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Fig. A11: 

 

Fig. A11: Median detection rates of the six individual classes of truly interacting proteins applying the quantile 

normalization.  Median detection rates of 50 simulations are calculated for the three different methods (a) SAINT-WY, (b) 

TSPM-WY and (c) TSPM-BH, in each case (i) without preprocessing, (ii) with quantile normalization, (iii) with quantile 

normalization and filtering of the data. Different classes of true interactors are top1-2 having no counts in the controls and 

weak or strong presence in the baits respectively, sticky1-2 holding low counts and sticky3-4 high counts in the controls with 

weak or strong presence in the baits respectively. 

 

Fig. A12:  

 

 

Fig. A12: Median detection rates of the six individual classes of truly interacting proteins applying the TMM 

normalization. Median detection rates of 50 simulations are calculated for the three different methods (a) SAINT-WY, (b) 

TSPM-WY and (c) TSPM-BH, in each case (i) without pre-processing, (ii) with TMM normalization, (iii) with TMM 

normalization and filtering of the data. Different classes of true interactors are top1-2 having no counts in the controls and 

weak or strong presence in the baits respectively, sticky1-2 holding low counts and sticky3-4 high counts in the controls with 

weak or strong presence in the baits respectively.  
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Fig. A13: 

 

 

Fig. A13: Median detection rates of the six individual classes of truly interacting proteins applying the sumtotal 

normalization. Median detection rates of 50 simulations are calculated for the three different methods (a) SAINT-WY, (b) 

TSPM-WY and (c) TSPM-BH, in each case (i) without pre-processing, (ii) with sumtotal normalization, (iii) with sumtotal 

normalization and filtering of the data. Different classes of true interactors are top1-2 having no counts in the controls and 

weak or strong presence in the baits respectively, sticky1-2 holding low counts and sticky3-4 high counts in the controls with 

weak or strong presence in the baits respectively. TSPM+WY reveals difficulties in identifying protein classes defined by a 

small difference in the bait samples.  

 

Fig. A14:  

 
Fig. A14: Boxplots showing the number of truly interacting proteins identified by the workflow TSPM-WY below an 

adjusted p-value of 0.05 based on 50 simulations, dependent on the normalization method applied and with or without 

filtering of the data. The workflow exhibits difficulties to detect any of the true interactions without the filtering due to an 

outlier in the data. Filtering and normalization significantly increase the number of detections. 
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Fig. A15:  

 

 

 

Fig. A15: Overview on the number of contaminants detected below a threshold of 0.05 in each of the 50 simulations 

and normalization methods applied, for the different workflows (i) SAINT-WY, (ii) TSPM-WY, and (iii) TSPM-BH, without 

and with filtering of the data. Thereby, SAINT-WY, TSPM-WY and TSPM-WY filtered show at most one contaminant in a final 

list of candidates in all the simulation runs. Between zero and seven contaminants are found for TSPM-BH without and with 

filtering, which is to be expected for the FDR control. 
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Fig. A16: 

 

 

(a) 
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(b) 

 

 

 

 

 

 

 

Fig. A16: ROC curves presenting the correlation of false positives and true positives for the different protein classes 

for the method SAINT-WY and TSPM-WY based on one exemplary simulation data set (i) without normalization, (ii) with 

quantile normalization, (iii) without filtering, and (iv) with filtering of the data. The overall ROC curve of all true interactions 

is shown in black. The relationship of true positives to false positives obtained by choosing all proteins below a threshold of 

0.05 is marked by a rhomb. 
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Fig. A17:  

 

 

 

 

Fig. A17: Schematic representation of the macromolecular machinery of the type III secretion system encoded by 

pathogenicity island 1 of Salmonella Typhimurium in the presence of host cells:  Proteins of the needle complex (blue) 

and the export apparatus (red) are clearly expected from the experiment. The cytosolic components (gray) are rather loosely 

associated with the rest of the complex and are easily lost during purification. 
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Fig. A18:  

 

  

 

 

Fig. A18: 

Venn diagram according to Table 2.1 (main manuscript), showing the intersection of candidates detected by A) SAINT 

WY  without any preprocessing (saint.woNorm), with quantile, DESeq and sumtotal normalization including filtering 

(saint.quaF, saint.desF, saint.sumF); B) SAINT-WY and TSPM-WY, each without preprocessing (saint.woNorm, 

tspmWY.woNorm) or with quantile normalization and filtering respectively (saint.quaF, tspmWY.quaF); C) The intersection 

is assessed for all proteins pooled by the different preprocessing methods for SAINT (79 proteins allSAINT.uniques) and all 

proteins pooled by the different preprocessing methods for TSPM (97 proteins allTSPM.uniques). The smallest intersect of 

all methods, independent of the preprocessing method used, are 29 candidates (subset of the 69 proteins). 

A. 

B. C. 
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Fig. A19: 

 

 

Fig. A19: Robustness study on sample size using 5 replicate bait and control samples. Number of identified truly 

interacting proteins below a threshold of 0.05 by the different workflows are shown without filtering for (i) SAINT-WY and 

(ii) TSPM-BH , and with filtering for (iii) SAINT-WY (saintWY.F), (iv) TSPM-WY (tspmWY.F), and (v) TSPM-BH 

(tspmBH.F), according to the normalization method applied (reported on the x-axis). A maximum number of 100 true 

interactors can be obtained based on the ground truth.  

We observe the same trend as in Figure 2.3 in the main text – only the sumtotal normalization shows an improved 

performance, as the additional replicates compensate for the introduced outliers and biases in the data. 
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Fig. A20: 

 

 

 

Fig. A20: Robustness study on sample size using a total set of 5000 proteins. Number of identified truly interacting 

proteins below a threshold of 0.05 by the different workflows are shown without filtering for (i) SAINT-WY and (ii) TSPM-

BH , and with filtering for (iii) SAINT-WY (saintWY.F), (iv) TSPM-WY (tspmWY.F), and (v) TSPM-BH (tspmBH.F), 

according to the normalization method applied (reported on the x-axis). A maximum number of 1000 true interactors can be 

obtained based on the ground truth.  

We observe the same trend as in Figure 2.3 in the main text – as already seen in Fig. A19 the sumtotal normalization shows 

an improved performance, as the increased number of candidate proteins compensates for the introduced outliers in the data. 
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Table A1: 

 

 

Table A1: Number of identified truly interacting proteins below a threshold of 0.05, based on 100 true 

interactors in the negative binomial simulation study.   

Application of the two FWER controlled workflows SAINT-WY and TSPM-WY, and the FDR based workflow 

TSPM-BH (i) without normalization (w/o Norm.), (ii) with five different normalization methods, (iii) without 

filtering, and (iv) with filtering of the data. Numbers of contaminants below a threshold of 0.05 are shown in 

brackets.The same trend is observed here as in the results of the simulation study based on poisson distributions: 

Normalization as well as filtering increase the number of detected true interactions. TSPM-WY exhibits the same 

difficulties in detecting true interactions without filtering due to outliers in the data, but performs competitive to 

SAINT with the filtering. However, all methods here identify less true interactions compared to the simulation 

study based on poisson distributions, as the latter data setup fits presumably better to the scoring models. 

 

 

Table A2: 

 

 
SAINT-WY w/o 

filtering 

SAINT-WY  

+ filtering 

 

TSPM – WY w/o 

and with filtering 

TSPM – BH  

w/o filtering 

TSPM – BH  

+ filtering 

HflK (Uniprot: E1WF50) 

w/o Norm.   x x x 

TMM  

 

x x x 

quantile 

  

x x x 

upperquartile   x x x 

DESeq 

  

x x x 

sumtotal  

 

x x x 

FtsH (Uniprot: E1WI79) 

w/o Norm.    x x 

TMM  

  

x x 

quantile 

  

x x x 

upperquartile   x x x 

DESeq 

   

x x 

sumtotal  

 

x x x 

HtpX (Uniprot: E1WG81) 

w/o Norm.    

  TMM  

    quantile 

   

x x 

upperquartile   

  

x 

without filtering + filtering 

Normalization 

method: 

SAINT-WY 

 

TSPM-WY 

 

SAINT-WY 

 

TSPM-WY 

 

w/o Norm. 41 0 48 36 

sumtotal 41 0 46 39 

DESeq 46 0 50 45 

TMM 55 0 61 71 

upperquartile 54 0 58 71 

quantile 55 4 58 (1) 60 

 ASSS 

TSPM-BH 

w/o 

filtering 

+ 

filtering 

43 66 (1) 

50 69 (1) 

62 79 (3) 

79 (4) 89 (3) 

76 (3) 81 (3) 

72 (3) 84 (4)  
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DESeq 

     sumtotal  

    L17 (Uniprot: E1WIJ1) 

w/o Norm. x x  

  TMM x x 

   quantile x x x x x 

upperquartile x x 

  

x 

DESeq x x 

   sumtotal x x 

   S12 (Uniprot: E1WIM5) 

w/o Norm. x x  

  TMM x x 

   quantile x x 

   upperquartile x x 

   DESeq x x 

   sumtotal x x 

   L5 (Uniprot: E1WIK5) 

w/o Norm.    

 

x 

TMM x x 

  

x 

quantile x x 

 

x x 

upperquartile x x 

 

x x 

DESeq x x 

 

x x 

sumtotal x x 

 

x x 

L15 (Uniprot: E1WIJ8) 

w/o Norm.    

 

x 

TMM x x 

  

x 

quantile x x 

 

x x 

upperquartile x x 

 

x x 

DESeq x x 

 

x x 

sumtotal x x 

 

x x 

YajC (Uniprot: E1W8R7) 

w/o Norm.  x  

  TMM x x 

   quantile x x 

   upperquartile x x 

   DESeq x x 

   sumtotal x x 

   S11 (Uniprot: O54296) 

w/o Norm.    x x 

TMM  

  

x x 

quantile x x 

 

x x 

upperquartile   

 

x x 

DESeq x x 

 

x x 

sumtotal  x 

 

x x 

RpoA (Uniprot: E1WIJ2) 

w/o Norm.    

 

x 

TMM  

   

x 

quantile x x 

 

x x 

upperquartile   

 

x x 

DESeq 

   

x x 

sumtotal  x 

 

x x 

L16 (Uniprot: E1WIL0) 

w/o Norm.    

 

x 

TMM  

   

x 

A. Appendix

102



quantile x x 

 

x x 

upperquartile   

 

x x 

DESeq 

 

x 

 

x x 

sumtotal  x 

 

x x 

HflC (Uniprot: E1WF51) 

w/o Norm.  x  

 

x 

TMM  x 

  

x 

quantile 

     upperquartile x x 

 

x x 

DESeq x x 

 

x x 

sumtotal x x 

 

x x 

PrgJ  (Uniprot: E1WAB7) 

w/o Norm. x x  x x 

TMM x x 

 

x x 

quantile x x x x x 

upperquartile x x x x x 

DESeq x x 

 

x x 

sumtotal x x x x x 

SpaQ (Uniprot: E1WAD3) 

w/o Norm. x x  x x 

TMM x x 

 

x x 

quantile x x x x x 

upperquartile x x x x x 

DESeq x x 

 

x x 

sumtotal x x 

 

x x 

 

Table A2: Detection of interaction candidates in the Salmonella study below an adjusted p-value of 0.1 (denoted 

by x) dependent on the methods applied: (1) SAINT-WY, (2) TSPM-WY, and (3) TSPM-BH in combination 

without and with the five proposed normalization methods and with or without the filtering step. 

Table A3: 

without filtering + filtering 

Normalization 

method: 

FDR by SAINT  

< 0.05 

FDR by SAINT  

< 0.05 

w/o Norm. 38 40 

sumtotal 53 57 

DESeq 51 55 

TMM 60 64 

upperquartile 58 61 

quantile 61 65 

 

Table A3: Number of identified truly interacting proteins in the simulation data according to the 

approximated FDR proposed by SAINT below a threshold of 0.05. Numbers are assessed for the simulation 

data (i) without normalization (w/o Norm.), (ii) applying the five different normalization methods, (iii) without 

filtering, and (iv) with filtering of the data. No contaminant proteins are found within the identified proteins. A 

comparison to Figure 2.3 in the main text reveals that the FDR by SAINT is more conservative than the FWER 

by Westfall&Young as less truly interacting proteins are detected here. 
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METHOD Section: additional Details 

 

Overdispersion in TSPM 

TSPM generally relies on poisson distributed data; however, overdispersion can occur in case a protein shows a 

larger variation in its counts across the samples than theoretically expected. Overdispersion is a common issue in 

experiments in which samples originate from different biological conditions, thus counts reflect technical as well 

as biological variance. However, the setup for AP-MS data is different since - based on a defined pool of 

proteins - interaction partners are searched with and without a bait protein. Thus, overdispersion is not expected 

in single-bait experiments as counts reflect rather a technical variance, theoretically following a poisson 

distribution. However, in the event overdispersion occurs, TSPM is able to treat these proteins separately. It uses 

a random effects model and an adjusted score test in a first step to identify overdispersed candidates, which are 

followed by a quasi-likelihood approach respectively. The original TSPM implementation relies on the presence 

of several proteins displaying overdispersion, while our adaption of TSPM to AP-MS data consequently allows 

the case of having no overdispersed proteins in the data. 

 

Scoring method: SAINT 

The underlying assumption of SAINT is that each observed protein count is derived from a mixture distribution. 

Thereby, spectral counts of a protein are assumed to follow either a poisson distribution representing true 

interactions or a poisson distribution with a different mean count in case of a false interaction. A Bayesian 

modeling approach is used to estimate these count distributions for true and false interactions in order to infer 

from the given count whether the considered prey and bait protein share a true interaction.  

Thereby, various features of the proteins are integrated, such as the protein length, the total number of spectra in 

a sample as well as any present interactions involving the prey or the bait in the overall experiment. The 

distribution of false interactions is modeled based on the negative controls. SAINT also allows using a 

sufficiently large number of independent bait purifications instead of controls, provided that they are not closely 

related. 

 

Filtering Step 

Further details on the biological filter and its impact: 

From a biological point of view, there is no sense of keeping candidates showing higher counts in the controls 

than in the baits, as they are clearly no true interaction proteins. Concerning statistical testing, it is favorable to 

reduce the number of tests to meaningful candidates, as the multiple testing problem increases with each test. If 

the proportion of noise candidates is too large, the multiple testing corrections will impede the identification of 

true interaction candidates.  

Further, the permutation principle guarantees the appearance of candidates holding higher counts in the controls 

than in the baits in the data set. By substituting bait and control samples in the permutation step, a former true 

interactor will turn into an outlier of this kind at some point of the permutation process. Hence, the generated 

permutation sets will always contain these outlier proteins in the overall data set and a balanced overall 

distribution exists.At the same time, if the ‘original’ outlier proteins remain in the data, they can receive a very 

strong impact on other proteins in case their corresponding counts in the controls are very high. The potential 

high scores, the ‘original’ outliers may obtain in the permutation sets, disturb the very sensitive procedure of 

Westfall & Young. A possible resulting effect is shown for the TSPM-WY workflow, which fails to detect any of 

the true interactions without filtering of the data due to an extreme outlier. In case TSPM is used in combination 

with the Benjamini-Hochberg adjustment removal of these outliers is not affecting an overall null distribution, as 

calculations are conducted protein-wise. 
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Guidelines for the cutoff choice: 

One main challenge in the filtering step is to define a reasonable cutoff. In general, the decision is based on the 

quality of the data as well as on the number of truly interaction proteins one expects in the studied system. In 

case the data set is large and a certain amount of noise is expected, filtering becomes more important. Here, a 

cutoff according to a quantile can be set in order to filter 20%, 30% or any selected proportion of the data which 

is clearly expected to be noise (for example: A quantile cutoff of 0.2 filters 20% of the proteins showing the 

smallest variance). In contrast, if the data set is very small and the measurements are assumed to be of high 

quality, a low cutoff should be chosen or even no filtering should be conducted. In general, the cutoff decision is 

always coupled to the intention of the experiment and constitutes a critical tradeoff between new detections and 

loss of potential candidates due to filtering.It is strongly recommended to use available biological knowledge 

concerning the minimal number of expected true interactions; a parameter in the filtering step can be set 

accordingly and defines a fixed lower bound. In case that no prior knowledge is available for defining a quantile 

cutoff, a common approach is to determine the shortest interval containing 50% of the data in the variance 

distribution, assuming the majority of proteins holds a small variance. The mean of the calculated interval can be 

used as cutoff (default of the variance filter in apmsWAPP). For users who are willing to investigate their data in 

more depth, we recommend to view the overall variance or IQR distribution of the proteins. The majority of 

proteins which exhibit no or only minor changes in counts between bait and control samples appear as a first 

peak close to zero in the variance profile (see Fig. A1: example with proposed cutoff in red).  

 

Preserving the type-1-error-control:  

In general, the choice of the filtering method needs to be in agreement with the following test procedure since 

the risk of obtaining overly optimistic results and a loss of the type-1-error control persists otherwise. The 

proposed combination of an overall variance filter with the permutation-based Westfall & Young method is 

expected to increase the power, while maintaining the control of the type-1-error as long as the filtering is 

conducted before the permutation.(Bourgon et al. PNAS 2010) 

 

Implementation of the framework 

The introduced framework is implemented in the package apmsWAPP for R (version 2.14 and above) and is 

available as a workflow in the OpenMS framework. Both can be downloaded from 

https://sourceforge.net/projects/apmswapp/. 

Application of the three different workflows in R is based on two main commands, enabling researchers with 

little knowledge of R to use it. The different pre- and postprocessing options can easily be set in the main 

command. Application of the workflow based on SAINT requires a LINUX environment; the R-package was 

tested with SAINT version 2.3.4. Data input formats correspond to the input formats used by SAINT – a bait-

file, an interaction-file and a prey-protein-file in the form of three tab-delimited files  

For Open MS, we provide a KNIME based workflow which integrates the AP-MS pre- and post-processing steps 

along with identifications based on MS/MS search.  Details regarding installation and system requirements are 

provided in the README  file. 
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SIMULATION RESULTS:  Study on different protein classes 

 

A total set of 500 proteins is simulated, consisting of 400 contaminant proteins and 100 truly interacting proteins. 

The interacting proteins and contaminants are further separated into different protein classes (see Fig. A2 and 

3a). We include truly top interacting proteins that do not have any counts in the control experiments and show 

either (i) a low number of counts (top1) or (ii) a high number of counts (top2) across the bait experiments. 

Further, we have a more challenging class of truly interacting proteins which appear in the control samples, but 

have a stronger presence in the bait experiments (sticky proteins). We distinguish four different classes (sticky 1-

4) with overall low or high number of counts and weak or strong presence in the bait samples. Moreover, four 

different classes of contaminants are introduced expressing various count levels.  

 

Workflow based on SAINT and Westfall & Young 

We investigate the performance of SAINT-WY in detecting the six different classes of truly interacting proteins 

which were introduced in the simulation data. These classes comprise different challenges concerning overall 

low and high counts in the samples with weak and strong presence in the bait replicates. As described in the 

manuscript, on average 47% of the truly interacting proteins were identified by SAINT-WY without preprocessing 

of the data, most of these proteins originate from the classes top2 and sticky2 as shown in Fig A11a, which share 

the characteristic of having very small counts in the control samples but a strong presence in the bait samples. 

The median detection rate of the remaining four classes is below 35%. These are more challenging to detect as 

they are either defined by a smaller increase of counts in the bait samples compared to the controls or show an 

overall number of high counts. Normalization of the data has an enormous impact on the detection rate of these 

individual protein classes. Application of the quantile normalization increases in particular the median detection 

rate of the classes top1, sticky1 and sticky4 by 30-40%. Further filtering only results in small improvements for 

the quantile normalization (see Fig. A11a), but shows greater impact on some protein classes in combination 

with other normalization methods (see Fig. A12-13).    

 

Workflow based on TSPM and Westfall & Young 

Here, we evaluate how the detection of the six individual classes of truly interacting proteins is affected by 

normalization and filtering when applying TSPM-WY. Fig. A11b visualizes the crucial application of the filtering 

step and reveals that approximately 30% of proteins of the classes top2, sticky2 and sticky4 are detected by the 

quantile normalization without filtering. These three classes are defined by a large difference of counts between 

bait and control. Additional filtering raises the median detection rate of true interactors to 80% and above in five 

of the protein classes (see Fig. A11b). The results vary dependent on the normalization method used: Application 

of the TMM normalization in combination with filtering yields even better results, while the sumtotal 

normalization shows difficulties in the identification of protein classes defined by a weaker presence in the bait 

samples (see Fig. A12-13).   

 

Workflow based on TSPM and Benjamini-Hochberg 

Finally, we evaluate the performance of TSPM-BH in detecting the six individual protein classes. As described in 

the manuscript, TSPM-BH identifies 75.5% of the truly interacting proteins without preprocessing; Fig. A11c 

reveals that these predominantly belong to the four protein classes which share the characteristic of low counts in 

the controls. The substantial impact of the quantile normalization is visualized; median detection rates for all 

protein classes are raised to 80% and above. Additional filtering further improves the detection rate of all classes 

to 90% and above.  
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ADDITIONAL EVALUATION OF RESULTS and DISCUSSION OF MERITS 

 

Normalization methods can vary in performance depending on data characteristics: The sumtotal normalization 

needs to be used carefully as it is sensitive to single outliers in terms of high counts – they largely contribute to 

the total count of a sample and consequently result in the repression of all proteins in the sample. The quantile 

normalization alters the count distributions the most, but has proven a very good performance in microarray 

analysis and our results confirm an overall excellent performance in the analysis of AP-MS data. It is able to 

identify more truly interacting proteins in most analyses at the same false-positive rate than the other 

normalization methods. The methods upperquartile, TMM and DESeq are less strict in aligning the count 

distributions, showing an overall good performance with the TMM being superior. In case many zero counts 

dominate the data set, the upperquartile method is not appropriate as no normalization is conducted if the 75
th

 

percentile is zero.  

As a second preprocessing step, we introduced a biological and statistical filtering of the data in order to remove 

obvious contaminants at an early stage and to reduce the multiple testing problem correspondingly. In the case of 

large and noisy data sets, in which a certain amount of noise is expected, filtering of the data becomes more 

important and enables a more sensitive detection of true interactions as our simulation study demonstrates. In 

contrast, the Salmonella data set is small and received high-quality measurements by the LTQ Orbitrap Elite 

mass spectrometer, hence filtering of the data is not crucial in this case and results in only minor improvements. 

Further, removal of outliers by the filtering can be essential, as we observed for the scoring method TSPM in 

combination with Westfall & Young. The main challenge in the application of the filtering is to define a 

reasonable cutoff – truly interacting proteins might be removed if the cutoff is set too high, while only a minor 

effect is obtained in case it is set too low. It is recommended to use available biological knowledge concerning 

the minimal number of expected true interactions; a parameter in the filtering step can be set accordingly (also 

refer to ‘Guidelines for the cutoff choice’). 

After preprocessing of the data, we investigated the performance of two different scoring methods – SAINT and 

TSPM – to evaluate the interaction potential of a protein. We observe diverse features of the two proposed 

scoring methods, which may result in the preference of different proteins. In the Salmonella data study, some 

interaction candidates are exclusively detected by SAINT or TSPM respectively, showing a weak preference for 

TSPM. An additional investigation of different protein classes in the simulation study reveals that SAINT 

(coupled with WY) preferentially detects proteins with small counts in the controls, showing a large difference to 

counts in the baits. TSPM (coupled with BH) more strongly values small counts in the controls and is also more 

sensitive in detecting smaller differences between bait and control. In general, TSPM puts more weight on single 

high counts occurring in a bait sample than SAINT does. This may also become a pitfall in case of the 

permutation procedure, if an outlier (an extremely high count) in the controls turns into a bait sample by 

permutation. We observe this issue in TSPM-WY, which requires filtering, while TSPM-BH and SAINT-WY are 

not affected. A clear advantage of TSPM lies in the substantial reduction of runtime, corresponding to several 

minutes applying the permutation procedure with TSPM compared to a few hours with SAINT. 

The choice of either SAINT or TSPM (we showed strength and pitfalls of both methods) should depend on data 

characteristics and the experimental setup. We note that the choice of normalization and filtering is far more 

impactful than the choice of the scoring scheme.    

For postprocessing, we aimed at replacing scores by p-values that can be interpreted in a statistical way and 

which allow the estimation of false positive interactions in a final list of candidate proteins.  

If the distribution of scores, given by any scoring scheme, is unknown, as for SAINT, p-values cannot directly be 

inferred. Therefore, we proposed a permutation procedure to estimate the empirical distribution and apply the 

integrative procedure of Westfall & Young to calculate p-values. This results in the generation of multiplicity 

adjusted p-values for all proteins which are controlled by the family-wise-error rate (FWER). Hence, selected 

proteins below a threshold of 0.05 refer to a list of true interaction candidates in which no false positives are 

expected with a probability of 95%. Considering the simulation results, SAINT scores of the selected proteins 

range from 0.5 to 1.0. This indicates how difficult it can be to set thresholds and that many truly interacting 
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proteins may be missed by subjectively set thresholds. Thus, the proposed approach constitutes a robust criterion 

for generating a cutoff score in a list of interaction proteins produced by SAINT or any other scoring scheme. 

The method of TSPM can be combined with two different postprocessing concepts. On the one hand, we can 

apply the permutation based procedure of Westfall & Young to the TSPM test statistics in order to allow 

comparisons to SAINT. On the other hand, p-values can be directly calculated from a χ²‐distribution without the 

need for permutation sampling. Thus we can choose a less conservative adjustment method for the latter to 

adjust the raw p-values, such as the Benjamini-Hochberg method.  This approach can result in the detection of 

more potential interaction proteins below a threshold of 0.05, however more false positives might be included, 

but the expected number of false positives is limited to 5%. Hence, TSPM enables us to use a less conservative 

approach for detecting true interactions in AP-MS data by controlling false positives by a FDR. 
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Fig. B1 

 

 

 

Fig. B 1: Peptide heterogeneity of an exemplary chosen protein, human coagulation factor IX (accession P00740), with 35 

assigned peptide spectra. Every line corresponds to ratios of one peptide spectra. The expected ratios are marked by a dashed 

black line. 
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Fig. B2 

a) 

 

  

 

b) 
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c) 

 

 

 

 

 

 

 

Data set 3 (Zhou et.al) 
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e)  

 
 

 

 

Fig. B 2 a-e: Distributions of measured peptide spectra ratios per label (left) and distribution of the corresponding peptide 

spectra quantification error (right), shown for all five data sets (a-e). Boxplots represent a summary of the measured peptide 

ratios per label and the dashed red line refers to the expected ratios (ground truth) for the corresponding data set. Data set 1 and data 

set 3 refer to 8-plex iTRAQ experiments, data set 2 is based on a 4-plex iTRAQ experiment, and data set 4-5 in form of MS2 and 

MS3 data present 6-plex TMT experiments.   

(A) In data set 1, all peptide spectra are assumed to follow the same ground truth of 1:1:0.5:0.5:1:1:0.5:0.5. (B) Data set 2 consists of 

143 human proteins with predefined constant ratios and two spike-in proteins from mouse and rat with expected decreasing and 

increasing ratios respectively; peptide ratios from the human proteins are displayed by boxplots, while peptide ratios from the two 

spike-in proteins are plotted separately showing the individual peptide ratio trend. In case of the spike-in rat protein a group of 

strongly diverging peptide ratios from the ground truth is observed.  (C) In data set 3, all peptide spectra are expected to follow a 

predefined constant ground truth.  (D) In the MS3 data set 4 all yeast peptide spectra are mixed according to ratios of 

10:4:2.5:10:4:2.5. Original ratio values of the data set exhibit extreme outlier ratios. Hence the application of a filtering step is 

reasonable as fold changes greater than 100 are not expected due to biological source. In the filtering step spectra deviating more than 

ten-fold from the expected ground truth are discarded. (E) In data set 5 containing the MS2 spectra, the peptide interference effect in 

the first three labels can be clearly observed (an excerpt of the y-axis is shown for better visualization). Ratios of the yeast peptides 

are significantly compressed by the co-elution of human peptides and result in deviation from the ground truth as already reported in 

the publication by Ting et al. A filtering step removing extreme outlying ratios greater than 200 was also applied here and as a result 

the data set comprises 1482 proteins based on 26915 peptide spectra. 

Overall in (a)-(d), the observed ratio values spread around the ground truth values of the corresponding data sets, the dashed line 

always lies within the box.  

Considering the peptide spectra quantification error for each data set (right figure), defined by the Euclidian distance of the measured 

ratios to the expected ratios across all iTRAQ/TMT labels, a right skewed distribution is observed in (a) –(d). In case of data set 2, a 

second peak in the quantification error distribution is apparent due to strongly divergent spectra found in the spike-in proteins. Data 

set 3 indicates more accurate peptide ratio measurements in comparison to data set 1 shown by smaller peptide quantification errors; 

data set 2 is a 4-plex experiment and therefore not directly comparable to data set 1 and 3. Data set 4 and 5 show high quantification 

errors due to high ratio variation and the distribution of the MS2 data set is not right-skewed due to the bias of co-eluting peptides. 
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Correlation of Peptide Spectra Features to Quantification Error    

 

Fig. B3 

  
 

 

Fig. B 3: Distance Metric of redundant peptide spectra correlated with quantification error. The ratio similarity of redundant peptide spectra is specified by the mean distance of a peptide spectrum to 

all other peptide spectra belonging to the same redundant spectra group.  All three data sets clearly reveal that the quantification error increases with a redundant peptide spectrum quantitatively diverging 

from its group of redundant spectra. Different distance and error scales are observed here dependent on the overall data accuracy of the data sets. Total numbers of redundant peptide spectra considered are 

4161, 13311 and 211268 peptide for data set 1, 2 and 3 respectively. 
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Fig. B4 

 

   

 

Fig. B 4: Distance Metric of uniquely measured peptide spectra correlated with quantification error. Unique spectra are referred to peptides quantified exactly by one MS/MS event. All unique spectra 

measured for a specific protein are pooled into one group per protein. The same similarity metric is applied to the unique group as for the redundant group in order to detect uniquely measured diverging 

spectra. Equivalent correlations are observed corresponding to an increasing quantification error with increased distance of a uniquely measured peptide spectrum to other spectra of the group. The number 

of uniquely measured spectra in the data sets is smaller referring to 628, 413 and 6554 spectra for data set 1, 2 and 3 respectively. 
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Fig. B 5: Charge state of a peptide correlated with quantification error. Peptide spectra with higher charge state are accompanied with increased quantification error. This is particularly evident for the 

most common charge states of 2, 3 and 4. Higher charge states shown for dataset 3 refer to less than 1% of the spectra, thus are less representative. 

 

   
Fig. B 6: Mean absolute ion intensity of a peptide correlated with quantification error. This study also confirms the increase of noise and error in low absolute ion intensity data and improved 

quantification accuracy in high intensity data. An excerpt of the intensity range is shown from zero to approximately ~80000 for visualization reasons; the trend is sustained for higher intensities. The error 

scales of the different data sets also reflect the varying noise impact on low intensity data, being strongest in data set 1.  
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Fig. B 7: Peptide sequence length correlated with quantification error. Increased sequence length is shown to come along with higher quantification error. Sequence length present in the three data sets 

mainly spans from 5 to approximately 30 amino acids. Data set 3 exhibits only a few larger peptide sequences in addition. 

 
  

Fig. B 8: Peptide mass correlated to quantification error. The observed trend is equivalent to the one observed for the sequence length due to the strong inter-correlation of these features (see Fig. B14). 

Quantification error increases with peptide mass increasing for all three data sets.  
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Fig. B 9: Identification score and quantification error. Correlation of the identification score varies between the three data sets due to the different scoring systems. In data set 1, the majority of spectra 

receive a small PEP score referring to highly reliable identifications, however a large error variation is observed at the same time. In data set 2 and 3 higher scores generally correspond to increased 

identification reliability, thus expecting small quantification errors. In case of data set 2 the negative correlation can be observed, yet the majority of peptide spectra hold a Mascot score around 40. In case of 

data set 3, the majority of spectra exhibit a score of 1 accompanied by a large error variation again and interestingly a second cluster is found around a score of 0.2. 

  

 

Fig. B 10: Modification and quantification error.  An increased quantification error is observed in the smaller group of modified peptide spectra compared to the group of non-modified peptide spectra in 

data set 1 and 2. For data set 3 a modification probability is provided, displaying a significant shift of quantification errors for modification probabilities below 0.5 and above 0.5. 
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MS3 Data set (Ting et al.) -  Peptide Feature – Error – Correlations 

 

 
 

Fig. B 11: Peptide feature -error-correlations on the basis of an MS3 data set.  Similar correlation trends as shown for the MS2 data sets are also observed for all different features using the technique of 

triple-stage mass spectrometry (MS3). This confirms the potential applicability of the iPQF algorithm in MS2 as well as MS3 data. 
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MS2 Data set (Ting et al.) -  Impact of peptide interference on Peptide Feature – Error – Correlations 

 

 

  

  

 

 

 

 

 

 

 

 

Table B 1:  Correlation coefficients of peptide spectra features to relative quantification error observed for the MS2 data set by Ting et al. in different channels. Peptide interference is expected in the 

first three channels (126, 127, 128) and no interference is assumed in the last three channels (129, 130, 131) according to the design of the experiment (see also Fig. B 2e for ratio compression effect 

due to interference). As a result peptide -feature- error correlations are observed to be strongest in channels without interference as the quantification errors are not biased due to compressed ratios. 

Coefficients calculated on the basis of all channels show slightly decreased values, however are still in concordance with the reported correlation trend of the other data sets investigated (see Table 3.1 

in manuscript). Channels underlying peptide interference cause high quantification errors and hence distort feature-error-correlations.  

 

 

 

 

 

 

 

Peptide Features 

 

All channels  

(126, 127, 128, 129, 

130, 131) 

 

Channels without 

interference 

(129, 130, 131) 

 

Channels with interference  

(126, 127, 128) 

 

Redundancy metric 0.355 0.563 0.059 

Uniquely 

measured metric 
0.416 0.495 0.092 

Charge state 0.334 0.405 0.156 

Ion intensity -0.424 -0.58 -0.066 

Sequence length 0.211 0.384 -0.013 

Mass 0.193 0.374 -0.029 

Identification score -0.22 -0.07 -0.27 

Modification 0.239 0.253 0.088 

Spearman´s correlation coefficient 
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Fig. B 12: Peptide feature -error-correlations on the basis of all channels of the MS2 data set by Ting et al.  An excerpt of the y-axis is chosen for the different plots for improved visualization of 

the correlations; outlying ratios causing high quantification errors are not shown. Overall, similar correlation trends, as shown for all other data sets, are observed. Although peptide interference in the 

first three channels causes reduced correlation, the overall correlation considering all channels still reflects significant associations between features and quantification errors.  
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Fig. B 13: Spike-in proteins of data set 2 (Breitwieser et.al) - Correlation of peptide features to quantification error is presented for peptide spectra belonging to the rat and mouse spike-in 

proteins. Blue dots represent the underlying human data for comparison. As described in Fig B 2B), the rat protein has a highly divergent spectra group causing high quantification errors, reflected in 

the plots (black cross). In particular, short peptide sequences are assigned to the rat protein and the observed outlier peptide spectra group consists exclusively of redundantly measured spectra with 

high distance similarity. Further rat peptide spectrum matches hold predominantly low absolute intensities and low Mascot scores. The observed spectra outlier group could refer to a specific 

contaminant peptide with a high selection rate.  
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Inter-Correlation Study of Peptide Features (Data set 1) 

  

 

  

 

 

 

 

  

 Fig. B 14: Inter-correlation study of peptide features (shown for data set 1 (Hultin-R. et.al). A) A strong correlation is displayed between peptide mass and sequence length as expected.  B) 

Correspondingly, the number of possible charges is increasing with the sequence length increasing.  C) As already proposed in other studies, we also show that long sequence peptides tend to have 

higher identification scores, here referring to a small PEP score in case of data set 1. D) Further, we observe low absolute ion intensities with increased charge state. E) Interestingly the range of 

identification scores assigned to peptide spectra with two, three or four charges stays similar, though we have seen an increased quantification error with increased charge state in Fig. B 5. C) and E) 

are examples that the combination of features, here score, charge state, and length, is crucial to improve protein ratio accuracy.  
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Fig. B 15: Distribution showing the number of peptide spectra per protein for each of the five data sets. Data set 1 consists of 624 proteins and is dominated by three to ten peptide spectra per 

protein. Data set2 comprises only 145 proteins, which are mainly supported by three to eighty peptide spectra. Data set 3 is an overall large data set with 2811 proteins, showing many cases of 

several hundred peptide spectra per protein (an excerpt of the distribution is shown here for visualization reason, the maximum lies at 5251 peptide spectra). Data set 4 (MS3) consists of 781 proteins 

with predominantly three to twenty spectra per protein and the corresponding data set 5 (MS2) consists of 1482 proteins holding predominantly three to forty spectra. 

Proteins based on less than three peptide spectra were not considered for iPQF quantification and evaluation, hence are not shown here. 
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Performance evaluation of iPQF approaches on data influenced by co-eluting peptides 

 

  
 

Fig. B 16: Performance evaluation of iPQF approaches and seven summarization strategies on a data set affected by peptide interference. (a) Boxplots displaying the distribution of the 

protein estimation error, (b) Zoomed y-axis for detailed comparison. 

The MS2 yeast data set by Ting et al. exhibits substantial peptide interference in the first three channels (126, 127, 128) and no interference in the last three channels (129, 130, 131) according to the 

design of the experiment. Hence, the overall protein estimation error is high due to strong divergence of peptide ratios in the first three channels. However in comparison to other summarization 

methods, iPQF approaches show improved performance and confirm the benefit of integrating feature information. Mean based approaches are strongly influenced by extreme outlier ratios and 

benefit from this here. Note that isobar method is missing here as it could not be run on data set 5.  

data set 5 (Ting et al.) (a) 

 

(b) 
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Accuracy study 

 
  

 

Fig. B 17: Accuracy study of the different summarization methods, shown for each of three MS2 data sets. For selected percentages of deviation from the ground truth, we assess the 

percentage of protein ratios which are estimated within the corresponding deviation range. This is shown for the different summarization methods applied. The combined iPQF shows slightly more 

ratio estimates within small ranges of deviation than other summarization methods. The pure iPQF even achieves more estimates in the low deviation range in data set 1. In particular, iPQF 

approaches prove performance robustness across the three different data sets, while other methods vary in performance.  With the percentage of deviation increasing, all methods tend to perform 

similar and acquire most protein ratios.  
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 Table B 2 

 Data set 1 

(Hultin-R. et al.) 

Data set 2 

(Breitwieser et.al) 

Data set 3 

(Zhou et.al) 

combined iPQF 0.6899 0.7327 0.7192 

pure iPQF 0.6850 0.7246 0.7036 

MedianPolish 0.6761 0.7245 0.7166 

isobar  0.6796 0.6867 0.7075 

Median 0.6836 0.7130 0.7012 

Sum of Intensities        0.6763 0.7104 0.6801 

Total Least Squares 

(TLS) 

0.6521 0.6807 0.6157 

ProteinPilot.P   - - 0.6345 

Mascot    0.6646 - - 

Mean        0.6704 0.6695 0.7028 

Mean (Top5) 0.6583 0.6508 0.5895 

Mean (Top3)  0.6494 0.6401 0.5547 
 

 

Table B 2:  AUC measure (Area under the curve) of accuracy for the different summarization methods, assessed for each of 

the three MS2 data sets. For a series of deviation percentages from the ground truth, the percentage of protein ratios, which were 

estimated within a specific deviation range, is assessed by each method. The considered percentage of deviation is defined as series 

from zero to a cutoff, at which 95% of the protein ratios are covered by the first summarization method. This cutoff refers to a 

deviation percentage of 11.5 in data set 1 (Hultin-R. et.al), 7.8  in data set 2 (Breitwieser et.al) and 15.3 in data set 3 (Zhou et.al). 

AUC values are normalized by the maximum area value (cutoff * 0.95). The combined iPQF shows the highest AUC values 

referring to a higher precision in protein ratio estimation, covering 95% of the data within the smallest deviation range. 
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iPQF example workflow 

Example Protein:  MISP - Mitotic spindle positioning protein (IPI:IPI00217121.1), 7 peptide spectra assigned (from 

data set Hultin-Rosenberg et al.)  

 (1)  Feature Assessment 

Spectra 

ID 
Features 

Distance metric 

(unique, 

redundant spectra 

Chargestate Ion intensity 
Sequence 

length 
Identification 

score 
Modifica-

tion 
Mass 

6 0.1395713 2 100545.703 9 0.00956463 0 1230.683 

7 0.1793798 2 16370.6901 9 0.01013137 0 1230.683 

8 0.2223448 3 939.6888 9 0.09520685 0 1231.691 

1185 0.1388411 2 300702.2851 8 0.05208204 0 1293.716 

1186 0.1388411 3 8600.0059 8 0.0197555 0 1294.723 

2817 0.2155298 3 49997.7403 9 0.00176861 0 1368.774 

2818 0.2155298 2 627215.9769 9 0.04728342 0 1367.768 

 

 (2)  Spectra ranks per feature (based on knowledge acquired in feature-error-correlation study:  high rank ~ more 

 reliable spectra) 

Spectra 

ID 
Features 

Distance metric 

(unique, redundant 

spectra 

Chargestate Ion intensity 
Sequence 

length 
Identification 

score 
Modifica-

tion 
Mass 

6 3 2.5 3 5 6 4 2 

7 4 2.5 5 5 5 4 1 

8 7 6 7 5 1 4 3 

1185 1.5 2.5 2 1.5 2 4 4 

1186 1.5 6 6 1.5 4 4 5 

2817 5.5 6 4 5 7 4 7 

2818 5.5 2.5 1 5 3 4 6 

 

 (3)  Normalization of ranks: Ranks of each feature are divided by the number of spectra to be within the range of 0 and1. 

Spectra 

ID  
Features 

Distance metric 

(unique, 

redundant spectra 

Charge state Ion intensity 
Sequence 

length 
Identification 

score 
Modification Mass 

6 0.4285714 0.3571429 0.4285714 0.7142857 0.8571429 0.5714286 0.2857143 

7 0.5714286 0.3571429 0.7142857 0.7142857 0.7142857 0.5714286 0.1428571 

8 1 0.8571429 1 0.7142857 0.1428571 0.5714286 0.4285714 

1185 0.2142857 0.3571429 0.2857143 0.2142857 0.2857143 0.5714286 0.5714286 

1186 0.2142857 0.8571429 0.8571429 0.2142857 0.5714286 0.5714286 0.7142857 

2817 0.7857143 0.8571429 0.5714286 0.7142857 1 0.5714286 1 

2818 0.7857143 0.3571429 0.1428571 0.7142857 0.4285714 0.5714286 0.8571429 

 

 (4)  Feature Weighting  (impact of the different features:  ranks are multiplied by feature weight) 

Feature Order 

 (weight = squared 

order value) 
7 6 5 4 3 2 1 

Spectra 

ID  
Features 

Distance metric 

(unique, 

redundant spectra 

Charge state Ion intensity 
Sequence 

length 
Identification 

score 
Modification Mass 

6 21 12.85714 10.714286 11.428571 7.714286 2.285714 0.2857143 

7 28 12.85714 17.857143 11.428571 6.428571 2.285714 0.1428571 

8 49 30.85714 25 11.428571 1.285714 2.285714 0.4285714 

1185 10.5 12.85714 7.142857 3.428571 2.571429 2.285714 0.5714286 

1186 10.5 30.85714 21.428571 3.428571 5.142857 2.285714 0.7142857 

2817 38.5 30.85714 0.5714286 11.428571 9 2.285714 1 

2818 38.5 12.85714 0.1428571 11.428571 3.857143 2.285714 0.8571429 
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 (5)  Inference of overall spectra reliability 

 Computation of an average rank per spectrum and normalization by the weighted sum of all features.  

 Peptide spectra weights: 

Spectra 

ID 

6 7 8 1185 1186 2817 2818 

Weight 0.18426990 0.12618588 0.01317993 0.34349229 0.14612551 0.03613495 0.15061155 

 

 (6) Protein ratio calculation 

 A weighted mean approach using peptide spectrum weights is conducted to estimate the underlying protein ratio 

 [  Matrix with relative intensities of peptide spectra (8 plex) ] 

ID        X113            X114           X115           X116           X117           X118           X119           X121 

6         0.9922024   1.0077976   0.5051960   0.5550352   0.9948927   1.0465061   0.5142161   0.5249595 

7         1.0166331   0.9833669   0.5696561   0.5095101   1.0295853   1.0594107   0.5374796   0.5245989 

8         0.9589733   1.0410267   0.4046786   0.5723454   0.9669290   1.0189080   0.3920415   0.4598631 

1185   0.9917052   1.0082948   0.5653267   0.5633381   1.1026590   1.0625592   0.5520376   0.4468080 

1186   1.0194056   0.9805944   0.5564336   0.5981815   1.0654046   0.9505913   0.5109424   0.4179024 

2817   0.9632542   1.0367458   0.5135213   0.4295675   0.9611111   1.0579834   0.4294693   0.3642797 

2818   1.0183185   0.9816815   0.5449597   0.5032795   1.0212967   0.9699722   0.5249286   0.4804103 

 

 Output:  estimated protein ratio 

     X113           X114            X115           X116            X117          X118           X119           X121  

1.0015389    0.9984611    0.5464364   0.5463467   1.0489784   1.0281571   0.5266055   0.4690521  
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Feature Weighting 

The feature-error-correlation plots and the correlation coefficients as a measurement show different explanation power of the 

presented features. We propose a default order of the features from the most meaningful to the one with least impact on ratio 

accuracy and assign weights to the features.  Weights of the features correspond to their squared order values. 

A comparison analysis of two different feature orders is conducted to prove the general robustness of the feature weighting in 

the iPQF algorithm. 

Features Default feature order Changed feature order 

Distance metric (Redundant-
Uniquely measured spectra) 

7 7 

Charge state 6 5 

Ion intensity 5 6 

Sequence length 4 4 

Mass 1 3 

Identification score 3 1 

Modification 2 2 

 

The feature order used by default in iPQF is compared to a slightly varied feature order. The ‘changed feature order’ is 

computed based on the mean correlation coefficients of the five different data sets considered. We investigate the evaluation 

results of the ‘pure iPQF’ approach using the default and the changed weighting of features and present it in Fig. B 15. Protein 

evaluation values are visualized by boxplots for each of the different data sets. As a result no significant shift in protein 

evaluation values between the default and the changed feature weighting is observed and a general robustness can be 

confirmed. Overall, it can be noted that the given basic order is of importance to distinguish between most and least strong 

features, however, change of close positions do not significantly impact results (here e.g. exchange of identification score and 

modification). Further in the case of highly correlated features, such as length and mass, feature information becomes 

redundant. Here it is preferable to select one for a higher weight and assign a lower weight to the other. Assigning similar 

weights to highly correlated features tends to introduce a bias as this doubles the impact of one feature category. 

We provide the user with a default ranking of features; however it is optional to input a user-defined ranking as well. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. B 15: 

Evaluation of ‘pure iPQF’ approach 

according to different feature weighting. 

Boxplots of protein evaluation values are shown 

for the three different MS2 data sets and the 

MS3 data set. No significant shift between the 

default and the changed feature weighting is 

observed, thus a general robustness is given. 
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 Fig. C 1: 

 (a) 

 

 (b) 

 

       Fig. C 1:  Impact of total number of input reads on (a) abundance estimates and (b) standard errors. We conducted a 

study applying different total numbers of input reads (exemplary for the ‘original’ simulation set 4): increasing the original 

number of input reads N (N =750.000 ) by the factor of 2, 4, and 6, corresponding to total amounts of 1.5, 3, and 4.5 million 

input reads for the set. We conducted comparisons of abundance estimates and standard errors computed on the ‘sets with 

increased read number’ against the results obtained by the ‘original’ set. It can be observed that the abundance estimates scale 

linear with the number of reads, whereas the standard errors scale quadratic.  
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 Fig. C 2: 

 

 

 
 

 

Fig. C 2:  Similarity matrix of the simulation data sets comprising 35 reference genomes (see list of taxa accession 

numbers in the subsequent section ‘Data Set description’). The heatmap visualizes all pairwise reference sequence 

similarities ranging from 0 to 100% similarity (visualized from pink to dark blue). The diagonal of the matrix refers to the 

proportion of simulated reads mapping back to their reference of origin. Different clusters of strains exhibiting high reference 

sequence similarities can be observed. Notably is the first big cluster of diverse Escherichia coli strains (bottom left), 

comprising two sub-strains which share 98% sequence similarity, two more distant E.coli strains, and further two Shigella 

strains known to be closely related to E.coli.  The second big cluster comprises four different strains of Bifidobacterium 

longum, followed by a cluster of Bifidobacterium bifidum, which expresses moderate similarities to the former. Further, 

various smaller clusters of strains are present. 

(Simulation Data – 35 Refs) 
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Fig. C 3:  

 

 
 

 
 

Fig. C 3:  Similarity matrix of the simulation data sets comprising 55 reference genomes, exhibiting large similar 

strain clusters (see list of taxa accession numbers in the subsequent section ‘Data Set description’). The heatmap visualizes 

all pairwise reference sequence similarities ranging from 0 to 100% similarity (visualized from pink to dark blue). Additional 

strain and sub-strain sequences were added to the simulation set of 35 references to challenge the tools: a big cluster of 

overall 13 taxa of Escherichia coli strains containing three different sub-strain clusters with sequence similarities above 95%, 

mixed with diverse distant E.coli strains and closely related Shigella strains. Further, cluster of Bifidobacterium longum, 

Bifidobacterium bifidum, Bacteroides fragilis as wells as two different Streptococcus species cluster were largely extended to 

test the resolution performance of the tools within large and highly similar strain clusters.  

(Simulation Data – 55 Refs) 
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Fig. C 4: 

 

 

 

 

 

Fig. C 4:   The FAMeS data comprises three different samples with abundance profiles according to low (LC), medium 

(MC) and high complexity (HC), a common classification in metagenomics. Thereby, a low complexity sample may 

represent a bioreactor community with one dominant among low abundant genomes, while medium complexity refers to a 

moderately complex community with few dominating taxa. High complexity samples are frequently characterized by no 

dominating taxa present or also by very long tails of low abundant taxa. 
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Fig. C 5: 

 

Fig. C 5:   Accuracy of abundance estimates by DiTASiC for the FAMeS data sets. For all three samples of LC, MC, and 

HC, abundance estimates exhibit only tiny divergences from the ground truth. High accuracy is depicted by the points found 

on the diagonal. Hence, highly accurate abundance estimates of the considered 122 taxa are achieved across all three different 

abundance complexity profiles. 

 

Fig. C 6: 

 

 

Fig. C 6:   Accuracy of abundance estimates by DiTASiC for samples of the CAMI benchmark data set. For both 

samples, abundance estimates of the 255 taxa show high accuracy apart from very few outliers. High accuracy is depicted by 

points found on the diagonal. Notably, accurate estimates are also achieved for very low relative abundances below 0.01%. 
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Fig. C 7:  

 

 

 

Fig. C 7:   Accuracy of abundance estimates by DiTASiC and kallisto for the Illumina 100 benchmark data set (i100) 

(Mende et al., 2012). The red line refers to the ground truth values and the points show the abundance estimates obtained by 

the corresponding tool. Overall, a high accuracy of abundance estimates is achieved for the 100 taxa by both tools across the 

entire abundance range. A bias in abundance estimation is observed for some strains of high sequence similarity, namely for 

the Escherichia coli sub-strains and for two Staphylococcus aureus strains. A more accurate abundance resolution of these 

strain clusters is obtained by DiTASiC in comparison to kallisto (also refer to Fig. C 9C). Further, results of DiTASiC can be 

related to a recent benchmark study of different abundance profiling tools tested on the i100 data set by Schaffer et al. 

(2017): see end of Appendix C. 
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Fig. C 8: 

 (A) 

 (B) 

  
Fig. C 8:  Accuracy of abundance estimates by DiTASiC and kallisto for (A) data set 10 and (B) data set 11 of 

simulation group (3).  The red line refers to the ground truth values and the points show the abundance estimates obtained 

by the corresponding tools. (A) Set 10 serves to study the impact of absent strains from highly similar clusters (gray vertical 

line in the plot to mark the section of absent strains). Overall, highly accurate abundance estimates are obtained by DiTASiC. 

Hence an un-biased estimation of strains of the clusters affected by absent strains is achieved. kallisto exhibits difficulties 

with some strains of high sequence similarity, here concerning the Escherichia coli K12 sub-strain cluster and the 

Bifidobacterium longum strain group, causing a bias of abundance estimations and calling two of the absent strains abundant. 

(B) Set 11 focuses on the resolution of large and highly similar strain clusters, having all 55 taxa abundant in the data set 

(refer also to the matrix of reference similarities in Fig. C3). Overall accurate abundance estimations are obtained and also an 

accurate resolution within the diverse strain clusters is achieved by DiTASiC. The large E.coli cluster causes some 

abundance biases for both tools, especially for the sub-strain sequences of sequence similarities above 95%.  Here, DiTASiC 

proves more accurate estimations and an overall better resolution within the considered cluster (see also Fig. C 9A).  

DiTASiC: Abundance Estimation (Simulation Set 10) Kallisto: Abundance Estimation (Simulation Set 10) 

1 

11) 11) 
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Fig. C 9 (A) 

 

Fig. C 9 (B):  

 

 

 

 

(Simulation Set 11) 
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Fig. C 9 (C) 
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Fig. C 9 (D) 

 

 

Fig. C 9:  Accuracy of abundance resolution within strain clusters by DiTASiC and kallisto shown for different 

examples in the CAMI, i100 and simulation data (A-D). The ground truth abundance is displayed in yellow and the 

estimated abundances by the corresponding tools are overlayed with purple colour. (A) The largest cluster in simulation set 

11 comprises nine different Escherichia coli strains. Challenging is the resolution of the present sub-strains which share 

sequence similarities above 98%. DiTASiC enables a more accurate abundance resolution in comparison to kallisto. (B) An 

example of a Corynebacterium cluster in the CAMI set reveals a perfect resolution by DiTASiC, again, two of the strains are 

characterized by high sequence similarity. (C) An increased error in abundance estimation in the i100 data was shown in Fig 

S7 for the Escherichia coli sub-strains and for two Staphylococcus aureus strains. A more accurate abundance resolution of 

these strain clusters is obtained by DiTASiC. (D)  Here, we consider the six different simulations sets of group (2) focusing 

on the abundance estimates obtained for the 4 strains of the E.coli cluster (E. coli K-12 substr. DH10B , E. coli K-12 substr. 

MG1655, E.coli O7:K1 str. CE10, E.coli S88) (visualized only for group (2), as in group (1) not all strains of the E.coli 

cluster are abundant). The E.coli cluster consists of two sub-strains, which share 98% sequence similarity, and two more 

distant strains. DiTASiC enables a highly accurate abundance resolution of the entire strain cluster, as is shown by an almost 

perfect abundance estimation overlay in the plot across all samples. kallisto exhibits problems in the resolution of the two 

sub-strains, which is shown by a consistent abundance underestimation of E. coli K-12 substr. DH10B and abundance 

overestimation of E. coli K-12 substr. MG1655, while the two distant strains receive accurate estimations.  Overall, it can be 

observed that a common error in the resolution of a strain cluster is an abundance interchange or equalization of abundances 

of similar sub-strains.  In the resolution by DiTASiC these errors are shown to be avoided.    
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Fig. C 10: 

(a) 

 

 

                  Taxa, shown in the plot according to the numbers: 
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(b) 

 

(c) 

 

 

Fig. C 10:   Taxa abundance estimates exemplary for three simulation data set of various abundance profiles (a-c), 

presenting the different tools DiTASiC, GASiC and kallisto in comparison to the ground truth and observed mapping 

abundances. Mapping abundances are biased due to read ambiguities which causes overestimation or assignment of reads to 

absent taxa (absent taxa are marked with a circle around the taxa number). DiTASiC as well as kallisto exhibit highly 

accurate estimations and a clear improvement over GASiC. 
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Fig. C 11: 

(a) 

 

 (b) 

 

  (c) 

 

  Fig. C 11:   Robustness evaluation of (a) DiTASiC, (b) GASiC, and (c) kallisto, on two replicate samples from the 

 simulation data (data set 4 and data set 5, respectively; taxa are numbered according to the list given in Fig. C 7). DiTASiC 

 and kallisto show an overall robust performance in abundance estimation of all 35 taxa in the replicates, and a significant 

 improvement compared to GASiC. 
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Fig. C 12:  

(A) 
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(B) 

 

 Fig. C 12:   Impact of missing taxa in a reference set on the abundance estimation. The red line refers to the ground 

truth values, points refer to the abundance estimates obtained by the corresponding tool, while triangles mark absent taxa. 

Vertical lines are drawn to define sections of strain clusters. In this study, reads derived from 55 taxa are contrasted to a 

reduced reference set of 35 taxa to investigate the impact of missing taxa in a selected reference set. One consequence is that 

11% of reads are not aligned and therefore are eliminated from the subsequent model calculations; second, the abundances 

estimated for some taxa are overestimated by the tools. However, a closer look reveals that it always concerns closely 

related strains which show an increased abundance due to missing strains within their cluster. However, no overall 

abundance bias is observed. Noticeable, while DiTASiC only exhibits abundance overestimations, kallisto also shows 

underestimation and overestimations within one cluster to compensate for missing taxa.  
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Fig. C 13: 

(a) 

 

 (b) 

 

Fig. C 13:   (a) Fold change accuracy achieved by DiTASiC in comparison to fold change accuracy obtained by 

STAMP in the CAMI data, and (b) differential abundance assessment using p-values by DiTASiC.  (a) Fold change 

estimates are proven to be highly accurate for DiTASiC with an SSE 19 times smaller compared to the STAMP output. This 

is depicted in the plots by fold change estimates found on the diagonal for DiTASiC, while many estimates are divergent 

from the diagonal in the plot by STAMP. (b) Computed p-values by the statistical framework in DiTASiC prove to clearly 

separate the spiked-in non-differential and differential taxa. Other taxa of the data set, holding fold change values greater than 

zero, also receive very small p-values stating differential abundance, but cannot be further confirmed here.  
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Table C1 

 Simulation Data  FAMeS Data  
(Pignatelli et al.) 

 

Sim 1 Sim 2 Sim 

3 

LC MC HC 

 
# absent taxa (TN) 25 21 19   10 12 10 

# false-positives (FP) 0 0 0  0 0 0 

        

# present taxa (TP) 10 14 16   112 110 112 

# false-negatives (FN) 0 0 0  1 0 0 

        

Sensitivity 1 1 1  0.991 1 1 

Specificity 1 1 1  1 1 1 

 

 

Table C 1:   Detection of absent taxa. We tested the detection performance with different proportions of absent taxa 

included, namely in the simulation group (1) and the FAMeS data sets. In the simulation data of group (1) only 28%, 40% 

and 45% taxa out of the 35 provided references are abundant in the data. Absolute numbers of absent and present taxa of each 

data set are reported in this table as well as absolute numbers of false-positive or false-negative detections. DiTASiC 

achieves exact detections, resulting in a sensitivity and specificity of 100%. The proportion of absent taxa in the FAMeS data 

refers to 8%, 9% and 8% based on the reference set of 122 taxa overall. A sensitivity and specificity of 100% is again 

reported for DiTASiC for the MC and HC data. In the LC set a reduced sensitivity is caused by one missed abundant taxon. 

 

Table C2 

 

 

 

 

Table C 2:   SSE values of fold change accuracy obtained by DiTASiC in comparison to STAMP in different sample 

comparisons.  SSE values of DiTASiC are significantly smaller compared to the ones computed by STAMP, indicating the 

importance of read ambiguity resolution and integration of abundance estimate uncertainties for differential abundance 

analysis. 

 

 

 

  

Sample comparison DiTASiC  STAMP 

FAMeS:  LC vs. MC 0.0047 0.5089 

FAMeS:  LC vs. HC 0.0013 0.4992 

FAMeS:  MC vs. HC 0.0051 0.0986 

CAMI   :  S1 vs S2 25.07 476.91 
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Data Set Description 

1) Simulation Data: 
Nine data sets comprise 35 reference genomes from bacterial strains downloaded from NCBI, two additional data sets (set 

10,11) were extended by further strain and sub-strain sequences (total 55 reference genomes) to create a high strain cluster 

density. 

Each data set consists of 750,000 reads of 100bp length simulated by Mason (Holtgrewe, 2010), following Illumina read 

characteristics with default parameter settings. Reads are simulated according to the following abundance profiles. 

Mason parameters: 

- Total number of simulated reads: 750000  

- Read length: 100 bp 

- Replicate study Sim 4/5:  Default.seed = 2048 (Sim 4), seed = 22 (Sim 5)  

Taxa abundance list (1): 

 

 

 

 

Taxa Name 
GenBank 

accession number 
Ground Truth:  relative taxa abundance 

  Group (1) Group (2) 

  Sim 

1 

Sim 

2 

Sim 

3 

Sim 4 

~5 

Sim 

6 

Sim 

7 

Sim 

8 

Sim 

9 

Alistipes finegoldii DSM 17242 GCF_000265365.1 0.01 0.01 0 0.01 0.01 0.005 0.001 0.01 

Bacillus anthracis str. Sterne GCF_000008165.1 0.02 0.04 0.02 0.013 0.025 0.025 0.002 0.013 

Bacillus cereus ATCC 10987 GCA_000008005.1 0.3 0.2 0.15 0.005 0.005 0.009 0.003 0.005 

Bacillus cereus E33L GCA_000011625.1 0.2 0.25 0 0.015 0.01 0.01 0.008 0.019 

Bacteroides fragilis 638R GCA_000210835.1 0 0 0 0.01 0.01 0.15 0.004 0.005 

Bacteroides fragilis NCTC 9343 GCA_000025985.1 0 0.01 0.05 0.008 0.015 0.015 0.13 0.008 

Bacteroides thetaiotaomicron VPI-5482 GCA_000011065.1 0 0 0 0.02 0.02 0.01 0.17 0.02 

Bifidobacterium adolescentis ATCC 

15703 

GCA_000010425.1 

0 0.02 0.02 0.003 0.009 0.009 0.009 0.003 

Bifidobacterium bifidum BGN4 GCA_000265095.1 0 0 0 0.006 0.006 0.002 0.002 0.006 

Bifidobacterium bifidum PRL2010 GCA_000165905.1 0.21 0.18 0.1 0.014 0.02 0.011 0.011 0.014 

Bifidobacterium bifidum S17 GCA_000164965.1 0 0.01 0 0.007 0.007 0.03 0.025 0.014 

Bifidobacterium longum BBMN68 GCA_000166315.1 0.14 0.14 0.05 0.15 0.008 0.008 0.008 0.15 

Bifidobacterium longum DJO10A GCA_000008945.1 0 0 0 0.02 0.02 0.003 0.02 0.02 

Bifidobacteriumlongum infantis 157F GCA_000196575.1 0 0 0.03 0.1 0.05 0.05 0.005 0.1 

Bifidobacterium longum infantis ATCC 

15697 

GCA_000020425.1 

0 0 0 0.01 0.01 0.014 0.006 0.02 

Bifidobacterium longum JCM 1217 GCA_000196555.1 0 0.01 0.01 0.007 0.03 0.03 0.007 0.007 

Clostridium phytofermentans ISDg GCA_000018685.1 0 0 0 0.015 0.015 0.015 0.015 0.015 

Clostridium saccharolyticum WM1 GCA_000144625.1 0.08 0 0.04 0.005 0.005 0.08 0.08 0.005 

Clostridium SY8519 GCA_000270305.1 0.02 0.02 0.21 0.01 0.004 0.004 0.008 0.01 

Escherichia coli K-12 substr. DH10B GCA_000019425.1 0 0 0 0.008 0.008 0.035 0.035 0.008 

Escherichia coli K-12 substr. MG1655 GCA_000005845.1 0 0 0 0.02 0.011 0.011 0.011 0.02 

Escherichia coli O7:K1 str. CE10 GCA_000227625.1 0 0 0.12 0.013 0.009 0.013 0.001 0.013 

Escherichia coli S88 GCA_000026285.1 0 0 0 0.006 0.006 0.006 0.11 0.006 

Eubacterium eligens ATCC 27750 GCA_000146185.1 0 0 0 0.02 0.015 0.015 0.01 0.02 

Eubacterium rectale ATCC 33656 GCA_000020605.1 0.01 0 0.04 0.007 0.007 0.012 0.012 0.017 

Odoribacter splanchnicus DSM 20712 GCA_000190535.1 0.01 0.03 0.05 0.13 0.007 0.007 0.007 0.13 

Pantoea ananatis PA13 GCA_000233595.1 0 0 0 0.04 0.04 0.04 0.016 0.04 

Roseburia hominis A2-183 GCA_000225345.1 0 0 0 0.015 0.015 0.026 0.003 0.015 

Shigella dysenteriae Sd197 GCA_000012005.1 0 0 0.02 0.003 0.022 0.022 0.13 0.003 

Shigella flexneri 2a str. 301 GCA_000006925.2 0 0 0 0.018 0.018 0.002 0.017 0.032 

Streptococcus salivarius 57.I GCA_000305335.1 0 0.03 0.08 0.03 0.1 0.005 0.018 0.03 

Streptococcus salivarius CCHSS3 GCA_000253335.1 0 0 0 0.009 0.18 0.18 0.009 0.009 

Streptococcus salivarius JIM8777 GCA_000253315.1 0 0 0 0.12 0.12 0.12 0.002 0.08 

Streptococcus suis D9 GCA_000231885.1 0 0.05 0.01 0.033 0.033 0.022 0.005 0.033 

Streptococcus suis ST3 GCA_000204625.1 0 0 0 0.1 0.13 0.004 0.1 0.1 
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Taxa abundance list (2): 

Taxa Name GenBank 

accession 

number 

Ground Truth:  

relative taxa 

abundance 

Group (3):  

Sim 10 

Ground Truth:  

relative taxa 

abundance 

Group (3):  

Sim 11 

Alistipes_finegoldii_DSM_17242 GCF_000265365.1 0.01 0.0025 

Bacillus_anthracis_Sterne GCF_000008165.1 0.013 0.016 

Bacillus_cereus_ATCC_10987 GCA_000008005.1 0.005 0.001 

Bacillus_cereus_E33L GCA_000011625.1 0.015 0.033 

Bacteroides_fragilis_638R GCA_000210835.1 0.01 0.019 

Bacteroides_fragilis_NCTC_9343 GCA_000025985.1 0.008 0.011 

Bacteroides_fragilis_strain_BOB25 GCA_000965785.1 0 0.063 

Bacteroides_fragilis_YCH46 GCA_000009925.1 0 0.006 

Bacteroides_thetaiotaomicron_VPI_5482 GCA_000011065.1 0.008 0.002 

Bifidobacterium_adolescentis_ATCC_15703 GCA_000010425.1 0.02 0.01 

Bifidobacterium_bifidum_BGN4 GCA_000265095.1 0.003 0.015 

Bifidobacterium_bifidum_PRL2010 GCA_000165905.1 0.006 0.02 

Bifidobacterium_bifidum_S17 GCA_000164965.1 0.014 0.009 

Bifidobacterium_bifidum_ATCC_29521 GCA_001025135.1 0 0.006 

Bifidobacterium_longum_subsp_longum_44B GCA_000261265.1 0 0.018 

Bifidobacterium_longum_BBMN68 GCA_000166315.1 0.15 0.007 

Bifidobacterium_longum_DJO10A GCA_000008945.1 0.02 0.014 

Bifidobacterium_longum_infantis_157F GCA_000196575.1 0.1 0.021 

Bifidobacterium_longum_infantis_ATCC_15697 GCA_000020425.1 0.01 0.05 

Bifidobacterium_longum_JCM_1217 GCA_000196555.1 0.007 0.001 

Clostridium_phytofermentans_ISDg GCA_000018685.1 0.015 0.03 

Clostridium_saccharolyticum_WM1 GCA_000144625.1 0.005 0.015 

Clostridium_SY8519 GCA_000270305.1 0.01 0.005 

Clostridium_botulinum_A3_str_Loch_Maree GCA_000019545.1 0 0.004 

Clostridium_botulinum_B1_str_Okra GCA_000019305.1 0 0.023 

Clostridium_botulinum_B_str_Eklund_17B GCA_000307125.1 0 0.016 

Clostridium_cf_saccharolyticum_K10 GCA_000210535.1 0 0.005 

Escherichia_coli_K_12_substr__DH10B GCA_000019425.1 0.008 0.025 

Escherichia_coli_K_12_substr__MG1655 GCA_000005845.1 0.02 0.017 

Escherichia_coli_str_K_12_substr_MC4100 GCA_000499485.1 0 0.007 

Escherichia_coli_O7_K1_CE10 GCA_000227625.1 0.013 0.009 

Escherichia_coli_S88 GCA_000026285.1 0.006 0.04 

Escherichia_coli_O104_H4_str_2011C_3493 GCA_000299455.1 0 0.013 

Escherichia_coli_O127_H6_str._E2348_69_substr._CVDNalr_genomic GCA_000442065.2 0 0.022 

Escherichia_coli_O127_H6_str._E2348_69_substr._UMD753_genomic GCA_000442085.2 0 0.01 

Escherichia_coli_O83_H1_str_NRG_857C GCA_000183345.1 0 0.003 

Eubacterium_eligens_ATCC_27750 GCA_000146185.1 0.02 0.11 

Eubacterium_rectale_ATCC_33656 GCA_000020605.1 0.007 0.012 

Odoribacter_splanchnicus_DSM_20712 GCA_000190535.1 0.13 0.014 

Pantoea_ananatis_PA13 GCA_000233595.1 0.04 0.008 

Roseburia_hominis_A2_183 GCA_000225345.1 0.015 0.0014 

Shigella_dysenteriae_Sd197 GCA_000012005.1 0.003 0.0035 

Shigella_dysenteriae_1617 GCA_000497505.1 0 0.0144 

Shigella_flexneri_5_str_8401 GCA_000013585.1 0 0.0095 

Shigella_flexneri_2a_301 GCA_000006925.2 0.018 0.001 

Streptococcus_salivarius_57_I GCA_000305335.1 0.03 0.0065 

Streptococcus_salivarius_CCHSS3 GCA_000253335.1 0.009 0.045 

Streptococcus_salivarius_JIM8777 GCA_000253315.1 0.12 0.016 

Streptococcus_salivarius_strain_HSISS4 GCA_000448685.2 0 0.012 

Streptococcus_salivarius_strain_NCTC_8618 GCA_000785515.1 0 0.0042 

Streptococcus_suis_D9 GCA_000231885.1 0.033 0.0015 

Streptococcus_suis_ST3 GCA_000204625.1 0.1 0.0085 

Streptococcus_suis_05HAS68 GCA_000168355.3 0 0.082 

Streptococcus_suis_JS14 GCA_000186405.1 0 0.012 

Streptococcus_suis_T15 GCA_000494895.1 0 0.07 
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2) CAMI Data set: 

Within the CAMI challenge (https://data.cami-challenge.org) (Sczyrba et al., 2017), we selected a benchmark data set of 

medium complexity, which is provided for testing tools, with a ground truth of taxa proportions being available (‘2. Toy Test 

Dataset Medium_Complexity’). It comprises two 15 gb samples each holding about 150 million paired-end reads of 100 bp 

length based on HiSeq sequencing. A total of 225 bacterial and archaea genomes are present in both samples. Different 

clusters of strains with high sequence similarities are present within the 128 genera and 199 species. The relative abundances 

of the taxa range from 0.00009% to 8% in a medium complexity environment with median values of 0.1% and 0.08% for the 

samples, respectively. Comparison of the two samples yields taxa fold changes with a large span from 0.0009 to 1024. 

However, no ground truth is given for differential abundance classification and only fold change accuracy can be evaluated.  

Therefore we extend the data set by simulating spike-in data: we selected 30 new strains from genera already present in the 

original set. A total of 20 million reads per sample are simulated from the new references based on a defined abundance 

given for each sample. Simulations are conducted using Mason (Holtgrewe, 2010), with error profiles matching the original 

reads, and are subsequently merged with the original set. Abundances of the added taxa are defined such that a ground truth 

of 15 differential and 15 non-differential events is created for additional differential assessment.  

Mason parameters: 

- Total number of simulated reads: N.sim = 20,000,000 

- Read length: 100 bp 

- Seed: 22 

- Mismatch probability (begin): 0.005 

- Mismatch probability (avrg):   0.01 

- Mismatch probability (end):    0.03 

* Mismatch probabilities are assessed by a pre-processing script which conducts a quick read-subset mapping for an approximate mismatch 

inference (refer to DiTASiC manual) 

Merge ‘simulated set’ with ‘original set’: 

Total number of reads (original CAMI set):  N.org = 149,136,946 

Factor =  N.org / (N.org ~ N.sim) = 0.882   

 Relative abundance values (ground truth) of original CAMI reads are normalized by Factor 

 Relative abundance values (ground truth) for simulated reads created to sum up to (1-Factor) = 0.118 

 

Taxa abundance list of the simulated 30 taxa (spiked into original CAMI set): 

GenBank accession 

number 

Ground Truth:  relative taxa abundance 

for sample 1 ~ 2 

    

 Set 1 

Set 1 –  

normalized values for 

Mason Simulation 

Set 2 

Set 2 –  

normalized values for 

Mason Simulation 

GCA_900094705.1 0.005 0.04237288 0.005 0.04237288 

GCF_000020965.1 0.01 0.08474576 0.005 0.04237288 

GCF_000222305.1 0.0072 0.061016947 0.0072 0.061016947 

GCF_000333455.1 0.003 0.025423728 0.0045 0.038135592 

GCF_000385945.1 0.0015 0.012711864 0.0015 0.012711864 

GCF_000428765.1 0.004 0.033898304 0.0023 0.019491525 

GCF_000429685.1 0.013 0.110169488 0.013 0.110169488 

GCF_000463735.1 0.003 0.025423728 0.0017 0.014406779 

GCF_000470655.1 0.0055 0.046610168 0.0055 0.046610168 

GCF_000471625.1 0.002 0.016949152 0.0048 0.040677965 

GCF_000585495.1 0.0082 0.069491523 0.0082 0.069491523 

GCF_000716525.1 0.001 0.008474576 0.0028 0.023728813 

GCF_000817975.1 0.004 0.033898304 0.004 0.033898304 

GCF_001298525.1 0.0033 0.027966101 0.0063 0.053389829 

GCF_001402715.1 0.002 0.016949152 0.002 0.016949152 

GCF_001418395.1 0.0066 0.055932202 0.003 0.025423728 

GCF_001418715.1 0.004 0.033898304 0.004 0.033898304 

GCF_001484195.1 0.0024 0.020338982 0.005 0.04237288 

GCF_001485005.1 0.0015 0.012711864 0.0015 0.012711864 
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GCF_001514055.1 0.012 0.101694912 0.002 0.016949152 

GCF_001514495.1 0.0044 0.037288134 0.0044 0.037288134 

GCF_001544695.1 0.001 0.008474576 0.0027 0.022881355 

GCF_001546055.1 0.003 0.025423728 0.003 0.025423728 

GCF_001591345.1 0.0025 0.02118644 0.004 0.033898304 

GCF_001591385.1 0.0013 0.011016949 0.0013 0.011016949 

GCF_001592205.1 0.002 0.016949152 0.0015 0.012711864 

GCF_001606025.1 0.0017 0.014406779 0.0017 0.014406779 

GCF_001636425.1 0.0007 0.005932203 0.0023 0.019491525 

GCF_001720585.1 0.001 0.008474576 0.0066 0.055932202 

GCF_900044055.2 0.0012 0.010169523 0.0012 0.010169523 

Sum: 0.118 1 0.118 1 

 

 

3) Illumina 100 (i100) data set by Mende et al. (2012): 

We applied the i100 benchmark data set provided in the publication by Mende et al., consisting of a total of 53.33 million 

single reads (~26.6 million paired reads) of 75 bp length following Illumina read characteristics. The reads are derived from 

100 unique bacterial genomes and were originally simulated by the iMESSi metagenomics simulator. 

Reads: 

According to the publication, we retrieved the paired read sample ‘illumina_100species.1.fq’ and ‘‘illumina_100species.2.fq’ 

from the link: http://www.bork.embl.de/~mende/simulated_data/ 

Reference sequences: 

We refer to Table2 (Genomes Used in the Medium Complexity Metagenome and Estimated Coverage (100 genomes)) of the 

Supplementary Material of Mende et al. As stated in their description, the dataset includes all chromosomes of the genomes 

as well as all plasmids. Chromosome and additional plasmids sequences were retrieved according to the provided accessions 

for the i100 data available from http://www.bork.embl.de/~mende/simulated_data/bacterial_data.txt. 

Ground Truth of Abundance Proportions: 

We refer to a slightly corrected version of the i100 ground truth table provided by Schaeffer et al. (2017), named 

‘i100_truth.csv’ available from https://github.com/pachterlab/metakallisto. The table follows the format species, abundance, 

counts, and genome size. Thereby, ‘counts’ corresponds to the column ‘Est_proportion of total sequence’ of the table by 

Mende et al. with minor corrections. The given ‘counts’ are used as ground truth ( named GT.counts). 

DiTASiC calculation 

parameters used for the matrix calculation (default settings), defined parameters: 

- Read length: 75 bp 

- Mismatch probability (begin): 0.007 

- Mismatch probability (avrg):   0.013 

- Mismatch probability (end):    0.036 

* Mismatch probabilities are assessed by a pre-processing script which conducts a quick read-subset mapping for an approximate mismatch 

inference (refer to DiTASiC manual) 

Note: DiTASiC uses the reads as single end reads 

kallisto calculation 

kallisto quant command, only parameter: - l 75 (length) 

Note: kallisto is run in paired end read mode  
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Evaluation 

 

Parameter outputs kallisto (paired mode) DiTASiC (single mode) 

n  (number of taxa (exact genome level)) 100 100 

T  (number of reads processed;  

     see also in .json output file of kallisto) 

26667004 53334008 

A  (number of aligned reads) 26202326 46516552 

μ   (true absolute counts, ground truth GT) ‘GT.counts’ 

(see description above, 

sum(GT.counts) = T ) 

[GT.counts / sum (GT.counts)] * T 

 

(scaled for the number of single reads) 

t   (absolute count estimate) kallisto count estimates DiTASiC count estimates 

 

𝐴𝑉𝐺𝑅𝐸 =  
1

𝑛 
 ∑

|𝑡𝑖 ∗
𝑇
𝐴 −  𝜇𝑖|

𝜇𝑖

𝑛

𝑖

                            𝑅𝑅𝑀𝑆𝐸 =  √
1

𝑛 
 ∑ (

|𝑡𝑖 ∗
𝑇
𝐴 −  𝜇𝑖|

𝜇𝑖
)

2

 

𝑛

𝑖

 

𝑆𝑆𝐸 = ∑  

𝑛

𝑖=1

(
𝑡𝑖

𝐴
 −

 𝜇𝑖

𝑇
)

2

 

Evaluation values computed: 

 Exact Genome  level 

 
AVGRE RRMSE SSE 

DiTASiC 0.86 2.19 8.23 e-06 

kallisto (reproduced) 1.09 * 5.38 * 5.62 e-05 

 

 

Compare to Table 1 provided in the publication by Schaeffer et al.: 

 Exact Genome  level 

 
AVGRE RRMSE 

kallisto 0.97 * 5.42 * 

Bracken - - 

CLARK - - 

GASiC 7.21 19.31 

eXpress 2.57 11.92 

-  CLARK and Bracken results are reported by Schaeffer et al. to be missing as “they do not output strain level counts.” 

* Evaluation values of kallisto reproduced in our computed i100 study and evaluation values given by Schaeffer et al. are 

shown to be very similar. The minor value differences observed might be explained by minor changes in reference sequences 

of new or older versions available in NCBI.  (NCBI download of this study: 03/15/2017) 
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Zusammenfassung

Die Fortschritte der Hochdurchsatz-Technologien in der Genomik und Proteomik haben das bio-
logische Forschungsfeld revolutioniert. Die verbesserte technische Auflösung hat den Fokus auf
quantitative Analysen verstärkt und die hohe Parallelisierbarkeit in den Instrumenten ermöglicht
nun die Quantifizierung gesamter Genome und Proteome. Das Forschungsfeld bietet eine Viel-
falt an Anwendungen, welche mit vielen bioinformatischen Herausforderungen verbunden sind und
mit einem großen Bedarf an neuen Quantifizierungs-Analyse Programmen einhergeht.Quantitative
Analysen sind komplex. Sie umfassen zahlreiche Schritte, angefangen von der Probenaufbereitung,
der Daten-Erfassung, das Daten-Prozessieren, bis zur finalen quantitativen Schätzung. Mehrere
Schritte innerhalb des Prozesses können eine Verzerrung der quantitativen Werte verursachen.
Die korrekten Mengen in einer biologischen Probe zu erfassen, bleibt eine schwierige Aufgabe und
fordert ständig neue Methodenentwicklungen, um systematische Fehler und Verzerrungen in den
Daten zu reduzieren.

In dieser Doktorarbeit werden neue bioinformatische Strategien zur Verbesserung der Quan-
tifizierung von Daten aus Hochdurchsatz Anwendungen vorgestellt. Ziel der Arbeit ist es, sys-
tematische Fehler zu korrigieren und die Varianz von quantitativen Schätzungen zu minimieren.
Dabei ist die Erfassung der potenziellen Fehlerquellen und der vorliegenden Datencharakteristiken
entscheidend. Teil der Arbeit ist es gemeinsame Fehler und Lösungen verschiedener omik Analy-
sen und Datentypen zu identifizieren. Ein weiteres Ziel ist es die Genauigkeit der quantitativen
Schätzungen statistisch zu erfassen. Bei der Quantifizierung von Hochdurchsatz-Daten mangelt es
grundlegend daran wie man die Güte quantitativer Schätzungen misst und angibt, dies gilt vor
allem in der quantitativen Proteomforschung. Viele statistische Methoden für umfangreiche Daten-
analysen wurden vor allem in der Microarray Zeit entwickelt. Grundlegend gilt, dass unabhängig
von zugrundeliegenden Technologien, resultierende quantitative Werte aus statistischer Perspek-
tive oft gleiche Eigenschaften haben. Es liegt ein großes Potenzial darin Parallelen zwischen den
verschiedenen omik Feldern zu erfassen und etablierte statistische Methoden zu übertragen. Glei-
chermaßen wichtig ist es, jedoch, auch spezifische Datencharakteristiken und technisch bedingte
Fehler zu erkennen und zu integrieren. Zusammengefasst: quantitative Analysen sind extrem he-
terogen und die Suche nach einer alles erfüllenden Methodik wäre nicht passend.
Die vorliegende Doktorarbeit umfasst drei Hauptprojekte, welche drei verschiedene biologische
Fragestellungen und Datentypen von drei quantitativen Hochdurchsatz Techniken behandelt. Es
werden neue Ansätze vorgestellt zur Prä-Prozessierung von Daten, zur quantitativen Inferenz und
Auflösung von verzerrten Messungen, sowie Methoden für quantitative Vergleichsstudien.

Ziel des ersten Projektes ist die Identifikation von Protein-Protein Interaktionen unter Anwen-
dung einer Affinitätschromatographie in Kombination mit einem Massenspektrometer (AP-MS).
Dabei werden quantitative Mengen eines Proteins aus einem Pull-down Experiment mit Prote-
inmengen von negativen Kontrollexperimenten verglichen, mit dem Ziel echte Interaktionen von
falsch-positiven Detektionen zu trennen. Gegenwärtige Methoden für AP-MS Analysen nutzen
meist ein Punkteverfahren zum Ranking von potenziellen Interaktionsproteinen. Es gibt dabei je-
doch keine Angabe wie der Cutoff zur Auswahl von Interaktions-Kandidaten am besten zu setzen
ist und auch eine Einschätzung zur Anzahl von falsch-positiven Identifizierungen fehlt. Statisti-
sche Daten Prä- und Post-Prozessierung ist ein selten behandeltes Thema in AP-MS Analysen. In
dieser Arbeit wird ein umfassend statistisches Rahmenwerk vorgestellt, welches um jedes Punk-
teverfahren gelegt werden kann und durch Anwendung eines Permutationsprinzips das Ersetzen
von Punkten durch statistische P-Werte ermöglicht. Zusätzlich wird ein Zwei-Stufen Poisson Mo-
dell, welches von RNA-Seq Daten zu AP-MS Daten angepasst wird als alternative Methode zur
Erfassung von Interaktionen vorgeschlagen. Für die Prä-Prozessierung werden verschiedene Norma-
lisierungsmethoden und ein statistischer Filterprozess mit entsprechender Anpassung für AP-MS
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Daten betrachtet. Verschiedene Experimente veranschaulichen wie die Detektion von wahren In-
teraktionen signifikant gesteigert werden kann, während gleichzeitig die Falsch-Detektions Rate
kontrolliert wird.

Das zweite Projekt beschäftigt sich mit der genauen Schätzung von Proteinmengen. Bei einem
Massenspektrometer werden die Messungen auf Peptid Spektrum Ebene durchgeführt. Obgleich
man erwarten würde, dass all Peptid-Spektren die einem Protein zugeordnet werden ähnliche
Intensitäts-Werte aufweisen, existiert in der Tat eine starke Werte Heterogenität. Diese Heteroge-
nität entsteht aufgrund von zufallsbedingten und systematischen Fehlern. Intelligente Strategien
zur Inferenz der zugrundeliegenden Proteinmengen sind gefragt. Aktuelle Methoden basieren fast
ausschließlich auf quantitativen Informationen. Diese Arbeit vertritt die Hypothese, dass eine Fülle
von weiteren Peptid Merkmalen verfügbar ist, die die Zuverlässigkeit von Spektren-Werten wieder-
geben. Verschiedene Merkmale werden hier mit der beobachteten Varianz Heterogenität korreliert
und ihr Zusammenhang mit der Wertegenauigkeit in Spektren erforscht. Als Ergebnis wird eine
neue Peptide-Protein Inferenz Methode vorgestellt, welche als iPQF (isobaric Protein Quantifi-
cation based on Features) bezeichnet wird. Die Methode integriert Peptide Merkmale zusammen
mit quantitativen Werten für die Proteinquantifizierung. Die Wertung von Peptid Spektren ent-
sprechend ihrer Merkmale ist neu. Eine umfangreiche Evaluierung von iPQF im Vergleich zu neun
anderen Inferenz-Methoden belegt den Zugewinn der Merkmalsnutzung, um die Protein Quantifi-
zierung zu verbessern.

NGS basierte Quantifizierung beruht ebenfalls auf der Messung vieler Sequenzfragmente und
erfordert Methoden zur Zusammenfassung. Das dritte Projekt beschäftigt sich mit präziser Quan-
tifizierung von Organismen aus metagenomischen Proben. Besondere Herausforderungen stellen
sich bei Analysen von Sub-Spezies Ebenen aufgrund der Präsenz vieler sehr ähnlicher Referenz-
genome. Diese führen aufgrund von Mehrfachzuordnungen von Reads zu einer starken Verzerrung
in der Quantifizierung. Generell herrscht ein großes Interesse an feinerer Auflösung von mikrobi-
ellen Proben, aber nur wenige Methoden erlauben eine tiefere quantitative Erfassung als die der
Spezies-Ebene. In dieser Arbeit wird DiTASiC (Differential Taxa Abundance including Similarity
Correction) als ein neues Tool zur Quantifizierung von Organismen und differentiellen Analyse in
metagenomischen Proben vorgestellt, welches auf exaktem Genomlevel anwendbar ist. Ein neues
generalisiertes lineares Modell zur Auflösung der Mehrfachzählungen der Reads wird eingeführt,
welches zusätzlich einen Fehlerterm zur Abschätzung der Quantifizierung enthält. In einem neuen
statistischen Ansatz wird die Quantifizierungs-Varianz integriert und quantitative Verteilungen
abgeleitet, welches wichtig für ein differentielles Testen auf Sub-Spezies Ebene ist. Untersuchungen
auf den neusten Testdaten zeigen präzise quantitative Schätzungen bis zu Sub-sub-Spezies Ebenen
und eine verbesserte Detektion differentiell vorkommender Organismen.

Zusammengefasst tragen alle drei Projekte zur Verbesserung des gegenwärtigen Repertoires
von bioinformatischen Methoden in der Hochdurchsatz-Quantifizierung von omik Daten bei. Die
Arbeit verweist auf die Komplexität von Quantifizierungs-Analysen. Zum einen betont sie die um-
fassende Nutzbarkeit und den Transfer von etablierten statistischen Konzepten zwischen verschie-
denen omiks Feldern. Gleichzeitig wird auf die Wichtigkeit verwiesen, zugrundeliegende Daten-
Charakteristiken zu adressieren und auf die Notwendigkeit individuelle Strategien zu entwickeln,
um eine hohe Quantifizierungs-Genauigkeit zu erreichen.
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