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Abstract

:

The biomedical field entered the era of “big data” years ago, and a lot of software is being developed to tackle the analysis problems brought on by big data. However, very few programs focus on providing a solid foundation for file systems of biomedical big data. Since file systems are a key prerequisite for efficient big data utilization, the absence of specialized biomedical big data file systems makes it difficult to optimize storage, accelerate analysis, and enrich functionality, resulting in inefficiency. Here we present F3BFS, a functional, fundamental, and future-oriented distributed file system, specially designed for various kinds of biomedical data. F3BFS makes it possible to boost existing software’s performance without modifying its main algorithms by transmitting raw datasets from generic file systems. Further, F3BFS has various built-in features to help researchers manage biology datasets more efficiently and productively, including metadata management, fuzzy search, automatic backup, transparent compression, etc.
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1. Introduction


The advancements in high-throughput sequencing and many other related technologies are providing a faster and cheaper way to profile the biology system. Biomedical data accumulates at an unprecedented rate, even faster than Moore’s Law [1], undoubtedly pushing biology into the era of big data. Biomedical big data is characterized by its huge volume size, diverse data types, and heterogeneity in its complex structure, challenging most of the data utilization procedures, such as data storage, transmission, and analysis. Many attempts [2,3,4] have been made to accelerate biology big data analysis, including developing new algorithms to adopt cloud-based program frameworks or utilizing deep learning technologies.



However, the file system, as well as the efficient analysis software, is crucial for maximizing the value of big data. Compared to the analysis research and their relevant tools development, the underlying file system on which the raw datasets and analysis results are stored has seldom been studied and customized to fulfill the special requirements of biology. Currently, researchers mainly use two kinds of file systems to manage their biology data [5,6]: local file systems and distributed file systems. For personal or small lab usage, a local file system constructed by several local storage devices is a convenient solution, such as Ext4 (https://ext4.wiki.kernel.org/ (accessed on 21 September 2022)), XFS (http://xfs.org/ (accessed on 21 September 2022)), etc. The major disadvantages of local file systems are their limitation of overall storage capacity and low scalability, since the number of usable disks is constrained by local computers and once the local file system is set up and formatted, it is not easy to add more disks to the original file system. For the demand of a robust file system with better performance for big data, a more popular solution is the generic distributed file system [7], such as GlusterFS (https://github.com/gluster/glusterfs (accessed on 21 September 2022)), CephFS (https://docs.ceph.com/ (accessed on 21 September 2022)), etc. A distributed file system is usually constructed by connecting disks installed in multiple server nodes together, so the capacity and scalability is no longer a problem, however the network communication overhead decreases the speed and latency of read/write operations.



Moreover, besides the disadvantages above, since most existing file systems only provide general purpose storage platforms for generic datasets and are not specially designed for biomedical big data, they inevitably behave poorly in the following main aspects. Firstly, the generic file systems have not been optimized for the unique characteristics of biology big data, such as high repeatability, limited representation forms, and a relatively fixed file format, etc. Secondly, due to the complicated architecture of generic software, it is very hard to integrate more specialized features into the existing file systems [8]. Last but not least, they lack the built-in functionality to perform basic routine tasks related to biological data maintenance, such as sequence search, metadata management, and transparent compression. Some notable attempts have been made, such as openBIS [6], OMERO [5], relzfs [9], and FASTAFS [10], but the problems above are still unresolved: openBIS tends to provide a smart WEB GUI interface to collect and analysis data from lab experiment; OMERO is mainly focused on image data; relzfs is only a prototype of auto compression filesystem; FASTAFS is only suitable for data in FASTA format.



Here, we present F3BFS, an integrated file system dedicated to biology big data, featuring functional built-in utilities, fundamental infrastructure, and future-oriented architecture. F3BFS is suggested to be able to greatly reduce the tedious routine workload of the data repository maintainer and increase the efficiency of the researchers.




2. Methods


2.1. Optimization for Biomedical Big Data


In contrast to the general purpose distributed file system, F3BFS has been optimized for the management of biological big data in numerous ways. Since it is extremely difficult to improve all aspects of a file system, it should be mentioned that all these optimizations for biomedical big data come with a price. As an example, sequential reading of large datasets are designed to have a performance boost, while consuming more system resources and decreasing the performance of other IO types. Generally, F3BFS is recommended only for biomedical big data storage, and, when used for this purpose, it offers the best performance and usability.



The main optimization directions for this project are to improve the IO performance as well as the usability of the file system. According to related surveys [11,12], in most cases, biomedical data storage is typically characterized by the following commonalities and, accordingly, the specific measures for optimizations are:




	
The majority of IO operations are read—especially sequential read—not write. Therefore, when designing the F3BFS overall architecture and underlying data structure, we prioritize improving read performance while sacrificing some write performance. As a result, the read operations of the cluster are greatly accelerated, and the architecture of F3BFS is simplified as it does not require advanced data write features such as copy-on-write or write-ahead logging;



	
A biomedical data file typically contains more metadata, which is needed to be queried frequently, such as, e.g., the species it belongs to, the sequence technology, etc. As such, we automate the extraction of metadata from data files and save it to a centralized database when the data is uploaded to F3BFS;



	
As there are only a few types of common biomedical datasets, more targeted optimizations can be made. For example, we intentionally design an additional layer of a file system to integrate functional utilities, which we call the peripheral layer.









2.2. Content Aware Chunking


For most file systems, the whole content of a file is not stored continuously in a storage device; they are first spliced into much smaller pieces than have actually been saved. It is often used to refer to the small pieces of spliced data as chunks, and the chunking algorithm determines how the whole dataset is to be spliced. Since general purpose file systems need to balance the IO performance of all data types, they usually tend to keep the chunk size at a fixed length.



F3BFS, however, does not benefit from chunks with a fixed length. For biomedical data, the most commonly seen file types are various kinds of sequence files, such as DNA, RNA, protein, and short reads produced by next-generation sequencing technology. Normally, a sequence file contains many short sequences that are separated by lines prefixed with some markers, such as “>”. Many bioinformatics applications require reading at least one short sequence to function. Obviously, chunking the sequence file into short sequences as chunks is the simplest way to improve the read performance for bioinformatics applications.



In light of the above ideas and based on content-defined chunking (CDC) [13], we propose the content aware chunking (CAC) algorithm, which plays an important role in the read operation acceleration and provides high quality transparent compression. The major difference between CDC and CAC is that CAC not only takes care of rolling hashes of sibling sliding windows, but also considers the context of cut points, for example the natural gap between sequences, the mate-pair reads information, etc.




2.3. Transparent Compression


The compression encoder in F3BFS allows the user to store files in a compressed form, and the decompression procedure is totally transparent to applications that need to read the data in the cluster, which means the reader application will automatically get the uncompressed data without having to alter its code. The underlying compression algorithm is relative lempel-ziv (RLZ) [14], which is a high quality compression algorithm for biology sequence files and allows for fast access to arbitrary parts of the sequence file with a very slight space overhead. Since the original author of RLZ has not provided a reference code project, we have to implement RLZ with suffix array algorithm [15], inspired by the related work in Ref. [9].




2.4. Metadata as Extended Attributes


As described in the Section 1, biomedical datasets often have various inline metadata (that hold in file content), and without these data, the whole dataset is meaningless. In most cases, traditional storage solutions require opening the entire file in order to read inline metadata, which is rather time-consuming. Moreover, the metadata is frequently queried.



F3BFS dumps inline metadata from file content to a fast key-value database, RocksDB, to improve metadata querying performance. With this change, most metadata query operations are expected to be redirected to RocksDB, greatly reducing the IO workload of the storage cluster and improving query speed. Upon the mounted file system of the F3BFS, all metadata is exposed using the standard xattr kernel extension.



Furthermore, we implement metadata fuzzy search, which allows users to search for files with a specific metadata pattern. When researchers need to explore a large data repository stored in F3BFS, this feature is extremely helpful. This implementation relies primarily on an open-source library named fuzzy-matcher (https://github.com/lotabout/fuzzy-matcher (accessed on 21 September 2022)).





3. Implementation


The overall architecture of F3BFS is mainly composed of three layers (Figure 1): storage layer, access layer, and peripheral layer. Considering the high requirement of runtime performance, development efficiency and system robustness, the core components of F3BFS are mainly implemented in Rust, which is a static low-level programming language. Since it relies on some features provided by Linux kernel, currently F3BFS, it only supports Linux OS with kernel version ≥5.10. We plan to migrate F3BFS to UNIX (such as FreeBSD) in future. Additionally, F3BFS also has a simple Web GUI console and HTTP REST API binding for convenient usage.



3.1. Storage Layer


As part of the F3BFS architecture, the storage layer is deployed on the controller, secondary controller, and storage nodes, containing the core components of F3BFS. Unlike other nodes in the cluster, the controller node does not actually store the user data, but instead stores the cluster’s metadata. As a redundant copy of the main controller, the secondary controller can be used for high availability purposes. If the main controller node goes down for whatever reason, the secondary controller will step in and continue to serve the cluster until the main controller is fixed.



The rest of the nodes in the cluster, apart from the controller and secondary controller, serve as the storage nodes, and are thus responsible for storing the chunked user data. To be noted, in order to keep the simplicity of the overall architecture, although F3BFS provides high availability of the controller node, it does not have a mechanism to guarantee the data safety in the storage node. As a consequence, it is recommended that users create RAID volumes and use those volumes as the datastore of the storage node.



3.1.1. Metadata Database


This metadata database contains the attributes of the files that are stored in the cluster. Basic metadata can be categorized into three main types: directory entry, inode, and chunk tag, for example, the file name, the file length, the creation date, the change date, the access date, the permission information, etc. In addition to the basic attributes described above, F3BFS also supports the setting of extended attributes (xattr) for files, for example, the file type, species or tissue type, sample time, etc.



A cluster’s performance depends heavily on the performance of the metadata database since the file metadata is frequently accessed. In order to speed up the metadata database read/write operations and maintain the reliability at the same time, F3BFS use RocksDB (http://rocksdb.org/ (accessed on 21 September 2022)) as its metadata database backend engine. Known for its high performance and optimization for fast storage (such as NAND storage), RocksDB is a popular NOSQL database that is widely used to store key-value pairs.




3.1.2. Nodes Coordinator


All nodes in a cluster, except the controller node, must maintain an active TCP connection with the nodes coordinator process and periodically report its internal state for the coordinator. The node internal state mainly includes the CPU and RAM utilization, block device health, and storage usage, etc.



By querying the nodes coordinator, F3BFS will be able to ensure that the workload is balanced between the nodes, kick out the node that has failed from the cluster at the earliest opportunity, and send a health warning to the cluster administrator. All data held by node coordinator is stored in RAM and is logged to the file system at a predetermined interval of time.




3.1.3. Data Router


It is expected that all data inflows and outflows will pass through the data router on the controller node. The data router transforms raw data, chunks it, and dispatches the chunks to different storage nodes. A diagram of the upload data flow in F3BFS is shown in Figure 2, and the download process is quite the opposite.



When a user performs an upload operation, the uploaded data will first be processed by the encoder chain consisting of a series of encoders. Encoders take the output of previous encoders in a chain as their input, and convert the input data into their output, which is the input of the next encoder. A F3BFS encoder allows F3BFS to achieve a wide range of features, such as transparent compression, automatic extraction of sequence metadata, automatic creation of BLAST alignment databases, etc. Through the processing of the encoder chain, the raw uploaded data is finally transformed into the internal stored format.



The mechanism of the encoder and decoder makes it easier for researchers to add their own functions. F3BFS is designed to be extensible by mechanism. Since biomedical analysis is developing very fast, this mechanism is very important to prevent F3BFS from becoming obsolete. The encoders and decoders in chain are highly configurable. By default, F3BFS only enable the compression encoder. Other available encoders are shown in Table 1. Each encoder has a corresponding decoder, which has the opposite function and is responsible for retrieving the original data from the internal stored format.



Chunking is a method of dividing large files into smaller files—called chunks. For the purpose of data deduplication, achieving better compression quality and improving the parallelism, the output data of the encoder chain will then be chunked into smaller chunks by using the content aware chunking (CAC) algorithm. In order to ensure that chunks can be properly recreated when the user requests to retrieve the file, the data router will send chunk information to the metadata database once it confirms that the uploaded data has been successfully stored in the cluster.



As a final step, the data router will utilize the hash function to determine which storage nodes are being used to store the chunks. Specifically, the hash function is used to resolve the target storage node to which the chunk will be sent to and stored on. In order to transmit data between the data router and the storage node more efficiently, F3BFS will make use of remote-direct-memory-access (RDMA) whenever it is possible to do so, given that the underlying network hardware supports it. Network communication within a data center can be enhanced through the use of RDMA, which provides low-latency network communication.




3.1.4. Local Data Gateway


It is necessary to install a local data gateway on each storage node in order to exchange data with the data router and to report the node state to the nodes coordinator on the controller node. When a local data gateway receives the chunk data from the data router, it will serialize the data into a block device. It is also the local data gateway’s responsibility to read the chunk data from the block device and send it to the data router when it receives the chunk retrieval request.



Notably, the local data gateway does not have the ability to do data striping. It is possible for the user to create RAID volumes manually for their local data gateway in order to have data safety and to assure read/write performance.





3.2. Access Layer


Via the access layer, users can visit the data stored on F3BFS, and administrate the cluster itself. There are three ways to access your stored data in F3BFS: via the web console, through the FUSE mount point, and directly through the API.



3.2.1. Web Console


The most convenient way to access F3BFS is by using the web console, which is typically hosted in a web browser. Through the web console, users can manage stored data, upload new datasets, manage the F3BFS cluster, and perform routine cluster maintenance tasks.



There are, however, some limitations of the data accessing feature in the web console, restricted by the capabilities of the web browser. For example, users cannot upload a dataset larger than 500 MB or a download dataset larger than 5 GB to a cluster in a web console, and the IO speed is also limited to 1 MB per second. Therefore, we only recommend that users perform lightweight tasks via the web console.




3.2.2. FUSE Mount Point


FUSE, also known as file system in user space, is a software library for computer operating systems that allows non-privileged users to create their own file systems without having to probe kernel modules. By supporting FUSE, F3BFS enables users to easily mount their cluster on an existing file system and access the stored data just like a normal file, whether that is on Linux, Windows, or macOS.



The access to data with a FUSE mount point is convenient, but in comparison to F3BFS APIs, the performance is a bit slower, since the FUSE operations need to be transcoded to use the F3BFS APIs. Essentially, the most significant role played by FUSE is that it enables the traditional applications to connect to the F3BFS cluster without altering their existing source code to adopt F3BFS API.




3.2.3. API


A set of POSIX-like file system APIs are provided for programmers by F3BFS as part of its product package. When it comes to programs developed by users of file systems, the most convenient and efficient way to communicate with F3BFS is through the bundled APIs. Currently, F3BFS provides two kinds of APIs (Figure 3): Rust language API and HTTP REST API.



For programs implemented with C or C++ language, they will be able to easily invoke Rust language API via Rust FFI module. However, for programs implemented with other languages, they will need to make use of HTTP REST API in order to access F3BFS, sacrificing some performance at runtime. We plan to offer more API bindings for other commonly used programming languages in the next release.



Compared to the web console and FUSE mount, API bindings are more efficient and generally have better runtime performance in some kinds of workloads, for example, small files read, random read, and file delete [19]. We recommend that programmers use these API bindings in their newly developed programs, rather than the traditional POSIX APIs, for optimal performance.





3.3. Peripheral Layer


As F3BFS is dedicated to managing biomedical datasets, it offers many advantages over general-purpose distributed file systems, including the fact that it integrates a wide range of commonly used functional utilities in its peripheral layer. In addition, it should be noted that the majority of utilities (Table 2) in the peripheral layer are ported from mature bioinformatics tools.



F3BFS provides a very convenient way for third-party utilities to integrate with it. There are a few steps that users have to follow if they want to integrate a third-party utility into F3BFS: (1) rewrite the IO operations with F3BFS API; (2) rename the compiled binary with the fixed prefix “f3u-”, and put all required files of this utility into the particular directory; (3) write a configuration file to tell F3BFS the basic information of this utility and how to launch it.



There are several useful cluster maintenance tools that are available as part of the peripheral layer in addition to the bioinformatics utilities, such as, bulk backup tool, cluster health monitor, data scrub tool, etc. As far as security issues are concerned, these tools are only available to cluster administrators.





4. Evaluation


In this section, the IO performance of F3BFS at runtime and its functional utilities are evaluated. The comparison of the performance, including the latency and throughput, is carried out with Ceph (version 15.2) and XFS (version 5.18), two general-purpose file systems. Ceph is a widely used distributed file system, while XFS is a local file system. Since local file systems do not need to communicate with the network, unlike distributed file systems, they generally have better performance when the data stored is not too large, so we use XFS as the baseline standard in performance evaluation.



4.1. Experimental Setup


There are 18 nodes in the experimental cluster, all of which have the same configuration of hardware: Intel(R) Xeon(R) CPU E5-2640 v4, 128GB RAM, and 6 × 2 TB solid state disks (SSD). Note that all disks are run in raw disk mode and not in RAID mode. All the nodes are connected by the bonding interface composed of two 10 GB network connections. The client node is connected to the cluster controller node by a 10 GB network connection. The operating system for all nodes is Arch Linux with kernel version 5.18.9.



The Ceph and F3BFS clusters in our experiment are all composed of six nodes and one client node each. For XFS, only one node is allocated and only one 4 GB HDD is used. The storage engine of Ceph in this case is BlueStore, and the messenger type is async + posix. Since the Ceph file system does not not support RDMA, it has to be configured to use the TCP/IP network stack.



We take the general data workload generation method as PolarFS [29]. The variety of workloads in the experiment are generated using FIO (https://github.com/axboe/fio (accessed on 21 September 2022)), with different I/O request sizes and parallelism levels. Prior to evaluating the performance, the test files are created by FIO and then extended to the 10G. For biomedical sequence workload, we use the dataset (the dataset accession numbers in Genome Warehouse database are GWHANVS00000000, GCA_000966675.1, GCA_000411955.5, GWHAOTW00000000, and GWHANRF00000000) downloaded from Genome Warehouse [30].




4.2. Throughput


Throughput performance is measured by input/output operations per second (IOPS) and input/output sequences per second (IOSPS), where IOPS measures general data storage performance and IOSPS measures biomedical sequence storage performance.



4.2.1. IOPS


Figure 4 shows the IOPS of three file systems with a different number of concurrent tasks being executed. With a small number of concurrent jobs, the local file system XFS always performs the best, since it only requires one disk and thus its main performance bottleneck is the local disk IOPS. The sequential reading IOPS of XFS drops dramatically with the number of clients increasing to 2, most likely due to the built-in DRAM buffer of SSD and its prefetch cache technique. If the firmware receives a sequential read workload request, it will prefetch the subsequent data blocks into its DRAM as cache. This evaluation result is also reported by other work [29].



In general, for sequential read/write, they are scalable until they reach their limit due to the I/O bottleneck, but CephFS’ bottleneck is its software, as it cannot saturate the disk I/O bandwidth. F3BFS has some advantages in this regard, particularly in cases where there is a high concurrent workload on the file system. For random read/write, both distributed file systems have certain disadvantages compared to the local file system XFS. This is due to the fact that the data is chunked and stored on multiple devices, requiring more time for the chunk addressing and network communications. Nevertheless, we can still observe that F3BFS performs slightly better than Ceph in terms of random read speeds.



For the requirement of increasing data read performance, F3BFS is intentionally designed for having poor random write performance, as shown in Figure 4d. However, this issue is not real a major flaw, because for biomedical big data analyses, most kinds of raw data are collected from biology experiment and are generally not modified after being written, thus often making the reading speed of the data more important than its writing speed. For this reason, we believe it is worthwhile to sacrifice a small amount of random write performance in exchange for a significant increase in read performance.




4.2.2. IOPS Latency


Latency is the time between a user issuing a request and of the system receiving a response. From the perspective of a file system, latency can be used to measure the time it takes to complete a single I/O request. In this section, we evaluate I/O latencies for reading or writing 64 KB transfer sizes. Since the local file system XFS does not require a network connection to transfer data, it naturally has the lowest latency performance. From the results shown in Figure 5, it is proven that F3BFS has a lower and more stable I/O latency than Ceph.




4.2.3. Sequence Throughput


Sequence throughput can be measured by the total number of input/output sequence per seconds, denoted as IOSPS. By evaluating the IOSPS, we can examine the more realistic performance of each file system for biological big data processing. When preparing the feeding data for test, sequences that are too long or too short will be filtered out, and only sequences of appropriate length (from 5 kilobase to 10 kilobase) will be kept to ensure the fairness of testing. Since the sequence will be treated by F3BFS as a logical whole when it is stored, there will no longer be a noteworthy distinction between random and sequential read/write in this test.



As shown in Figure 6, the speed of both reading and writing scales as well as the number of concurrent jobs increases. F3BFS, even with its network transmission overload, is much faster than local disk file system XFS when it comes to sequence read speed. By comparing Figure 4c with Figure 6a, we can see that the random write performance is low, but it does not affect the sequence write performance, which is more common for biomedical data storage.





4.3. Scalability


In parallel computing, scalability refers to a parallel system’s ability to adjust its performance and costs according to changes in application and system requirements. The speedup [31] of an system is often used as a measure of its scalability. In this section, F3BFS and Ceph are compared for their IO throughput speedups, which can be roughly calculated as the following equation:


  S =   T n   T 1    



(1)




where S is the I/O throughput speedup,   T 1   is the I/O throughput when there is only one data storage and   T n   is the I/O throughput when the data storage node numbers increase to n.



It is theoretically possible for the speedup of the system to increase linearly with the number of nodes if it is designed very carefully, which is called linear speedup. For most parallel systems, their ultimate optimization goal is to make its speedup curve converge to the linear speedup curve.



Figure 7 shows the sequential read/write throughput speedup of F3BFS and Ceph, in which the dashed line represents the linear speedup curve. The feeding dataset is biology sequences, which is the same as the dataset used in the throughput evaluation. For both read and write throughput, F3BFS generally performs better than Ceph. Especially noteworthy, as shown in Figure 7b, is that the speedup is converged to about 920 MB after the number of storage nodes reaches 11 because the read throughput reaches the upper limit of the network bandwidth (10 GB) at this point. At this time, the speedup is currently restricted by the network rather than F3BFS itself.





5. Conclusions


F3BFS provides a high performance and feature-rich distributed file system dedicated for biomedical big data. It is recommended for biomedical database administrators, labs that have the need for data storage, and related bioinformatic developers. With the use of F3BFS, researchers will be able to access biomedical datasets and exploit them in a more efficient way. Additionally, the function of F3BFS is open to contributions from other developers, and it can be easily extended through various mechanisms, such as customization of encoders/decoders, extension points of peripheral layers, etc.



There are the two main directions in which we plan to extend F3BFS in future work: (1) Provide the built-in data redundancy mechanism. Currently, it is still required that users deploy storage nodes of F3BFS on RAID volumes. (2) Validate the reliability and performance on a wider range of hardware and network configurations. The data safety and reliability is extremely important for file systems and we have to admit that F3BFS is only validated in server-types of different hardwares. Users are encouraged to report any problems at the issue tracker of the F3BFS project.
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Figure 1. Three layer architecture overview of F3BFS. 
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Figure 2. Data flow during the upload procedure. 
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Figure 3. API bindings provided by F3BFS. 
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Figure 4. IOPS evaluation for sequential and random IO operations, respectively. 
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Figure 5. IOPS read/write latency in F3BFS, XFS, and Ceph. 
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Figure 6. IOSPS evaluation for sequences IO. 
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Figure 7. Data throughput speedups with different cluster nodes. 






Figure 7. Data throughput speedups with different cluster nodes.



[image: Futureinternet 14 00273 g007]







[image: Table] 





Table 1. Available encoders/decoders provided by F3BFS.
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	Encoder/Decoder Name
	Function





	compression [9]
	Transparent compression



	seqmeta [10]
	Sequence metadata extraction



	blastdb [16]
	BLAST database construction



	jbrowse [17]
	JBrowse database construction



	clustal [18]
	Clustal database construction
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Table 2. Some commonly used utilities bundled in the peripheral layer.
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	Utility
	Function





	BLAST [16]
	Basic local alignment search tool



	Clustal Omega [18]
	Multiple sequence alignment program



	SamTools [20]
	Tools for high-throughput sequencing data



	Bedtool [21]
	Genomics analysis toolkit



	BamView [22]
	Display alignments in BAM files



	FastQC [23]
	Quality control tool



	TagCleaner [24]
	Detect and remove tag sequences



	FastUniq [25]
	de novo duplicates removal tool



	Bowtie2 [26]
	Sequencing reads alignment



	HISAT2 [27]
	Sequencing reads mapping tool



	SNVer [28]
	SNP calling
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