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Over-dispersion of the ENCODE data set
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Figure S 1: Sample clusters. Hierarchical clustering of the SEQC libraries from sample A and B. Read
counts were normalized by each method and log2 transformed. All methods achieved perfect separation of
libraries by sample type.
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Figure S 2: Sample clusters. Hierarchical clustering of the ENCODE libraries from GM12892, H1-

hESC and MCF-7. clustering was performed similarly as Figure S1.
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Figure S 3: Dunn clustering validity index. Dunn index was used to evaluate clustering of normalized
gene count data from both SEQC and ENOCDE data. Higher values indicate better clustering with closer
distances within clusters than between clusters.
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Figure S 4: Normalized read counts. Boxplots of the normalized read counts distributions from all
10 samples. Normalization based on a single scaling factor result in similar count distributions while gene-
specific normalization such as limmaVoom or Cuffdiff are markedly different.



ROC of ERCC spike—in data
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Figure S 5: ROC analysis of ERCC spike-in controls. ERCC control oligonucleotides were divided
into four groups with different mixing ratios between samples A and B (1:1, 4:1, 1:2 and 2:3). In this ROC
analysis the 1:1 mix are the set of undifferentiated controls (true negatives) and all others are differentiated(
true positives). AUC = area under the curve.
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Figure S 6: Null model p-values distribution without replicate samples. Density plots of null model
p-values generated from comparisons without replication (i.e. comparison between two samples A; vs. A;
or B; vs. Bj). Results were separated based on four read counts quartiles. In most cases p-value densities
are uniform as expected from null model comparison however, Cuffdiff p-values are significantly enriched in
the lower range (< 0.05) indicating a larger number than expected of false positive prediction of differential
expression. Note that limma does not allow contrasting conditions with no replicated samples and therefore
was excluded from this analysis.
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Figure S 7: Evaluating monotonic correlation between signal-to-noise and p-values in genes expressed
in only one condition.(a) Isotonic regression modeled the monotonic correlation between signal-to-noise and p-
values for the subset of genes with counts in only one of the two conditions. RMSD between observed and predicted
values shows that DESeq and edgeR deviated significantly from the desired monotonic relationship suggesting that for
this subset of genes the methods do not model properly the variations in gene count measurements. (b) Kendall-tau
rank correlation between signal-to-noise in the expressed condition and adjusted p-values.
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Figure S 8: Comparison of signal-to-noise ratios and DE p-values using SEQC data. Similar
analysis as Figure 4 in manuscript using SEQC data set.



Number of false positives

all genes First count quartile Second count quartile Third count quartile Fourth count quartile
750-
500- 2
1%
2
250~z 1 3 1 1 1 |
T s x [ F = P FS I k3 £ = F = = T
o ) RN N T O A L h
i ¥ 1 i
500- &
I 1 1 %
= I
2504 L N ) O 1 o1 1
173 & F Y x I
2 o (1t I 1y
[
(=2}
B 750-
& =
B 500- 3
N bl
& 250- =
5 : z = 5 § !
= 0- - e e = w =m = - - - - - = = s & = = = = I A3 Lo h
0)
Qo
€
S750-
z =
3
500- 7
L g
250- R 3
T T T T T T = T = = = = E T T = = = - z
0- - - - - L b
750-
2
500- g
250- o
S B R .S +
0- - - = = = = 4t L . = = = EEE T I e - - = = = = o
5% 10% 20% 30% 40% 50%100% 5% 10% 20% 30% 40% 50%100% 5% 10% 20% 30% 40% 50%100% 5% 10% 20% 30% 40% 50%100% 5% 10% 20% 30% 40% 50% 100%
Sequencing depth
Replicates — 2rep 3rep
(a) False positive rates defined as the number of incorrectly identified DE genes
Sensitivity rates
all genes First count quartile Second count quartile Third count quartile Fourth count quartile
1.00- =
E T = x z = = 1 = i T T T T
0.75- i R =
= T T =
0.50- I - o
8
0.25- + -+
0.00- - - = 7
1.00- +
0.75- — T L I
T i 2
0.50- = <
a
0.25- =
1110.00- - =
01.00-
2
50.75- I
3 3 | z = =T T s
2 : = = — ES 3
B0.50- z = = . = = = x z 3
5 - 7 i = T =
£ 0.25- = = L
k=) =
'©0.00- -
©
£1.00- -
[y = = : = = ® =8 = = = = = = = = =
0.75- = I | s
3
0.50 T = g
0.25- =
0.00- o —
1.00-
3 P -+ = = = = - = - - - = + + - - - - -
0.75- — ———F T o
S = S
8
0.50- = = g
= $
0.25- - -
0.00- = 7

SR L N T o o o
5% 10% 20% 30% 40% 50%100% 5% 10% 20% 30% 40% 50%100% 5% 10% 20% 30% 40% 50%100% 5% 10% 20% 30% 40% 50%100% 5% 10% 20% 30% 40% 50% 100%
Sequencing depth

Replicates —— 2rep 3rep

(b) Sensitivity defined as the fraction of DE genes identified from the true set

Figure S 9: Analysis of methods performance with varying sequencing depth and number of replicates for detecting
DE between GM12892 and H1-hESC.
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Figure S 10: Analysis of methods performance with varying sequencing depth and number of replicates for detecting
DE between H1-hESC and MCF-7.
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(b) DESeq sensitivity defined as the fraction of DE genes identified from the true set

Figure S 11: Impact of sequencing depth and number of replicate samples on DE detection by DESeq using SEQC
data.
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Figure S 12: Impact of sequencing depth and number of replicate samples on DE detection by edgeR using SEQC
data.
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Figure S 13: Impact of sequencing depth and number of replicate samples on DE detection by limmaQN using
SEQC data.
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(b) limmaVoom sensitivity defined as the fraction of DE genes identified from the true set

Figure S 14: Impact of sequencing depth and number of replicate samples on DE detection by limmaVoom using
SEQC data.
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maximum sensitivity is less than 1 since PoissonSeq was not used to define the true set of DE genes.

Figure S 15: Impact of sequencing depth and number of replicate samples on DE detection by PoissonSeq using
SEQC data.
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Figure S 16: Over-dispersion of the ENCODE data set. Over-dispersion indicates that the variance
is larger than what would be expected given a specific model, for the case of count data, the Poisson model,
in which the mean (u) equals the variance (v). In an over-dispersed data set, such as the ENCODE data,
the mean-variance relation is super-linear v o p™, where n > 1. In log space this would correspond to
logv < nlog p. The log i vs. logv plots for the three ENCODE cell lines used in this study are fitted with
a linear regression line. The regression coefficients (/5 values in the plots) are all larger than one indicating
that the variance is indeed increasing more rapidly than the mean and over dispersion exists among the
ENCODE biological replicates.




