
Introduction
Fragment bias in RNA-Seq poses a serious challenge to the accurate quantification of gene isoforms. Mix2 makes no assumptions about 

coverage bias but fits a mixture model for each gene isoform to the data (Fig. 1). Mix2 can, for instance, accurately represent the 5’ bias, as 

shown in  Fig. 1 (a and b), whereas Cufflinks is restricted to the uniform distribution (Fig. 1c). 

Experiments and Results
Mix2 was tested on the publicly available MAQC 1, SEQC 2 and ABRF 3 datasets, combining RNA-Seq data from multiple sequencing facili-

ties, library preparations, and differently degraded RNA. As a reference qPCR concentration measurements were used, for around 1,000 

gene isoforms in Universal Human Reference (UHR) RNA and Human Brain Reference (HBR) RNA that are available from the Gene Expres-

sion Omnibus (GEO). The Mix² software was compared to the widely used isoform quantification methods Cufflinks 3, PennSeq 4, RSEM 6 

and eXpress 7. A detailed description of our experiments can be found in 8.

Mix2 (rd. “mixquare”) yields highly accurate concentration estimates for gene isoforms by adapting 
to the positional coverage bias in RNA-Seq data. This leads to higher accuracy in the detection of 
differential expression of genes and gene isoforms. Mix2 enables repeatable concentration estimates 
across multiple library preparations and sequencing facilities and can be used as an explorative tool 
to investigate the positional biases present in RNA-Seq data. Mix2 is highly efficient and runs signifi-
cantly faster than current state-of-the-art RNA-Seq data analysis tools. 
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Figure 1 | Exemplary representation for positional fragment bias over a 2,000 bps transcript modeled with a mixture of 8 normal distribu-
tions. (a) The green curve shows the combined probability density function over the whole transcript, while the blue curves show the individual mixture 
distributions. (b) and (c) Panels display fragment distributions in a locus with two transcripts sharing one junction, as modeled by Mix2 or Cufflinks. Long 
and short transcripts start at 5,000 and 5,500 bp from the beginning of the locus, and are 2,000 and 1,000 bp long, respectively. The junction spans 
the 6,000 – 6,499 bp region. 
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Figure 2 | Correlation between qPCR and FPKM values on MAQC data for Mix², Cufflinks, PennSeq, eXpress, and RSEM. (a) and (b) Correla-
tion for one lane of UHR RNA data. The ellipses at the bottom highlight transcripts that were not detected. (c) Average R2 value over all 7 lanes of 
UHR and HBR RNA.
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Accurate Concentration Estimates of Gene Isoforms
Our experiments on MAQC show considerably better correlation 

between the qPCR and FPKM (expected Fragments Per Kilobase 

of transcript per Million fragments mapped 3) values for the Mix2 

model than for Cufflinks with bias correction 3,5, PennSeq 4, RSEM 
6 and eXpress 7. Cufflinks fails to detect 117 transcripts or 16 % of 

the complete test set in one lane of UHR (Fig. 2b). Similarly, the av-

erage qPCR value of -1.86 for undetected transcripts, is relatively 

high in comparison to the average for the complete test set, which is 

-1.02. Hence, Cufflinks fails to detect a large number of highly abun-

dant transcripts. The number of undetected transcripts for Mix2 is 

considerably smaller equaling 24, which is 3 % of the complete test 

set (Fig. 2a). In addition, the average qPCR value of -2.55 for Mix2 is 

noticeably smaller than for Cufflinks, hence Mix2 fails to detect only 

low abundant transcripts. Finally, as shown in Fig. 2c, the correla-

tion between qPCR and FPKM values measured by R2 is higher for 

Mix2 than for Cufflinks, PennSeq, eXpress, and RSEM. With SEQC the 

accuracy of isoform quantification was evaluated with the help of 

samples A to D, where C and D contain A and B with known mix-

ing ratios. This allowed for the comparison of known to estimated 

mixing ratios and the number of transcripts with correctly recovered 

titration order. Fig. 3a shows that for any given relative error the 

number of transcripts with an estimated mixing ratio below this er-

ror is higher for Mix2 than for the other methods. In addition, Fig. 3b 

implies that Mix2 recovers the correct titration order for more tran-

scripts than Cufflinks, RSEM, and eXpress. The analysis of MAQC 

data demonstrated that the higher accuracy of concentration esti-

mates by Mix2 leads to better correlation between qPCR and FPKM 

fold-changes and consequently to higher accuracy in the detection 

of differential expression (Fig. 4). For this purpose a simple classi-

fication experiment was performed. Transcripts with a qPCR fold 

change above 2 or below 0.5 were defined as differentially up- or 

down-regulated, respectively. The remaining transcripts were char-

acterized as not differentially expressed. Subsequently, transcripts 

were classified as up- or down-regulated if their FPKM fold change 

was above a certain threshold or below the inverse of this threshold. 

Varying the threshold between 1.1 and 106 and recording the true 

and false positive rates for each value, with respect to the qPCR-

based definitions, we obtained the Receiver Operating Characteris-

tic (ROC) curve shown in Fig. 4c were calculated. Taking the average 

over all 49 combinations of lanes in UHR and HBR with Mix2 a true 

positive rate of 0.71 at a false positive rate of 0.1 were obtained 

(indicated by a dotted line in the Fig. 4c), which is considerably higher 

than the true positive rates of 0.22 for Cufflinks, 0.44 for PennSeq, 

and 0.46 for eXpress.

Figure 4 | Correlation between qPCR and FPKM fold changes between UHR and HBR RNA for Mix2 vs Cufflinks, and ROC curves for a classification 
experiment based on FPKM values of UHR and HBR RNA lanes. Since the FPKM and qPCR fold changes should be identical, the range of FPKM fold 
changes was restricted to the range of qPCR values, as shown in (a) and (b), and thus to a range between 10-4 and 103. (b) Cufflinks produces a large number 
of transcripts whose FPKM fold change lies considerably above or below the majority, as can be seen by the long straight clusters at FPKM fold changes 
of 10-4 and 103. On the other hand, the Mix2 model greatly improves the correlation between qPCR and FPKM fold changes for the UHR and HBR RNA 
samples, and as shown in the classification experiment, (c) leads to a substantially higher accuracy in the detection of differential expression. The dotted 
line in (c) indicates a false positive rate of 0.1.
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Figure 3 | Evaluation of built-in ground truths of the SEQC data set. (a) Relative error of predicted Sample C/D ratio vs. measured C/D sample ratio. 
Y-axis shows the percentage of transcripts having a relative error less than value on x-axis. (b) Titration order consistency. Y-axis shows the percent-
age of transcripts with correct titration order. Mix2 “none”, “group”, or “global” refer to the tying parameter used (i.e. the association of transcripts for a 
given gene).
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Repeatability Concentration Estimates Across Laboratory Sites
We evaluated repeatability across sites on the SEQC data. Fig. 5 

shows the standard deviation over all lanes and sites versus the 

abundance given by the detrended log signal as defined in Teng et 

al., (2017) 9. In the region where these curves can be estimated reli-

ably, Mix2 without tying has the smallest standard deviation. This 

shows that Mix2 yields the most repeatable results across the full 

range of abundances. Fig. 6 shows boxplots of the R2 values for the 

pairwise comparisons between the sites whose abbreviations are 

given in the titles of the graphs. This figure shows that Mix2 achieves 

the highest repeatability for each individual comparison.
Figure 5 | Repeatability across all sites depending on abundance.

Figure 6 | Repeatability between pairs of sites. Boxplots show R2 values over all lane comparisons. Research sites: AGR: Australian Genome 
Research Facility, BGI: Beijing Genomics Institute,  CNL: Weill Cornell Medical College, COH: City of Hope.

Figure 7 | Types of biases detected in one lane of UHR RNA. By clustering the transcript-
specific fragment distributions estimated with Mix2 , 6 clusters representing different biases 
were obtained. (a)-(c) Show the most dominant biases (the other three bias types are not 
displayed here), where 5’- and 3’-biases accounted for 7.9 % and 17.7 % of all 858 transcripts, 
respectively. The uniform bias distribution was observed for only 26.9 % of the transcripts. 
A accumulated distribution of all 858 unclustered transcripts is shown in (d). Green curve 
represents the median distribution, dark grey shows 95 %, and light grey - 5 % quantiles.

Exploring the Positional Biases in RNA-Seq with Mix2

The transcript-specific fragment distributions estimated by Mix2 can 

be clustered to reveal biases present in RNA-Seq data. Fig.7 shows 

some of the dominant bias types in the MAQC data detected by Mix2 

for a subset of transcripts in one lane of UHR RNA. The classes of 

distributions with 5’-bias (7.9 %) and 3’-bias (17.7 %) depicted in Fig. 

7a and Fig. 7c are just two examples of the classes representing these 

biases. In total, 20.1 % of transcripts can be assigned to classes with 

5’-bias, while 26.3 % can be assigned to classes with 3’-bias. On the 

other hand, only 26.9 % of transcripts exhibit uniform distributions 

(Fig. 7b). The dominance of non-uniform distributions is not immedi-

ately evident when looking at the accumulated distribution of unclus-

tered transcripts (Fig. 7d). In fact, the accumulated distribution gives 

the false impression that no relevant biases are present. The source 

of the biases in Fig. 7 is unknown, however, the 3’-bias can be linked 

to the type of library preparation, as it is typical for libraries made with 

cDNA fragmentation 2, while 5’ bias potentially arises from RNA deg-

radation. 



Conclusions
The Mix2 software developed by Lexogen enables:
•  Considerably better correlation between known and estimated isoform concentration than current state-of-the-art RNA-

Seq data analysis methods. 

•  Improved transcript concentration fold-change estimates, which yield more accurate detection of differential expression.

•  Repeatable concentration estimates across different sequencing facilities, library preparations, and types of RNA degradation.

•  Detection and classification of bias types in RNA-Seq data.

•  Extremely fast run-times and small memory footprint. 
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Mix2 Cufflinks w/o Bias Correction Cufflinks with Bias Correction

Lane Min GB Min xRT GB xMEM Min xRT GB xMEM

Avg (UHR) 7 1.26 34 4.9 0.99 0.79 542 77.4 1.32 1.05

Avg (HBR) 5 1.02 32 6.4 0.90 0.88 536 107.2 1.22 1.20

Table 1 | Average memory usage and run-time statistics on the 7 lanes of UHR and HBR RNA in the MAQC data set. Min stands for run-
time in minutes, GB for memory usage in gigabytes. xRT and xMEM are the factors by which run-time and memory usage increases, respectively, in 
comparison to Mix2.

Implementation and Run-Time Performance
Lexogen has implemented the Mix2 software as a 64-bit command 

line tool on Linux, MAC, and Windows. For an up-to-date list of 

supported distributions please refer to the User Guide of the Mix2 

software. The Mix2 software can process paired-end and single-end 

data and has been tested on bam files generated from Illumina and 

SOLiD RNA-Seq reads. 

Table 1 gives a comparison of the usage statistics of Cufflinks run-

ning with and without bias correction to Mix2 on the 7 lanes of UHR 

and HBR RNA in the MAQC data set. Mix2 is faster than Cufflinks 

without bias correction by an average factor of 4.8. In comparison 

to Cufflinks with bias correction, Mix2 is even faster by an average 

factor of 77.4 for UHR. Similar numbers can be observed for HBR, 

where Mix2 is faster by a factor of 6.4 and 107.2, respectively, than 

Cufflinks without and with bias correction. Running Cufflinks with 

bias correction produces more accurate results and was the mode 

in which Cufflinks was used for the experiments in the previous sec-

tions. These results therefore show that Mix2 does not only produce 

substantially more accurate concentration estimates than Cufflinks 

but is also significantly faster. 


