
probabilities to all states g€ M set to zero. It is important
not to renormalise after setting these zero. Specifically, when
0=(0;);-1,., and 0'=(6;),_, , then ;=0 for all i for
which 6; represents a transition probability to a state g€ M,
and 0; =0, otherwise. We then have

P(-M,X|0)=P(X|0'), (67)

where we use P in P(X|0’) to indicate that this not
a normalized probability, i.e. > x P(X[60')<1 in general.
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However, P(X|6’) may still be computed with the forward-
backward algorithm applied to X and 6’.
The gradient of the posterior occurrence probability is

P(X|0")VP(X|0)—P(X|0)VP(X|0)

VP(M|X,0)= P(X16)2
_P(X|0") (VP(X|0) VP(X|8)
- P(X|0) \ P(X|0) P(X|0)

—P(~M|X,0) (VlogP(X\B) —v1og15(X|e')) .
(68)

This expression is in terms of the gradient of the log likelihood
which is given in the next section.

HMM GRADIENT CALCULUS

Gradient learning is an iterative, local learning method.
The parameter estimates @, are improved in iteration k by
computing the direction of steepest increase of the likelihood
VP (X|0) and taking small steps into that direction.

0i+1=0,+1,VP(X|0) (69)

The step size 7, may be a sufficiently small constant
(ne=mn), decrease with the iterations (e.g. Wk:%), or be
chosen (approximately) optimal for each iteration k using line
searching. Our method makes use of the Moré-Thuente line
searching algorithm (20).

Likelihood gradient

We first consider expressions for the likelihood gradient of a
single sequence X ™.

Partial derivatives w.r.t. transition probabilities Expression
for the partial derivatives of the likelihood with respect to
the transition probabilities was given by Leonard Baum (21,

T
OP(X™|0 o
OPIXTIO) s (i)y (X720) 6024 ) o)
v t=0
:AP(X’”W). (71)
aij

Expression uses the definition of the expected number of
transitions from state S; to S;, A7, as given in (60). From
this we have the partial derivative of the log-likelihood with
respect to the transition probabilities,

dlogP(X™6) 1 oP(X™e) A 72
8aij - P(Xm‘e) 8aij o aij

Partial derivatives w.r.t. emission probabilities An
expression for the partial derivative of the likelihood with
respect to the emission probabilities corresponding to the one
of Baum is

m N
W= Yo D ai(@aiB() (73)
5 (k) (X =k}i=1
1
——= > a"()B") (74)
%)
B™ (k)
=-L_P(X™#). 75
b, (k) (X™10) (75)

Expression (74) uses the definition of «}*(j), in (37),
expression (75) uses the definition of the expected number of
emissions of kind k in state S, Bjm(k) in (62). From this we

get the partial derivative of the log-likelihood with respect to
the emission probabilities,

dlogP(X™|0) Bj'(k)
obj(k)  b(k)

Another derivation of and can be found in (22).

(76)

Transformed probabilities

In order to avoid boundary issues during gradient optimization
Mao and Hu (23) suggest to consider quantities g;; and
h;;, which are defined to transform into the corresponding
transition and emission probabilities as

exp (g4
.. 1O )
> ke—1xXP(Yik)
and
1y
bi(l)zﬂj’{p#. (78)
> k=1¢xp(hik)
Partial derivatives w.r.t. transformed transition
probabilities Using that agZ =0, (6;1—a;j) a; Mao and

Hu (23) give for the partial derivative of the likelihood
with respect to the transformed transition probabilities g;;,

N T
oP(X™|6
%:Zza?(i)bk(xﬁl)ﬂﬂl(k) (Okj —aij) air
Yii k=1t=0
(79
N T
:Z (0kj —aiz) Za?(i)%kbk(Xﬁﬂﬁﬂl(k)
k=1 =0
(80)
N
=P(X™0) Y Al (3 —ais) - 81)
k=1
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While is just a reordering of (79), (8I) uses the definition
of ‘Azk in (60). From this we have the partial derivative of
the log- hkelihood with respect to the transformed transition
probabilities

zk: 516] az] (82)

dlog P(X™|6) i
agz] =1

Partial  derivatives w.r.t. transformed emission
probabilities Similarly, with %b,;'( L — 6 (Gug — bi (1)) by (k)
Mao and Hu (23) give an expression for the partial derivative
of the likelihood with respect to the transformed emission
probabﬂltles hjj that we can further simplify with an
expression from (62)) for the expected number of observations,

migy Al N
XTI S S apiaysr()
gk =1 \ {t|X=l}i=1
(Opy—bj(k))bs(1)  (83)
4
=Dl X alWEG) | (Bu—bik) b0
=17 {t|x =t}
A
=P(X™(6)> B7'(1) (05 —bj(k)), (84)
=1

where |.A| denotes the size of the alphabet. From this we have
the partial derivative of the log-likelihood with respect to the
transformed emission probabilities

|A]
ZBm ) (k1 —

OlogP(X™|0)

Dhe bj(k)), (85)

Note on gradients for non-normalized models

A comment is due regarding the calculation of the partial
derivative of the (ordinary or log) likelihood with respect to
the transformed transition probabilities for the non-normalized
AP(X™|0’ )
0gs5

Let us consider a state ¢ that has a transition to a state j € M,
where M is the set of states corresponding to a motif M. In the
full model parameters 6 we have a;; >0 with ) >, a;;, =1, and

in the reduced, non-normalized model parameters 6’ a; j =0
with ), a;k <1 (see section on binding sitq HMM, page .
Correspondingly, for the transformed transition probabilities
and j € M we have g;; >—oc and ggj = —oo for the full and

models,

non-normalized parameters @ and ', respectively, while for
k& M we have g, = g;.
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In this case it is important to define the term in the
denominator of (77) based on the transition probabilities of
full model parameters,

_ ) (g’/’j ) . (86)

a R gp—
N
> k—=1€XP(9ik)

v

Note here that only the terms in the denominator lack
apostrophes to indicate that only they are referring to the full
model parameters. Otherwise, the resulting gradient would
erroneously point out of the probability simplex.

As described in the main manuscript, our method by
default uses hybrid learning. In this mode, only the emission
probabilities of the motif states are optimized by maximizing
discriminative objectives through gradient learning. The
transition probabilities (and the non-motif state emission
probabilities) on the other hand are optimized by the Baum-
Welch algorithm. Thus, in the hybrid learning mode, the note
above is actually not of relevance. Yet, we feel it necessary to
include it for the sake of correctness for the general case.

RUNTIME OF HMM ALGORITHMS

Supplementary table gives an overview of the runtime
complexities of the calculations necessary to compute the
gradient. As is visible, the total runtime to compute the
gradient due to Baum is O(T'E+ N M). The formulation due
to Krogh are simpler than those of Baum but depend on
calculation of the expected statistics, and thus have the same
cumulative runtime of O(TE+NM). When transformed
probabilities are used, the formulation due to Mao and Hu is
O(TEN +TN?M). Our formulation reduces this to O(T E +
EN+NM?).
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Supplementary table T3. Runtime complexity and inter-dependence of inference algorithms. 7" is the length of the observation
sequence, N the number of states, £ the number of edges of the HMM (the number of non-zero transition probabilities). M is the
size of the alphabet.

#  Algorithm Complexity Depends on #  Equations

1 Forward, unscaled / scaled O(TE) (36). (37) / @8). (50)
2 Backward, unscaled / scaled O(TE) . (39) / (53). (54)
3 Expected transitions O(TE) 1,2

4 Expected emissions O(TN) 1,2

5 L gradient due to Baum 21) O(TE+NM) 1,2 R

6 L gradient due to Krogh O(E+NM) 3,4 @, @

7 L gradient, transformed statistics due to Mao and Hu O(TEN+TN?M) 1,2 {79). (83)

8 L gradient, transformed statistics O(EN+NM?) 3.4 (82). (83)
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MULTIPLE TESTING CORRECTION FOR MOTIF
FINDING PROBLEMS

Any motif finding method aims to find optimal sets of
parameters according to some objective function. During this
(exact, approximate or heuristic) optimization many parameter
values are tested and the best one is reported. Clearly, the
larger the allowed motif space the higher the maximally
achievable objective function is. It is thus desirable to account
for the difference in number of parameters when comparing
the values of the objective function on the same data for
two parameter sets with differing numbers of parameters.
There is no generally applicable way to account for difference
in number of parameters for arbitrary objective functions.
However, whenever the objective function represents a p-value
P, we may, in a Bonferroni style, multiply the p-value with
the size N of the motif space, to yield a corrected p-value
Prorrected- In log-space we have then

log Peorrected = min (0,log P+log N). (87)

Continuous motif space sizes

Next, we outline how we determine the motif space size for
continuous matrix based motif representations.

Here we propose to base the effective number of parameter
in a continuous matrix on rank statistics. Considering
individual positions, we assume that one to four nucleotide
may be allowed. If one nucleotide is allowed, there are
four possibilities of choosing this one nucleotide. When two
nucleotides are allowed, e.g. nucleotides z and y then we
may have x <y, x =y, ¥ >y, indicating that nucleotide z is
respectively less frequent, as frequent, or more frequent than
nucleotide y. Thus, for two nucleotides, one can choose two
of the four nucleotides and can have the two nucleotides in
three relations, resulting in (%) -3 =18 possibilities. Following
this logic, we have the following formula for the total number
of rankings of up to 4 elements selected from the nucleic acid
alphabet,

4 .
JzZ(Z_)-K(z):4-1+6-3+4-13+1-75:149, (88)
=1

where K (7) is the number of total preorders of 7 elements (24).
Then, by multiplying this number across the n positions of a
motif, we have a motif space size of N =J".
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DISCOVERING MULTIPLE MOTIFS

Supplementary figure [S@ illustrates the first part of the
multiple motif discovery mode of Discrover. First, seeds
are discovered using Plasma. For each seed an HMM is
initialized and independently optimized by Discrover. The
HMM achieving the best MICO based p-value is accepted. In
a second part further motifs are then added to this HMM as
described below and illustrated in supplementary figure[S7]

In turn, the single HMM motifs are added to the accepted
HMM, forming candidate HMMSs. The candidate HMMs
are then filtered, ensuring that newly added motifs provide
sufficient additional discrimination and are not redundant
with previously accepted motifs. This is done by comparing
in each candidate HMM the new motif first pairwise
against each previously accepted motif, and then jointly
against all previously accepted motifs. Candidate HMMs and
corresponding single-motif HMMs are discarded when the
filtering criteria—outlined below—are not met for the newly
added motif, whether in any of the pairwise comparisons or in
the joint comparison.

Filtering is based on conditional mutual information (cMI),
calculated in two ways: (I) cMI of conditions of the contrast
and occurrences of the newly added motif given occurrences
of previously accepted motifs (cMICO), and (II) cMI between
occurrences of newly added and previously accepted motifs
given the conditions of the contrast (motif pair cMI). cMICO
quantifies the discriminatory contribution of the new motif
after accounting for previous ones, while motif pair cMI
quantifies association between occurrences of the newly added
and previously accepted motifs. See page |/| for definitions of
c¢MICO and motif pair cMI. In order to concentrate on motifs
with a large residual explanatory contribution relative to their
association with previous motifs, HMMs are discarded if at
least one of two criteria is fulfilled: (a) the ratio of cMICO over
motif pair cMI does not meet a thresholcﬂ or (b) the cMICO
based p-value is not significant.

As mentioned above, these criteria are first checked
pairwise for the newly added motif and each previously
accepted motif, and subsequently for the new motif and
jointly all previously accepted motifs. In the joint comparison,
an occurrence for the previously accepted motif is counted
whenever any of the previously accepted motifs occurs.

Among the candidate HMMs that pass the filtering steps,
we select the one whose newly added motif achieves the
best cMICO based p-value. This HMM is then re-trained to
optimize MICO for the feature of sequences having at least
one occurrence of any of its motifs. If, after retraining, the
MICO based p-value improves over the previously accepted
one’s, it is accepted, and further motifs may be added.
Otherwise, or if all candidate motifs have been discarded, the
last accepted HMM is reported.

Plasma: find seeds

|

Discrover: Seed &
optimize HMMs

@tif HMMs

Select by other

Accepted HMM Remaining HMMs

Supplementary figure S6. Flow chart of the first part of multiple motif
discovery. The resulting accepted HMM and the set of remaining single-motif
HMMs are the inputs for the second part, depicted in supplementary figure
See text for description.

Note on filtering

Note that usage of the ratio of cMICO over motif pair cMI
is quite related to the usage of cMICO over motif pair MI
as is done by FIRE (12). However, as already mentioned on
page [7] in this supplement, unlike FIRE we use the motif
pair cMI instead of motif pair MI. The intention behind this
choice is to avoid pitfalls as illustrated by the two cases in
supplementary figures [S2] and [S3] While the illustrated cases
may be said to be extreme, we found the underlying issue to
be real. As motif pair cMI is used in the denominator of the
ratio, the filtering step is rather sensitive to misjudgement of
motif pair association. It is, in our view, therefore crucial to
avoid quantitatively misjudging motif pair association as may
frequently happen when using motif pair MI.

"We use the same threshold value of 5.0 as FIRE (12). As noted by Elemento
et al., the user may want to experiment with this value, as it serves as a
redundancy trade-off parameter. High values yield fewer motifs, low values
yield more redundant motifs.
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to accepted HMM

Accepted HMM At ST ol Single-motif HMMs R —

Filter by
ratio of
cMICO to
motif pair
cMI

fail Discard corresponding

single-motif HMM

pass

Filter by .
cMICO fail
p-value

pass

Select by
MICO other
p-value

‘ Keep corresponding
‘ single-motif HMM

best

Retrain HMM
for MICO

Improved o
MICO
yes p-value?

Stop

Supplementary figure S7. Flow chart of the second part of multiple motif discovery. Inputs are the accepted HMM, and the set of remaining single-motif HMMs

resulting from the first part, depicted in supplementary ﬁgure@ This part is executed until all single-motif HMMs have been accepted or discarded, or until the
MICO p-value is not improved after retraining. See text for description.
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GALAXY MODULE OF DISCROVER

A Simple interface B Advanced interface
hared Data-

Diserover (version 1.0.0) Discrover (version 1.0.0) ]
Motif lengths: Motif lengths:
3 3
Number of seeds: Number of seeds:

1 1
For each length, the best N seeds will be found and a HMM will be trained for each. For each length, the best N seeds will be found and a HMM will be trained for each.
Strandedness: strandedness:

RNA - ignore reverse complementary strand ¥ RNA - ignore reverse complementary strand | ¥
Options: Options:

simple v advanced ¥
Contrasts Contrasts

Contrast 1 Contrast 1

Signal sequences (FASTA): (3 @) Sequence sets

1: pum.ccrsignal.fa |+ Sequence set 1
Source for control sequences: Sequence file (FASTA): [3 7

shuffle the signal sequences ¥ 1: pum.ccr.signal fa

Shuffle these sequences:
Add new Contrast O

Treat as control sequences:

O

ted as control are not used for learning of context parameters (background emissions

quences sel

. and motif priors).
Discrover
https://qithub.com/maaskola/discrover Sequence set 2
What it does Sequence file (FASTA): [3 7]

. . .cer.control f

The input to Discrover is one or more sets of nucleic acid sequences. The program uses um.cencontrolta
various discriminative objective functions to determine significance of each motif found in Shuffle these sequences:
the postive set as compared with its representation in the negative set O

O To cite Discrover: Jonas Maaskola and Nikolaus Rajewsky. Binding site discovery from
nucleic acid sequences by discriminative learning of hidden Markov models, In
preparation

Treat as control sequences:

ted as control are not used for learning of context parameters (background emissions

Objective functions

MICO: Mutual information of condition and motif accurrence
MMIE: Maximum mutual information estimation Add new Sequence set
MCC: Matthews' correlation coefficient (only binary contrasts)

DLOGL: Difference of log likelihood (only binary contrasts)

DFREQ: Difference of accurrence frequency (only binary contrasts)
Baum-welch: Likelihood maximization (non-discriminative objective function)

Add new Contrast

Score:
MICO -
> £l |2 £

Supplementary figure S8. Screen shots of the @ simple and @) advanced Galaxy (25) web interfaces of Discrover. Both interfaces can be used to perform
either RBP motif discovery on the forward strand only, or DBP motif discovery by also considering occurrences on the reverse complementary strand. Motif
lengths may be specified as a comma-separated list of lengths or length ranges, e.g. ‘8’, ‘5-10’, or ‘5,8-10’. Multiple best seeds per length may be used. Using
both interfaces, multiple contrasts may be specified for joint analysis. The simple interface is designed for easy specification of binary contrasts, and assumes the
first sequence set of each contrast to be the signal sequences, while the second are assumed to be control sequences (control sequences can either be shuffles of
the signal sequences, as shown in the screen shot, or they can be another set of sequences uploaded by the user). The advanced interface allows specification of
contrasts of more than two conditions, and grants additional control over how the individual conditions of each contrast are to be used.
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PERFORMANCE METRICS

Supervised performance metric require the knowledge of
the true model used to generate data. As such they might
require an exhaustive specification of all true binding sites
in a synthetic sequence dataset. The first two supervised
performance metrics discussed below, both defined by (26)),
fall into this category.

Nucleotide level performance metrics

Given a set of implanted and predicted motif coordinates,
individual nucleotide positions may be classified as true and
false positives, and true and false negatives, see supplementary

figure[SOA.

nCC— nTP-nT'N—nFP-nF'N
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Basic nucleotide level statistics The following definitions for
basic nucleotide level statistics can be found in (26).

nT'P Number of nucleotides part of a site correctly predicted
nT'N Number of background nucleotides correctly predicted

nF' P Number of background nucleotides predicted to be part
of a motif

nF N Number of nucleotides part of a site predicted as
background

Nucleotide correlation coefficient Originally defined by
(27), the nucleotide correlation coefficient (nCC) is the MCC
applied on the nucleotide-level statistics. The nCC is given by

(89)

V/(W"TP4+nFN)(nTN+nFP)(nTP+nFP)(nTN +nFN)

The nCC, like the general MCC, is a value between —1
and +1. A coefficient of +1 implies perfect prediction, and
—1 perfect inverse prediction. A coefficient of O implies that
the prediction performance is equivalent to that of a random
prediction.

For the limit of any of the product terms under the square
root in the denominator approaching zero, the limiting value
of the MCC is zero.

Site level performance metrics

Basic site level statistics (28)) give the following definitions
for basic binding site level statistics, see supplementary

figure [SOB.

sTP Number of real sites that share over 50% of their
nucleotides with a predicted site

sF'P Number of predicted sites that share less than 50% of
their nucleotides with a real site

sF'N Number of real sites that share less than 50% of their
nucleotides with a predicted site

These definitions are more strict than the site level statistics
given by (20), which consider a single overlapping base
as sufficient. Using these basic statistics, one may define
the following site-level performance metrics. First, the site
sensitivity sSn is defined as

sTP

Sn=——+———. 90
ST STPYsFN o0
Next, the site positive predictive value is defined as

TP
SPPV=—— oD

sTP+sFP’

(

Sensitivity is also known as recall, while another name for
positive predictive value is precision.

Average site performance The average site performance
(sAP) is the arithmetic mean of site sensitivity sSn and of site
positive predictive value sPPV,

_ sSn+sPPV

AP
S 2

92)

As both sSn and sPPV represent relative frequencies, they
take on values between 0 and 1, where in both cases O signifies
the worst performance. For the sSn a value of 1 denotes that
each true site shares at least 50% of its nucleotides with a
predicted site, which is equivalent to the statement that there
are no false negative sites. In case of the sPPV a value of 1
denotes that none of the predicted sites is a false positive.
Clearly, as the sAP is the average of these two measures, its
values are confined to the same range.

Site sF; score Another choice of site level statistic is the site
level sFy score. It is related to the average site performance,
as it is the harmonic mean of site sensitivity and site positive
predictive value:

sSn-sPPV

=2 9
sSn—+sPPV ©3)

SF1

Like the sASP the sF; score is symmetrical in the
underlying statistics, takes values between 0 and 1, and
assumes its maximal value exactly when both underlying
statistics achieve their maxima. However, unlike the SASP it
is zero whenever either underlying statistic is zero. Whenever
sSn is not equal to sPPV, the sF; score is less than the SASP,
otherwise they are equal.
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A
Predicted
TN TN TN |FP| |FP| TP TP TP TP FN| EN TN TN TN
Implanted
B
Predicted FP FP
Implanted Tp FN FN

Supplementary figure S9. (A) Classification of nucleotide positions as true positives (TP), false positives (FP), false negatives (FN), and true negatives (TN),
based on the overlap with implanted and predicted motifs. (B) Classification of implanted binding sites as true positives (TP) and false negatives (FN), based on
>50% overlap with predicted sites. Classification of predicted sites as false positives (FP) based on lack of >50% overlap with implanted sites.

Summarization

Another topic worth discussion in the context of performance
metrics is that of summarization. It is in principle possible to
compute the nCC and sAP independently for each experiment
and study their distribution over some variate of interest.
However, discussion is eased by applying one of various ways
of summarization.

(26) consider three summarization methods. These are
‘average’, ‘normalized’, and ‘combined’.

Average This method summarizes by computing the average
value of the performance metric of interest for a variate
of interest.

Normalized This method standardizes the performance of
each experiment by subtracting the mean performance
of all methods applied to this experiment and dividing
by the standard deviation of all methods’ performance
values. For summarization, these standardized scores
are then averaged.

Combined This method unites the underlying statistics of the
experiments to yield super-experiment statistics. From
these super-experiment statistics the final performance
values are computed.

(26) report few qualitative differences among these three
methods of summarizing, except for that averaging of nCC
and sAP tends to reward methods that make no prediction on
many datasets. In light of this, we use the ‘combined’ method
for summarization.
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SUPPLEMENT FOR EVALUATION OF MOTIF
DISCOVERY PERFORMANCE ON SYNTHETIC DATA

Bugs in published motif discovery methods

Our evaluation revealed bugs in two motif finders: CMF and
MoAn.

Off-by-one error in CMF CMF failed to report motif
occurrences matching the found motif that begin at the first
position of a sequence, or end on the last position of a
sequence. The authors of CMF were quick to provide a patch
for this off-by-one programming mistake.

Faulty random number generation in MoAn The problem
we found with MoAn was due to faulty integer random
number generation. The routine used by MoAn is shown
in supplementary figure [STOA. It is supposed to generate
integers greater or equal to O and less than max. First, an
integer = between 0 and RAND_MAX=231 —1=2147483647
is generated using the system routine rand (). max is cast
to float and multiplied with & which is implicitly cast
to float for this. The product is subsequently divided by
RAND_ INT+I, a value strictly greater than x, thus supposedly
yielding a value that is strictly less than max. Finally, the
resulting floating point number is cast to int by truncating
the fractional part.

However, this routine generates values that are equal to
max with a probability of ﬁg%’m or about 2.98x 1078,
The reason for this is that variables of type float lack
resolution to represent values that are close to, but less than 1.
In particular, all division results that fall above the largest
representable number less than 1 are rounded to one. The
consequence is that instead of yielding numbers between 0
and n — 1, the routine sometimes returns n. As such numbers
are used by MoAn to index arrays, segmentation violations
may occur, and MoAn aborts. Although such events are
individually relatively rare, MoAn generates a lot (millions)
of random numbers per run, and thus the problems may
occur with a frequency in the percent range. We fixed this
problem by modifying the routine as shown in supplementary

figure[STOB.

Additional results for motif discovery performance on
synthetic data

Supplementary figure [STI] provides further motif discovery
performance metrics on the three sets of experiments with
synthetic data for the methods considered in in figure [2] This
includes, in addition to nCC, which is already displayed in
figure [2] the motif discovery performance metrics sSn, sPPV,
sAP, and sFj.

Motif discovery performance of additional methods

We evaluated the motif discovery performance of all
objective functions implemented in Discrover, as well as
further published methods on the three sets of experiments.
Supplementary figure [ST2] shows the nCC of all considered
methods, including those of figure [2l These supplementary
results show that usage of MCC, MICO, MMIE, and DLOGL
as objective function in Discrover all yield comparable results,
with DFREQ performing worse.

Additional evaluation of DREME During the review process
of this manuscript, and updated version of DREME became
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available. Our initial evaluation was based on the earlier
version that lacked a dedicated single-strand mode suitable
for RBP analysis. The results of the initial analysis using
the double-stranded mode are labelled “DREME DNA” in
supplementary figure[ST2] The later analysis using the updated
version in the single-stranded mode is labelled “DREME
RNA”. Motif discovery performance is practically identical
between the two analysis modes.

By default, DREME reports motifs until the last reported
motif fails to meet the E-value threshold (0.05). The above-
mentioned evaluations of DREME use a command line switch
to instruct DREME to only provide the first motif. To
establish whether this reduced motif discovery performance
on our synthetic datasets, we also ran DREME in the default
mode—Iletting it reporting motifs until the E-value threshold
was met—and subsequently selecting the best scoring one
according to DREME’s objective function. This evaluation is
labelled “DREME RNA*” in supplementary figure and
did not increase motif discovery performance over “DREME
RNA”.

We also sought to establish whether using DREME might
be a viable alternative to our own seeding method Plasma.
Thus we combined DREME with Discrover, with DREME
run in the single-stranded RBP analysis mode to discover one
seed, on which subsequently an HMM is seeded and further
optimized by Discrover. This approach is labelled “MICO-
DREME” in supplementary figure It yielded very nearly
the same motif discovery performance as when using our own
seeding method Plasma to seed HMMs.

Additional evaluation of MoAn As described in the main
manuscript, the default number of 3 x 107 iterations used by
MoAn made it infeasible to evaluate performance on the decoy
dataset. Supplementary figure [ST2] presents the partial motif
performance results of MoAn with the default number of
iterations on the basic and 3’UTR datasets, labelled simply
“MoAn”. Labelled as “Moan-3M" is the evaluation of MoAn’s
motif discovery performance using only 3x 108 iterations,
that is also included in figure 2| As is visible, motif discovery
performance increases when more iterations are done.

Runtime of motif discovery methods

Supplementary figure [S16] gives the total runtime of the
evaluated motif discovery methods on the three sets of
experiments. Note that the vertical axis shows runtime in
hours on a logarithmic scale. The evaluations were done on
an Intel® Xeon® E5645 CPU running at 2.40GHz with 12
CPU cores.

Discrover and its seeding method Plasma may make use
of multi-threading capabilities of modern CPUs. Thus, two
time measurements are given for each evaluation, one for
single-threaded (labelled “ST”) and one for multi-threaded
execution.

Overall, there is considerable variation in the run times of
the considered motif discovery methods, with the slowest one
taking between 226 and 932 times longer than the fastest one.

The order of the methods’ runtimes is relatively similar
across the three sets of experiments. As is visible from the
figure, using multiple threads Plasma is faster than any other
method. DME is faster than Plasma on the 3’UTR dataset
when Plasma uses only one thread. Following Plasma, the next
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(A) #define RAND_INT (max) (int)
(B) #define RAND_INT (max) (int)

(((float)
(((double)

* rand () /
* rand () /

(RAND_MAX + 1.0))
(RAND_MAX + 11))

max)
max)

Supplementary figure S10. Random number generation in MoAn. (A) Faulty random number generation routine in MoAn. (B) Proposed fix.

Supplementary table T4. Runtime of several motif discovery method on one pair of signal and control sequence sets. We considered
one particular motif discovery experiment from the basic dataset with 10000 signal and 10 000 control sequences each of length 1000
with a motif implantation probability of 1 % at an information content of 14 bit. Times are given as hours:minutes:seconds. The last two
columns give average CPU utilization in percent of a single CPU, and wall clock time relative to that of Discrover. Experiments were
run on an Intel ® Xeon®) E5645 CPU running at 2.40GHz with 12 CPU cores. Note: DEME did not finish after more than 74 days, 20

hours. Note: DIPS experienced contention for the used CPU, otherwise wall clock time would be around the same as the CPU time.

Method Wall clock CPUtime CPU[%] Relative wall clock
Discrover 00:01:59 00:08:12 413 1.00
DEME > 74 days > 74 days 100 > 54330.59
DIPS 628:27:21  605:10:46 96 19008.43
Dispom 40:09:41 88:09:16 219 1214.73
MoAn-3M 00:45:31 00:45:26 100 22.95
MoAn 08:20:57 08:20:04 100 252.53

fastest methods are DME and “DREME RNA”, followed by
the slightly slower “DREME DNA”.

Only a little bit slower than “DREME DNA” are the various
objective function modes of Discrover. Depending on whether
multiple, or just a single thread is used, Discrover is faster or
slower than MDscan and BioProspector. It is noteworthy that
among the objective functions of Discrover, the discriminative
ones—with the exception of DFREQ—are faster than the
generative one using the Baum-Welch algorithm. Aside from
being slower, DFREQ is also showing worse motif discovery
performance than the other discriminative objective functions
of Discrover (see supplementary figure[ST2).

Again with the exception of DFREQ (and BW on the decoy
datasets), but regardless of whether using multiple threads or
not, Discrover is considerably faster than the other published
discriminative motif discovery methods CMF, FIRE, DECOD,
and MoAn-3M.

Note again, that the default number of 3 x 107 iterations for
MoAn would imply a roughly ten-fold hi%her runtime than
that of “MoAn-3M” which uses only 3 x 10° iterations.

The runtime of “MICO-DREME” on the 3’UTR datasets is
lower than that of MICO because unlike our Plasma seeding
method, DREME for some datasets does not return a motif.
Particularly, no motif is reported when DREME does not find

Supplementary table T5. Motif discovery performance. nCC: nucleotide-level Matthews correlation coefficient, %: nCC in percent of
recognizability. NA: not available. Numbers are plotted in supplementary figure[S12]

Basic 3’UTR Decoy
nCC % nCC % nCC %
Recognizability 0.68 100 0.68 100 0.59 100
BioProspector 0.43 63 043 63 0.21 36
CMF 0.40 59 045 66 0.27 45
DECOD 0.42 62 034 51 042 72
DME 0.48 71 041 60 0.44 75
DREME DNA 0.56 83 0.59 86 0.52 88
DREME RNA 0.56 83 0.59 86 0.53 90
DREME RNA* 0.56 83 0.59 87 0.53 90
FIRE 0.39 58 040 59 037 62
MDscan 0.15 23 0.19 28 0.09 15
MoAn-3M 0.60 89 0.62 91 0.50 85
MoAn 0.63 92 0.64 94 NA NA
Discrover - BW (MICO) 0.67 98 0.51 76 0.55 93
Discrover - BW 0.67 98 0.51 74 049 83
Discrover - DFREQ 0.61 89 0.59 87 0.30 51
Discrover - DLOGL 0.66 97 0.66 97 0.58 97
Discrover - MCC 0.66 97 0.66 97 0.56 95
Discrover - MICO-DREME  0.65 96 0.66 97 0.57 96
Discrover - MICO 0.66 97 0.66 97 0.57 96
Discrover - MMIE 0.66 98 0.67 98 0.57 96
Plasma 0.63 93 0.61 90 0.56 95
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a motif that meets its significance threshold. Whenever this
is the case, no subsequent optimization happens for “MICO-
DREME”, thus fewer HMMs are optimized, which explains
the reduced runtime. On the other hand, as the figure shows,
DREME itself is somewhat slower than Plasma, which is why
“MICO-DREME” is slightly slower than “MICO” on the basic
and decoy datasets.

Interestingly, our Baum-Welch learning method BW is
slower than most of our discriminative ones. This is in spite
of the fact that line searching for gradient optimization of
the discriminative objectives evaluates the objective function
(and simultaneously its gradient) multiple times per iteration,
typically three times. Also, within our hybrid learning
approach the Baum-Welch algorithm is used to reestimate
the probabilities for state transitions and background state
emissions (see section Hybrid Learning in main manuscript).
The increased runtime of the pure BW approach, then, is
due to the higher total number of iterations needed until
convergence, as compared to that needed for convergence in
hybrid learning for discriminative objectives.

Effect of significance filtering on motif discovery
performance

Supplementary figure |S17| shows the effect that significance
filtering based on MICO has on the motif discovery
performance. It considers the effect on the performance of
signal-only, generative HMM parameter learning, and on that
of MICO-based, discriminative HMM parameter learning. For
the signal-only case, seeds are determined in two ways: (I)
either by frequency in the signal-data alone (“BW”), or (II)
in a discriminative way by evaluating MICO on the signal
and control data (“BW (MICO)”). As is evident from the
figure, the effect of discarding motifs that are not significantly
associated with the signal/control distinction is large in case
HMM parameters are trained only using the signal data, i.e.
for “BW” and for “BW (MICO)”. On the other hand, when
HMM parameters are trained by MICO, then the effect of
significance filtering based on MICO, is not very pronounced.

doi: 10.1093/mar/gkul 083
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Supplementary figure S11. Summarized motif finding performance of various methods on three synthetic datasets measured by the nucleotide-level Matthews
correlation coefficient (nCC), average site performance (sAP), site sensitivity (sSn), and site positive predictive value (sPPV), as well as the sF1-score. See (89)—
([93) for definition of the metrics. Recognizability (red) serves as reference. Blue denotes signal-only motif learning methods, while green denotes discriminative
motif discovery methods. Dark letters and light background denote published motif finding methods, light letters and dark background denote motif finding with
objective functions implemented in Discrover. BW: Baum-Welch training of HMMs seeded with the most frequent IUPAC motifs of degeneracy maximally 2,
BW (MICO): Baum-Welch training of HMMs seeded with IUPAC motifs maximizing MICO. Plasma: IUPAC RE motif optimization with MICO as objective
function.
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Supplementary figure S12. Summarized motif finding performance of methods on three synthetic datasets measured by the nucleotide-level Matthews
correlation coefficient (nCC). Recognizability (red) serves as reference. Blue denotes signal-only motif learning methods, while green denotes discriminative
motif discovery methods. Dark letters and light background denote published motif finding methods, light letters and dark background denote motif finding with
objective functions implemented in Discrover. BW: Baum-Welch training of HMMs seeded with the most frequent IUPAC motifs of degeneracy maximally 2,
BW (MICO): Baum-Welch training of HMMs seeded with IUPAC motifs maximizing MICO. Plasma: IUPAC RE motif optimization with MICO as objective
function. MoAn-3M: MoAn with 3 x 108 iterations. MoAn: MoAn with 3 x 107 iterations; note that it was infeasible for us to evaluate the decoy dataset in
this case. MICO-DREME: DREME provides seeds, on which HMMs are seeded and further optimized for MICO by Discrover. DREME DNA: DREME in
double-stranded motif analysis mode, suitable for DNA-binding protein analysis; providing one seed. DREME RNA: DREME in single-stranded motif analysis
mode, suitable for RNA-binding protein analysis; providing one seed. DREME RNA*: DREME in single-stranded motif analysis mode, discovering motifs as
long as the E-value threshold is met, of which subsequently the highest scoring one is used for evaluation.



26 Binding site discovery from nucleic acid sequences by discriminative learning of hidden Markov models

A Basic experiments B 3’UTR experiments C Decoy experiments
3 S E -V
v ¥ yoi-"
\'\'\'\ §:\'§¥\ z./
% - —v % " ~pg—— ! v % ) 7 '
v
o o o
S oS 0o o 9o 9 S o o 9 o 9o 9 S [=REC IR B =R -]
a » S & & & a wn S & & 3 - =
= a =w 3 = & w 3
Sequence length [nt] Sequence length [nt] Signal motif IC [bit]
S =) S
Y—=¥ v —V v
& 1— . I—1i M & | TYI=I=TY Y
s ERs 3 o
< < <
S o =) =) S =) =) = S - O n o o o 9
S S S S S S = a w 3
= 2 8 = & 8 =
— = Decoy motif
Sequence number Sequence number implantation probability [%]
S =) S
—v —
—v—" —v—v_1 LB B BN Bt i
A —u=" An . 7""' e A n '—'7'7'\
< S v—I= <3 =+ " . < 3 g
"
= < <
S - N n O 9 o 9 S - N n O 9o 9 9 S [=RES IR =R -]
= a »n 3 = a n 3 - =
Signal motif Signal motif
implantation probability [%] implantation probability [%] Decoy motif IC [bit]
S =)
= -V — ~v=v L
g =¥ -t ¥ Recognizability
' & . .. .
oo v oo '/' e’ ¢ Discriminative
- o—_g="—n" .
S I S e =t ® Signal-only
= <
S © At Voo Aax o o S A ¥ 0V 0o AaY o
Signal motif IC [bit] Signal motif IC [bit]

Supplementary figure S13. Motif recognizability and discovery performance measured by average site performance (sAP) on synthetic data in the @) basic,
(B) 3’UTR, and (C) decoy experiments. Note that sAP is not defined when sPPV is not defined (see supplementary figure[ST3). See legend of figure[3]for further
explanations.
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Supplementary figure S14. Motif recognizability and discovery performance measured by site-level sensitivity (sSn) on synthetic data in the @) basic,
(B) 3’'UTR, and (C) decoy experiments. See legend of figure 3] for further explanations.



28 Binding site discovery from nucleic acid sequences by discriminative learning of hidden Markov models

A Basic experiments B 3’UTR experiments C Decoy experiments
S ’ < §— 2 1
— =t—t——0— - — :'\’E = - _g=""
=9 iz = e '
Z 0 Z 0 Z 0 \
e o & o e o
o o o
S oS 0o o 9o 9 S o o 9 o 9o 9 S [=REC IR B =R -]
a » S & & & a wn S & & 3 = — =
= a =w 3 = & w 3
Sequence length [nt] Sequence length [nt] Signal motif IC [bit]
e < 2
2 0 g 0 R
e o & o e o
< < <
S o =) =) S =) =) = S - O n o o o 9
S S S S S S = a w 3
= 2 8 = &8 8 =
— = Decoy motif
Sequence number Sequence number implantation probability [%]
e < 2
;:::':';020:0 ;~o: i':'i';' - $=9=0=0=0=0=0=08=4
—y M
2 0 g 0 . 2
& o & o s
= < <
S - N n O 9 o 9 S - N n O 9o 9 9 S [=RES IR =R -]
— A 9 — [S Y2} 2 — - = —
Signal motif Signal motif
implantation probability [%] implantation probability [%] Decoy motif IC [bit]
S =)
—_ eV — o _e=%—" . .-
/3:':':02' M /'<3;3:i/ /' ¥ Recognizability
Z - 2z Voy o o ® Discriminative
& e & e ® Signal-only
= <
S © At Voo Aax o o S At v o A% o
Signal motif IC [bit] Signal motif IC [bit]

Supplementary figure S15. Motif recognizability and discovery performance measured by site-level positive predictive value (sPPV) on synthetic data in the
(A) basic, (B) 3'UTR, and (C) decoy experiments. See legend of figure [3] for further explanations. Note that sPPV is not defined when no motif occurrences are
predicted, e.g. for low signal motif IC values in (C).
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Supplementary figure S16. Runtime of motif discovery methods on the three synthetic datasets using an Intel® Xeon®) E5645 CPU running at 2.40GHz with
12 CPU cores. Note that the runtime is given on a logarithmic scale. Grey bars denote published methods. As Discrover can utilize multiple threads, we include
two time measurements: orange bars denote multi-threaded runtime (wall clock time), blue bars denote single-threaded runtime (CPU time). Note that the runtime
of MoAn with the default number of iterations, which we performed for the basic and 3’UTR experiments is not included, as it was run on a different compute,
and thus the runtimes are not comparable.
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Supplementary figure S17. Effect of significance filtering on motif discovery performance measured by the nucleotide-level Matthews correlation coefficient
(nCC). Blue and red bars give motif discovery performance respectively with or without discriminative filtering for significance of association after learning.
For reference, the nCC of recognizability is indicated by the dashed line. Significance filtering is done by evaluating MICO on the signal and control example
sequences, computing the associated p-value, correcting for multiple testing, and discarding motifs failing the significance threshold. BW: signal-only learning
of HMM parameters with the Baum-Welch algorithm, using as seeds the 8mers of degeneracy at most 2 that are most frequent in the signal data. BW (MICO):
signal-only learning of HMM parameters with the Baum-Welch algorithm, using discriminative seeds that maximize MICO for IUPAC regular expressions on the
signal and control data. MICO: Discriminative learning of HMM parameters by MICO, with discriminative seed determined by optimizing MICO.
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ADDITIONAL RESULTS FOR PUF FAMILY RBP

To investigate the disparity of conclusions regarding the
second half of the PUM2 motif between our analyses of RIP-
chip and PAR-CLIP data, we first investigated the influence
of the choice of objective function. We thus repeated the
analysis of the PUF RBP family data using MMIE as objective
function. We initialized HMMs with seeds of length 7-12 nt
determined by MICO, optimized the HMM parameters for
MMIE, and selected the HMM with highest MMIE score. The
results are tabulated in supplementary table[6B] We found that
MMIE identifies longer variants of the MICO motifs which
include positions with relatively low information content. This
is because for MMIE we lack a comparable significance
correction for motif length as is available for MICO. The
motifs identified by MMIE frequently have slightly lower
information content than the MICO motifs, and occur more
frequently than those of MICO. This observation is in line with
our findings on the synthetic datasets that MMIE yields higher
sSn and lower sPPV than MICO. Also for MMIE we observe a
disparity between the RIP-chip and PAR-CLIP analysis results
regarding the second half of the motif.

To see what generative signal-only learning might yield,
we applied the Baum-Welch algorithm to optimize the IUPAC
seed sequence NNUGUANAUANN on the full PUF RBP family
signal datasets. While this successfully determines models
with higher likelihood than those for MICO or MMIE, it did
not yield useful motifs (supplementary table[6C). Although we
used a seed similar to the motifs discovered by discriminative
analysis in all but the Pufl and Puf2 datasets, the PRE is
mostly replaced by unspecific sequence. Only in the cases
of Puf3, Puf4, and PUM2 PAR-CLIP data do some traces of
the motif remain. However the motifs incorporate so much
background characteristic that they occur in more than half
of the respective control sequences, which are either random
shuffles or all non-target 3°’UTRs.

Next, because the covered regions of PAR-CLIP data are
much shorter than the 3’UTR sequences used for the RIP-
chip data (supplementary figure [S18)), we performed a dilution
analysis of the PUM2 PAR-CLIP data by embedding the
real sequences in increasingly larger, synthetically generated
sequence context (see paragraph below). We thus analyzed
the original PUM2 data (mean length 35.0 nt), as well
as variants padded to minimum lengths of 64, 128, 256,
512, and 1024 nt. Then, for the objective functions MICO
and MMIE, we optimized parameters of HMMs seeded on
NNUGUANAUANN, and the results are shown in supplementary
figures and We found that with increasing sequence
context size the discriminative motif analyses of PAR-CLIP
data embedded in random sequence become more alike to the
results of our RIP-chip data analyses. The dilution has the
effect of yielding higher information content, particularly on
the second half of the motif.

As another line of evidence we turned to word count
analysis. Scatter plots of frequencies of sequences that
have a given word in supplementary figures [S2I}[S24]
reveal that the longer sequence sizes of the array data
compress the variability of word frequencies between signal
and control sequences. In order to separate independent
contributions due to central and neighboring words we
employed a simple progressive algorithm to determine

Jonas Maaskola and Nikolaus Rajewsky

doi: 10.1093/mar/gkul 083 31

relevant words (see supplementary figure [S25] and paragraph
below for details). We found a great variety of independently
discriminative, UGUANNNN conforming words in the PAR-
CLIP data among the 50 most discriminative 8mers, while
strong differential enrichment in the array data is limited
to UGUAAAUA, UGUAUAUA, and UGUACAUA. The TUPAC
motif UGUAHAUA, which comprises these three words is
occurring in more than half of the PUMI1 and PUM2 array
data signal sequences, and in less than 15% of corresponding
control sequences (supplementary figure [S26). In contrast, for
the PAR-CLIP data, this motif is only present in 19.7% and
2.3% of signal and control sequences, respectively.

Given the higher variety of weaker variants that
independently contribute to MICO in the PAR-CLIP
data, and that by diluting the PAR-CLIP data the results
of discriminative motif discovery agree with those of the
array data, we surmise that the smear is not observed in
the array data due to the large length of 3’UTR sequences
precluding discovery of weakly affine variants. It is likely
that this shadowing of the weaker variants in the array data
is a consequence of our choice of feature, that a sequence is
considered a target if it has at least one occurrence of a motif.

Dilution analysis of PUM2 PAR-CLIP data

We performed a dilution analysis of the PUM2 PAR-CLIP
data by embedding the real sequences in increasingly larger,
synthetically generated sequence context. Specifically, for
each signal dataset, we extracted dinucleotide frequencies,
and generated for each signal sequence shorter than the
desired length flanks of the appropriate size, as well as
a control sequence of equal total size. We thus analyzed
the original PUM2 data (mean length 35.0 nt), as well as
variants embedded to minimum lengths of 64, 128, 256,
512, and 1024 nt. Then, for the objective functions MICO
and MMIE, we optimized parameters of HMMs seeded on
NNUGUANAUANN. The results are shown in supplementary

figures [ST9]and [S20]

Word based discriminative analysis

We performed a simple word based analysis on the PUM1 and
PUM?2 datasets, that we call corenmer analysis.

Algorithm 1 corenmer analysis

Require: word length n, number of words to determine k,
data X, objective function f, alphabet A
Ensure: (w;);—1 . p the k most relevant n-mers
fori=1—kdo
w; <—argmax,,e 4n f(w,X)
X «mask(X,w;)
end for

The algorithm determines the k£ most relevant words
of length n on the data X according to some objective
function f. This is done by progressively identifying the
most relevant word, and masking its occurrences in the data,
before identifying further words. The objective functions must
be based on discrete counts, and we typically employed
MICO. As the objective function for a word may change after
masking of occurrences of an overlapping word, we refer to
the objective function value at which a word is selected as its
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Supplementary table T6. Motif discovery results for datasets of PUF RBP family members. Columns Ng and N¢ give the number of
sequences in the signal and control sequence set, respectively. IC: information content, log-L: log-likelihood, S and C: expected relative
frequency of signal and control sequences with at least one occurrence of the motif, log-p: MT-corrected log-p value. @: MICO is
used as objective function in discriminative motif analysis to find seeds of length 7-12 nt, and to optimize HMM parameters. Motifs are
selected by MT-corrected p-value. (IE[): discriminative motif analysis with MMIE. MICO was used to find seeds, and HMM parameters
were optimized by MMIE. Motifs are selected by MMIE score. @): Baum-Welch algorithm is applied to the seed NNUGUANAUANN.
Note that the analysis of the FBF-1 data in the paper was done by splitting the data into 15 sets, as described in the methods part, while
for the analysis results presented here the data was split as indicated in the table. Data sources: # (29), b 30), © 31D, 9 @B2), ¢ 33), T (34).

A
Protein Ng Nc¢ Motif IC log-L S C MICO log-p
[bit] (%] [%]  [bit]
PUF1 2 32 5180 UAAUAUUAAU - 194 -6862 40.8 0.7 64.3 0

PUF22 124 5088  ~UAAUAJAAU 189 -28993 339 1.0 150.6  -47.3
PUF3 68 5144 CuJCUA=AUA 17.8 -10184 52.1 35 103.7 246

PUF4 2 184 5028 UCUACA-UA 152 -32049 478 42 2074 -101.9

PUF5 2 156 5056 JSCUAACA LA 16.9 -32416 357 23 146.6  -49.5
FBE-1® 3204 10096 ...UcU . AU 125 -970238 209 52 4624 -264.0
Pumilio® 834 12135 UGUA-AUA 145 -780326 50.7 129 448.6 -2744

puM]1 ¢ 836 6320 UGUA-AUA 14.5 -2094000 61.6 13.1 638.3 —406.1
PUMI® 1401 18651 UGUA-AUA 145 -3515930 49.8 53 13758 -917.7

PUM2 ¢ 565 19535 UGUA-AUA 144 -1372030 56.1 6.2 6879 -440.5
PUM2T 6916 6916 . UCUA Au... 135 -327370 54.1 10.8 2269.7 -1517.7

B
Protein Ng Nc¢ Motif IC log-L S C MICO log-p MMIE
[bit] [%]  [%] [bit]
PUF1 2 32 5180 <UAAUA-.UAAU 19.3 -6876 38.7 0.8 58.3 0 —-145

PUF22 124 5088 _UAAU .UAAU 17.3 -29003 362 2.0 130.5 =332 464
PUF3? 68 5144 C.UCUAAAUA-.. 19.0 -10221 493 238 1044  -150 =276
PUF4 2 184 5028  UCUALA-UA-.. 16.8 -32077 456 3.5 2087 -87.7 611
PUF5 @ 156 5056 UJCUA~cALA 162 -32421 414 42 139.6 -39.6 -564
FBE-1® 3294 10096 VAU AU 9.8 970083 389 179 4159 -246.7 -7005
Pumilio® 834 12135 . UGCUA_AUA 148 -780320 54.7 157 4419 -249.7 -2695
PUMI ¢ 836 6320  UCUA-AUA 143 2093960 658 164 6182 -3722 —-1998
PUMI® 1401 18651 SUCUALAUA - 134 -3515800 59.1 9.0 1386.8 -905.3 -3776
PUM2 © 565 19535 UCUACAUA .. 142 -1372080 583 79  646.1 -396.5 -1975
PUM2T 6916 6916 . UCUA Au.. 129 -326888 605 16.6 2127.8 -14193 -7626

C
Protein Ng Nc¢ Motif IC log-L S C MICO log-p
[bit] (%] [%] [bit]

PUF1 ? 32 5180 o n 4T -6771 889 824 0.3 0
PUF2? 124 5088 . . 31 -28733 93.1 895 0.9 0
PUF3 ? 68 5144 o LA ALA 9.0 -10127 853 68.7 6.4 0
PUF4 2 184 5028 .. U UA A o 88  -31993 813 67.7 11.3 0
PUF5 @ 156 5056 cn~vacwa.. 84 32377 353 38.1 0.3 0
FBE-1® 3294 10096 _AA_ 43 -963728 94.0 90.0 36.2 0
Pumilio® 834 12135 - 22 =774029 992 97.8 53 0
pPUMI ¢ 836 6320 1.2 -2070780 99.6 96.8 18.6 0
PUM1°¢ 1401 18651 oo 2.3 -3489370 99.2 96.2 322 0
PUM2 ¢ 565 19535 1.2 -1359480 956 750 121.8 272

PUM2T 6916 6916 U UAa A 99 324488 820 538 9342 -5914
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residual objective value. The residual objective value is thus
an estimate of the independent contribution a word conveys
for discriminating two sets of sequences after more important
words have been accounted for.

We determined the top 50 words of length 8 on the human
PUMI1 and PUM2 datasets of (32H34) according to residual
MICO. Supplementary figure [S25] shows these in the order
produced by the algorithm, with the bars indicating how many
of the sequences in signal (blue) and control (red) have at
least one occurrence of the word. The light parts of the bars
indicate which of the sequences have occurrences of any
words with higher residual MICO, and thus are potentially
already explained by them. It it thus the dark portions of the
bars that indicate the novel explanatory contribution of a word
when accepting words in decreasing order of residual MICO.

As is visible from that figure, there is greater variety
of UGUANNNN conforming words in the PAR-CLIP data
among the 50 8mers with highest residual MICO, while
only UGUAAAUA, UGUAUAUA, and UGUACAUA appear to be
strongly differential in the array data.

doi: 10.1093/mar/gkul 083
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Supplementary figure S18. Boxplot of sequence lengths in the various datasets and their control sets. S: Signal sequences (dark blue). C: Control sequences

(light blue). Data sources:  (29), ® (30), © @31), ¢ (32), © @33), f 34).



Supplementary material Jonas Maaskola and Nikolaus Rajewsky doi: 10.1093/mar/gkul 083 35

PUM2 - PAR-CLIP data by (34) - Original sequences, average length 35.0 nt
2

1

PUM2 - PAR-CLIP data by (34) - Padded to minimum length 64 nt

= 29

PUM2 - PAR-CLIP data by (34) - Padded to minimum length 128 nt

= 2

z

B —_— = 762{; =
PUM?2 - PAR-CLIP data by (34) - Padded to minimum length 256 nt

= 2

2

2 1

PUM?2 - PAR-CLIP data by (34) - Padded to minimum length 512 nt

. UGUA_ AUa. ..

PUM2 - PAR-CLIP data by (34) - Padded to minimum length 1024 nt
= 2

E

SN S -
PUM2 - PAR-CLIP data by (34) - Padded to minimum length 2048 nt
= 2

E

©) ‘\—J AN = = TS
PUM?2 - RIP-chip data by (33)) - Average length 1785.4

= 2

PUMI1 - RIP-chip data by (33) - Average length 1842.5

= 2

o = :

PUMI - RIP-chip data by (32) - Average length 1833.9

0 UGUALAUA

Supplementary figure S19. Dilution analysis of PUM2 PAR-CLIP data of (34) for MICO. Sequences were embedded in increasing amounts of random
sequences, varying from top to bottom. HMMs were seeded on the IUPAC word NNUGUANAUANN and parameters optimized for MICO.
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PUM?2 - PAR-CLIP data by (34) - Original sequences, average length 35.0 nt
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Supplementary figure S20. Dilution analysis of PUM2 PAR-CLIP data of (34) for MMIE. Sequences were embedded in increasing amounts of random
sequences, varying from top to bottom. HMMs were seeded on the IUPAC word NNUGUANAUANN and parameters optimized for MMIE.
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Supplementary figure S21. Scatter plot of percentages of PUM1 signal and control sequences that have a given 8mer. The 30 words with highest marginal
MICO are labeled. The top three words according to residual MICO are highlighted in red.
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Supplementary figure S22. Scatter plot of percentages of PUM1 (33)) signal and control sequences that have a given 8mer. The 30 words with highest marginal
MICO are labeled. The top three words according to residual MICO are highlighted in red.
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Supplementary figure S23. Scatter plot of percentages of PUM2 (33)) signal and control sequences that have a given 8mer. The 30 words with highest marginal
MICO are labeled. The top three words according to residual MICO are highlighted in red.
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Supplementary figure S25. Discriminative word analysis of human RBP datasets of PUM1 (32) (A) and (33) (B, and PUM2 (33) (C), and (34) (D). Top 50
words of length 8 according to residual MICO as determined by algorithmm Bars indicate how many of the sequences in signal (blue) and control (red) have at
least one occurrence of the word. Light parts of the bars indicate which of the sequences have occurrences of any words with higher MICO, and thus are potentially
explained by them. It it thus the dark portions of the bars that indicate the novel explanatory contribution of a word when accepting words in decreasing order of

MICO.
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ADDITIONAL RESULTS FOR RBM10 PAR-CLIP DATA

Supplementary table T7. MICO motifs in RBM10 PAR-CLIP data from discriminative analysis versus shuffles. N1 and No: number
of signal sequences in dataset 1 and 2, respectively. IC: information content. S and C: expected relative frequency of signal and control
sequences with at least one motif occurrence. MICO: mutual information of condition and motif occurrence. log-p: MICO based log-p
value, corrected for motif length.

Dataset 1 Dataset 2

Sequences Ny N Motif IC S C MICO log-p S C MICO log-p
[bit] [%] [%]  [bit] (%] [%]  [bit]

. GAAGA-. 104 257 112 3858 -2258 222 107 8162 -524.5

Exonic 7469 22836 - UGGA 86 21.7 11.8 1909 -1003 182 109 3598 -217.7

o VS OIS 96 34 19 23.7 00 40 21 103.6 -295

ce MO 102 125 69 76.8 -58 126 69 2893 -153.7

Inronic 5908 21764 )0 (oo 133 56 13 1285 -419 35 1.0 2227 1074
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Supplementary figure S27. Occurrences of the exonic RBM10 motifs across the ranked exonic RBM10 sequences. Sequences are ranked by the number of
PAR-CLIP conversions.
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Supplementary figure S28. Occurrences of the intronic RBM 10 motifs across the ranked intronic RBM10 sequences. Sequences are ranked by the number of
PAR-CLIP conversions.

Supplementary table T8: RBM 10 motifs of (35) in exonic RBM10 PAR-CLIP sequences of (36). (35) performed CLIP-Seq to identify
RNA-binding sites of RBM10 and defined 9 groups of Smers as RBM10 target motifs. This table gives the number of exonic sequences
in the two PAR-CLIP datasets of (36) that have occurrences of these Smers. S and C: relative frequency in percent of signal and control
sequences with at least one motif occurrence. MICO: mutual information of condition and motif occurrence. log-p: MICO-based log-p
value, corrected for motif length. The bars visualize the log-p values; black and red bars respectively correspond to enrichment in the
signal or control sequences.

PAR-CLIP dataset 1 PAR-CLIP dataset 2
Group Motif S C MICO log-p S C MICO log-p
[%] [%] [bit] [%] [%] [bit]

AACUC 35 37 0.3 0.0
AAGUC 35 38 0.5 0.0
vacuc 19 1.7 0.3 0.0
AACUG 5.6 59 0.4 0.0
UACUG 3.0 25 22 0.0
GACUU 53 44 52 0.0
GACUC 34 3.7 0.5 0.0
GACUG 4.8 6.5 148 -5.1
vucuc 34 29 1.5 0.0
ACUCU 33 34 0.1 0.0
UCUGA 5.2 6.6 9.6 -1.3
UCUGG 64 45 17.6 -7.1
CCUGA 5.6 5.5 0.0 0.0 54 64 164 -6.3
Acucc 28 27 0.0 0.0 32 30 1.3 0.0

\ 37 40 2.0 0.0 |
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GCUUG 2.8 47 275 -142 1 25 41 728 460 n
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38 39 0.2 0.0
22 16 179 -71.3
54 59 3.1 0.0
3.1 25 9.5 -1.2
50 43 8.9 -0.8
37 39 1.2 0.0
47 63 399 230
40 32 155 -5.6
34 38 52 0.0
51 6.6 374 =212
56 44 243 -119

ACUGA 54 80 290 -153 53 73 564 =346
ACUUC 44 33 8.7 -0.6 51 32 762 -484
ucuuc 3.0 44 138 -4.4 31 44 376 -214
ACUGG 63 52 6.1 0.0 55 53 0.6 0.0
acuca 34 46 101 -1.7 39 45 8.0 0.1
ucuuc 43 3.1 12.0 -3.1 46 33 397 -228
ACUCG 12 1.5 1.9 0.0 1.1 13 4.8 0.0
ACUGU 29 29 0.0 0.0 33 3.1 1.2 0.0
ucuua 24 23 0.0 0.0 23 26 2.1 0.0
ACUUG 39 46 3.8 0.0 39 47 105 -1.9
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PAR-CLIP dataset 1

PAR-CLIP dataset 2

Group Motif S C MICO log-p S C MICO log-p
[%] [%]  [bit] [%] [%] [bit]

2 UCUGU 2.8 24 2.1 0.0 1 27 3.0 2.7 0.0 1
2 UGUGA 4.6 63 166 -6.4 | 49 63 344 -19.1 1
3 CUCUG 4.7 43 0.8 0.0 1 47 50 1.7 0.0 1
3 UucuG 53 4.1 9.1 -0.9 | 51 42 153 -5.4 1
3 GUGUU 2.0 1.8 0.7 0.0 1 23 19 6.1 0.0 1
3 Gucuu 22 23 0.1 0.0 1 23 24 0.8 0.0 1
3 cucuc 2.6 238 0.5 0.0 1 3.0 34 5.6 0.0 1
3 CUGUG 4.7 4.6 0.1 0.0 1 5.1 45 6.1 0.0 1
3 cuuuG 4.7 39 3.5 0.0 1 49 44 39 0.0 1
3 cucuu 3.7 3.1 2.5 0.0 1 35 3.6 0.8 0.0 1
3 cucuc 19 24 3.1 0.0 1 25 26 0.4 0.0 |
3 cucuu 2.8 2.7 0.1 0.0 1 29 3.0 0.1 0.0 1
3 cuuuc 3.1 33 0.3 0.0 1 3.6 32 4.7 0.0 1
3 GUUUG 29 33 1.5 0.0 1 3.1 3.1 0.0 0.0 1
3 GUCUG 2.6 3.1 2.4 0.0 1 28 34 9.0 -0.8 |
4 CuGaa 10.0 8.7 5.4 0.0 1 93 84 7.3 0.0 1
4 UUGUG 34 42 4.4 0.0 1 33 40 11.6 -2.8 1
4 UUGAC 2.8 45 219 -102 1 30 45 532 =323 1
4 CUGAG 4.8 84 543 -33.1 1 49 79 1200 -79.1 m
4 uuGuc 1.8 24 5.0 0.0 1 20 25 11.2 =25 1
4 CUGAC 3.0 42 115 2.7 | 33 47 455 =270 1
4 UUGGA 11.1 74 457 -27.0 1 92 7.0 56.1 =344 1
4 UUGGG 3.8 4.5 29 0.0 1 35 42 106 -2.0 |
4 UuGAA 83 109 219 -102 1 81 94 182 -7.6 1
4 cuGGa 125 7.1 895 -578 n 11.1 69 1851 -1244 m
4 uuGcua 1.7 20 1.1 0.0 1 1.9 20 0.7 0.0 |
4 cuuGAa 40 72 504 =304 1 40 6.5 1001 -652 m
4 GUGGA 11.6 6.1 1024 -66.8 m 88 52 1632 -1092 m
5 GAACU 6.8 6.3 1.0 0.0 1 6.0 5.6 3.1 0.0 1
5 GAAGG 9.7 94 0.2 0.0 1 8.8 8.1 6.0 0.0 1
5 GUACU 1.5 1.3 0.8 0.0 1 1.6 13 4.8 0.0 1
5 GAAGA 32.6 155 4400 -301.6 =mm 275 144 868.2 -598.7 mm—
5 CAACU 3.6 4.0 1.7 0.0 1 40 39 0.0 0.0 1
5 GAGCU 5.7 5.1 1.6 0.0 1 50 53 1.2 0.0 1
5 GGACU 52 4.7 1.7 0.0 1 48 44 4.0 0.0 1
5 GAAGU 83 59 233 -11.21 80 56 737 -467 m
6 UGGAA 146 93 726 459 n 133 88 1677 -1123 m
6 UGuUUG 3.5 3.8 0.5 0.0 1 35 3.7 1.1 0.0 |
6 UGUGC 24 32 6.0 0.0 1 26 29 2.4 0.0 1
6 UGUAG 23 2.0 14 0.0 1 20 23 2.4 0.0 1
6 UGGAG 135 85 68,6 431 & 11.8 8.0 1332 -883 m
6 UGUAC 2.0 13 8.1 -0.2 1 1.9 13 184 -7.7 1
6 UGAAG 202 115 1539 -102.7 m 180 104 3958 -270.8 mmm
6 uGucc 22 22 0.0 0.0 1 26 23 3.2 0.0 1
6 UGAAC 5.1 63 6.8 0.0 1 50 5.6 5.9 0.0 |
6 uGuuC 24 2.0 1.6 0.0 1 27 24 2.7 0.0 1
6 UGGAC 9.7 52 771 -49.1 n 72 46 979 -63.6 nm
6 UGUGG 6.7 4.8 170 -6.7 1 6.1 45 458 -27.1 1
6 AGAAC 92 7.5 103 -1.8 | 81 73 9.2 -1.0 |
7 cuuuu 3.7 3.7 0.0 0.0 1 40 3.8 0.6 0.0 1
7 GAUCU 43 4.6 0.6 0.0 1 38 47 155 -5.6 1
7 UGUCU 24 29 32 0.0 1 2.8 29 0.7 0.0 1
7 ccuuu 3.1 29 0.4 0.0 1 36 3.2 3.7 0.0 1
7 GGucu 1.7 23 4.8 0.0 1 1.8 24 150 =53 1
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Supplementary table T8: continued from previous page.

PAR-CLIP dataset 1 PAR-CLIP dataset 2
Group Motif S C MICO log-p S C MICO log-p
[%] [%]  Ibit] [%] [%]  [bit]

7 cuucu 4.0 33 4.5 0.0 1 42 37 7.2 0.0 1
7 vcucu 3.1 3.1 0.0 0.0 1 33 3.6 1.8 0.0 1
7 CUUGU 19 2.6 5.0 0.0 1 2.1 28 155 -5.6 |
7 cuvau 2.7 1.7 113 =251 25 21 5.1 0.0 1
7 ucuuu 3.2 35 0.4 0.0 1 37 38 0.4 0.0 1
7 GCUCU 34 29 2.6 0.0 1 33 33 0.1 0.0 1
7 GCUUU 3.2 2.8 1.3 0.0 1 35 30 5.8 0.0 1
7 ccucu 32 3.0 0.3 0.0 | 34 36 0.8 0.0 1
7 AGUCU 2.8 33 3.0 0.0 | 27 35 179 =73 1
7 UGACU 3.8 53 136 4.2 1 42 5.1 15.2 =54 |
8 uyuccu 4.0 3.0 9.4 —1.1 1 44 34 246 -12.1 1
8 UGCUU 2.6 3.6 9.2 -1.0 | 3.1 35 5.4 0.0 1
8 UCCUU 3.3 26 4.0 0.0 | 35 32 24 0.0 1
8 ucccu 23 26 0.8 0.0 | 29 3.0 0.4 0.0 1
8 uucuu 3.3 35 0.6 0.0 1 4.1 3.8 1.5 0.0 1

Supplementary table T9: RBM10 motifs of (35) in intronic RBM10 PAR-CLIP sequences of (36). (35) performed CLIP-Seq to
identify RNA-binding sites of RBM10 and defined 9 groups of Smers as RBM10 target motifs. This table gives the number of intronic
sequences in the two PAR-CLIP datasets of (36) that have occurrences of these Smers. S and C: relative frequency of signal and control
sequences with at least one motif occurrence. MICO: mutual information of condition and motif occurrence. log-p: MICO-based log-p
value, corrected for motif length. The bars visualize the log-p values; black and red bars respectively correspond to enrichment in the
signal or control sequences.

PAR-CLIP dataset 1 PAR-CLIP dataset 2
Group Motif S C MICO log-p S C MICO log-p
[%] [%] [bit] [%] [%]  [bit]

AACUC 3.8 3.7 0.2 00 1 37 37 0.1 0.0 1
AAGUC 1.8 1.8 0.0 001 23 26 3.7 0.0 1
UACUC 33 34 0.1 00 1 36 28 17.1 —6.8 1
AACUG 3.0 37 3.0 00 1 33 43 207 93 1
UACUG 25 3.0 23 0.0 1 29 30 0.0 0.0 |
GACUU 34 3.7 0.3 00 1+ 37 39 1.0 0.0 |
GACUC 3.6 45 3.8 00 1 34 41 128 =37 1
GACUG 4.6 63 112 251 44 51 8.2 -0.3 1
vucuc 102 7.7 17.1 -6.8 1 107 7.7 855 550 m
ACUCU 63 69 13 00 1 59 62 1.8 0.0 |
UCUGA 52 63 4.8 00 1 53 6.1 9.7 -1.3 1
UcuGcG 10.8 10.8 0.0 00 1+ 87 9.0 04 0.0 |
CCUGA 64 74 3.1 00 1 62 62 0.0 0.0 |
ACUCC 53 5.7 0.9 00 1 46 5.1 4.6 0.0 |
GCUUG 4.8 5.8 4.2 00 1 37 52 433 2541
ACUGA 35 39 1.3 00 1 37 45 130 -3.8 1
ACUUC 4.6 45 0.0 00 1 49 47 1.0 0.0 1
ucuuc 52 72 151 =53 1 51 73 636 -39.6 n
ACUGG 6.8 175 1.7 00 1 55 64 110 23 1
ACUCA 39 49 4.2 00 1 43 47 3.0 0.0 1
uycuuc 85 7.8 1.3 001 89 74 209 9.5 1
ACUCG 1.0 1.0 0.1 00 1 09 1.0 0.1 0.0 1
ACUGU 5.0 44 1.6 00 1 51 45 6.6 0.0 1
ucuva 3.6 39 0.8 00 1 44 47 1.8 0.0 |
ACUUG 35 46 7.0 00 1 37 48 215 99 1
ucuGu 73 6.3 3.1 001 70 62 8.0 -0.1 1
UGUGA 44 44 0.0 00 1 51 44 9.0 -0.8 1
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Supplementary table T9: continued from previous page.

PAR-CLIP dataset 1 PAR-CLIP dataset 2
Group Motif S C MICO log-p S C MICO log-p
[%] [%]  [bit] [%] [%]  [bit]

cucuc 123 12.1 0.2 00 1 10.7 104 0.6 0.0 1
uucuc 85 8.1 0.5 001 80 75 3.8 0.0 1
GUGUU 3.2 3.1 0.1 00 1 37 3.1 7.9 -0.0 1
GUCUU 3.6 4.6 6.0 001 40 48 118 -29 1
cucuc 10.0 10.1 0.0 00 1 88 87 0.1 0.0 1
CUGUG 126 9.8 168 -6.5 1 11.1 82 740 -469 n
cuuuGc 54 59 1.2 001 55 65 147 =5.0 1
cucuu 10.3 10.1 0.1 001 97 93 1.9 0.0 1
cuGuc 7.0 6.7 0.3 001 65 63 0.3 0.0 1
CUGUU 5.5 55 0.0 001 57 56 0.2 0.0 1
cuuuc 92 73 9.4 -1.2 1 96 72 586 -36.1 1
GUUUG 2.8 29 0.1 001 34 36 0.7 0.0 1
GUCUG 6.1 6.7 1.3 00 1 51 60 11.6 2.8 |
CUGAA 45 4.1 0.7 001 48 46 0.6 0.0 1
UUGUG 4.0 4.6 14 001 41 50 142 —4.7 |
UUGAC 1.7 34 275 -142 1 25 38 439 -258 1
CUGAG 8.1 &5 0.4 001 74 175 0.2 0.0 1
uuGcuc 33 4.1 3.8 001 33 45 298 -159 1
CUGAC 45 6.1 103 -1.8 1 45 5.1 6.1 0.0 1
UUGGA 4.9 4.7 0.2 001 46 50 23 0.0 |
uuGeG 7.7 74 0.2 001 63 65 0.7 0.0 1
UUGAA 24 32 5.0 001 36 46 190 —8.1 1
CUGGA 10.1 79 128 =371 83 68 251 -125 1
uuGcua 14 1.8 1.9 001 20 27 137 4.3 1
CUUGA 3.1 49 183 =76 1 35 55 705 445
GUGGA 6.0 4.6 8.4 -04 1 54 44 169 -6.6 1
GAACU 3.1 29 0.2 001 28 32 5.7 0.0 1
GAAGG 4.7 3.8 3.6 00 1 47 42 4.2 0.0 1
GUACU 1.8 2.0 0.9 00 1 17 20 3.0 0.0 1
GAAGA 49 29 225 -107 1 57 37 689 -434 n
CAACU 24 45 278 1441 29 43 429 -251 1
GAGCU 50 54 0.8 001 48 50 0.6 0.0 1
GGACU 50 5.1 0.1 00 1 42 49 7.6 0.0 1
GAAGU 2.8 2.1 42 001 31 26 5.8 0.0 1
UGGAA 5.6 3.6 205 -92 1 59 43 388 2221
UGUUG 4.0 43 0.7 001 38 46 122 =32 1
UGUGC 63 59 0.8 001 56 55 0.2 0.0 1
UGUAG 2.1 19 0.4 001 21 23 0.7 0.0 |
UGGAG 89 75 55 001 82 69 177 =72 1
UGUAC 1.6 2.0 1.6 001 20 22 0.9 0.0 |
UGAAG 49 3.6 8.5 -05 1 52 44 122 =32 1
uGucc 6.1 55 1.5 001 56 52 32 0.0 1
UGAAC 25 3.1 2.7 001 26 3.1 6.1 0.0 1
uGuuc 42 39 0.5 00 1 45 46 0.3 0.0 1
UGGAC 63 5.1 53 00 1 47 48 0.1 0.0 1
UGUGG 10.6 8.8 8.4 -05 1 87 72 244 -12.0 1
AGAAC 27 19 53 001 27 26 0.1 0.0 1
CuuuU 76 74 0.1 001 92 84 5.8 0.0 1
GAUCU 22 34 9.8 -1.5 1 25 36 337 -186 1
UGUCU 59 6.1 0.2 001 58 62 1.9 0.0 1
ccuuu 81 73 2.1 001 85 7.0 224 -106 1
GGUCU 53 63 39 001 46 56 156 =5.7 1
cuucu 99 10.1 0.0 00 1 97 88 7.7 0.0 1
ucucu 103 9.7 1.0 00 1 104 91 172 —6.8 |
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Supplementary table T9: continued from previous page.

PAR-CLIP dataset 1 PAR-CLIP dataset 2
Group Motif S C MICO log-p S C MICO log-p
(%] [%]  [bit] [%] [%]  Ibit]

CUUGU 3.8 54 123 -33 1 39 56 517 =313 1
CUUAU 2.8 3.1 0.7 00 1 33 37 3.7 0.0 1
ucuuu 84 7.8 1.1 001 96 9.0 3.7 0.0 1
Gcucu 79 8.1 0.0 001 69 71 0.7 0.0 1
GCUUU 5.0 44 1.9 00 1 51 46 4.3 0.0 1
ccucu 122 115 0.8 0.0 + 10.0 10.0 0.0 0.0 1
AGUCU 2.8 39 7.0 00 1 31 45 436 2561
UGACU 43 5.6 8.3 -04 1 46 52 5.9 0.0 1
vuccu 124 7.7 511 =309 n 11.6 7.8 1309 -86.6 m
UGCUU 5.1 5.8 2.0 00 1 56 58 1.3 0.0 1
uccuu 10.1 84 7.1 001 96 79 278 =144
ucccu 95 9.0 0.7 001 85 79 4.1 0.0 1
uucuu 82 79 0.3 00 1 95 85 9.8 -1.5 1

00 00 00 00 00 N N N N3

Supplementary table T10. Summary statistics for enrichment in the PAR-CLIP data of (36) of the 94 CLIP-Seq-based RBM 10 motifs
reported by (35). See supplementary tables @ and@ for details. Absolute and relative numbers of RBM10 motifs that are less or
equally frequent (<), more frequent (>), or much more frequent (>>) in the signal sequences compared to shuffled sequences. Motifs
are counted as much more frequent if their relative frequency is higher in signal than control and the MICO-based log-p value is less
than or equal to —10.

Data set S<C S>C S>C
[%] [%] [%]

Exonic 1 45 479 49 521 9 96
Exonic 2 49 521 45 479 14 149
Intronicl 49 521 45 479 2 21
Intronic2 54 574 40 42.6 10 10.6

Supplementary table T11. RBM10 motifs of (37) in @ exonic and @ intronic RBM 10 PAR-CLIP sequences of (36). (37) defined
motifs based on the sequences of 5” splice sites of two exons affected by RBM10 knock-down. This table gives the number of exonic
sequences in the two PAR-CLIP datasets of (36) that have occurrences of these motifs. The vertical bar in the motif indicates exon-
intron boundary of the two example sequences (note: all occurrences in PAR-CLIP sequences are counted, whether across exon-intron
boundaries or not). S and C: relative frequency in percent of signal and control sequences with at least one motif occurrence. MICO:
mutual information of condition and motif occurrence. log-p: MICO-based log-p value, corrected for motif length. The bars visualize
the log-p values; black and red bars respectively correspond to enrichment in the signal or control sequences.

A Exonic PAR-CLIP sequences

PAR-CLIP dataset 1 PAR-CLIP dataset 2
Motif S C MICO log-p S C MICO log-p
[%] [%] [bit] [%] [%] [bit]

AG|GUAA 0.6 0.8 23 00 1 05 07 4.0 0.0 1
GG|GUAAG 0.1 0.1 0.6 00 1 01 0.1 35 0.0 1

B Intronic PAR-CLIP sequences

PAR-CLIP dataset 1 PAR-CLIP dataset 2
Motif S C MICO log-p S C MICO log-p
[%] [%] [bit] [%] [%] [bit]

AG|GUAA 05 03 4.4 00 1 06 04 2.3 0.0 1
GG|GUAAG 0.2 0.1 0.0 00 1 01 0.1 0.1 0.0 1
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SUPPLEMENTARY CHIP-SEQ RESULTS
Discriminative motif analysis versus shuffles

We compared mouse ESC TF ChIP-Seq data sets of (38)
and (39) individually against shuffles, running Discrover in
multiple motif discovery mode. Supplementary table
gives detailed results. The table gives the ChIP’d protein and
the number of signal sequences (in each case as many shuffled
sequences as signal sequences were used as control). For each
ChIP’d protein one or motifs were discovered, and for each
motif we list the information content, the expected number of
occurrences in signal and control, the MICO value, and the
MICO-based log p-value. Also, where the discovered motifs
have previously been described, we list the factor known to
bind the pattern, highlighting those factors that are among the
ChIP’d proteins considered here. In case multiple members of
a protein family are known to bind to a pattern we list only the
family name, as we do e.g. for the Myc pattern.

Note that the number of reported motif occurrences in
supplementary table [T12] is calculated for the resulting
multi-motif model. A consequence of this is that, where
multiple motifs are discovered, the counts of occurrence of
individual motifs compete for positions in sequences, and—
compared to corresponding single motif models—the number
of occurrences are underestimated. This is for example the
case in data sets for which both Sox2 monomer and Sox2-
Oct4 heterodimer patterns are discovered. MICO, as well as
the MICO-based log p-value, are calculated from the listed
counts.

Analysis of motif occurrence localization

We determined occurrences of the discovered motifs in
larger, 501 nt regions around the sequence mid-points. The
distributions of occurrences of discovered motifs in signal and
control sequences are shown in supplementary table[TT3] Note
that the number of occurrences in supplementary table are
expected counts (and are based on 101 nt windows), while the
positional distribution plots of supplementary table [T13] are
based on Viterbi decoded motif occurrences.

Where—aside from other motifs—Discrover finds the
previously described cognate motifs, the cognate motifs’
occurrences are visibly more concentrated around the
sequence midpoints than those of the other motifs.

Contrasting Nanog and Tcf3 sequences against datasets
enriched for Sox2-Oct4 heterodimer binding pattern

We analyzed the Nanog and Tcf3 ChIP-Seq datasets of
(38) and (39) by individually contrasting their sequence sets
against those of Oct4, Sox2, and Tcf3, and those of Nanog,
Oct4, and Sox2, respectively. For each contrast the three most
discriminative motifs of lengths 5-16 nt were identified by
heuristically maximizing MICO over the space of TUPAC
regular expressions using Plasma. HMMs were seeded on
these IUPAC motifs, as well as one one nucleotide-shifted
variants. In total, 3 x12x3=108 HMMs were trained for
each contrast. The HMMs yielding the best MICO-based log
p-value and are enriched in the Nanog datasets, respectively
those of Tcf3, are shown in supplementary figure [TT4]

For the Nanog contrasts, we found in 9/10 cases the
previously described Nanog motif. In the case of the Nanog
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(39) versus Oct4 (38) datasets, the Sox2 motif is more highly
enriched in the Nanog (39) sequences versus the Oct4 (38)
sequences, than the Nanog motif. In all six Tcf3 contrasts we
find the Tcf3 motif.

Comparison of motif discovery results for Oct4 with
Discrover, DREME, and FIRE

We compare motif discovery results of Discrover, DREME,
and FIRE for the Oct4 data of (38). In addition to the
set of shuffled sequences used in the analysis presented in
supplementary table we generate two further sets of
shuffles of the Oct4 ChIP-Seq sequences as controls for
discriminative motif discovery. We apply Discrover, DREME,
and FIRE to the three contrasts defined by the Oct4 sequences
and the three sets of shuffles. Discrover is run in same manner
as explained in the ChIP-Seq section of the methods part of
the main text, and DREME and FIRE in their default way for
the analysis of DNA-binding proteins. The resulting motifs are
displayed in decreasing order of significance (as reported by
the methods) in supplementary table [T15]

As is visible, Discrover consistently identifies for the three
contrasts the same two motifs of the Sox2-Oct4 heterodimer
pattern and the KIf motif.

DREME discovers between 18 and 21 motifs. The top
DREME motifs (according to the DREME FE-value) are
identically discovered in the three contrasts. The lower
ranking DREME motifs are however not all re-discovered
in each contrast, and their significance order is differing.
The DREME results include the KIf motif, as well as
multiple motifs that are consistent with parts of the Sox2-
Oct4 heterodimer pattern. Yet, as DREME is designed for the
discovery of short motifs, no single one of them is long enough
to explain the entire Sox2-Oct4 heterodimer pattern. Overall,
between 7-10 of the motifs discovered by DREME in each
of the contrasts are clearly redundantly referring to different
parts of this long pattern.

FIRE discovers between 12 and 15 motifs, including motifs
that are depleted in the signal sequences. Of the motifs
discovered by FIRE 8-10 are enriched in the signal sequences.
As for the DREME results, FIRE finds in each contrast the KIf
motif, and 3—6 short motifs corresponding to different parts of
the Sox2-Oct4 heterodimer pattern.

DREME also consistently identifies two motifs that
apparently correspond to the Esrrb and Myc patterns, which
Discrover misses in the Oct4 data of (38) but discovers in
other datasets analyzed here. FIRE finds the Esrrb motif in
2 of 3 analyses and does not discover the Myc pattern. The
remaining motifs of low significance reported by DREME and
FIRE are not ESC-related, do not clearly correspond to any
known patterns, or are not consistently found in the analysis
of the three contrasts.

Analysis runtime As is shown in supplementary table
Discrover needs longer than DREME for the analysis of the
Oct4 datasets. DREME and FIRE run in 13-17 min on a
single CPU, while Discrover requires slightly less than 2 h
using eight CPU cores (experiments run on an Intel® Core™
i7-4770K CPU @ 3.50GHz with eight cores). DREME
and FIRE are designed for short motifs, and due to their
algorithmic design, memory and runtime scaling prohibit (on
our computers) discovery of motifs of length up to 16 nt.



50 Binding site discovery from nucleic acid sequences by discriminative learning of hidden Markov models

DREME discovered motifs of length 5-8 nt, FIRE seeds words
of length 7 nt that are then extended on both sides by 1 nt,
yielding a total motif length of 9 nt. In contrast, Discrover
considered the length range 5-16 nt. When Discrover only
considers motifs of the length range 5-8 nt (results not shown),
it requires less than 30 min. Thus, Discrover’s analysis of
longer motif causes most of the runtime increase.
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Supplementary table T12: Discriminative motif analysis of mouse ChIP-Seq data. Protein: ChIP’d protein. N: number of signal
sequences. Motifs: One or more motifs discovered in the sequences of the ChIP’d protein. Factor: TF (family) known to bind the
discovered motif (TOMTOM g-value <0.05 (40)), bold if one of the ChIP’d proteins. IC: information content. S and C: expected
relative frequency of signal and control sequences with at least one motif occurrence. MICO: mutual information of condition and motif
occurrence. log-p: MICO based log-p value, corrected for motif length. Data sources:  (38), ® (39).

Protein N Motifs Factor IC S C MICO log-p
[bit] [%] [%] [bit]

c-Myc® 3422 _CAcCrC. Myc 125 409 84 7478  —467.1
.  GCOCeCT o Ctef 187 834 35 438927 —30350.6
Clef™ 39609 1. TeoAcTaC ? 203 52 02 17534 -11545
—.~CTTCC+c.....  Ets TF family 146 56 14 4148  -2109
E2f1% 20699 A~ ATCCCo o Yyl 149 38 06 3975 2239
-C-CAT-CoCn - Nrfl 171 3.1 04 3609 —183.4
. ~<AAGGTCA Esrrb 140 683 67 141086 -9735.0
Esrb ™ 21647 TGGEEGAC ? 212 35 05 4060 2198
Kif4% 10875 - CcaC-0CC.. KI/Spl 148 575 80 47673 —3254.4
cesTTCT.... Sox2 134 298 68 14101  -916.5
Namo® 10343 1T = AToesnhr  Sox2-Octd 166 214 29 13419 8502
anog . CCaCCiGC Zic 148 131 22 6850 —408.4
A-C_ATCA Nanog 130 80 28 2027 -103.5
T« ATcesAAr  Sox2-Octd 155 258 41 24306 —1619.1
Nanoo® 16667 -CooTTET- o Sox2 133 241 66 14871  —-979.9
anog CCaCACCC KIf/Sp1 140 101 22 699.1  —4432
o CCaeCrlC Zic 158 66 12 5198 -2888
_ _CAcGr Mye 121 338 76 11523 7477

a
n-Myc 7182 cCCCcec KIf/Spl 160 105 3.1 2354 —1163
oeds  age —TroATooaAs Sox2-Octd 181 423 26 14227 -9103
c COCC-CCecC Kif/Spl 161 73 16 1098  —288
) T ATCesaAr  Sox2-Octd 174 468 38 68987 —4706.8
Octd® 17225 oocc coc.o KI/Spl 155 84 17 6352  -388.9
cexTTCT Sox2 112 310 96 1195  -507
. ATCoaAAT Octd 122 175 45 743 141
Smadl 1126 cCaCACCC KIf/lSpl 142 132 25 69.7 5.8
cAACCACA Esrrb 133 1001 17 563 -5
coaTTCT. . Sox2 13.5 640 103 21777 14340
So2t 426 ATCCAAA Octd 130 113 27 1942 1026
0X CCaCACCC KitlSpl 141 47 12 741 139
e CoxeCTC. Zic 163 62 09 1492  —41.3
_ATT x ATcessA:  Sox2-Octd 175 389 33 47202 -3196.6
Sox2® 15036 _coaTTCTx Sox2 132 302 67 21320 -1432.1
~00=C..CCC KIt/SSpl 141 77 14 5541  —3426
TTeCoConA Stat3 141 400 37 8008 4989

a
Stat3 2546 - 1G._GOGTG0e 9 186 68 0.8 986  -11.0
L TT . ATcesnAr  Sox2-Octd 172 380 37 18295 —1192.4
- eCTTTCax = Tef3 145 225 43 7022 —430.5

b
Tef3 6257 ccacerc G Zic 152 54 08 1752  —644
. CaCACCo Kit/lSpt 141 55 11 1505  —472
nColin Cot Tefep2ll 146 750 109 178294 —12284.1

.
Tefep2ll * 26910 CAAGCTCA Esrrb 155 52 08 7130 -457.9
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Supplementary table continued from previous page.

Protein N Motifs Factor IC S C MICO log-p
[bit] [%] [%] [bit]
- CeoCT Zfx 115 444 175 12875 8414
a
Zfx 10338 ¢ cc cenet 9 150 68 24 1703  —66.0

Supplementary table T13: Positional distribution of occurrences of predicted motifs of supplementary table[T12]in windows of up to
250 nt from the peak of the ChIP-Seq regions. Black: occurrences in the signal sequences, red: occurrences in the control sequences.
Note that windws of length 101 nt were used for motif discovery and form basis of the statistics listed in supplementary table Data
sources: * (38), ® (39).
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Supplementary table continued from previous page.

Protein Motif 1 Motif 2 Motif 3 Motif 4
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Supplementary table continued from previous page.

Protein Motif 1 Motif 2 Motif 3 Motif 4
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Supplementary table T14. Inter-dataset comparison reveals motifs discriminating Nanog and Tcf3 data from other ChIP-Seq data.
(A).(B) comparing Nanog ChIP-Seq sequences against those of Oct4, Sox2, and Tcf3. (C): comparing Tef3 ChIP-Seq sequences against
those of Nanog, Oct4, and Sox2. Data sources: A 38), B (39).

A Nanog A, N=10343

vs. Protein N Motifs Factor IC S C MICO log-p
[bit] [%] [%] [bit]

Oct4 4 3761 _ ~_«ATeA. Nanog 10.1 30.8 10.7 478.7 -255.3

Ooct4B 17225 : ~ < ATcA_. Nanog 10.8 23.4 85 827.4 -507.3

Sox2 A 4526 ~ o=ATcA. Nanog 10.1 23.9 11.0 256.7 -131.1

Sox2B 15036 ~ < ATCA_ Nanog 10.5 22.6 9.7 568.5 -342.6

Tcf3 B 6257 _~ C_ATCA Nanog 10.5 199 86 290.0 -159.2

B Nanog B, N=16 667

vs. Protein N Motifs Factor IC S C MICO log-p
[bit] [%] [%] [bit]

Oct4 A 3761 I b P Sox2 8.3 53.0 31.9 4029 -227.7

oct4 B 17225 ~-c-AT<A_ Nanog 11.0 140 6.5 374.7 -208.0

Sox2 A 4526 _=CAT<A~ Nanog 109 103 51 924 -21.7

Sox2B 15036 ~-ccATeA. Nanog 11.3 11.1 57 217.5 -103.8

Tcf3 B 6257 a-CaAT Nanog 8.5 254 19.8 57.8 -125

C Tcf3 B, N=6257

vs. Protein N Motifs Factor IC S C MICO log-p
[bit] [%] [%] [bit]

NamogA 10343 —A_»TCAAA Tcf3 147 260 64 883.9 -556.4
NanogB 16 667 —A_~TCAAA Tcf3 149 246 6.6 9244 -584.6
Oct4 A 3761 ~ x[=AAA Tcf3 12.0 384 11.2 681.7 —416.2
oct4 B 17225 ~=2TcAAA Tcf3 13.8 30.1 8.8 1078.2 —686.2
Sox2 A 4526 A—=TcAAAG Tcf3 13.8 29.7 7.5 636.5 -389.8

Sox2B 15036 A= TCAAA Tcf3 147 246 5.6 10429 -666.8
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Supplementary table T15. Comparison of discriminative motif discovery with () Discrover, (B) DREME, and (C) FIRE on Oct4
data of (38) against three sets of shuffled sequences. Motifs are presented in decreasing order of significance as reported by the method.
Factor: factor binding the motif; factor identification based on TOMTOM searches (with g-value < 0.05), with manual judgement in
ambiguous cases, and in cases (denoted ‘?’) where TOMTOM did not identify matches. Enrich: sample in which the FIRE motif is
enriched; +: signal sequences, -: control sequences. DREME and FIRE discover IUPAC regular expression motifs, shown in these
tables. Note, that for DREME and FIRE PWM:s could be built from the statistics of words matching the discovered regular expressions.

Jonas Maaskola and Nikolaus Rajewsky

The final rows list wall clock and CPU time (hours:minutes:seconds).

A Discrover

doi: 10.1093/mar/gkul 083

Shuffles 1 Shuffles 2 Shuffles 3
Rank Motif Factor Motif Factor Motif Factor
1 _eaTr . ATCcaAr  Sox2-Octd  _<aTr. axrATCCa-A.  So0x2-Octd _<aTr. x+ATCCa-A.  Sox2-Oct4
2 cCCC:CleaC Klf/Sp1 CCcC=CCCa KIlf/Sp1 CCcC=CCCa Kif/Sp1
Wall 01:54:12 01:54:41 01:57:28
CPU 11:38:04 11:32:09 11:30:48
B DREME
Shuffles 1 Shuffles 2 Shuffles 3
Rank Motif Factor Motif Factor Motif Factor
1 ATC=xAA Oct4 ATC=xAA Oct4 ATC=xAA Oct4
2 <TIGT AT Sox2-Oct4 TTCT=AT= Sox2-Oct4 TGaATA. Oct4
3 TCeATAX Oct4 TCeATAx Oct4 CanTTGT Sox2
4 C=CC.CCC Klf/Sp1 CaaTTGT Sox2 CCaC..CCC Kif/Sp1
5 CasTTCT Sox2 C«CC.CCC KIlf/Sp1 -TTCC- Ets TF family
6 TTCC- Ets TF family =~ CTTCC. Ets TF family? «TTGCT=AT  Sox2-Oct4
7  ATGCCCA= Oct4? TCCCCA=~ Oct4? ATGCGCA= Oct4?
8 CAACCT=A Esrrb aAAGGTCA Esrrb CAAGGT=A Esrrb
9  AT=CAGAT Oct4? C..GGA~ ? ATC=AGAT Oct4?
10  CAC~CC= Kif/Spl e A ? AsAAA ?
11 ==GGGA ? AT=CAGAT Oct4? ATGGxAAT Oct4?
12 CT=TCT Sox2? CAC~CC= Klf/Sp1 =CCCCC= Sp/Egr
13 =ATT=AAA Oct4? C~TTGT Sox2 TGAAT~ Sox8
14 CTCCC= ? CxGaGA ? CTG=Gx ?
15 TTCG=AAAT Oct4? TTC=AAAT Oct4? CACCT Myc
16  CACCT Myc AA_CGA ? CCTC=T! Zic
17 CTG.CCTC ? ATT=AAAT Oct4? CxAATTA Oct4
18 CCT x ? CACeCC ? CTCC~ ?
19  AGATGCC Yyl CACGTG. Myc
20 C.GTTTCC ?
21 ATGGxAAT Oct4?
Wall  00:16:36 00:16:50 00:15:43
CPU  00:16:36 00:16:50 00:15:43
C FIRE
Shuffles 1 Shuffles 2 Shuffles 3
Rank Motif Factor Enrich Motif Factor Enrich Motif Factor Enrich
1 _AT=x.AT Oct4? + ATCaxx . Ax Oct4? + AT x AT Oct4? +
2 CaeC.CCa. KIlf/Sp1 + TT=Co . ? - =TTTCT.» Sox2? +
3 aATae. . ? - 20aC.CCx Klf/Spl + axAT~ ... ? -
4 ==TTTCT-. Sox2? + AT.CA A= Oct4? + 222C.CCC. Klf/Spl +
5 = AxAA = ? - aTC-A . ? - . TTCC~. Ets TF famlly +
6 T.G.CA ? - ~.TTCC.. Ets TF family + TC-A. o ? -
7 cesAxex. ? - —A=GxCA~ Nrd4A2 + ~xIT Ga. ? -
8 _x=TCC.... EtsTF family? + ~TCCG. A=A Oct4? + xAT=CaCA= Oct4? +
9  aTCCCxAxA~ Oct4? + TTATT=A. ? + =GaATAA~ ? +
10 TTCa.= ? - .Ca.CxTa ? - =T=GCA ? -
11 ATxATGCA Sox2-Oct4? + xT-Clx ? - ~AAGGTCA Esrrb +
12 A= aA=A ? + _CCaAx » ? - - Aa G ? +
13 CAAGCT=x Esrrb + =T=TTGTT. Sox2? + CACA-A +
14 AxxTTT= ? -
15 _TGAGA=T Oct4? +
16 TTGTAAA Oct4? +
Wall 00:13:02 00:14:54 00:14:03
CPU 00:13:02 00:14:54 00:14:03
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