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Phalaris salt stress experiment details

Salt stress experiment Phalaris seeds were germinated and grown in five replicates
on 10x10x5cm rock wool blocks. The blocks were placed on tables that were in-
termittently flooded with water of the appropriate salt concentration. After 50d
establishment without salt, the plants were subjected to 0.5% NaCl for 30d, then
to 1.0% for20d, then to 1.5% for 40d, and afterwards to 2%. Samples for RNA
extraction were taken 50d after germination before salt treatment, early into salt
treatment (30d 0.5% salt, 20d 1.0% salt, 5d 1.5% salt), and late into salt treatment

(a further 36d at 1.5% salt, and 9d 2% salt).

RNA sequencing Sequencing libraries were constructed with the TruSeq RNA sam-
ple preparation kit (Illumina) according to the manufacturer’s instruction, starting
from 1.3 pg total RNA. Four samples were indexed and combined in one Illumina
HiSeq sequencing flow cell lane. After sequencing on the Illumina HiSeq 2000 plat-

form, between 50 — 64M reads per sample were obtained.

Stable genes

Across 7% and 7° on the same gene set G, while the abundances of the genes
provide a framework for detecting differentially expressed genes, the same is not
adequate to tease out the stable or non-changing (nonDE) genes in G. Inspired
by the ® character functions, whose image is a set of positive integers, we use a

combinatorial framework to detect the stable genes.

Let m# = p1,p2,....,p; be a sequence of positive integers. Further, len(w) = [ is
the length of 7 and its ith element, p;, is also written as 7(i). A sequence 7’/ =
Diy» Pigs s Piy, for some iy < dp < .. <y and I’ <, is called a subsequence of 7.

Further, if p;, < p;, <.... < p;, holds then it is called an increasing subsequence.



For example, consider the sequences

m = 112111232223
m = 111112222233
mg = 11111123
my = 1112222

Here, 74 is a subsequence of both 7y and w5 but not m3; 73 is not a subsequence of
any of the other three; my, m3 and 74 are increasing sequences.
Consider ¢® and ¢° of Eqn(3). Let 7 be an increasing sequence with a one-to-one

map

0:{1,2,...L} = {91,92, .-, 9L} (11)

such that 7%(i) = ¢%(0(i)). Based on 7%, 7 is defined as follows: for 1 < i < L,
7%(i) = ¢° (0(i)). Notice that, in effect, 7° is a re-labeling of ¢” in terms of ¢%.
Consider a concrete example with at least two possible § maps, 67 and 65, and their

corresponding sequences 7 and 7®.

¢* = 211243 i 123456 i 123456
# = 141321  0.(d) 231465  0y(i) 324165
T = 112234 7 = 112234
7 = 411312 7 = 143112

Next, a stable set of ¢ and ¢ is modeled as a longest increasing subsequence of
7. This problem is defined below.

Definition 3 (Longest Increasing Subsequence (LIS) Problem) Given an
integer sequence m, let II be the set of all subsequences of w. Then 7' is a longest
increasing subsequence of w if and only if len(r') = max{len(x") | 7" € 1}.

The LIS problem can be solved exactly in polynomial time as described below.

Solving the Longest Increasing Subsequence (LIS) problem
The LIS problem can be solved exactly in time O(nlogn) using dynamic program-

ming, see e.g. [1]. However, when we want to keep track of all possible alternative



LIS solutions the time complexity becomes O(n? + N), where N is the number of

alternative LIS solutions (see the discussion below).

Two distinct subsequences 7’ and 7" are mutually longest increasing subsequences
if len(n’) = len(n") and the subsequences are increasing. In the worst case, the
number N of alternative LIS solutions is exponential, i.e. (O(1))™, for a sequence
of length n. Consider the following example: m = 132465798101211131514....n Then
it can be verified that all the maximal LIS are obtained by picking one entry from the

two elements in each of the square brackets: 1[3, 2]4[6, 5]7[9, 8]10[12, 11]13[15, 14]....n.

Dynamic programming relies on the fact that the LIS solutions for the prefixes of
sequence S can be utilized when computing the LIS for S. The algorithm iteratively
finds the LIS ending at position i, i = 1,2, ...,n, where n is the number of elements

in sequence S. Sequence S is the re-labeled sequence 7 in the case of stable genes.

Denote the maximum size of a LIS ending at position j as M;. When processing
element S;, the algorithm checks all the thus far largest M}, j < 4, for which S; > S;
and extends their LIS with .S;. There may exist several j with the same size M, and
they all need to be examined as possible alternative solutions. Consider for example
a pathological case S = 7,6,5,3,2,1,4. The LIS size for S is 2 and the possible
solutions are (3,4), (2,4), (1,4). When considering the last element S,, = 4, one
needs to find all the positions j < n with the maximal M; (in the example maximal
M; =1, j=1,..,6). The elements S4, S5, S¢ need to be linked to S, as potential

prefixes of the LIS ending at position n (since they are no greater than S,,).

Searching for the maximum M; with S; > S; can be done in time O(logn)
when storing the values in a sorted data structure. One needs to generate at most
n — 1 links to prefixes S; for each position ¢ = 1, ..., n. Therefore the computational
complexity of this algorithm for computing all the possible solutions to the LIS
problem becomes O(n?logn), or simply O(n?) when the search is omitted and all
positions j < i are considered for each ¢ = 1,...,n. In practice there may exist
few alternative solutions and using the binary search option may be more efficient.
However, the output size N may be exponential, so in the worst case an algorithm

that outputs all possible LIS solutions takes time O(n?) + (O(1))".
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Figure 1 Phalaris stable genes expression level distribution. The genes are ordered by increasing
expression on the x-axis, and the y-axis shows the expression bin of the x:th gene in the

control/stress pair of the respective cultivar.

Stable genes on Phalaris data

We employed the stable genes framework to identify transcript sets whose expres-
sion remains constant (with respect to each other) between the control and stress
experiments. Comparing each cultivar’s stress and control experiment, we identi-
fied 7,800 — 11,400 stable transcripts per cultivar. The intersection of those sets
yields roughly 3,000 transcripts that remain stable in cultivar during salt stress.
These transcripts represent a wide range of read counts. Up to 500 of the stable
transcripts have maximum norm distance 1.0 which is only about 15% of the stable
transcripts, compared to about 25% transcripts with max. norm distance 1.0 in the
entire data. The mode distance of the 500 stable transcripts is at most 1, thus they
are a separate set from the DE candidates and represent genes whose expression
remains stable during salt stress in all cultivars. The expression distribution (bins)
of the stable genes are visualized in Figure 1. The stable set represents genes having

a wide range of expression levels.

Additional RoDEO method comparison

For evaluating the methods, we use the MicroArray Quality Control (MAQC) III
RNA-seq dataset [2] (also known as SEQC). This dataset has been previously ap-

plied in a comprehensive evaluation of existing DE methods [3]. The data consists



of two samples, one for human reference RNA and one for human brain reference
RNA, with five replicates per sample. Each sample was sequenced as 100 bases
paired-end reads on a HiSeq2000 instrument. The methods were run on all genes,
while the DE results were evaluated only on the roughly one thousand genes with
available qRT-PCR quantification, provided by the MAQC project [4].

Figure 2 shows the methods’ performance on the five-replicate SEQC dataset.
The results on a single-replicate case shown in Figure 3 use the first replicate only.
RoDEO does especially well on cumulative true rankings (panel iii) for the top
genes in Figure 2, and is on par with the best available methods in the other as-
pects. This is observed for a large range of thresholds for calling genes differentially
expressed from the PCR validation data (panel iv). Indeed, when the threshold
increases (towards calling only the most differentially expressed genes), RoDEO re-
sults improve. Only sSeq is on par with RoDEQO, being slightly better on this SEQC
dataset, while RoODEO was best on the MAQC PRO dataset featured in the main
manuscript. baySeq and edgeR clearly fall below these two methods. Furthermore,

edgeR is not applicable in the single replicate case.
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Figure 2 SEQC results on five replicates. The four panels show (i) false discoveries in the top DE
genes, (ii) false positive vs. true positive rate and area under the curve (AUC) measurement, (iii)
number of true DE genes with ranks 1...x within top = genes by the method, and (iv) AUC when
varying the threshold for calling DE genes from the gRT-PCR results (threshold 1.5 is used in

panels i-iii).
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Figure 3 SEQC results on one replicate. The four panels show (i) false discoveries in the top DE
genes, (ii) false positive vs. true positive rate and area under the curve (AUC) measurement, (iii)
number of true DE genes with ranks 1...x within top = genes by the method, and (iv) AUC when
varying the threshold for calling DE genes from the gRT-PCR results (threshold 1.5 is used in

panels i-iii).




