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Abstract 
 

In the recent years, digitalization and computer-based technologies have greatly revolutionized the 

field of bioinformatics. Advance research and development of computer-based programs have 

enhanced various DNA sequencing technologies. This advancement has significantly broadened 

our understanding of the genomic evolution and has widely contributed towards application of 

clinical genomics. Cancer has been one of the major causes of death across the world. Cancer is 

mainly caused due to the damage or changes in DNA that affect the function of genes which 

contain a set of instruction that control various functions of cell. This damage in genes that 

maintain DNA repair mechanism may lead towards genome instability allowing rapid growth of 

cancer. 

 
Microsatellite instability (MSI) is one such condition characterized due to genomic alteration 

leading towards failure of DNA repair mechanism in cancerous cells. MSI is found in various types 

of cancer but are most often found in colorectal cancer, gastric cancer, and endometrial cancer. 

Hence, detection of this MSI can greatly contribute towards cancer therapies and enable to plan 

for the best treatment. This study mainly focuses on evaluating the performance of MSI calling 

algorithms using targeted sequencing methods. 

 
The literature provides a detailed outline of various topics related to MSI detection. Moreover, 

different computational methods like MSIsensor, MSIsensor-ct, MSIsensor-pro, MSings, MiMSI, 

and MSIsensor2 used in this study for detection of MSI in selected samples are thoroughly 

discussed in methodology section. Finally, the findings of this study conclude that the MSI calling 

algorithms mentioned above provide an accurate detection of MSI in the chosen samples. Also, 

these algorithms enable us to determine the MSI status of the chosen samples more precisely. 

 

 

  



 

 

 

  



 

EVALUATION OF PERFORMANCE OF MSI DETECTION 

TOOLS USING TARGETED SEQUENCING DATA 

 

Popular Science Summary 
 

Satya Krishna Prasanna Kolluri 

Since past few decades, cancer has been one of the most global cause of health threat. Cancer is 

mainly caused when there is a damage or certain change in the DNA which contains a set of 

instructions that control various functions of cells telling it when to grow, divide, and die. Any 

damage caused to the DNA mutation can result in errors of these instructions causing dysfunction 

of DNA repair mechanism that fails to replace these damaged cells leading towards instable 

cellular growth. This instability known as microsatellite instability allows irregular growth of cells 

leading towards cancer. Hence, identifying these regions of instability in cancer cells can have a 

key significance in planning a suitable treatment for the patients. Various computer-based tools 

have been developed to detect these regions of instabilities enabling improvised therapies. 

 
The aim of this study is to analyse the performance of these computer-based tools that identify 

regions of instabilities and to determine the status of instabilities. In this study, a literature review 

concerning these computer-based tools was reviewed. Later, the performance of these tools was 

evaluated using various samples of both normal and tumor cells which is further discussed in the 

result section. Finally, from the findings of this study, it was possible to conclude that all the 

computer-based tools used to identify the regions of instabilities performed accurately and the 

status of these instability regions was successfully determined. 
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1. Introduction 

Over the past few decades, cancer has been and is one of the major health threats across the world. 

However, thorough research and advancements in technology related to medical sciences have 

enabled improved screening, treatment, and prevention of cancer in early stages (Wellington, K. 

W., 2015). Cancer is a genetic disease caused mainly due to the excess accumulation of mutations 

in genes that regulate and control various activities like cell division, survival, invasion, and 

hallmarks of mutated phenotypes. Cancers have variable characteristics like few are indolent and 

remain localized, whereas few cancers metastasize rapidly invading nearby organs. To understand 

the biology of this variability in cancers, researchers have subclassified cancers into more 

phenotypically uniform subtypes (Chakravarty and Solit., 2021). 

 
Further research in the area of molecular pathophysiology has led towards adoption of molecular 

classification of cancer that integrates information of genomic characteristics enabling better risk 

assessment, immune and targeted therapies, and development of effective personalized treatments. 

Any damage or certain change in the mutation can lead to errors in the instructions that regulate 

cellular activities. These mutations alter the nucleotide sequences or regions that leads to synthesis 

of dysfunctional proteins which affect normal cellular physiology (Chakravarty and Solit., 2021). 

These structural changes in DNA can disrupt the nucleotide bond that affects the replication of the 

genome which may not always be reparable allowing rapid growth of cancer. Hence, it is highly 

important to understand the genomic characteristics to develop therapeutic interventions. Recently, 

development of tools based on Next generation sequencing (NGS) platform has enabled concurrent 

analysis of multiple genes or an entire genome from the small sample of tissue collected by needle 

biopsies (Chakravarty and Solit., 2021). 

 
A biomarker is a biological indicator found in the bodily fluids or tissues which indicate a normal 

or abnormal condition in a body which could also be a sign of an underlying condition or disease 

(Henry and Hayes., 2012). Different molecules in the body like DNA, proteins can serve as 

biomarkers as they indicate the condition of the health. These biomarkers are used to assess the 

risk of developing cancers, screening cancer, and also distinguish between normal and malignant 

tissues. Generally, biomarkers in the body are identified based on the required function as each 

biomarker works and reacts differently. A biomarker is a characteristic that is impartially evaluated 

as an indicator of normal biologic processes, pathogenic processes to a therapeutic intervention 

(Woodcock J., 2011). “The biomarkers play a vital role in differentiating the sensitivity of patients 

and to predict therapeutic response” (Zhao et al., 2019). 

 
Biomarkers are generally classified based on their function. Different biomolecules act as 

biomarkers in identifying different types of cancer. Based on their functions, Biomarkers can be 

classified into different groups like Prognosis, Diagnosis, Screening, Risk Assessment, Prediction, 

and monitoring. Moreover, Biomarkers can also be differentiated based on the type of tumor. 

Biomarkers for breast cancer are different compared to biomarkers for Prostate cancer. These 



  

functionally different biomarkers assist in detection, prediction, and diagnosing the disease in early 

stages. Further, analysing these biomarkers may enable personalized prognosis, and treatment 

strategies. 

 

Cancer cells are characterized by the mutations that they acquire during their stages of 

development or proliferation. The number of somatic mutations (i.e., somatic mutations are 

mutations that occur in cancer cells), or tumor mutational burden (TMB) in the cancer genomes is 

strongly correlated with the response of immunotherapy (Waldmann, 2003). The reason behind 

this is that cancers with high TMB have numerous neoantigens on their cell surfaces. Neoantigens 

are identified by immune cells and are hence essential for targeting of the cancer cells. In many 

cases however, this also means the immune cells cannot detect them which leads to cancer cells 

evading immune response. 

 

Elevated TMB levels can be observed in the cancers that involve microsatellite instability regions 

and similar to other genomic regions, these microsatellites can be covered through sequencing 

technologies. MSI instability, that is somatic variation in the microsatellites is used to identify the 

MSI+ phenotype which in turn is associated with a distinct molecular phenotype. However, a high 

frequency microsatellite instability contributes to clinical outcomes. The microsatellite instability 

of lower pathological stage is independently predictive (Gryfe et al, 2000). 



  

2. Background 

Cancers with microsatellite instability often have elevated TMB (Vanderwalde et al., 2018). 

Cancers with failing DNA repair machinery often involve errors in short repeats that establish the 

microsatellite regions (Richard et al., 2008). 

 
2.1. Microsatellites 

 
Microsatellites are the tandem repeats of nucleotide sequences that are within 1-6 basepairs of 

DNA present in the whole genome (Li et al., 2002). Microsatellites are also known as simple 

sequence repeats (SSRs) which are composed of non-coding DNA that are broadly used as gene 

markers in genetic studies (Richard et al.,2008). These markers are more often used in 

identification of DNA and are major tools for developing advanced sequence techniques to 

determine genetic diversities. The SSRs are also molecular markers that can be used to identify a 

specific molecular sequence in a group of unidentified DNA’s present in genomes (Poczai et al., 

2013). These markers play a major role in applications of population genetics, DNA fingerprinting, 

conservation genetics, pathogenesis, and disease identification as they are codominant, 

multiallelic, and abundant (Bhargava and Fuentes., 2010). Their features like perpetual mutation 

degree and length variation gives them vital importance in the field of genetics and genomic 

evolution, as their repeats have generated most accepted genetic probes used in narrowly linked 

genomes to understand their links and phylogenetic associations (Srivastava et al., 2019). 

 

Microsatellites are generally said to have originated due to the slippage and mutation in the process 

of DNA replication and repair. Because of unequal crossing over or errors in recombination’s, 

microsatellites have a higher mutational rate than other regions of the genome (Lower, 2018). Due 

to this high mutational rate of microsatellites, they need an effective repair mechanism. The DNA 

repair mechanism in normal tissue is called mismatch repair (MMR), this MMR corrects the errors 

that occur in the process of DNA replication and maintains the correct nucleotide sequence (Li et 

al., 2020). A defect in this repair mechanism (process of replication repair) or lack of MMR genes 

would increase the gene mutation rate leading toward accumulation of errors. Failing to repair 

these errors in the process of DNA replication further leads to instability known as microsatellite 

instability (MSI), which is mainly caused due to impaired DNA mismatch repair (Li et al., 2020; 

Srivastava et al., 2019). Moreover, this microsatellite instability causes phenotypic changes in the 

organism causing tumors which lead to cancer. Based on the frequency rate, MSI can be classified 

into three types that are low microsatellite instability (MSI-L), High microsatellite instability 

(MSI-H), and microsatellite stability (MSS) (Bonneville et al., 2020). Hence, MSI is an important 

factor responsible for development of a cancerous tumor and identifying the presence of MSI in 

cancer cells can help in developing best suitable treatments. 



  

2.2. Microsatellite detection 
 

The process of detecting microsatellite regions is performed by analyzing the length distribution 

of microsatellite sequences in high-throughput sequencing data. The performance of the 

microsatellite instability analysis can vary based on several factors, e.g., the size of the interrogated 

regions, the intronic and exonic regions and many more (Boland et al, 1998). 

 

The somatic changes in the cells may also occur due to different reasons like deamination of CpG 

bases in promoters which could be because of smoke, sunlight, or radiation. As cancers with high 

microsatellite instability have a major impact on the genomic imprint, they will carry a unique 

mutational signature (Boland and Goel., 2010). To identify the MSI+ cancers using mutational 

signatures provides an alternative way to the algorithms applied for direct identification of the MSI 

phenotype. MSI+ cancers have also been studied in depth by various research groups around the 

world and these cancers have a notedly high response rate with immunotherapy (Li et al., 2020). 

 
2.3. Aim 

 
To evaluate the performance of published MSI-detection algorithms on high-depth targeted 

sequencing data from cancer genomes and to determine the MSI+ and MSI- status of these 

samples. To determine the sensitivity and specificity of these algorithms at varying levels of 

ctDNA (circular-tumor DNA) fractions or tumor purities by performing in-silico dilutions. 



  

3. Literature Study 

To evaluate the performance of MSI-detection algorithms on the data generated as a part of the 

ProBio Clinical Trial. In-silico dilutions are performed by mixing healthy donor DNA and cancer 

DNA with the help of various bioinformatic tools. 

 
3.1. Microsatellite Instability 

 
Microsatellite Instability is a condition that is characterized due to genomic alteration leading 

towards the accumulation of mutated nucleotides (insertion or deletion of nucleotides) in 

microsatellites. These MSI’s are highly observed in cancer due to the defect in the mismatch repair 

system (MMR) of DNA, especially in colorectal cancer. It correlates positively to checkpoint 

blockade therapy by predicting the response of the immune system and corresponds to survival 

outcome (Baudrin et al, 2018). 

 

According to (Li et al, 2020) most of the MSI cases were observed in sporadic colorectal cancer, 

caused in offspring due to methylation of HMLH1 promoter leading to epigenetic inactivation of 

gene expression. Based on the molecular mechanisms of MSI in colorectal cancer (Li et al, 2020) 

divided it into colorectal cancer without family genetic history and lynch syndrome with non- 

polyposis having family genetic history. However, (Baudrin et al, 2018), suggested two crucial 

parameters to be considered while developing methods for MSI detection in cancer are. The first 

parameter is to carefully choose highly sensitive and specific microsatellites for MSI detection. 

The second parameter is accurate identification of MSI and its mutant allele genotype of the used 

analytical methods, and these methods should provide the lowest possible detection limit in 

samples that have low mutant allele frequency. 

 

 

3.2. Liquid Biopsies 
 

Liquid Biopsy is an approach used to analyse the sample of bodily fluids to investigate the specific 

biological condition. Liquid biopsies involve harvesting of cancer related biomarkers like 

circulating tumor cells (CTCs), circulating tumor DNA (ctDNAs), circulating tumor RNA 

(ctRNAs), extracellular vesicles (EVs), tumor-educated platelets (TEPs) that are present in the 

bodily fluids like blood, urine, saliva, or cerebrospinal fluid (Campos et al., 2018). These 

biomarkers contain genetic defects that are identical to the tumor cells they originate from, 

analysing these biomarkers would enable precision therapies for cancer. Liquid biopsies provide 

enhanced diagnosis compared to the conventional tissue biopsies and find key application in the 

clinical settings like tumor genotyping, drug response assessment, residual disease tracking, and 

clonal evolution monitoring (Bardelli and Pantel., 2017) 



  

 

Each of these Biomarkers mentioned above offer diverse applications and clinical opportunities. 

In general, liquid biopsies have more advantages compared to tissue biopsies. Liquid biopsies have 

minimal invasiveness, enable lesser complications and are painless. Also, liquid biopsies are very 

much enhanced and support advanced digital applications and are compatible with longitudinal 

monitoring. Moreover, traditional tissue biopsies are highly time-consuming whereas liquid 

biopsies are often quicker. Further, liquid biopsies enable personalized treatment for the patients 

as this approach facilitates extracting the biopsies from regions where normal tissue biopsies are 

difficult. For example, extracting biopsy from bone marrow in case of lung and pancreatic cancers. 

The recognition of the predictive biomarkers in peripheral blood is used to monitor responses to 

therapy in real time. ability of detecting and characterizing the ctDNA and CTCs enables 

interrogating the dynamic evolution of human cancer repeatedly and non-invasively (Siravegna, 

2017). 

 
3.3. ProBio trial 

 
ProBio trial is a randomized biomarker driven platform trial with metastatic castration-resistant 

prostate cancer. Patients are provided with certain guidelines to receive the standard care 1or 

treatments based on the biomarker signature. These biomarker signatures are identified using a 

ctDNA panel designed for prostate cancer (ProBiotrial.org, 2021). 

 

ProBio is the first biomarker-driven trial for mCRPC samples, designed to advance the novel 

results initiated by molecular epidemiology into clinical care. ProBio involves various 

multidisciplinary transformations which also includes liquid biopsy-based molecular profiling and 

clinical design implementation involving clinical designs and logistics. ProBio was initially started 

in Sweden and was expanded internationally in 2020 to recruit numerous patients. The trials 

identify the biomarker profiles to answer the research questions involving role of ctDNA fractions 

on collected data and then comparing the RNA analysis from plasma and platelets (Crippa et al, 

2020). The below figure (1) provides an overview of ProBio clinical trail. 
 

Figure 1. ProBio trial [adopted from, (ProBiotrial.org., 2021)] 
 

The ideal solution for answering the scientific questions is based on the evaluation of biomarker 

signatures involving the adding or dropping treatments, validating the promising therapies 

efficiently. ProBio has brought up many more operating characteristics benefits in clinical practice. 



  

The cost of ProBio is associated with the change of current clinical practice. Treatments that fail 

in the confirmatory trial will still be valuable for purity biomarker signatures. Based on the 

signatures, the treatment selection for patients is studied clearly with ProBio. ProBio also grants 

the permission to improve the treatment selection to maximize the health outcomes of patients 

through re-randomization. Within the cell lines of systematic therapy for mCRPC, ProBio also 

involves the insights into optimal treatment sequencing regimen (Crippa et al, 2020). 

 
3.4. Methods for Detection of MSI 

Recently, in the past few years, there has been constant research and development on methods used 

for MSI detection. However, PCR-based amplification of microsatellite markers and detection by 

methods involving fragment length analysis are the two main methods that MSI detection relies 

on (Baudrin et al., 2018). 

 
Detection of MSI using PCR-based amplification is the most common method. Earlier, this method 

involved performing PCR on specific markers and followed by electrophoresis and 

autoradiography or arbitrary primed PCR (APPCR). Wherein, the low stringency cycles and high 

stringency cycles are combined by electrophoresis (Thibodeau et al., 1993). However, this process 

of PCR was time-consuming and less accurate. To avoid this, a more standardized method of PCR 

for detecting MSI was developed. This method involves performing PCR with fluorescent primers 

followed by capillary electrophoresis using a DNA sequencer (Cawkwell et al., 1995). Further, 

more read out methods involving PCR like denaturing high-performance liquid chromatography 

(DHPLC) and high-resolution melting (HRM) analysis have been developed for MSI detection 

(Kim et al., 2003; Janavicius et al., 2010). Generally, DHPLC involves separation of DNA strands 

based on size and sequence offering an advantage of avoiding stutter peaks (Hite et al., 1996). 

Whereas HRM is a post PCR method that involves slow denaturation of PCR elements 

highlighting differences in denaturation curves (Janavicius et al., 2010). 

 
In recent years, Next generation sequencing (NGS) method is also used to detect MSI which 

provides a greater advantage of detecting a large number of microsatellite loci simultaneously in 

a range of five to few hundred thousand (Salipante et al., 2014). The NGS method is based on 

either amplicon sequencing, sequence capture based on cRNA, or single-molecule molecular 

inversion probe capture (Baudrin et al., 2018). The below figure (2) provides an overview of 

methods discussed above. 



  

 

 

Figure 2. Different methods used for detection of MSI in cancer (A) Polyacrylamide gel 

electrophoresis, (B) Capillary electrophoresis fragment analysis, (C) DHPLC, (D) NGS, (E) Data 

Processing and analysis: MSI detection using computational methods [adopted from (Baudrin et 

al., 2018)]. 

 
3.5. Computational methods for detection of MSI in cancer 

Prior to the development of Next-generation sequencing (NGS) methods, mathematical prediction 

models were used for MSI detection in colorectal and gastric cancers. These methods were based 

on two population models where a maximum likelihood approach was used to estimate binomial 

distribution mixtures (Gonzalez et al., 2000). Later, considering the difficulties in molecular 

methods several computational methods based on Whole genome sequencing (WGS), Whole 

exome sequencing (WES), Third generation sequencing (TGS) were used to detect MSI (Baudrin 

et al., 2018). 



  

Weinstein et al, (2013) conducted a study on colorectal and endometrial cancer where they 

described an approach for MSI detection using WES and WGS data. In their study, unstable 

microsatellites were detected using mono-to-tetranucleotide repeat microsatellites by comparing 

the distribution of their length between tumors and matched normal samples (Leclercq et al, 2007). 

Later, with further research various computational methods for MSI detection in cancer were 

developed. According to Baudrin et al (2018) these methods were divided into two types, (i) Based 

on comparison of repeat length distribution of microsatellites, (ii) Based on total mutation burden 

in sequences or indel burden in microsatellites. 

 
Further, based on the comparison of repeat length distribution of microsatellites, various methods 

like MSIsensor, mSINGs, MSI-ColonCore, Cortes-Ciriano method, and MANTIS were developed 

to detect MSI in Cancers. Also, based on the total mutation burden in sequences or indel burden 

in microsatellites, different MSI detection methods like MSIseq Index, MSIseq/NGS classifier, 

and Nowak methods were developed. These NGS based computational methods provide a main 

advantage of screening large numbers of microsatellite loci simultaneously (Salipante et al., 2014). 

Moreover, among the computational methods for detecting MSI in cancer, MSI sensor, mSINGs, 

MANTIS,and MSIseq/NGS classifiers are the methods available to download online. 

 

 
3.5.1. MSISensor 

 
MSI-sensor is a program that differentiates the microsatellite regions into somatic or germline 

regions by detecting replication slippages, developed at ding-lab by Washington University, 

School of medicine (Dinglab., 2021). MSI-sensor is a constructive program in determining the 

MSI status of tumor and normal paired whole sequencing data and reports the percentage of 

somatic sites. 

 

The program starts with the scanning of microsatellites and homopolymer locations in the reference 

genome, followed by extraction of all read pairs that are mapped within about 2kb of the sites into 

the BAM files. Later, the set of k-mer allele counts are set up into a two-step process wherein, the 

flanking sequences are concatenated to all possible repeated lengths in the range of 0 to L-10(where 

L is read length) and the remaining sequences with sites are tallied with the sets of their similar 

sequencing reads (Nui et al., 2014). Secondly, the standard chi-square test is performed at each site 

of both the tumor and normal samples to evaluate the goodness-of-fit between the k-mer allele 

distributions. The sites having a significant difference in distributions are labeled as somatic which 

are then quantified by a multiple testing correction of chi square P-values (Benjamini and 

Hochberg,1995). To determine the quantification of the samples, the total number of sites and 

number of somatic sites are noted, and the percentage of these somatic sites are calculated to obtain 

an MSI score (Nui et al., 2014). 



  

3.5.2. MSISensor-ct 
 

MSIsensor-ct is a machine learning algorithm used to detect the MSI status in cfDNA developed 

at ding-lab by Washington University, School of medicine (Dinglab., 2021). MSIsensor-ct requires 

BAM files as the input and is easily workable into routine next generation sequencing analysis 

(Han et al, 2021). MSIsensor-ct reports the various number of classifiable sites and a binary 

classifier is used to determine the stability, the percentage of unstable sites is estimated as the MSI 

score. The robustness of MSIsensor-ct is evaluated by randomly extracting the site-classifiers. This 

method executes the limitation test to estimate the sequencing depth and ctDNA content in the 

samples. The limitation test reports the MSI score, detects the cfDNA samples and ctDNA content 

with high rate of sequencing depths. This method detects the MSI status using cfDNA sequencing 

data with very low ctDNA concentrations in the range of 0.1-0.4%. For the detection of MSI in 

cfDNA samples, MSIsensor-ct attains 100% specificity and sensitivity (Han et al, 2021). 

 
3.5.3. MSIsensor-pro 

According to Jia et al, (2020) MSIsensor-pro is a new accurate, fast, and matched-normal-sample- 

free MSI detection method. This model accepts data of various sequencing methods like Whole 

genome sequencing, whole exome sequencing, and target region sequencing as input (Jia et al., 

2020). A multinomial distribution model is introduced in this method where in the polymerase 

slippages of each tumor are quantified and to enable MSI detection without matched normal 

samples, a discriminative selection method is also introduced Jia et al, (2020). 

 
It is an ultrafast calling method to detect the MSI values with various sequencing depths and tumor 

purities. In this calling algorithm, the sequencing data and the sequencing data are mapped against 

the human reference genome. Using the default parameters, the microsatellite regions are retrieved 

from the human reference genome and each microsatellite allelic distribution is extracted for future 

analysis. 

 

To detect the MSI without normal samples, the stability of microsatellites of each sample is 

evaluated. Based on the allelic distributions of each sample, the polymerase slippage is separately 

accumulated in each step of the iterative DNA replication process. The slippage model in 

microsatellite sites is modelled using the multinomial distribution. We then derive the hysteresis 

synthesis (causing deletions, insertions) and note down all the probability values. Then hysteresis 

synthesis is subjected to a multinomial distribution to determine the probability distribution. 

 

Further, the microsatellite site with n repeats on the reference genome and repeat length is 

observed from the data and the probability function of the data is derived from the analysis (Jia et 

al,2020). Finally, the corresponding probability values (p and q values) and the polymerase 

slippage magnitude values are estimated by comparing the MSI and MSS (microsatellite stable) 

samples. For evaluating the stability of microsatellites, the q value from the multinomial 

distribution model is used. To differentiate the unstable sites from the stable sites, the standard 

deviation of p is determined in the normal microsatellite samples. To classify the unstable sites 



  

with p values, a baseline is performed with all the available normal samples (Jia et al, 2020). Then 

the percentage of unstable sites in all the detected sites of samples is identified as the MSI score. 

 
3.5.4. MSIsensor2 

 
MSIsensor2 is an improved version of MSIsensor, featuring an enhanced upgrade in detection of 

microsatellite instability for tumor, which is applicable towards sequencing data, including cfDNA 

and FFPE developed at ding-lab by Washington University, School of medicine (Dinglab., 2021). 

MSIsensor2 is an MSI detection method that works well with tumor only data (Niu et al, 2014). 

The MSI status is calculated by the ratio of MSI sites to all the other available sites and this method 

provides the threshold standards and clear differentiation between MSI-H and MSS (Riggs et al, 

2020). MSIsensor2 offers customized models to illustrate the tumor only modules and has an 

ability to estimate the microsatellite status of the sample. MSIsensor2 can handle both the target 

gene sequencing data and amplification sequencing data. This method provides faster and more 

accurate results and is also applicable to ctDNA, whole genome and exome sequences (Niu et al, 

2014). 

 
3.5.5. MSings 

 
MSings is a method that detects the MSI phenotype using data from next generation sequencing 

(Salipante et al, 2014). This method is constructed to evaluate the mononucleotide of microsatellite 

loci which were sequenced after targeted gene enrichment. These microsatellites could be applied 

to gene or exome panels. Each unstable microsatellite loci are compared to other normal control 

panels to measure the experimental samples (Salipante et al, 2014) and the MSI status is determined 

based on the fraction of unstable microsatellite loci. 

 

The input files required for this tool is, (i) a bam file generated by combing sample of interest and 

the reference genome, (ii) a reference fasta file (reference genome), (iii) msi_bed file which 

specifies the regions of microsatellite tracts of interest, and (iv) a msi_baseline file which specifies 

the standard deviation of the number of expected signal peaks at every locus of an MSI negative 

sample (Kautto et al., 2017). 

 
3.5.6. B/tMSI-CAST 

 
B/tMSI-CAST is a stand-alone tool for next generation sequencing data to detect the MSI status 

(Li et al, 2021). This method does not require matched normal samples rather it is more of a two- 

way calling algorithm with both tissue and plasma samples. It is an analytical method consisting 

of several steps: loci selection, removing the duplicates, calling algorithms, and comparing the 

reference genomes. Applying the B/tMSI-CAST algorithm on tissue and plasma samples gives the 

highest deletion ratio which is used for tumor tissue samples and plasma samples. B/tMSI-CAST 

can classify the MSI status against the MSI-PCR results. All the steps including loci selection, 

duplication removal and calling parts are executed independently (Li et al, 2021). This method 



  

shows the valuable capability to detect MSI status and measure Cohen’d. Cohen’d is a statistical 

test that indicates the mean difference between two samples or two groups (McGraw, 1992). 

 
3.5.7. MiMSI 

 
MiMSI is a computational tool to detect the MSI status by using next generation sequencing data 

(Ziegler et al, 2020). This method follows the procedure of extracting the NGS reads at 

microsatellite sites for both the tumor and normal samples. It calculates the sample vector for all 

the embedded microsatellites followed by utilizing a sigmoid classification to determine the final 

probability of MSI status. The neural network is used to extract the embeddings of each 

microsatellite vector in a sample that forms the residual connections and convolutional layers. The 

residual connections combine with the high and low-level features to establish the network of each 

microsatellite loci that are averaged to sample level embeddings (Ziegler et al, 2020). The sample 

level embeddings are used in predicting the likelihood of MSI occurrence in each sample. 

 

The variant analysis is typically conducted in NGS inputs to the BAM or SAM files. The file 

format is non-conductive for the implementation of deep learning algorithms involved with neural 

networks approaches. The implementation of neural network approach develops a program that 

converts microsatellite regions of genomes to three-dimensional vector representations. To analyze 

the alignment file pysam, a python-based Sam-tools reader is used to generate the threshold value 

by compiling a list of aligned reads. Later, each aligned read is subsequently converted into a two- 

dimensional vector and these vectors are combined with the generated single read vectors to form 

three dimensional representations (Ziegler et al, 2020). Later, the final output of microsatellite 

vectors per patient sample is produced by testing and training the models. 

 
3.6. Mutational signatures 

 
Mutational signatures are observed in somatic variants and provide insights into evolution, 

heterogeneity, and the mechanism of cancer. Identification of mutational signatures provides 

greater understanding of the pathology and physiology of the cancers. The mutational signatures 

provide an analytical framework to improve next generation technologies and to proceed further 

in improvising the etiologies and mechanisms of mutational patterns that remained unresolved in 

cancers (Koh et al, 2020). 

 

Mutational signatures operate as a collective of mutational processes. Mutational processes form 

different active etiologies in cancer development with their mutational pattern and specific activity 

on the genome. Mutations occur due to the endogenous mutational process varying in the patient's 

life. The mutational spectrum of the cancer genome continues to change and activate the other 

processes. The mutational signatures in the cancer patients are caused by cell acquisition of somatic 

mutations, as these mutations alter the cellular growth and interactions involved by the tissue 

environment pathways to address this issue, Pan-cancer analysis of Whole genomes project 

proposed and integrative analysis of 2600 primary cancers and 38 distinct normal tissues to tumor 

types (The I.C.G.A, 2020). 



  

 

The extensive role played by the large-scale mutations in gene regulatory regions, interactions 

between somatic and transcriptomes and the germline genetic variants in modulating the 

mutational process. WGS is the initial method performed for mutation accumulation through the 

sub clones, reference genome is required to subtract the variants in the samples, which enlightens 

the new mutations that arise because of experimental manipulation. The short - read sequences of 

the samples are aligned to the reference genome. Based on the WGS data, we can determine the 

quality and relationships between the experimental samples to assess the mutational signatures. 

 

Though some signatures are isolated clearly within a group of specific cancer types, the link to 

specific etiology is not clear. Whereas few signatures are common across various cancer groups 

and mechanism of pathogenesis is not clearly defined in few mutational signatures (Helleday et al, 

2014). With future research and effective data analysis, these uncertain mutational signatures are 

likely tied to cellular or environmental pathways of mutagenesis. 

 

Identifying the type of mutational signature present in a tumor provides multiple indications for 

clinical utility. Molecular signatures have significant applications in clinical management as they 

can be used to identify the tumor in case of tumors whose origin are unknown. Example, in case 

of a patient with a history of significant smoking with cutaneous invasive squamous cell 

carcinomas and lung squamous cell carcinoma can have a possibility of having a lung primary or 

a solitary metastasis. However, detecting a UV signature enables confident diagnosis of lung lesion 

as a metastasis and not a primary lung squamous cell carcinoma (Sholl et al., 2016). Further, 

mutational signatures are also used to guide the selection of therapy like MSI in case of ICI and 

Homologous recombination deficiency. 



  

4. Methodology 

 
4.1. Patient data 

 
In this study, a total of 25 healthy donor cell-free DNA samples, 6 of MSI-H samples that are not 

part of healthy donor set cells were used. The matched germline samples from white blood cell 

(WBC) DNA were available for all samples, both healthy donor and MSI-H patients, which were 

sequenced with targeted sequencing and the available reads were mapped as BAM files. 

 
4.2. Selection of MSI callers 

 
In this study, various MSI callers were used to evaluate the MSI performance. Different 

simulations were performed extensively and efficiently on each method to test its performance on 

data with a wide variety of sequencing parameters. These simulations enabled an accurate 

evaluation and best-case detection across various datasets. To ensure reliability of these callers, 

their limitations were analyzed and the callers with poor detection performance were avoided. The 

use of reference dataset was emphasized as the simulated data was unrealistic for accurate 

benchmarking. The dataset was tested in each caller using default parameters and the results are 

visualized in r plots. The MSI callers selected for this study are Msisensor, Msisensor-ct, 

Msisensor-pro, Msisensor2 (an updated version of Msisensor used for detection of microsatellite 

instability of tumors including cfDNA and FFPE), Mimsi, and Msings. 

 

Further, various other features of these MSI callers were examined by assessing the impact of 

genomic sequence context. Also, the concordance of multiple callers was examined, and the utility 

of consensus-based methods was accessed. Moreover, for each method the quality score behavior 

was considered to reveal highest quality scores. The table (1) below provides a detailed description 

of MSI callers used in this study. 



  

 

MSI Callers 

 

Sample type 

 

File format 

Computational 

approach 

 

Features 

MSIsensor Tissue BAM file Comparison of repeat 

length distribution of 

microsatellites 

Extract the allele 

length counts 

MSIsensor-ct cfDNA BAM file Comparison of allele 

length distribution of 

microsatellites 

Performance the 

limitation test 

statistically 

MSIsensor-pro Tissue Whole exome 

data 

Comparison of allele 

length distribution of 

microsatellites 

Constructs 

multinomial 

distribution into 

slippages 

MSings Tumor BAM/SAM file Comparison of repeat 

length distribution of 

microsatellites 

Extracts the 

allele count 

B/tMSI-CAST Tissue and 

Plasma 

BAM file Comparison of repeat 

length distribution of 

microsatellites 

Loci selection, 

Duplicate 

removal 

MiMSI Tissue BAM/SAM file Comparison of repeat 

length distribution of 

microsatellites 

Implement 

neural 

networking with 

deep learning 

algorithms 

MSIsnesor2 FFPE and 

cfDNA 

BAM file Comparison of repeat 

length distribution of 

microsatellites 

The probability 

of deletion 

followed by 

replication step 

 

 

Table 1. Various computational methods for MSI detection. 
 

Further, microsatellite files for each dataset were developed by scanning the reference genome. 

The tumor and germline samples of each dataset were matched with a microsatellite file to obtain 

an MSI score output. This MSI score provides the number of microsatellite regions present by 



  

comparing both the microsatellite file and the tumor-germline samples. A driver script for each 

msi caller is performed programmatically to obtain the required msi output. Based on the input 

datasets, the msi callers were modified accordingly to the required parameters. By performing msi 

calling algorithm on msisensor, msisensor-ct, msisensor-pro and msisensor2, an output describing 

total number of microsatellite regions, somatic sites and the msi score was obtained. 

 

Whereas, in case of msi caller mimsi, two main steps were followed. The first step was to create 

an NGS vector where the aligned reads were encoded into the required format. The second step 

was to perform actual evaluation to determine the classification of the sample by inputting the 

microsatellite instances of a sample into the trained model. The main inputs required for mimsi are 

tumor, normal pairs of datasets (BAM files) of the sample to be classified, a list of microsatellite 

regions, and a provided trained model to evaluate the samples. For this study, a python script 

consisting of packages that execute both these steps together was used. 

 

In Msings, the datasets of the sample were aligned against the reference genome in the form of a 

BAM file which forms as the input for the script. Once this input is provided, the script then 

generates a reference fasta file and a msi bed file. The required microsatellite tracts are specified 

in the msi bed file. Finally, msi baseline describing the number of average and standard deviations 

of expected signal peaks at each locus from healthy donors is generated which is then analyzed to 

obtain an output file that consists of detailed information on instability and distribution of msi 

regions. 

 
4.3. In-silico dilutions 

 
Traditional laboratory methods or techniques for researchers often involve expensive experimental 

strategies and are time consuming. However, computational approaches offer better advantages 

and make the process simpler, these computational approaches enable us to carry out any number 

of experiments which can be observed, repeated, and controlled at any desired level of detail 

(Mallet, D.G., 2012). In-silico dilutions method combines these computational models and 

findings of biological literature to investigate hypotheses and experimental programs in an efficient 

way. Further, in-silico models can be effectively used to reduce cost and increase efficiency of 

clinical trials as this method provides prediction by combining experimental data and expert 

information. 

 

Lowest possible percentage of reliable cfDNA detected is identified by performing in vitro serial 

dilution experiments with isolated DNA from MSI-H colorectal cancer cell lines. To achieve a 

DNA concentration of range 0.01% to 0.20% and the targeted purities of the simulated MSI-H 

samples were set to 0.2, 0.1, 0.05 and 0.01, the DNA extracted from MSS matched germline was 

used for dilution. The serial dilution experiments were performed in three folds. The analyzed 

depth of median sequencing shows the resulting statistical performance of the assay. A 100% 

concordance was obtained across all technical replicates and dilution gradients of MSI-H and MSS 

matched germ lines. 



  

4.3.1. In-Silico simulation experiment to determine the limit of detection for 

cfDNA percentage 

To investigate the sensitivity, various ctDNA fractions of sequencing data from plasma samples 

are simulated by sampling and mixing the paired sample BAM files at indicated ratio to simulate 

from 6 paired MSI-H plasma and WBCs. For each ratio, five rounds of sampling were performed, 

and the simulated samples were down-sampled median sequencing depth of 15000x. A mutation 

calling algorithm is used to determine the maximum allelic fraction (purity of ctDNA fraction) 

implemented to approximate the percentage of ctDNA. As the strategy mimics real data and 

accurately controls the percentage of ctDNA in each sample, the sensitivity of this method across 

various fractions of ctDNA can be evaluated. Moreover, specificity is not considered as a 

performance indicator because the ctDNA concentration does not affect determination of MSS 

status. 

 

The targeted purities of ctDNA fraction values of simulated MSI-H samples are set in range of 

0.05% to 1% with a median sequencing depth at suitable range. Originally, the ctDNA samples 

have a specific ctDNA fraction, then a lower purity of ctDNA fraction is simulated by adding reads 

from germline which has 0% of ctDNA fraction. Total of 21 MSI-H simulated samples were 

generated from down sampling. An extremely low ctDNA content of the sample is indicated by 

failure of detecting any mutation from plasma sample 

 
4.4. Serial dilution 

 
To measure the MSI ability without affecting the smaller variations, the analytical validation 

process was evaluated. To determine the ability, the purities are evaluated using serial dilutions of 

MSI-H cell free DNA samples with the various target purity levels. For the MSI-H samples, the 

tumor DNA is matched with the normal DNA to assess the proportion of somatic sites in the form 

of an MSI score required for testing. The results include the multiple values representing both 

microsatellite stable (MSS) and MSI-H phenotypes samples. 

 

To evaluate the performance of MSI callers at varying ctDNA fractions we had to simulate datasets 

corresponding to varying tumor purities. This would in turn enable us to check if the same MSI is 

being detected concordantly by multiple callers at the same purity levels. To do this we create a 

data dilution series to get the purity of origin by taking one reads from germline bam which is 

added for dilution. To evaluate this, we have taken the number of reads taken from cfDNA bam 

that are tumor DNA which is the same as the number of reads in the diluted sample that are tumor 

DNA. With this method, we aim to achieve specificity and sensitivity. 

 

 

In this study, the in-silico dilutions were performed in R. If the read amount is not enough to dilute 

to the desired purity with the final number of reads same as the number of reads in original cfDNA, 

then the in-silico dilutions are performed to obtain maximum diluted reads. To perform the 



  

dilutions, parameters like purity in original reads (purity_orig), purity in diluted reads 

(purity_diluted), original cfDNA reads (reads_cfDNA_orig), and original normal reads 

(reads_normal_orig) are considered. Further, the read taken from original cfDNA bam into 

dilutions (reads_cfDNA), the total reads in the diluted merged bam (reads_diluted), fraction of 

reads to take from original cfDNA bam (X), and fraction of reads to take from original normal 

bam (Y) are calculated using formulas as shown below. 

 

From the dilution equation we know that the number of reads taken from the cfDNA bam that are 

tumor DNA (purity_orig * reads_cfdna) is the same as the number of reads in the diluted sample 

that are tumor DNA (purity_diluted * reads_diluted). Here, the reads_diliuted is the product of X 

and reads_cfDNA_orig. Also, we know that reads_diluted is the sum of product of X and 

reads_cfdna_orig to product of Y, reads_normal_orig. Using these both equations, the values of 

X_max and Y_max are calculated which in turn provides maximum possible total reads in the 

diluted merged bam (reads_diluted). 

 

𝐷𝑖𝑙𝑢𝑡𝑖𝑜𝑛 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛 => 𝑝𝑢𝑟𝑖𝑡𝑦_𝑜𝑟𝑖𝑔 ∗ 𝑟𝑒𝑎𝑑𝑠_𝑐𝑓𝑑𝑛𝑎 = 𝑝𝑢𝑟𝑖𝑡𝑦_𝑑𝑖𝑙𝑢𝑡𝑒𝑑 ∗ 𝑟𝑒𝑎𝑑𝑠_𝑑𝑖𝑙𝑢𝑡𝑒𝑑 
 

➔ 𝑟𝑒𝑎𝑑𝑠_𝑑𝑖𝑙𝑢𝑡𝑒𝑑 = (𝑝𝑢𝑟𝑖𝑡𝑦_𝑜𝑟𝑖𝑔 / 𝑝𝑢𝑟𝑖𝑡𝑦_𝑑𝑖𝑙𝑢𝑡𝑒𝑑) ∗ 𝑟𝑒𝑎𝑑𝑠_𝑐𝑓𝑑𝑛𝑎 

= (𝑝𝑢𝑟𝑖𝑡𝑦_𝑜𝑟𝑖𝑔 / 𝑝𝑢𝑟𝑖𝑡𝑦_𝑑𝑖𝑙𝑢𝑡𝑒𝑑) ∗ 𝑎 

∗ 𝑟𝑒𝑎𝑑𝑠_𝑐𝑓𝑑𝑛𝑎_𝑜𝑟𝑖𝑔. . . . . . . . . . . . . . . . . . . (1) 
 

𝐴𝑙𝑠𝑜, 𝑟𝑒𝑎𝑑𝑠_𝑑𝑖𝑙𝑢𝑡𝑒𝑑 

= (𝑎 ∗ 𝑟𝑒𝑎𝑑𝑠_𝑐𝑓𝑑𝑛𝑎_𝑜𝑟𝑖𝑔) + (𝑏 

∗ 𝑟𝑒𝑎𝑑𝑠_𝑛𝑜𝑟𝑚𝑎𝑙_𝑜𝑟𝑖𝑔) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . (2) 
 

𝐹𝑟𝑜𝑚 (1) 𝑎𝑛𝑑 (2) 
 

(1 – 𝑝𝑢𝑟𝑖𝑡𝑦_𝑜𝑟𝑖𝑔 / 𝑝𝑢𝑟𝑖𝑡𝑦_𝑑𝑖𝑙𝑢𝑡𝑒𝑑) ∗ 𝑎 ∗ 𝑟𝑒𝑎𝑑𝑠_𝑐𝑓𝑑𝑛𝑎_𝑜𝑟𝑖𝑔 + 𝑏 ∗ 𝑟𝑒𝑎𝑑𝑠_𝑛𝑜𝑟𝑚𝑎𝑙_𝑜𝑟𝑖𝑔 

= 0 
 

𝐴𝑛𝑑 𝑏 = (𝑝𝑢𝑟𝑖𝑡𝑦_𝑜𝑟𝑖𝑔 / 𝑝𝑢𝑟𝑖𝑡𝑦_𝑑𝑖𝑙𝑢𝑡𝑒𝑑 – 1) 

∗ (𝑟𝑒𝑎𝑑𝑠_𝑐𝑓𝑑𝑛𝑎_𝑜𝑟𝑖𝑔 / 𝑟𝑒𝑎𝑑𝑠_𝑛𝑜𝑟𝑚𝑎𝑙_𝑜𝑟𝑖𝑔) ∗ 𝑎 𝑤ℎ𝑒𝑟𝑒𝑎𝑠, 𝑏 <= 1 
 

𝐴𝑛𝑑, 𝑎 <= 𝑟𝑒𝑎𝑑𝑠_𝑛𝑜𝑟𝑚𝑎𝑙_𝑜𝑟𝑖𝑔 / (((𝑝𝑢𝑟𝑖𝑡𝑦_𝑜𝑟𝑖𝑔 / 𝑝𝑢𝑟𝑖𝑡𝑦_𝑑𝑖𝑙𝑢𝑡𝑒𝑑) – 1) 

∗ 𝑟𝑒𝑎𝑑𝑠_𝑐𝑓𝑑𝑛𝑎_𝑜𝑟𝑖𝑔 ) 𝑤ℎ𝑒𝑟𝑒𝑎𝑠, 𝑎 <= 1 
 

𝑇𝑜 𝑜𝑏𝑡𝑎𝑖𝑛 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒 𝑟𝑒𝑎𝑑𝑠_𝑑𝑖𝑙𝑢𝑡𝑒𝑑, 𝑓𝑟𝑜𝑚 𝑎𝑏𝑜𝑣𝑒 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛𝑠 𝑤𝑒 ℎ𝑎𝑣𝑒 
 

𝑎_𝑚𝑎𝑥 = 𝑚𝑖𝑛 {𝑟𝑒𝑎𝑑𝑠_𝑛𝑜𝑟𝑚𝑎𝑙_𝑜𝑟𝑖𝑔 / (((𝑝𝑢𝑟𝑖𝑡𝑦_𝑜𝑟𝑖𝑔 / 𝑝𝑢𝑟𝑖𝑡𝑦_𝑑𝑖𝑙𝑢𝑡𝑒𝑑) – 1) 

∗ 𝑟𝑒𝑎𝑑𝑠_𝑐𝑓𝑑𝑛𝑎_𝑜𝑟𝑖𝑔 ) , 1 } 
 

Since, a_max gives b_max, we have both a:max and b_max which gives us maximum possible 

reads_diluted. 



  

4.5. Subsampling 
 

Subsampling is a method used to reduce the data size of a whole data set. Using this method, we 

can reduce the data size by selecting and focusing a part of the data or by selecting a subset of the 

original data. Subsampling is mainly used for structured data to focus on the required set of data 

as sampling the unstructured data is more complicated and requires sophisticated techniques 

(Schroeder, W.J. and Martin, K.M., 2005. Overview of Visualization.). Reducing the data size and 

selecting the only required data would result in an accurate, and efficient data analysis and enables 

us to target the required sequencing depths. Subsampling techniques are highly important for a 

large non homogenous sample. This method is highly valuable because reducing the large sample 

into small subsets would provide us an accurate true distribution of the required statistics (Bickpel, 

et al., 2010) 

 

The subsampling method used in this study was Random subsampling. Random subsampling is 

also known as Monte Carlo cross validation as this method involves splitting the evaluation data 

set into the required size of the subset as defined by the user according to the requirement. This 

random partitioning of data can be repeated any number of times based on the user requirements 

(Forina, et al., 1994). 

 

In this study, initially the tumor, and germline dataset had huge number of reads making the 

process more complicated. These huge data samples were down sampled by performing in-silico 

dilutions and number of reads in each sample was reduce. Further, deduplicated reads from the 

silico dilutions are removed and the dataset was divided into 4 subsets (test sets) of silico dilutions 

using random sampling. Later, the MSI calling algorithms were performed on all the diluted 

samples and compared for the results. Performing sub-sampling enables accurate estimates and 

makes the process more time efficient. The main purpose of sub-sampling the datasets is to reduce 

the number of reads to obtain high quality subsample by eliminating duplicated reads. 

 

In a random subsampling method, a fixed number of iterations were performed on the complete 

dataset by making different replicas or subsets of the original data. For every iteration performed 

a fixed number of observations were noted which are considered as test sets. Similarly, using the 

non-replacement method a trained set was obtained for each iteration and these sets were fit into 

the model and the test sets performance was evaluated. Finally, an average of these iterations was 

evaluated, and a prediction was made (Pathical and serpen., 2010). In this, the initially 

deduplicated reads from the silico dilutions are removed and the dataset was divided into 4 subsets 

(test sets) of silico dilutions using random sampling. Later, the msi calling algorithms were 

performed on all the diluted samples and compared for the results. 



  

5. RESULTS 

 
5.1. The performance of MSI calling algorithms 

 
The r-plots for msi callers (msisensor, msisensor-ct, msisensor-pro and msisensor2) 

 

As discussed in the above method section, the msi calling algorithms were performed on 25 

datasets of healthy donor samples to obtain the msi scores. The figure (3) below provides a 

comparison of percentage of msi score in each patient sample against MSS samples of healthy 

donors for different msi callers like msisensor, msisensor-ct, msisensor-pro and msisensor2. 

 

 

 
 

 
Figure 3. R plots of msi callers in each patient sample (healthy donor samples). Based on the data 

from appendix A. 

 
5.2. The performance of msi calling algorithm on mimsi 

 
As the samples of 25 healthy donors were evaluated using a trained model, the results obtained 

were graphically represented using ggplot2 visualization in R which is shown below figure (4). 

This plot indicates the msi status for healthy donor samples by comparing the obtained mean msi 

score of each healthy donor sample. 



  

 

 
 

Figure 4. R plots of msi caller mimsi in each patient sample (healthy donor samples). Based on 

the data from appendix B. 
 

The msi calling algorithm msings was performed on 25 healthy donor samples to obtain the output 

file containing detailed information on instability and distribution of msi regions which is 

represented visually using R as shown in figure (5) below. This figure describes the msi status of 

MSS samples by comparing the generated msings score for each patient sample. 



  

 
 

Figure 5. Plot of msi caller Msings in each patient sample. Based on the data from appendix C. 

 

 
 

5.3. Performance of In-silico dilutions 
 

In the next step, the in-silico dilutions were performed on 6 MSI-H samples. As mentioned in the 

in-silico simulation experiment, various parameters like purity_original, purity_diluted, 

read_cfdna, reads_diluted, reads_cfdna_orig, reads_normal_orig, fraction of reads taken from 

original cfdna BAM and fraction of reads taken from original normal BAM are calculated to 

perform the required dilutions. The values of these parameters obtained after performing in-silico 

dilutions are listed in the below table (2). 

 

An increase in purity of ctDNA fraction increased the corresponding sensitivity, wherein 100% 

specificity has been achieved in all simulated samples. Moreover, samples with purities of ctDNA 

fraction > 0.5% had a 98% sensitivity for detecting MSI_H and in samples with lower purity of 

ctDNA fraction value (about 0.2% to 0.5%), sensitivity decreased to 86.7%. However, in samples 

with purity of ctDNA fraction less than 0.2%, the sensitivity was found to be approximately 50%. 



  

 
SDID 

 
Purity_ 

orig 

 
reads_ 

cfdna 

 
reads_nor 

mal_orig 

 
tFracFor 

Dil.20 

 
tFracFor 

Dil.10 

 
tFracFor 

Dil.05 

 
tFracFor 

Dil.01 

 
nFracFo 

rDil.20 

 
nFracFo 

rDil.10 

 
nFracFo 

rDil.05 

 
nFracFo 

rDil.01 

 
OT-P-A81pB1- 

Maibritt-KH-C3 

 
0.622 

 
33640984 

 
11015316 

 
0.01 

 
0.05 

 
0.02 

 
0.005 

 
0.68 

 
0.85 

 
0.93 

 
1 

 
OT-P-A83pB1- 

Maibritt-KH-C3 

 
0.094 

 
31436902 

 
11520904 

 
NA 

 
NA 

 
0.21 

 
0.04 

 
NA 

 
NA 

 
0.52 

 
1 

 
PB-P- 

00364382- 
03652759-KH 

 
0.219 

 
26245446 

 
18846713 

 
0.68 

 
0.34 

 
0.17 

 
0.03 

 
0.09 

 
0.56 

 
0.80 

 
1 

 
PB-P- 

00363482- 
03754651-KH 

 
0.266 

 
59334461 

 
18846713 

 
0.24 

 
0.12 

 
0.06 

 
0.01 

 
0.25 

 
0.64 

 
0.84 

 
1 

 
PB-P- 

00364068- 

03621483-KH 

 
0.478 

 
33738993 

 
1308554 

 
0.16 

 
0.08 

 
0.04 

 
0.008 

 
0.59 

 
0.80 

 
0.91 

 
1 

 
PB-P- 

00375773- 

03662540-KH 

 
0.1516 

 
31893150 

 
12734878 

 
NA 

 
0.28 

 
0.28 

 
0.02 

 
NA 

 
0.36 

 
0.71 

 
1 

 

 

Table 2. Values of various parameters obtained by in-silico dilutions. Based on the data from 

appendix D. 

 
5.4. Evaluation of MSI score after dilutions 

 
Once the msi score for diluted samples are obtained, the samples are further down sampled to 

different percentages of dilutions in the range 0.01 to 0.20. Further, msi calling algorithms 

(msisensor, msisensor-ct, msisensor-pro and msisensor2) were performed on the down sampled 

dilutions of 6 MSI-H samples. The results are visually represented in R. The figure (6) below 

provides the comparison of msi callers and dilutions by considering the percentage of msi score 

obtained for both the MSS and MSI-H samples. Wherein the grey points are from healthy donor 

samples, to be used as a reference or for comparison to known MSS samples. 



  

 
 

Figure 6. R plot of MSI callers vs dilutions of MSS and MSI-H samples. Based on the data from 

appendix E. 
 

The subsampled datasets of MSI-H samples are further evaluated using the mimsi algorithm. 

Wherein, the mean msi score of MSS and MSI-H datasets are plotted to obtain a comparison of 

different dilutions and its msi status which are graphically represented in the figure (7) below. 



  

 

 

Figure 7. R plot of MSI caller mimsi vs subsampled dilutions of MSS and MSI-H samples (wherein, 

grey points are of healthy donor samples). Based on the data from appendix F. 
 

Similarly, the total of 21 subsampled datasets of MSI-H and 25 samples of MSS are evaluated 

using msi caller Msings. The msi status of both these MSS and MSI-H subsamples along with 

different dilutions are compared based on the msing score. The figure (8) below provides graphical 

representation of these comparisons. 



  

 
 

Figure 8. R plot of MSI caller Msings vs dilutions of MSS and MSI-H samples (wherein, grey 

points are of healthy donor samples). Based on the data from appendix G. 



  

6. DISCUSSION 

MSI screening has been recognized as an important factor in the clinical areas of cancer. Also, 

MSI-H is used as a potential marker for germline mutations of certain DNA-MMR genes and 

knowing the MSI-H status can indicate a hereditary risk for certain cancers. MSI identification has 

an immense importance in the clinical field regarding treatment decisions as it can be a research 

marker for predicting immunotherapeutic responses. Digital technologies have been greatly 

advanced leading towards the development of enhanced computational methods for detection of 

MSI enabling accurate prediction. The focus of the study is to evaluate the performance of 

published MSI detection algorithms on high depth target sequencing data from cancer genomes 

and to determine the MSI+ and MSI- status of these samples. Also, to determine the sensitivity 

and specificity of these algorithms at varying levels of ctDNA fractions or tumor purities by 

performing in-silico dilutions. 

 
To evaluate the performance of MSI detection algorithms like msisensor, msisensor-ct, msisensor- 

pro, msisensor2 datasets of both healthy donor cell free DNA and MSI-H samples are used. 

Initially, these algorithms were performed on the datasets to obtain a MSI score. MSI score 

represents the proportion of somatic sites present when a normal DNA is matched with a tumor 

DNA. Msisensors (msisensor, msisensor-ct, msisensor-pro, msisensor2) compares the tumor 

sample with the germline and reference sample whereas, msings compares tumor sample to a 

pooled normal baseline, which is obtained by unique allele distribution at each microsatellite loci. 

However, the difference among these msisensors is mainly in the way each algorithm analyses the 

regions of MSI. The algorithm msisensor identifies the MSI regions by detecting replication 

slippages similar to Msisensor2 which is an improvised version of msisensor. Whereas algorithm 

msisensor-ct detects MSI regions in cfDNA samples and ctDNA content with high rate of 

sequencing depth. Msisensor-pro is a matched-normal-sample-free MSI detection algorithm based 

on multi-nominal distribution model that accepts data of various sequencing methods. 

 
All the algorithms were found to be accurate in detecting MSI regions and the samples in all 

algorithms were identified as MSI-H or MSS when the percentage of unstable loci exceeded the 

threshold. Moreover, unlike the algorithms mentioned above, MiMSI algorithm detects only the 

MSI status by calculating the sample vector for all embedded microsatellites followed by a sigmoid 

classification to determine probability of MSI status. From the figure (2), we can observe that the 

percentage of MSI scores evaluated in msisensor algorithms (msisensor, msisensor-ct, msisensor- 

pro, msisensor2) varies in the range of 5%-25% indicating the regions of MSI- of the healthy donor 

cell free DNA samples. Overall, 25 MSS samples and 6 MSI-H samples were identified. Similarly, 

the msing score evaluated using MSings was found to be in the range of 0% to 20% indicating a 

negative MSI status (MSI-) in each sample of cell free DNA. Whereas using algorithm MiMSI it 

was found that one of the cell free DNA samples was identified as MSI+ while the remaining 

samples were identified as MSI-. 



  

According to the results, in most of the healthy donor samples figure (3), MSIsensor identified a 

high percentage of MSI score and MSIsensor-pro identified a low percentage of MSI score. 

Whereas the percentage of MSI score was similar in both MSIsensor-ct and MSIsensor2. Further, 

using MiMSI only one among all the samples was found to have a high percentage of MSI score 

Figure (4) and in Msings all the samples were found to be negative (MSS) as shown in figure (5). 

 
Further to determine the performance of these algorithms at varying levels of ctDNA fractions, in- 

silico dilutions were performed. The 6 MSI-H samples were diluted into 4 dilutions namely 

dilution_0.01, dilution_0.05, dilution_0.10 and dilution_0.20. A percentage of diluted ctDNA 

fraction for each of these dilutions in both tumor and normal samples was obtained. These samples 

were further subsampled accordingly based on the achieved percentage of diluted ctDNA fraction. 

That is, the obtained percentage of diluted ctDNA fraction of normal sample and tumor sample 

was combined to achieve a final subsampled dataset of each dilution. For example, considering 

table 2, for the dataset OT-P-A81pB1-Maibritt-KH-C3, 0.1 ctDNA fraction of tumor dilution_0.20 

sample and 0.69 ctDNA fraction of normal dilution_0.20 sample was combined using a 

subsampling tool (Samtools) to obtain a final subsample. Similarly, a final subsample for each 

dilution was attained, on which MSI calling algorithms were performed. In terms of variability, 

for each subsampled dataset a difference in microsatellite read was observed. This difference is 

possibly due to the reduced amount of reads for each dilution. The observed differences are 

graphically represented in the figures (5), (6), and (7). From these figures it is observed that the 

percentage of MSI score attained seem to be decreasing with decrease in the percentage of dilution. 

 
6.1. Limitations 

 
The potential limitations are to summarize the MSI algorithms with the targeted sequencing data. 

The evaluation of the read quality in-silico targeted sequencing panels to investigate the purity by 

determining the sensitivity and specificity values of MSI (Baudrin et al, 2018). To overcome the 

limitations, the computational algorithms and the next generation sequencing approaches are 

utilized for the artificial amplicons by a data processing pipeline to simulate the genomic 

alterations. The limitations of identifying the indels and to improve the somatic detection along 

with the novel strategies. The identification of somatic sites provides a detailed envision of the 

mutational detections if the data is not processed with genomic alterations. Absolute Var, a new 

variant caller in this pipeline is built to validate the SNV mutation with highest accuracy of 

sensitivity and low specificity (Daber et al, 2013). To determine the ability of mutational 

detections, the artificial data sets are demonstrated to test the mechanism of a vast array of mutation 

types. The methods entailed several intrinsic limitations which could critically impact the 

validation strategies involving specificity and sensitivity. 



  

7. CONCLUSION 

This part of the study summarises the overall findings of this research. Detection of MSI and 

understanding the somatic mutations using genetical markers has a vital significance in the clinical 

areas of cancer. Hence, analysing the performance of various computational methods used to 

identify the microsatellite instabilities in particular samples is of high importance. Therefore, the 

aim of this study was to evaluate the performance of various MSI calling algorithms on high depth 

targeted sequencing data from cancer genomes, to determine the MSI status of these samples, and 

to determine the sensitivity and specificity of these algorithms at varying levels of cfDNA 

fractions. 

 
Various MSI caller algorithms like MSIsensor, MSIsensor-pro, MSIsensor-ct, MSIsensor2, 

MiMSI, and Msings provide an accurate detection of MSI. Analysing the cell-free dna samples, 

algorithm MSIsensor provided a high msi_score and MSIsensor-pro provided a low msi_score in 

most of the samples but MSIsensor2 and MSIsensor-ct provided similar results. However, MiMSI 

algorithm provided a high msi_score in most of the samples and identified only one sample to be 

MSI among the cell-free dna samples. MiMSI offers an advanced feature of determining the MSI 

status for the samples, whereas the other MSI algorithms provide only the MSI score. 

 
Overall, 25 samples were found to be MSS and 6 samples were found to be MSI-H. Moreover, 

based on the results obtained from the subsampled dilution, the MSI score was found to be 

decreasing as the percentage of dilution was decreased. Comparing these algorithms in terms of 

ease and computational time, algorithms like MSIsensor, MSIsensor-pro, MSIsensor-ct, and 

MSIsnesor2 are found to be simpler and require less computational time. However, methods like 

MiMSI and MSings are found to be a bit more complicated and require advanced knowledge in 

computing technology. Finally, based on the findings of this study it can be concluded that 

MSIsensor and MSIsensor-pro had the most sensitivity and specificity making them more suitable 

for liquid biopsy data. 

 

 
7.1. FUTURE SCOPE 

This study was limited only towards performance evaluation of MSI algorithms. However, further 

research can be made to evaluate the performance of mutational signature algorithms on Hartwig 

dataset. Also, similar future study would be to evaluate the performance of mutational signature 

algorithms on silico targeted sequencing panels to determine if this can increase MSI sensitivity 

when the purity is low. 
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9. Appendices 

 
Appendix A. Results of MSIsensors for healthy-donor samples 

 



  

Appendix B. Results of MiMSI for healthy-donor samples 
 



  

Appendix C. Results of MSINGS for healthy-donor samples 
 
 

 



  

Appendix D. Code for In-Silico Dilutions 



  

Appendix E. Results of MSISensors for MSI-H and healthy-donor samples 
 



  

Appendix F. Results of MiMSI for MSI-H samples 
 
 



  

Appendix G. Results of MSINGS for MSI-H samples and healthy-donor 

samples 


