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Abstract 

Background:  Tumor Mutation Burden (TMB) is commonly characterized as the num-
ber of non-synonymous somatic SNVs per megabase within the gene region identi-
fied through whole exon sequencing or targeted sequencing in a tumor sample. It 
has been statistically demonstrated that TMB was related to the ability of neoantigen 
production and used to predict the efficacy of immunotherapy for various types 
of cancers. However, screening for TMB in patients poses challenges due to the exten-
sive labor and financial resources required for the preparation of large quantities 
of parallel sequencing libraries.

Results:  In this study, we employed compressed sensing (CS) to calculate TMB 
from overlapped pooling sequencing data, aiming to reduce the sequencing cost 
by minimizing the number of library builds. Over 90% SNPs could still be detected 
without a significant loss of mutation information even when the data is pooled 
from ten different samples. Based on this, the orthogonal matching pursuit (OMP) algo-
rithm and the basic pursuit (BP) algorithm were used to reconstruct TMB from pooling 
sequencing data. The performance of these two algorithms was evaluated. The BP 
algorithm consistently performed well across all cases, albeit necessitating extended 
computational time. The OMP algorithm has been proved to be suitable for scenarios 
where the original matrix was sparse but it showed low overall performance. Based 
on an accurate calculation of TMB, we determined that the number of sequencing runs 
could be reduced to 0.6 times the total number of samples, resulting in a 40% reduc-
tion in sequencing cost.

Conclusions:  In conclusion, we calculated TMB from overlapped pooling sequencing 
data utilizing compressed sensing strategy to reduce sequencing cost. Our findings 
confirm that the SNP calling from ten samples’ pooling sequencing data is feasible. 
Additionally, we performed an assessment of the reconstruction efficiency of both the 
BP model and the OMP model.
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Introduction
Tumor mutation burden (TMB) refers to the measurement of somatic nonsynony-
mous mutations of the coding region in a tumor tissue genome [1]. These non-synon-
ymous mutations may generate neoantigens which can stimulate an immune response 
by activating T cells [2]. Higher TMB implies a higher likelihood of neoantigen gener-
ation, potentially leading to increased recognition and targeting of cancer cells by the 
immune system [3]. Immune checkpoint therapy (ICT) is a type of cancer immuno-
therapy that provide durable clinical responses and improve overall survival but only 
subsets of patients benefit from it [4]. In addition to PD-L1 expression and microsat-
ellite instability (MSI), TMB has been widely used as biomarker to identify patients 
that are potentially sensitive to ICT [5].

Since TMB was initially identified as a possible biomarker for ICT in melanoma[6], 
numerous studies have demonstrated the link between TMB and clinical efficacy of 
ICT [7–9]. TMB is counted after removing the germline mutations, which could be 
obtained from either normal tissue or public database [10]. With the progress of high-
throughput sequencing, TMB can be evaluated by whole exome sequencing (WES), 
or targeted panel sequencing [11]. Although WES has become the “gold standard” 
for measuring TMB, it is not currently feasible in clinical practice with large samples 
because of its high cost [12]. The high cost majorly comes from the library prepa-
ration for large samples prior to sequencing since the cost of sequencing itself is 
decreasing [13]. If the TMB of each sample can be retrieved with fewer sequencing 
tries, the cost will be significantly decreased.

Compressed sensing (CS) is a novel signal sampling and processing theory for 
sparse or compressible signals, which enables the reconstruction of a signal from a 
small number of measurements [14]. It provides a way to capture and represent sig-
nals efficiently from fewer measurements compared to traditional sampling methods 
[15]. Taking advantage of this, compressed sensing has been applied in the field of 
high throughput single-cell transcriptomic sequencing, where it provides an alterna-
tive method to infer single-cell expression profiles with fewer sequencing times [16–
18]. In spite of the similar amount of total sequencing data, CS decreases the overall 
cost by significantly reducing the number of sequencing libraries. As similar as single 
cell expression data, non-synonymous somatic mutation profile in different tumor tis-
sues also own sparse characteristics, indicating that it may be worthwhile to apply 
compressed sensing theory on calculating TMB to save cost.

In this paper, we investigated the feasibility and efficacy of employing compressed 
sensing as a cost saving method to determine TMB from overlapped pooling sequenc-
ing data. We assessed the precision of SNP detection from overlapped pooling 
sequencing data and developed a comprehensive pipeline for calculating TMB from 
such data. The efficacy of two reconstruction algorithms was examined by analyz-
ing the reconstruction outcomes of 6669 samples from 30 different types of cancers, 
across varied compression levels. Our findings indicated that the number of sequenc-
ing times can be diminished to 0.6 times the number of samples, resulting in a 40% 
reduction in the number of library preparation, without compromising the accurate 
calculation of the TMB for each sample.
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Method
Data collection

The WES data from 10 patients with nasopharyngeal carcinoma (NPC) were down-
loaded in FASTQ format from National Center for Biotechnology Information 
(NCBI) under sequence read archive (SRA) accessions SRA291701 [19]. Details of the 
WES data for these ten samples can be found in the supplementary material (Supple-
mentary Table S1).

The mutation annotation format (MAF) files were downloaded from The Cancer 
Genome Atlas (TCGA) database (https://​portal.​gdc.​cancer.​gov/). The MAF files were 
generated utilizing the Mutect2, with subsequent filtration of germline mutations 
through the analysis of matched normal tissue sequencing data.We chose the avail-
able MAF files obtained from the WES data and filtered out 6669 MAF files. We first 
downloaded a manifest file that contains the necessary information for the selected 
MAF files and later used the GDC Data Transfer Tool, a command-line tool provided 
by the Genomic Data Commons (GDC) to batch download them. Details of the MAF 
files for these 6669 samples can be found in the supplementary material (Supplemen-
tary Table S2).

WES data analysis

The WES data were processed according to GATK Best Practices recommendations 
[20]. The sequence reads were aligned to the reference human genome (hg19) using 
Burrows-Wheeler Aligner [21]. Following mapping, the sam files are processed with 
the help of the Picard tools to sort output bam files and mark duplicates. GATK was 
applied for base quality score recalibration, variant discovery and variant filtering. 
Ultimately, VCF files storing the SNPs called from sequencing data was obtained for 
each sample and use Bcftools to count the number of SNPs in each vcf file.

Firstly, we counted the proportion of missing and false SNPs obtained from two 
samples’ sequencing data before implementing SNP quality control measures. We 
merged raw sequencing data of two samples into a single fastq file and repeated the 
bioinformatics pipeline described above to get raw SNPs. Using Bcftools, the vcf file 
obtained from pooling data was subjected to comparison with each of the two vcf 
files derived from the original WES data. The objective was to generate two vcf files 
containing information about missing SNPs from two samples. By tallying the count 
of SNPs within these two vcf files, without eliminating any duplicate SNPs, the over-
all number of missing SNPs was determined. Subsequently, dividing the count of lost 
SNPs by the total count of SNPs present in the two samples enabled the calculation 
of the percentage of SNPs that were lost. SNPs that were exclusively called in the 
pooling sequencing data but not in the original WES data of two samples were desig-
nated as false-positive SNPs. The count of such SNPs was determined using Bcftools 
and divided by the total number of SNPs detected from the pooling sequencing data 
to calculate the proportion of false SNPs. Secondly, we applied quality control pro-
cedures to the obtained SNPs. Specifically, for the SNPs called from the original 
WES data, we excluded those with sequencing coverage depth below 5 ×. For SNPs 
obtained from pooling data, we applied various sequencing coverage depths to filter 

https://portal.gdc.cancer.gov/
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the SNPs and assessed the proportions of missing SNPs and false SNPs across differ-
ent filtering conditions.

We then merged raw sequencing data of ten samples and followed the same pro-
cessing procedure employed for the two samples.

MAF files analysis

Generation of mutation matrix: The mutation matrix X is a binary matrix with 
dimensions of sample number × SNP number. We removed duplicate non-synony-
mous mutations contained in MAF files and found all SNPs. If the sample i contains 
the SNP j then M(i,j) = 1, else M(i,j) = 0. For different cancers we respectively gener-
ated their mutation matrices. Thirty mutation matrices were derived by processing 
MAF files obtained for thirty distinct types of cancer.

Generation of measurement matrix: Measurement matrices M are randomly gen-
erated Bernoulli matrices with dimensions of pool number × sample number, where 
the probabilities of 1 to appear in a matrix are set as an adjustable parameter p. We 
ensured that at most 10 samples are mixed in each pool by setting the parameter p. 
When the sample i appears in the pool j then M(i,j) = 1 else M(i,j) = 0. For different 
cancers we used the same method to generate measurement matrix as above.

Reconstruction algorithm: The compressive measurements Y were built up by 
multiplying M with X (Y = M × X). We introduced another parameter k, defined as the 
ratio of the total number of samples to the number of pools. We set k from 0.1 to 0.6 
(interval = 0.1) and randomly generated M. We solved X̂  by two reconstruction algo-
rithms respectively: Basic Pursuit (BP) and Orthogonal Matching Pursuit (OMP).

In order to turn X̂  into a binary matrix containing only 0 and 1, we set the threshold 
as the mean of the X̂  plus three times the standard deviation of the X̂  , as follows:

We used Pearson Correlation Coefficient to compare reconstructed X̂  with the 
original X. Though X is solved column by column, we care more about reconstructed 
performance of each sample. So, we calculated the Pearson Correlation Coefficient 
by comparing inferential mutation matrix of each sample to its original data ( ρsample ), 
and we considered mean of Pearson Correlation Coefficient of all samples as the 
detection consistency of different reconstruction algorithms as follows:

We also calculated the accuracy, measuring the number of correctly reconstructed 
SNPs in each sample. We considered mean of accuracy of all samples as the detection 
accuracy of different reconstruction algorithms as follows:

threshold = x̂ + 3× σ

ρsample =

∑n
i=1(xc,i − x)(x̂c,i − x̂)√∑n

i=1(xc,i − x)2
∑n

j=1(xc,j − x̂)
2

ρ =

∑m
sample=1ρsample

m
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Furthermore, we computed the recall rate measuring the number of correctly recon-
structed SNPs that are truly mutated in each sample. We considered mean of recall of 
all samples as the detection sensitivity of different reconstruction algorithms as follows:

The Mann–Whitney test is employed in order to assess the presence of statistically sig-
nificant distinction between the two models across various levels of compression.

TMB calculation: After filtering out non-synonymous mutations from MAF files, we 
divided the total number of non-synonymous mutations by the whole exome region size, 
as follows:

After reconstruction, we got inferential TMB of each sample based on X̂ by adding up 
the amount of 1 s in each row.

Result
Framework of TMB calculation using compressed sensing strategy

The conceptual definition of TMB refers to the total number of mutations identified 
within a tumor specimen. However, the specific types of genetic alterations included in 
the assessment of TMB have differed based on the methodologies employed [12]. Some 
studies take into account both somatic SNVs and indels when calculating TMBs through 
WES [22–24], while other studies focus exclusively on somatic SNVs [25–27]. In gen-
eral, synonymous and germline variants are excluded from the calculation of TMB, as 
it is presumed that these variants are unlikely to play a direct role in the generation of 
neoantigens and somatic mutations are more likely to serve as a contributing factor to 
the onset of tumor. In order to effectively eliminate germline variations, it is preferable 
to sequence a matched non-tumor sample from each patient. However, such matched 
samples may not be available in clinical practice and numerous targeted panel method-
ologies do not incorporate matched normal samples [3]. In the context of tumor-only 
sequencing, it is possible to eliminate germline variants by utilizing extensive, publicly 
accessible germline variant databases [28].

In order to achieve compressed sampling and minimize library usage, we explored the 
idea of using the compressed sensing (CS) method. The basic idea is to subsample dif-
ferent samples into overlapped pools, where a sample can appear in multiple groups and 

Accuracysample =
TP + TN

TP + TN + FP + FN

Accuracy =

∑m
sample=1 Accuracysample

m

Recallsample =
TP

TP + FN

Recall =

∑m
sample=1 Recallsample

m

TMB =
Numberofnon− synonymousmutationsinthemaffile

Exonregionlength
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each group includes multiple samples. Then construct libraries for pools (less than the 
number of samples) to get composite sequencing data and call single nucleotide poly-
morphisms (SNPs) from pooling sequencing data. Finally certain CS algorithms are used 
to reconstruct SNPs present in each sample and calculate TMB for them. By leveraging 
the shared information of pools, this overlapping methodology can effectively decrease 
the number of tests needed through cross-information.

Equation  (1) is a representation of the theoretical model for our method (Fig.  1A). 
Among them, M stands for the measurement matrix, a known matrix randomly gener-
ated by computer. M is a binary p × s matrix, where p indicates the number of pools, 
and s represents the number of samples. According to matrix M, the samples were par-
titioned into pools, where M(i,j) = 1 indicates that the ith pool contains the jth sample. 
X is a binary s × m matrix, where m represents SNP. When ith sample contains jth SNP, 
X(i,j) = 1 (Fig.  1B). Y represents the observation data, which is obtained by multiply-
ing matrix M and matrix X. We utilized matrix Y and matrix M to reconstruct X̂ using 
reconstruction algorithms and then compared X̂ with X.

The process of reconstruction can be likened to the endeavor of solving an ill-condi-
tioned linear equation, which has an infinite number of solutions. Compressed sensing 
can help to solve this equation when X is sparse. Reconstructing the sparse signal or 
solving the sparse solution of the ill-conditioned linear equation is a minimum l_0 norm 
optimization problem. However, this problem is classified as NP-C, making it challeng-
ing to solve directly. Typically, it is converted to the minimum l_1 norm to solve or it is 
solved through greedy algorithm. In this paper, we applied Basis Pursuit model (BP, l_1 
norm) and Orthogonal Matching Pursuit (OMP, greedy algorithm) for reconstruction. 

(1)Yp×m = Mp×s × Xs×m

Fig. 1  Objection overview illustration. A Illustration of pool strategy. The M matrix is pool-sample matrix, 
which is overlapped. In this example, 20 samples are designated into 5 pools. M(1,1) is painted means 
pool1 contains sample1. Y is pool-SNP matrix, which is obtained by multiplying M and X in computational 
simulation. In actual experiment Y is obtained from sequencing data. X is sample-SNP matrix. B Illustration 
of mutation matrix generation. X(1,1) means sample1 contains SNP1. X is generated from MAF files in 
computational simulation. In actual experiment, we want to infer X from Y and M
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The BP model aims to recover a sparse signal by finding the minimum l_1 norm solu-
tion that satisfies a given set of linear equations. While the OMP model selects atoms 
(basis functions) from a dictionary in an iterative manner to approximate a signal using a 
restricted number of non-zero coefficients.

Two issues should be validated for the utilization of CS on TMB calculation. Firstly, 
the utilization of the overlapped pooling method may pose challenges in accurately call-
ing SNPs by reducing the depth of coverage for some SNPs. This can lead to these sites 
being mistakenly identified as sequencing errors. Secondly, it is necessary to confirm 
whether the original mutation matrixes show sparsity. Because the underlying princi-
ple of compressed sensing theory is that the original signal exhibits sparsity. In practi-
cal applications, if the original mutation matrixes approximately satisfy the condition of 
sparsity, wherein a majority of the values tend towards zero, it can be considered com-
pressible and subjected to subsampling.

SNP calling from pooling sequencing data

Pooled sequencing approaches present challenges and potential inaccuracies in SNP 
calling. When a SNP is shared by multiple samples, there is a possibility of allelic dele-
tions, where one allele may be preferentially detected. This can distort the observed 
allele frequencies, resulting in inaccurate SNP detection. Additionally, if pooled samples 
have high genetic heterogeneity such as tumor samples, it becomes difficult to accurately 
distinguish true variants from background noise. The presence of genetic heterogeneity 
increases the complexity and affects the accuracy of SNP detection. In order to deter-
mine the impact of pooled sequencing on SNP calling, we mixed the WES data for 2 
samples and 10 samples separately and conducted a comprehensive bioinformatics anal-
ysis. We examined characteristics of the lost and false SNPs based on the variant infor-
mation recorded in the vcf files. We found that sequencing coverage depth hold great 
significance in SNP quality control (Supplementary Figure S1, S2). In order to determine 
the most effective filtering conditions, we applied various filtering schemes and com-
pared the extent of similarity between the SNPs identified in the mixed data and those 
identified in the original WES data. For the SNPs called from the original WES data, we 
excluded those with sequencing coverage depth below 5 ×. Given that the majority of 
SNP loci in the pooling sequencing data exhibited an upward trend in coverage depth, 
we explored various sequencing depth thresholds for the SNPs obtained from the pool-
ing sequencing data (Supplementary Figure S3).

In the case of both two and ten samples, the proportion of missing SNPs rises while 
the proportion of false SNPs declines when employing a greater depth to filter the SNPs 
obtained from the pooling sequencing data (Fig. 2A, B). This phenomenon occurs due 
to the implementation of a higher depth as threshold, which eliminates a number of 
SNPs called from the pooling sequencing data. Consequently, this process leads to an 
increased loss of SNPs and a reduction in the occurrence of false SNPs. Given that we 
need to compute the TMB in the subsequent analysis, it is imperative to choose the 
case in which the difference between the proportion of missing SNPs and the propor-
tion of false SNPs is minimized and approaches zero. We determined that the most 
optimal choices for filtering SNPs from two samples’ pooling sequencing data is to set a 
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threshold of 10 ×, and for filtering SNPs from ten samples’ pooling sequencing data is to 
set a threshold of 15 ×.

For two samples’ pooling sequencing data, we found that 3.68% of SNPs were lost 
and 9.39% of SNPs were false positives without any filtering. However, when the SNPs 
obtained from pooling sequencing data were filtered with a sequencing coverage depth 
of 10 ×, 7.29% of the SNPs were lost, and the percentage of false SNPs decreased to 1.93% 
(Fig. 2C). For the ten samples’ pooling sequencing data, the percentage of missing SNPs 
was 9.36% and the percentage of false positive SNPs was 33.86%. After applying depth of 
15 × as a threshold to the SNPs called from pooling sequencing data, we observed a loss 
of 10.06% of the SNPs and the percentage of false SNPs decreased to 8.83% (Fig. 2D).

Over 90% of the SNPs called from the pooling sequencing data, following proper SNP 
quality control procedures, are usable for further analysis. Additionally, over 90% of the 
SNPs obtained from the original WES data can be identified through pooling sequenc-
ing. Overall, the inaccuracy of SNP detection due to pooled sequencing is deemed 
acceptable based on our findings.

TMB reconstruction across varied compression levels

In the 30 mutation matrices we generated, it was observed that the percentage of ele-
ments with a value of 0 ranged from 98 to 99%, while the percentage of elements with 
a value of 1 ranged from 1 to 2%. The sparsity profile of each mutation matrix can 
be accessed in the supplementary material (Supplementary TableS2). Consequently, 

Fig. 2  Percentage of missing and false SNPs in various situations. A Percentage of missing and false SNPs 
when using various sequencing coverage depths to filter SNPs called from two samples pooling sequencing 
data. B Percentage of missing and false SNPs when using various sequencing coverage depths to filter SNPs 
called from ten samples pooling sequencing data. C Comparison of the percentage of missing and false 
positive SNPs before and after the application of filters on the two samples’ sequencing data. D Comparison 
of the percentage of missing and false positive SNPs before and after the application of filters on the ten 
samples’ sequencing data
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the sparse nature of the mutation matrix renders it suitable for the theoretical frame-
work of compressed sensing. Then we pooled samples of 30 different types of cancer 
separately in a mixed manner of ten samples per pool. We compared the reconstruc-
tion results of BP and OMP at different compression levels with the original mutation 
matrix to evaluate the performance of these two algorithms (Supplementary Figure 
S4).

As expected, the correlation observed between the reconstructed outcome and the 
original data rises with the increment of the pool number due to the increase in sam-
pling times (Fig. 3A). High correlation was already achieved when the pool number 
was 0.6 of the sample number, although the correlation of 0.1 pool number was as 
high as ~ 0.8. The standard deviation drops significantly as the pool number increased. 
The correlation derived from the BP model reconstruction result consistently exhibit 
greater magnitudes compared to the correlation observed between the OMP model 
reconstruction result and the original data. It can be deduced that the reconstruc-
tion efficiency of the BP model is notably superior to that of the OMP model in cases 
where the number of pools is limited. The accuracy of the models also improves as the 
number of pools increases; however, the accuracy of both models remains compara-
ble (Fig. 3B). It should be noted that accuracy is an inadequate metric for evaluating 

Fig. 3  Performance of BP model and OMP model at different levels of compression (A) Mean Pearson 
correlation observed between the reconstructed outcome and the original data. B The mean accuracy of two 
models. C The mean recall rate of two models. D The mean time required for reconstruction
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model performance as our original matrixes contain a significantly larger number of 
0 compared to 1 and the model may achieve a high accuracy by incorrectly classifying 
all the 1 as 0.

In order to conduct a more comprehensive evaluation of the BP model and OMP 
model, we proceeded to assess the recall of both models. Recall is a metric that meas-
ures the model’s capacity to accurately detect and classify positive instances, thereby 
indicating its proficiency in minimizing false negatives. When predicting TMB, the 
presence of false-negative SNPs is deemed more problematic than false-positive SNPs. 
A high false negative rate implies that the TMB value predicted by the model will be 
considerably lower than the actual TMB value, consequently resulting in the failure to 
identify individuals who may benefit from immunotherapy. This failure can potentially 
lead to misdiagnosis or delayed treatment. The performance of both models, in terms 
of recall, improves as the number of pools increases (Fig. 3C). This suggests that with 
an increasing number of pools, the two models become more adept at recognizing posi-
tive SNPs, thereby reducing the occurrence of false negatives SNPs in the reconstructed 
results. Notably, the recall rate of the BP model consistently and significantly surpasses 
that of the OMP model. This observation indicates that the BP model is more effective 
in accurately identifying and capturing positive SNPs, thereby minimizing the number 
of missed or disregarded SNPs classified as negative. In addition, we recorded the time 
taken by both models across various levels of compression. It was observed that the 
OMP model exhibited significantly shorter running times compared to the BP model 
(Fig. 3D).

The distribution of the results for each parameter derived from BP model and OMP 
model across various compression levels is presented in the Supplementary Material. 
The violin plot provides a clearer visualization of the significant differences between the 
two models, thereby facilitating a more effective comparison of their performance across 
various compression levels (Figure S6).

TMB reconstruction across varied sample characteristics

When the pool is adjusted to 0.6 times the number of samples, the Pearson correlation 
can reach a high value of 0.998 and the recall can also reach a high value of 0.996(Basis 
Pursuit). Both of these parameters surpass the threshold of 0.98, indicating a strong 
association and accurate retrieval of relevant information. In general, when the pool size 
is 0.6 times the sample size, it becomes feasible to obtain a substantial quantity of infor-
mation that exhibits a high level of agreement with the original, as indicated by the visu-
alization of the histogram (Fig. 4A) and scatter plot (Supplementary Figure S5A). This 
implies that the TMB for 30 different types of cancers can be accurately calculated using 
the reconstruction results obtained from the BP model (p > 0.05). This results in a cost 
reduction of 40% for library construction. A disparity persists between the effectiveness 
of the OMP and BP when the number of pools is equivalent to 0.6 times the number 
of samples. When the number of pools is 0.6 times the number of samples, the OMP 
model exhibits a correlation coefficient of 0.986 between the reconstructed results and 
the original data. Additionally, the OMP model demonstrates a recall of 0.960, which is 
comparatively lower than the BP model for both parameters. The accurate calculation of 
TMB for six different types of cancers cannot be achieved based on the results obtained 
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Fig. 4  The two models’ accuracy in calculating TMB across different sample characteristics (pool number 
/ sample number = 0.6). A Calculation the TMB using the BP model for each type of cancer. B Calculation 
the TMB using the OMP model for each type of cancer. C The relationship between the accuracy of TMB 
calculation using BP model and the number of samples. D The relationship between the accuracy of TMB 
calculation using OMP model and the number of samples. E The relationship between the accuracy of TMB 
calculation using BP model and the percentage of mutated SNPs. F The relationship between the accuracy of 
TMB calculation using OMP model and the percentage of mutated SNPs
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from the OMP model (Fig. 4B, Supplementary Figure S5B). This suggests that the OMP 
model is less effective than the BP model in some cases.

To gain a deeper understanding of the factors that impact the reconstruction out-
comes of the two models, we conduct an analysis considering the variables of sample 
size and the proportion of mutant SNPs in original matrixes. In our study, we designated 
the SNPs present in each sample as mutant SNPs. These SNPs were represented by the 
numerical value 1 in the original mutation matrixes.

In our analysis, it is evident that the accuracy of calculating TMB from OMP recon-
struction result is enhanced when a larger sample size is employed (Fig. 4D). Since pool 
number is equal to 0.6 times the number of samples, as the number of samples increases, 
the number of pools will also increase. A larger pool size increases the number of equa-
tions in the ill-conditioned system of equations, thereby yielding a more precise solution 
and consequently improving the quality of the reconstruction outcomes. It is worth not-
ing that cancers with a smaller number of samples can still achieve satisfactory recon-
struction results. This is primarily due to the reduced total SNPs present in these cancer 
samples. Consequently, despite the limited number of equations, the smaller number 
of unknowns facilitates accurate solutions to the equations. Furthermore, it is observed 
that the performance of the OMP model in reconstructing the original mutation matrix 
deteriorates as the proportion of mutant SNPs in the matrix increases (Fig. 4F). This can 
be attributed to two factors. Firstly, as the number of mutant SNP increases, the compu-
tational complexity of the OMP model also increases, resulting in higher computational 
demands and potentially reduced efficiency. Secondly, when the number of mutant SNP 
is high, the OMP model is more susceptible to overfitting issues, leading to suboptimal 
reconstruction outcomes.

The behavior of the OMP model is not constant and can vary depending on the specific 
problem and data characteristics. The OMP model is particularly well-suited for scenar-
ios where the original matrix is sparser. The OMP model exhibits a considerable sensi-
tivity to the proportion of mutant SNPs. The proportion of mutant SNPs is indicative 
of the TMB in cancer patients, with a higher TMB being associated with an increased 
proportion of mutant SNPs. This indicates that the OMP model is more appropriate for 
cancer types characterized by lower TMB. On the other hand, the BP model consistently 
performs well across all cases (Fig. 4C, E). However, the computational complexity of the 
BP model is higher than that of the OMP model, resulting in longer processing times. 
Therefore, in situations where the original mutation matrix consists of a greater number 
of positive SNPs, the preference is to use the BP model.

The precise identification of somatic mutations is essential for the calculation of TMB. 
However, detecting somatic mutations with varying allele fractions in tumor tissues pre-
sents significant challenges, because of sample degradation, tissue contamination, and 
insufficient coverage. In our study, we analyzed the distributions of allele fractions for 
somatic mutations across thirty different types of cancer. A significant disparity exists 
in the frequency distributions of somatic mutant allele fraction among patients diag-
nosed with different types of tumor (Figure S7). An appropriately enhanced sequencing 
coverage facilitates the identification of SNVs with varying allele fractions. The elevated 
sequencing coverage of the pool utilized in our methodology may enhance the detec-
tion of somatic mutations. It is anticipated that researchers will develop additional 
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algorithms and statistical models to enhance the accuracy of somatic mutation detection 
and improve the precision of TMB assessment.

Conclusion
In this study, we calculated TMB from overlapped pooling sequencing data with com-
pressed sensing strategy in order to save the cost of sequencing. Our findings validated 
that the SNP calling from ten samples’ pooling sequencing data is achievable. Further-
more, we conduct an analysis and comparison of the reconstruction efficacy of the BP 
model and OMP model. The cost on library preparation could be saved for 40% without 
significant TMB difference and a potential higher compressing level is expected.
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