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Abstract: Genomic data has become an essential component of modern healthcare, driving innovations leading to more precise 

personalized care. While the exponential growth of genomic data opens significant opportunities for personalized healthcare, it has 

introduced several challenges related to genomic data.  Among these, data storage and data retrieval remain the major concerns due 

to the large size of genomic data, while issues related to data integrity, data privacy and data security complicate the situation 

further.  To address these challenges, blockchain technology has been explored as a viable solution to provide tamperproof, secure, 

and trustworthy data management solution. This paper proposes an on-chain storage model for genomic data management on 

blockchain platform. The proposed solution aims to reduce storage requirement through an attribute-based clustering mechanism 

in combination with a data compression method applied to genomic data. At the same time, it focuses on reducing stream data 

retrieval time through a query-aware data organisation in a data stream. Multichain platform and python 3 have been used to 

perform the experiment. The results indicate an average reduction in storage requirement of 18% for 10k reads, 20% for 100k reads, 

and 22% for 1000k reads in a BAM file. However, the reduction can be even more depending upon the cluster to which the BAM 

reads are mapped. Additionally, there is an improvement in stream load time due to reduced storage requirements on data streams 

and supports both simple and complex queries.  It offers a memory-efficient data management solution for genomic data. 
Keywords: Genomic data, Streams, Disk storage, Clustering, Memory, Multichain 

 

1. Introduction 

Genomic data plays a transformative role in healthcare by providing detailed insights into an individual’s  

genetic makeup and the functioning of the body at molecular level. This information facilitates more effective 

healthcare interventions, thereby supporting personalized care for the patients. Genomic data analysis supports various 

applications such as personalized medicine, disease risk prediction, targeted therapies, pharmacogenomics, disease 

progression, precision diagnostic, and public health and epidemiology at a broader level [1] [2] [3]. Consequently, the 

benefits of genomic data spans from an individualized care to population-level healthcare planning and decision-

making.  

The increasing integration of genomic information into healthcare systems has prompted medical institutions 

and other stakeholders to reconsider their data management strategies.  Among various data management challenges, 

data storage and data retrieval remain the major concerns due to the large size of genomic data, while issues related 

to data integrity, data privacy and data security complicate the situation further.  To address these challenges, 

blockchain technology has been explored as a viable solution to provide tamperproof, secure, and trustworthy data 

management solution. The inherent characteristics of blockchain technology such as decentralization, immutability, 

traceability, and accountability,  makes it suitable for handling genomic data [4].  
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Most of the existing genomic data management solutions primarily focus on secure data storage, data privacy, 

and data sharing, while limited attention paid to storage scalability, optimized data retrieval, and efficient query 

mechanism. To address these concerns, this paper proposes an on-chain storage model for genomic data. The proposed 

solution aims to reduce storage requirement through an attribute-based clustering mechanism in combination with a 

data compression method applied to genomic data. At the same time, it focuses on reducing stream data retrieval time 

through a query-aware data organisation in a data stream. Additionally, the proposed mechanism generates 

chromosome-wise summary of genomic data stored on blockchain for every user. This information helps to avoid 

redundant entries, in case of multiple file uploads from the same user. It also supports both simple and complex queries 

The remainder of this paper is organized as follows. Section 2 reviews the related literature, followed by the 

proposed methodology in Section 3. Section 4 presents the system architecture, followed by implementation details 

in section 5. Section 6 presents the experimental results and discussion.  Section 7 concludes the paper and outlines 

future research directions 

2. Related work 

Various blockchain and non-blockchain based approaches are proposed by researchers to address the storage 

challenges associated with genomic data. Among non-blockchain based approaches, compression methods have been 

explored to be effective to reduce storage requirements of genomic data. Several compressors exist for SAM files [5], 

but majority of the methods support some kind of lossy compression. An attempt in [6] to introduced a privacy 

preserving standard SECRAM that utilizes reference-based compression and general compression approach, 

achieving18% storage improvement for BAM files. Several blockchain-based approaches have been proposed for 

healthcare data management [7] [8] [9] [10] [11] [12][13]. A number of studies focus on managing genomic data 

access logs on-chain while the genomic data is stored off-chain. The paper [14] presents a baseline and enhanced 

method for efficient logging & querying of genomic data using a hierarchical timestamp structure. The authors in [15] 

presented a two-level indexing scheme for faster data retrieval of genomic log data and a binary search technique for 

timestamp based range queries. The authors in paper [16] utilized  multichain data streams to store genomic access 

logs in the key filed of the stream. The data field stores data in hex format resulting in slower data retrieval and 

increased query time. The authors in [17] presented another on-chain storage solution for data access logs in 

combination with bucketization and batch loading concept to handle complex queries. The authors in [18] presented 

forensic DNA database framework that store cryptographic signatures on blockchain while maintaining DNA profiles 

in external databases. 

Some solutions have focussed on small scale genomic data on blockchain. The authors in [19] presented a time 

& space efficient solution for storing pharmacogenomic data (gene-variant-drug) using an indexing based multi-

mapping approach. While the authors in [20] presented an array-based storage solution with multiple  indexing 

methods  for gene-drug interaction data.  

Limited studies have focussed on large-scale genomic data storage on blockchain. The authors in [21] proposed 

a blockchain applied FASTQ and FASTA Lossless Compression (BAQALC) approach that allows for the efficient 

transmission and storage of the DNA sequences. But the proposed work focuses on efficient sharing and storage, not 

on querying. However, the work presented in [22] involves an on-chain storage and query solution to manage large 

genomic datasets on blockchain using a reference-based data compression and genomic location-based binning 

method to speed-up query process.   

 Since genomic files contain multiple reads aligned to same genomic positions, there are chances of high 

similarity among multiple reads. Clustering concept can be utilised for grouping similar data based on features or 

thresholds. Existing studies have applied clustering to genomic data compression [23], , gene expression analysis [24], 

[25] and microbial genomic sequence analysis  [26]. These studies indicate the need for more effort on clustering-

based methods to improve genomic data storage demand.   
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 In literature, majority of the blockchain-based genomic storage solutions use off-chain storage model, while 

only data file hash, cryptographic links, or analysis results are stored on the blockchain (i.e. on-chain).  Although this 

approach reduces overhead on blockchain, it relies on external storage systems for ensuring data availability and 

integrity. Whereas, on-chain storage system offers enhanced confidence in terms of data immutability, authenticity, 

and integrity. However, when it comes to on-chain storage solution, the large size of genomic data files presents a 

significant challenge due to higher storage demand and scalability concerns. Only a few approaches like  [22] have 

attempted to store genomic data in BAM format on blockchain system. Therefore, this paper aims to develop a 

clustering-inspired on-chain storage solution for genomic data management. 

  

Fig-1: Snippet of BAM file 

3. Genomic Dataset 

The sequenced genomic data used in this paper is stored in SAM/BAM format [27][28] and the data items are 

in the form of  reads. The information available in SAM/BAM files can be categorized into 2 sections namely, header 

section and alignment section. The header section stores metadata related to genomic data available in BAM file, 

while actual genomic data is stored in alignment section. Figure 1 shows the snippet from a BAM file. The first 3 lines 

represents header data and the remaining lines represents alignment data. It is not possible to show both sections 

completely in a single figure, since the header section covers several lines followed by genomic reads of alignment 

section, Therefore, for a comprehensive understanding of information available in these sections, figure 2 shows few 

lines representing different categories of metadata in header section and a sample read is shown in alignment section. 

The third section ‘SAM fields’ is not part of BAM file but it is added in figure 2 to provide a brief understanding of 

BAM attributes, also called fields, and the way to read their corresponding value when a genomic read is parsed. Note 

that all values in a genomic read are separated by spaces. 

The human DNA comprises of 23 kinds of chromosomes, each varying in length based on the number of base 

pairs or nucleotides stored in them. To handle this genomic data on blockchain platform, chromosome-wise data 

management can be opted for better performance in terms of data storage and retrieval. 
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Fig-2: Sample of various information in SAM/BAM file 

4. Proposed methodology 

To address the storage concern of genomic big data, the proposed method applies an attribute-based clustering 

approach in combination with a compression method to reduce the overall storage demand. There are 2 levels of 

processing performed on BAM reads to reduce the overall storage requirement. 

Level 1: Modify SEQ field 

The SEQ field contains sequencing data. The length of SEQ field depends on the sequencing machine, typically 

around 100–150 bases per read. The size of this field is reduced by either applying reference-based compression 

against a reference human genome  [22] or using Zlib [29] to compress the long string.   

Level 2: Cluster BAM Reads 

To further reduce the overall size of the genomic data, reads are grouped genomic position-wise (ie. POS value). 

All the reads having same POS value are grouped together and then clustered based on similarity levels. 

Multichain streams, an append-only structures, are utilised in the proposed approach to store chromosome-wise 

data in the form of key-value pairs. The contributions of the proposed approach to resolve the high storage requirement 

issue of genomic data is summarised below.  

 Clustered BAM data: The processed BAM file obtained from raw genomic data contains multiple reads 

aligned to same genomic location or having same POS field value for a chromosome due to high coverage 

depth. It has been observed that the reads having same POS value for a particular chromosome, may have 
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identical or different values for various BAM fields. The BAM reads are clustered into 3 different groups based 

on their similarity level to reduce the overall storage requirement on blockchain. 

 Maintaining genomic coverage information: The genomic coverage information is maintained about the 

genomic locations covered in the sequencing data stored on-chain. It would help in avoiding redundant storage 

of same data repeatedly on blockchain when another genomic data file of the same individual is uploaded on 

blockchain in future. 

 Reduced Stream Load Time: Multiple streams of fixed length are created to store genomic data for different 

chromosomes of varying lengths. However, the stream load time depends upon the number of reads stored in a 

stream but still it would not be too high and somewhat uniform since every stream has a fixed range of genomic 

locations for which reads are stored in it. 

4.1 Clustering Approach 

Clustering involves grouping of similar data items based on their values or category This concept is suitable for 

genomic data obtained from NGS technology due to the inherent similarity between multiple data items (called reads) 

aligned to same genomic locations. It aims to optimize storage requirement of genomic data on blockchain by 

organizing genomic sequences or reads into clusters. 

Most of the BAM fields, also called attributes, are important for analysis depending upon the purpose. In the 

proposed framework, QNAME and optional TAG fields are treated as non-prime attributes because they are not 

directly required for routine variant-centric analyses. Furthermore, several alignment-related TAGs, such as MD and 

NM, contain information that can be derived from the alignment data and reference genome when needed. Therefore, 

optional tag fields need not be included among the prime attributes from a primary storage perspective, as they 

primarily provide supplementary alignment or metadata information. Tags required for specific clinical or research 

workflows may be preserved separately, whereas the remaining tags may be regenerated, or excluded to achieve 

improved storage efficiency. 

In order to apply clustering concept, all the BAM attributes are analysed to identify prime attributes which can 

be used to group genomic reads in a cluster. Prime attributes are those BAM attributes which contain significant 

information and can’t be ignored. Among the 12 BAM fields, first 11 fields are mandatory whose value must be 

available in a genomic read. Also, first field, QNAME is a unique identifier for a genomic read. This means the 

information primarily needed for genomic analysis is in the remaining 10 fields, namely, FLAG, RNAME, POS, 

MAPQ, CIGAR, RNEXT, PNEXT, TLEN, SEQ, and QUAL. These fields can be referred as prime BAM attributes 

for clustering process. The prime BAM attributes have the higher possibility of having same values for a group of 

reads with same POS value and RNAME value (ie. Chromosome number). 

To optimise genomic data storage, the clustering approach analyse the information stored in prime attributes. 

For a particular chromosome, the BAM reads having same POS value can be clustered into three groups depending 

up on the level of similarity between prime BAM fields, as mentioned below.  

Cluster 1: This cluster comprises of BAM reads having all prime attributes same.  

Cluster 2: This cluster comprises of BAM reads having all prime attributes same, except PNEXT, TLEN and 

QUAL.  

Cluster 3: This cluster comprises of BAM reads having sequencing information different or most of the prime 

attributes being different. 

The next section describes the system architecture and the data storage layout on the blockchain layer to 

implement the proposed mechanism in a query-aware manner. 

4.1 System Description 
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This section covers the system architecture in general and a framework for data stream design on blockchain 

layer in accordance with the proposed methodology for optimizing storage requirement for genomic data and handling 

the supported queries. In this work, multichain platform is used for implementation. There are 2 kinds of nodes in the 

blockchain network. One is primary nodes responsible for blockchain creation and management. The other nodes are 

secondary, also called user nodes, which subscribe to data streams for their activities. 

System Architecture 

This work utilizes a blockchain-enabled genomic data management framework, as shown in figure 3, consisting 

of five layers as discussed below: 

a) Data Acquisition Layer 

In data acquisition layer, stakeholders or users upload their genomic data file (BAM file), obtained from 

hospitals, testing labs, research labs, or genomic data repositories. Each file gets a file identifier to manage genomic 

data for different users and same users in case of multiple file uploads.  Multichain streams, a key-value datastore, are 

used to store genomic data. The uploaded genomic file is then transferred to the data pre-processing stage to transform 

the genomic data into a data stream-supported format. 

b) Data Pre-processing Layer 

This layer is responsible for reading genomic data file uploaded by the user  and transforming it into a format 

supported by data streams. At this stage, the genomic reads are extracted from BAM files uploaded by the user. The 

information obtained from  header section is stored on metadata stream whereas the genomic reads extracted from the 

alignment section undergo compression and data clustering process before being stored on the data streams. The output 

of this layer is a set of optimized genomic data clusters that are subsequently stored on blockchain layer. 

c) Blockchain Layer 

This layer follows an on-chain storage design. That means, all the genomic data will be stored on blockchain 

data streams. Although, this arrangement will increase storage demand for blockchain but it will also ensure data non-

tampering  and availability. This layer primarily maintains 2 kinds of streams, namely, metadata stream and data 

streams. As briefed in previous layer, metadata stream contains the information extracted from header section while 

the data streams contain the grouped and optimized form of genomic data. The blockchain layer is responsible for 

maintaining security, transparency, and auditability.   

d) User Access Layer 

 layer consists of authorized stakeholders including researchers, healthcare professionals, genomic data owners, 

and other organizations. Users need to subscribe to blockchain data streams initially. Once subscribed, user can upload 

genomic data file and query data streams to fetch genomic data.  
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Fig-3: A Framework for Genomic Data Management 

4.3 Multichain Data Stream Design Framework 

The human DNA comprises of 23 kinds of chromosomes, each varying in length based on the number of base 

pairs or nucleotides stored in them. To handle this genomic data on blockchain platform, chromosome-wise data 

management has been opted for better performance in terms of data storage and retrieval. Multichain platform is 

utilized to manage genomic data due to its suitability for database applications. Streams are used to store data in key-

value pairs on multichain platform and characterized by uniform access time. This section presents the structure of 

streams on multichain platform. To develop the proposed system, 2 categories of stream are created, namely, metadata 

stream and data stream. Genomic reads, extracted from alignment section, are of 2 types, namely, mapped and 

unmapped.  Mapped reads are aligned to the reference genome, while unmapped reads are not aligned to any genomic 

location of a chromosome within the reference genome. Thus, the data streams can be further categorised as mapped 

data streams and unmapped data streams. Figure 4 shows the stream design framework for the blockchain layer.  

a) Mapped Data Streams 

For storing mapped reads, multiple mapped data streams are created chromosome-wise for efficient data 

retrieval. Maintaining genomic data chromosome-wise helps to reduce search space, especially when query involves 

a particular chromosome. It also reduces stream loading time since only reads belonging to the queried chromosome 

will be loaded rather than loading the entire genome in system’s memory. Thus, different data streams are created for 

different chromosomes, that is, chromosome 1 to 24. However, the size of every chromosome is different and in 

millions. If a complete chromosome is stored in a single data stream, the stream loading time will be different for 

different chromosomes because of their varying length. In order to provide a uniform stream loading time for every 

data stream, the size of a data stream must be fixed. This means, the number of streams created for every chromosome 

depends upon the stream size fixed and maximum length of that chromosome. This arrangement also helps to provide 

reduce search space within a chromosome.  The number of data streams required for a chromosome i, can be calculated 

using equation 1. For instance, the maximum length of chromosome 1 is 249 million approximately, so for a stream 

size of 10million reads, the numbers of data streams created for storing chromosome1 data will be 25 (~249 million/10 
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million). The streams created for a particular chromosome are named using chromosome name followed by stream 

number, for example chr[i]stream[j]), where i represents chromosome 1 to 24 and j represents stream number. 

𝑛𝑢𝑚_𝑜𝑓_𝑠𝑡𝑟𝑒𝑎𝑚𝑠𝑐ℎ𝑟𝑜𝑚𝑜𝑠𝑜𝑚𝑒[𝑖] =  
𝐶ℎ𝑟𝑜𝑚𝑜𝑠𝑜𝑚𝑒[𝑖]𝑆𝑖𝑧𝑒

𝐷𝑎𝑡𝑎 𝑆𝑡𝑟𝑒𝑎𝑚𝑆𝑖𝑧𝑒
   (1) 

Data stream name also represents the range of genomic locations as per which reads are stored in that data 

stream.  For instance, chr1streamx indicates streamx created for chromosome1 which stores all reads having ‘chr1’ 

value in RNAME field and POS field value in the range from stream_len* (x-1)+1 to stream_len * x, where stream_len 

represents stream size .   

 

Fig-4: A Framework for Stream Design on Multichain Blockchain 

b) Unmapped Data Streams 

Unmapped genomic reads are those reads that are not aligned to any genomic location of a chromosome within 

the reference genome. However, they may become mappable in the future with improvements in reference genome, 

genomic annotations, or alignment methods. These reads are stored in the data streams created according to their 
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category such as Decoys, Random, Alt, ChrUn, chrEBV, HLA and Others. The category ‘Others’ refers to reads which 

doesn’t fall in listed categories of unmapped reads. No clustering process is applied on these reads since they are not 

mapped to any identifiable genomic location. 

4.4 Data Stream Structure 

In the previous sections, the types of data streams and the distribution of genomic reads among these data 

streams on the basis of chromosome and genomic location range, has been discussed. This section describes the 

internal structure of a data stream to provide a better understanding of how internally the BAM attributes are organized 

when a genomic read is stored. This would help in designing the appropriate query mechanism and the choice of built-

in API method. 

To store the genomic data from a BAM file, the data is processed in the form of reads. Each read can be 

represented as a key-value pair on multichain streams. The organization of BAM attributes of a genomic read on these 

streams is depicted in figure 4. The reads to be stored in a particular stream are filtered by mapping their POS field 

value to genomic range represented by that stream. In a genomic read, the POS value indicates the starting genomic 

location in SEQ field. Also, SEQ field doesn’t contain sequencing information for a single location, instead it contains 

value for a range of genomic locations which can be calculated using POS value (i.e. initial location) and the length 

of SEQ field. That means, if a read whose POS value is nearly in the last series of genomic locations of a data stream, 

may contain sequencing information for genomic locations represented by the next subsequent data stream for a 

chromosome. Therefore, a variable ‘SPAN’ is made part of the key field to indicate if the current stream contains 

reads having sequencing information of the genomic locations represented by other adjacent or nearby streams. The 

variable SPAN act as key to fetch all the reads from the identified data stream and adjacent streams, which might 

contain the queried genomic locations. Note that, using POS value as key to search genomic reads containing queried 

locations is not possible because POS value indicates only the first genomic location of the genomic range covered by 

SEQ field in a read. On multichain stream, data can be either loaded completely without key value or partially by 

matching key values. There is no provision to apply relational operators directly on key field value, it works on equality 

condition only. Thus, SPAN value can be used to fetch reads from the identified mapped streams as well as from the 

adjacent streams for the queried locations. 

The BAM attributes stored in the data field of streams can be organized into 2 sets, prime and non-prime fields, 

to optimise genomic data storage using the clustering approach. The prime fields include those BAM fields which are 

used in matching operation to create clusters for a group of reads belonging to a chromosome and having same POS 

value. RNAME, QNAME and TAG are not included in prime field list because QNAME is a read identifier, RNAME 

represents chromosome number part of stream identifier and TAG contain additional data.   

 Additionally, there is a modification in handling of SEQ field of a genomic read in the proposed method. 

Instead of 'SEQ’ field, 'MODSEQ' field is used to store sequencing data (refer equation4). This field may contain a 

'MODCIGAR' value [22] (refer equation 2) representing only modified values in SEQ field position-wise in 

comparison to reference genome or 'COMSEQ' value which is obtained by compressing SEQ field value (refer 

equation3).  

𝑀𝑂𝐷𝐶𝐼𝐺𝐴𝑅 = {
 ,                           𝑖𝑓 𝐶 ∈ {∗, , 𝑁𝑜𝑛𝑒}

𝑀(𝑆, 𝐶, 𝑅),                         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
     (2) 

Where S is original sequence, C is original CIGAR string, R is reference genome sequence, M(S,C,R) is a 

functions that generates sequence of mismatches or insertions [22]. 

𝐶𝑂𝑀𝑆𝐸𝑄 = 𝐵(𝑍(𝑆)                         (3) 

𝑀𝑂𝐷𝑆𝐸𝑄 = { 
𝑚𝑜𝑑𝑐𝑖𝑔𝑎𝑟,        𝑖𝑓 ∣ 𝑚𝑜𝑑𝑐𝑖𝑔𝑎𝑟 ∣<∣ 𝑐𝑜𝑚𝑐𝑖𝑔𝑎𝑟
𝑐𝑜𝑚𝑠𝑒𝑞,                                               𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                     (4) 
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Similarly, instead of ‘QUAL’ field, the 'COMQUAL' field contains compressed 'QUAL' field value (refer 

equation 5). 

𝐶𝑂𝑀𝑄𝑈𝐴𝐿 = 𝐵(𝑍(𝑄)                                   (5) 

Where Q is quality string,  Z(x) is zlib compression function and B(x) is base64 encoding function. 

Note that, RNAME is not stored in data field since it can be later extracted from stream name which can be 

identified from RNAME and POS value.  This arrangement helps in regenerating original BAM file later.     

5. Implementation Details 

The proposed work is implemented using Multichain. The data streams in multichain stores data as key-value 

pairs. The data stored in multichain streams is visible to every node in the network which has subscribed to these 

streams on primary node. The primary node, which created the streams, can grant and revoke permissions to other 

nodes with wallet address in the network for read and publish operations on multichain streams.   

The whole process of building a blockchain and utilizing it for database operations can be divided into 3 stages 

namely, Chain creation, Data insertion, and Stream query. Figure 4.6 depicts the workflow of this whole system. The 

working details of each stage is discussed below. 

5.1 Chain Creation 

The steps for initializing chain on primary node are specified in algorithm 1 along with API method used. The 

chain can be created by calling by ‘CreateChain’ function  with chain name as parameter. The ‘CreateChain’ function 

creates a chain and run the daemon process to activate it for various chain operations. The next step will be to create 

streams for storing mapped and unmapped genomic reads. The steps 6 to 9 shows steps to create mapped data streams. 

The steps 10 to 13 shows steps to create unmapped data streams. The number of streams (num_of_streams) created in 

step 6 depends on the size of stream (or stream length) and standard possible count of READs for different 

chromosomes in a BAM file. The stream length can be changed according to application requirement since it impacts 

the query processing time.   

Algorithm 1: Chain Initialization 

Procedure CreateChain (ChainName) 

set parameters: stream_length, read_length, num_chromosome, chromosome_length 

Call multichain-util create ChainName 

Call multichaind ChainName -daemon 

 

      // create streams to store mapped READs 

for each chromosome i do 

    num_of_streams =chromosome_length(i) / stream_length 

    for i =1 to num_of_streams do 

        Call multichain-cli ChainName create stream chr(i)stream(j) 

        Call multichain-cli ChainName subscribe chr(i)stream(j) 

    end for 

 

      //create streams to store unmapped READs 
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for each x in [‘Decoys’, ‘Random, ‘Alt’, ‘ChrUn’, ‘chrEBV’, ‘HLA’, ‘Others’] do 

    Call multichain-cli ChainName create stream ‘unmapped’ 

    Call multichain-cli ChainName subscribe ‘unmapped’ 

end for 

return 

5.2 Inserting data in streams 

This section discusses the insertion process of genomic data obtained from BAM file into multichain streams.  

The algorithm 2 describes the steps to store BAM file data in data streams. During insert operation, the first step 

comprises of starting the blockchain. Before initiating the process of reading the BAM file, declare dataframe1 and 

dataframe2 for storing mapped and unmapped reads temporarily before actually storing them on data streams. These 

dataframes holds reads with same POS value temporarily, before being published on data streams. Now, open BAM 

file for fetching reads and for each read (see step 5), extract the field values and check if the read is mapped or 

unmapped (steps 7). If current read is mapped and has same POS value as reads grouped in dataframe1, the identified 

mapped read is stored in dataframe1 (steps 9 to 11), otherwise the unmapped reads are stored in dataframe2 (step 17). 

The ‘publish’ variable is used to check if all reads having same POS value have been stored in dataframe1, before a 

new read is processed with different POS value. The ‘publish’ value is set to 1 when a read with different POS value 

from the reads gathered in dataframe1, is fetched. When the ‘publish’ is set to 1(step 14), it means that all the mapped 

reads having same POS values are gathered in dataframe1, then calculate stream_name and key value before calling 

‘Cluster_Reads’ procedure to cluster reads and publish them to the designated stream (steps 21-30). The ‘key’ value 

denotes ‘SPAN’ value which can be used to fetch reads covering queried genomic locations from multiple streams 

other than designated or mapped stream. Similarly, the unmapped reads in dataframe2 are published according to their 

category such as Decoys, Random, Alt, ChrUn, chrEBV, HLA and others (steps 31 to 43). Now, empty dataframe1 

and dataframe2 to start the same process again for reads with new POS values (steps 44 to 50).  

Algorithm  2: Inserting Data in Streams 

Prodecure Insert (ChainName, Stream_length, BAMfile) 

start chain 

set publish=0 

firstread=true 

for each read in BAMfile do 

    extract BAM fields  

    identify mapped and unmapped reads   

    // store mapped reads in a dataframe1 for same ‘pos’ 

    if read is mapped then 

         if ‘POS’ of read ==’POS’ value in dataframe1 and firstread=true then 

             calculate additional fields ‘MODCIGAR’, ’COMCIGAR’, ‘COMQUAL’ 

             add read to dataframe1 

             set publish=0 

         else 

             set publish=1 

        end if 
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     // store unmapped reads in a dataframe2 for same ‘pos’ 

    else 

         add unmapped reads using dataframe2 

    end if 

    firstread=false 

    if publish =1 then 

        // publish mapped reads 

        if len(dataframe1)>0 then 

             stream_num=int(POS/Stream_length)+1 

             stream_name= RNAME+’stream’+stream_num 

             if POS+len(SEQ) > stream_num* stream_len then 

                 key= ‘F1’  

             else  

                 key= ‘F0’   

            end if 

            call Cluster_Reads(dataframe1, key, stream_name, ChainName) 

        end if 

        // publish unmapped reads 

        if len(dataframe2)>0 then 

            for each item in dataframe2 do 

                key= QNAME+FLAG  

                data= JSON(all BAM fields) 

                unmapped=[ Decoys, Random, Alt, ChrUn, chrEBV, HLA, others] 

                    if type is in RNAME then 

                        stream= type 

                    else 

                        stream=’others’ 

                   end if 

                  call multichain-cli ChainName publish ‘stream’ ‘key’ ‘data 

           end for 

       end if 

    empty dataframe1, dataframe2 

    set publish=0 

    if read is mapped then 

        add current read in dataframe1 (do step 10,11) or 

    else 
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        add current read in dataframe1 

   end if 

exit  

a) Clustering Process for BAM Reads 

Figure 5 depicts clustering step during the insertion process of BAM file in data streams. The algorithm 3 

describes the steps for clustering BAM fields. The BAM reads grouped for same POS value are passed as a python 

dataframe to the procedure ‘Cluster_Reads’ for clustering and publishing to the streams. In first step, 3 clusters are 

declared as c1, c2 and c3. The steps 2 to 5 depict the approach used to calculate or group reads in c1, c2 and c3 

according to cluster rules. The remaining steps shows the process to calculate data field value while key value is 

already passed as a parameter in this procedure. The steps 7 to 12 describe the steps for calculating data field value 

for publishing c1 cluster data on stream. Data1 represents a string comprising of prime field values separated by colon. 

Data2 represent python dataframe to store non-prime field values for the grouped reads or read set. Note that, data 

field calculated for stream publishing is in the form of a dictionary where ‘common’ attribute stores prime BAM field 

values compacted in the form of a string and ‘other’ attribute stores non-prime BAM fields as a python dataframe. 

The data field needs to be converted in JSON format before publishing on the stream. 

Algorithm 3: Cluster and Publish Reads 

Procedure Cluster_Reads (dataframe, key, stream, ChainName)  

df=dataframe 

//make clusters c1, c2, c2 

c1=extract reads from df having all BAM fields same except QNAME, TAG 

// extract remaining reads from df 

tmp_df=df-c1 

c2= extract reads from tmp_df having some BAM fields same ie. RNAME, POS, MAPQ, CIGAR, MODCIGAR  

// extract remaining reads from tmp_df 

c3= tmp_df-c2 

//publish clustered reads in stream 

publishitems=[] 

 

//process cluster1 

for each duplicate read_set in c1 do 

    data1 = str(cluster_type: POS: FLAG: MAPQ: CIGAR: RNEXT: PNEXT: TLEN:  

                 MODSEQ: ID_list: COMQUAL) 

    data2= read_set[‘QNAME’, ’TAG’, ‘ID’] 

    data=JSON({‘common’:data1, ‘other’: data2}) 

    call multichain-cli ChainName publish ‘stream’ ‘key’ ‘data’ 

end for 

 

//process cluster2 

for each similar read_set on ‘FLAG’, ’RNEXT’ in c2 do 
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    data1=str(cluster_type:POS:FLAG:MAPQ:CIGAR:RNEXT:PNEXT_list:TLEN_list:  

             MODSEQ: ID_list: COMQUAL_list) 

    data2= read_set[‘QNAME’, ’TAG’, ‘ID’] 

    data=JSON({‘common’:data1, ‘other’: data2}) 

    call multichain-cli ChainName publish ‘stream’ ‘key’ ‘data’ 

end for 

 

//process cluster3 

for each read in c3 do 

    data1=str(cluster_type: POS: FLAG: MAPQ: CIGAR: RNEXT: PNEXT: TLEN: MODSEQ:  

               ID: COMQUAL) 

    data2= read[‘QNAME’, ’TAG’, ‘ID’] 

    data=JSON({‘common’:data1, ‘other’: data2}) 

    call multichain-cli ChainName publish ‘stream’ ‘key’ ‘data’ 

end for 

return 

The steps 13 to 18 and steps 19 to 24 represent the similar steps followed for creating and publishing c2 and c3 

cluster data on stream. Note that, the data1 value calculated in steps 8, 14, and 20 having different string patterns as 

per clustering level. For instance, data1 value for cluster1(c1) has ID_list denoting the list of ID values of reads merged 

in cluster 1, while other BAM field values doesn’t have ‘_list’ suffix attached because they have exactly same value 

for the merged read group. Thus, ‘_list’ suffix denotes that the associated field has different values for that merged 

read group. Also, note that for cluster 3, data1 has no merged read (see step20) and every read is published separately 

due to low similarity. So, it is desirable to have fewer reads assigned to cluster 3 to have maximum storage reduction 

for a BAM file, but it again depends upon the reads and their field values. 
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Fig-5: Clustering process during Insertion of BAM file 

b) Maintaining Genomic Coverage Information 

After the insertion process is completed, the insertion procedure collects an additional data about the range of 

genomic locations covered in genomic data stored on blockchain. Table 1 shows the metadata maintained for a sample 

BAM file stored on-chain. This information helps in optimizing data storage in future by providing information about 

the genomic locations for which sequencing information is already available on-chain for a user. It would help in 

deciding whether the new BAM file should be completely stored on-chain for the same individual. In such cases, only 

those genomic reads can be stored on blockchain which contains uncovered genomic information or genomic locations 

for which the sequencing information has changed with respect to reference genome. For instance, the genomic region 

of Chr1 covered in File1.bam can be avoided when File2.bam is stored on blockchain since there is no change in 

sequencing information for Chr1. 

Table-1: Summary of genomic locations covered on-chain 

File name Total Reads Read length Genomic location covered 

(chromosome-wise) 

File1.bam 100,000 150 'Chr': {1: ['56994629-

57409724']} 

File2.bam 1000,000 150 Chr': {1: ['56994629-

58546724'],  
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           2: ['140231275-

142132457'],  

           3: ['75906529-

77649964'] 

          } 

5.3 Querying Data Streams 

Different API commands are available in multichain for querying data streams. The ‘liststreamkeyitems’ 

method is used in this work to load complete stream data for evaluating query performance. Algorithm 4 describes the 

steps for fetching reads for a query string. First, identify the list of streams which may contain the reads covering the 

queried genomic location (QueryString) followed by declaration of result_df, a python dataframe to store the results. 

Then, fetch data from every stream available in stream list ‘streams’ (steps 3, 4). 

Algorithm 4: Querying Data streams 

ref_genome: reference genome for mapping reads 

Sample QueryString: chromosome: genomic location   

 

Procedure QueryRead (QueryString, ref_genome, ChainName) 

// identify streams 

identify streams as per genomic locations in Querystring 

declare dataframe result_df 

for each stream in streams do 

    data=call multichain-cli ChainName ‘liststreamkeyitems’ stream 

    for each item in data do 

        data=extract ‘data’ field from item 

        prime_string=extract ‘common’ field value from data 

        non_prime_df=extract ‘other’ field values from data 

        pos= extract POS field value from prime_string 

        if pos is in QueryString then           

            identify cluster type 

            RS=extract BAM field values for read(s) from prime_string as per cluster type 

            //construct original value for SEQ, QUAL for read set (RS) 

            R=construct single read or multiple reads by mapping RS and non_prime_df as per  

                 cluster type 

            add R to result_df 

        end if 

    end for 

end for 

return result_df 
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Now, for every item in fetched data, extract prime and non-prime BAM attributes from data field of fetched 

data items using reverse logic of clustering approach used during insertion process (steps 5 to 8). In the next step, POS 

field value (pos) is extracted from prime fields and compared against QueryString to filter reads matching the queried 

genomic locations (steps 9,10). Then, for all matched read items extract BAM fields and construct reads (R) by 

associating prime and non-prime BAM fields as per cluster type (steps 11 to 13). Finally, add the reads R to result_df, 

a python dataframe which allows complex queries on multiple BAM fields with ‘and’ and ‘or’ operations. Figure 6 

shows the sample genomic data published on stream. 

 

Fig-6: Sample output 

The next section discusses the results obtained after implementing above discussed algorithms for storing and 

querying genomic data on multichain blockchain.   

6. Results and Discussion 

To evaluate the efficacy of above discussed methodology of clustering genomic data for optimizing storage, 

python3 language is used to implement code on multichain platform.  The experiment is performed on node having 

specifications comprising of Intel(R) Core(TM) i7-8665U CPU, 16 GB of RAM and 1TB of HDD with Ubuntu 20.04 

LTS OS and Multichain 2.0.6. 

Table-2: List of key parameters 

Parameter Value 

No. of Chromosome 25 

Stream size  10000000 reads 

Default read length 100 

Max. key length 256 bytes 

For evaluating the performance of the proposed storage approach, it is compared against the storage method 

used in [22], since until now it is the only relevant research work available to store genomic data on-chain. In order to 

have true comparison, the proposed approach is tested under similar conditions, parameters, and datasets, as used for 

simulating the work in [22]. For a comprehensive evaluation and comparison, different queries based on POS values, 

covering both single genomic locations and ranges of genomic locations, were executed on datasets of varying sizes 

using both the proposed approach and SAMchain approach [22]. Table 2 shows the list of key parameters affecting 

storage and query performance. 

6.1 Analysing Insertion process 

This sub-section discusses the impact of proposed attribute-based clustering inspired storage method on 

insertion process for storing BAM file on blockchain. The impact on time and memory (RAM) requirement during 

insertion process is discussed below. 

a) Analysing Time and RAM usage during Inserting data in Streams  
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(a) 

 

(b) 

Fig-7: Impact on Time and Memory requirement during insertion process 

Figure 7 depcits the impact of the proposed clustering based storage method and SAMchain on time and 

memory requirements during insertion process in blockchain. The performance of the system can be studied for 

different file sizes (in terms of read count) to avoid biasness of any kind. It is clear from the Fig. 7a that insert time 

increases drastically as the file size increases and this increase is even more for  GenoChain because of the additional 

overhead of processing clusters for storing BAM reads. Since, it is a one time process, the increased insertion time is 

acceptable, given the long-term availability of the genomic data 

It has been observed that the memory requirement is uniform for different file sizes, as depicted in Fig. 7b. The 

reason behind higher memory requirement for ClustChain chain compared to SAMchain is primarily due to the 

clustering process, which requires storing of multiple reads in memory at the same time for a particular genomic 

location. Whereas SAMchain process one genomic read at a time, resulting in lowe memory consumption. Although 

the clustering process demands additional memory overhead, this trade-off is manageable because it can reduce the 

overall storage requirement of genomic data, as discussed in the next section. 
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(a) 
 

(b) 

Fig-8: Impact on disk storage after insertion process 

b) Analyzing Disk Storage after Insertion  Process 

The impact on disk storage for SAMchain and ClustChain is analyzed in terms of total chain size. Figure 8a 

indicates a lower disk storage requirement with increasing file size for ClustChain as compared to SAMchain. Table 

3 shows the reduction in storage requirement by ClustChain against SAMchain. The clustering process groups 

genomic reads at 3 different levels of similarity to avoid redundancy in genomic data stored. The size of these clusters 

for a dataset completely depends upon the genomic reads available in the dataset. The reduction in storage will be 

higher when majority of the reads are grouped in cluster 1 or cluster 2. On the other hand, if majority of the reads are 

assigned to cluster 3 or remains unmapped, then reduction in storage will be lower.  Figure 8b shows a comprehensive 

view of the clusters size in terms of data items. It is clear from figure 6b that majority of the reads are assigned to 

cluster 3 for file sizes of 100k and 1000k. Consequently, a lower storage reduction is achieved than expected for the 

sample BAM file used in this experiment. Therefore, the effectiveness of the proposed storage optimization approach 

is strongly influenced by the distribution of reads across different cluster types,  impacting storage reduction according 

to the number of reads assigned to a cluster type. 

Table-3: Reduction in Storage Requirement 

Read Count SAMchain ClustChain % Reduction in Storage 

Requirement 

10k 34.2 MB 28 MB 18 

100k 235 MB 188.4 MB 20 

1000k 2300 MB 1800 MB 22 

c) Analyzing Wallet Size after Insertion 

10k 100k 1000k

ClustChain 28 188.4 1800

SAMchain 34.2 235 2300
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Fig-9: Analysis of Wallet Size after Insertion 

Figure 9 shows the impact on wallet size for different number of reads in a file. Typically, a wallet contains 

keys, transaction records, transactional metadata, UTXOs, indexes, and references to other components. It can be 

observed that the  wallet size of ClustChain is lower than SAMchain. The clustering mechanism utilized by the 

proposed approach reduces the number of API calls and transactions to record genomic data on blockchain. This leads 

to reduced transaction metadata in the wallet, resulting in lower transactional overhead  and better scalability. Table 

4 summarizes the performance analysis of the proposed approach against SAM for insertion process. 

Table-4: Summary of Performance Analysis for Insertion Process 

Metric SAMchain ClustChain 

Stream items Very high Lower 

Transactions Very high Lower 

Wallet records Higher Lower 

Chain Size Higher Lower 

Memory Usage Lower Higher 

Blockchain growth Higher Lower 

6.2 Analysing Query Performance 

This section discusses the impact of the proposed storage method on query performance in comparison to 

SAMchain. To analyse the query performance, different genomic locations (single or range) have been included in 

query covering varying size of result set. The query performance is studied from two perspectives namely, stream load 

time and query time. 

a) Impact on Stream Loading 

The stream size plays a major role in query processing time since it directly impacts the first step of query 

processing that is, stream loading. Stream loading refers to fetching data from identified streams as per queried 

genomic location. Every stream represents a range of genomic locations mapped.  When a genomic location is queried, 

the related stream is completely loaded in memory. If other adjacent streams, basically previous streams as per 

ordering of genomic location range mapped to them, also covers the queried location in their sequencing field (SEQ), 

then those streams can be loaded partially that is, load only those reads that can cover the queried locations. So, the 

larger is stream size, the more time it will take to load stream data which ultimately increases total query time. The 

impact of stream size, representing number of read stored, on the stream load time can be observed in table 5. From 
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the observations in table 5, it is clear that increasing stream size (or read count) increases stream load time for 

SAMchain and decreases stream load time for ClustChain because of reduced size of data (clustered data) stored on 

ClustChain. 

Table-5: Summary of stream load time and loaded items size for different stream size. 

Read Count/ stream 

size 
Stream Load Time Size of Loaded Items 

 SAMchain GenoChain SAMchain GenoChain 

10k 0.982388 0.581613 87616 43032 

100k 10.00838 14.2151 824512 824456 

1000k 71.97773 53.04575 3041880 3012896 

b) Impact on Query Time 

 

(a) 

 

(b) 

Fig-10: Impact on total query time for different stream size (read count) 

This section analyses the impact of proposed method of clustering BAM reads on query performance. To 

produce same result as obtained by querying SAMchain which has stored each BAM reads as a single transaction and 

without any compression and clustering of multiple reads, the query method used for querying ClustChain need to de-

cluster or decompress fields (eg: COMQUAL or MODSEQ) wherever required as per the fetched data from streams. 

Figure 10 depicts the increase in total query time for different stream size or read counts in case of ClustChain as 

compared to SAMchain. The main reason behind increased query time is primarily due to the de-clustering process 

for extracting original single reads from the cluster and decompression of few fields (SEQ, QUAL). It has been 

observed that as the result set size increases, shown along with query name, for instance Q1(~5)), query time also 

increases. The query method used in the proposed method follows the similar steps as followed in SAMchain [22] 

producing complete genomic reads, but clustering and compression techniques used in proposed approaches increases 

query time. So, there is a need to design an effective query method which can retrieve desired results in less time or 

atleast similar to query time of SAMchain for specific circumstances. 

Also, from the above observation, it can be inferred that both stream size and result set size impacts query time. 

Generally, the requirement of whether stream is completely or partially loaded depends upon the queried location, the 

larger stream size increases both stream load time and search space which in turn increases query time. The result set 

size can also increase query time depending upon query type (single or range). However, there is an additional benefit 

0

50

100

150

200

250

300

T
O

T
A

L
 Q

U
E

R
Y

 T
IM

E
 (

S
E

C
)

QUERIES

100K READS

SAMchain

ClustChain

0

100

200

300

400

500

600

700

T
O

T
A

L
 Q

U
E

R
Y

 T
IM

E
 (

S
E

C
)

QUERIES

1000K READS

SAMchain

ClustChain



 

1456 

of allowing multi-attribute queries in the query method implemented in the proposed approach because resultant reads 

are stored in a dataframe. 

 

Fig-11: Sample output for a query 

8. Conclusion 

The proposed method reveals a significant improvement in storage requirement as the BAM file size increases.  

The findings of the paper reveal a significant improvement in storage requirement as the BAM file size increases. But 

it leads to an increase in data access time due to processing overhead caused by clustering method. In summary, there 

is a trade-off between time and memory requirement for managing genomic data on blockchain. As observed in the 

implemented blockchain based clustering approach, reducing disk storage can impact both memory and query time 

for processing BAM data on blockchain. But still the proposed approach is effective for memory-efficient applications. 

The increased query time due to de-clustering process, provides a future scope to optimize data query speed according 

to the queried genomic locations while taking advantage of both reduced storage requirement and stream load time. 

Further, for queries spanning multiple data streams, parallel processing methodology can be utilized to reduce total 

query time.  
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