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Abstract: Big Data is a well-known buzzword in industry and academics, but there is still much conceptual uncertainty surrounding it, 

making it difficult to understand what it really means. The phrase is used to denote a wide range of concepts, from technology's ability to 

receive, repair, and use information to the cultural transformation that is extensively influencing both industries and societies, both of 

which are drowning in information. Research has gone in a lot of different areas because there is no official definition. This article 

explores the nature of big data, which can come from various fields of science, business, and social activity. It also suggests an improved 

big data definition that contains the following elements: Aspects of large data include facilities, safety, data infrastructure, data concepts, 

and data architectures. This article talks about the paradigm change in big data operations from traditional host- or service-oriented 

design to data-centric architecture. The Big Data Architecture Framework (BDAF), which is proposed to handle every area of the Big 

Data Ecosystem, is made up of the following components. As a result, the analysis of big data is currently the subject of study and 

development. Examining the possible effects of big data challenges, unanswered research problems, and related tools is the primary 

objective of this work. Thus, this paper provides a paradigm for investigating big data at different stages. Academics now have novel 

possibilities to develop the solution as a result of the difficulties and open research problems. 

Keywords: Unstructured data, Big Data Architecture Framework (BDAF), Ecosystem, bid data technology. 

1. Introduction 

Big data analysis is at the heart of contemporary research 

and business. These data are generated by chats on social 

networking sites, scientific data, sensors, communications, 

visit waterways, records, announcements, pictures, speech, 

photographs, and other transactions via the internet as well 

as by handheld devices and apps, click rivers, records, and 

searches. They are stored in databases, which grow 

dramatically over time and become more and harder to 

collect, arrange, oversee, share, analyze, 

and visualize using conventional database software 

technologies [1]. Because it is heterogeneous, 

unstructured, and inconsistent and comes from various 

sources, this data necessitates extensive storage and 

effective processing capabilities. Big data's most crucial 

component is value, which is the process of extracting 

enormously valuable hidden information from massive 

datasets of diverse types that are produced quickly. Due to 

the information that big data contains—information that is 

not present in small-sized data—we are able to make 

informed decisions from both structured and unstructured 

data. There are numerous applications for big data skills in 

figure 1.1. 

The Emotional Face of Big Data, a global initiative that 

centers on the real-time collection, visualization, and 

analysis of massive amounts of data, was completed in 

2012. Numerous statistics are derived following this media 

initiative. Facebook boasts 955 million monthly active 

users who use 70 different languages, 140 billion 

photographs that have been posted, 125 billion friend 

relationships, 30 billion pieces of content that have been 

submitted every day, and 2.7 billion remarks and likes. 48 

hours of videos are posted to YouTube every minute, and 4 

billion views are made there each day. Google offers a 

wide range of services, monitoring 7.2 billion pages daily, 

processing 20 petabytes (1015 bytes) of data each day, and 

translating into 66 different languages. More than 140 

million active Twitter users send 1 billion Tweets every 

seven days. There are 571 brand-new websites launched 

each minute of the day. The amount of information will 

grow by 50 times over the next ten years, but the number 

of technologists who can keep up with it will only grow by 

1.5 times. 
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Fig 1.1. Basic Big Data components that make up an infrastructure 

Big data is a crucial component for businesses looking to 

gain a competitive edge,4 as it can aid in the creation of 

new goods and services, the quicker automation of 

strategic and operational decisions, the identification of 

past events and the prediction of future ones, the 

identification of consumer behaviour [3], the direction of 

targeted advertising, the production of greater returns on 

investments, the identification of sales and market 

opportunities, the planning and forecasting of future sales, 

and the increase of manufacturing. 

o Project managers and system builders are assisted 

in implementing big data ecosystems in 

commercial organizations by this novel solution to the 

problem of developing frameworks. 

o Several of the current frameworks employed for 

this goal are covered in the linked literature review on big 

data for business management. 

o The big data project life cycle is covered by the 

methodology component of the suggested framework, 

which also specifies when and how to employ the other 

components. 

The text of the article is as follows: Section II discusses 

important problems, benefits, difficulties, survey findings, 

samples, techniques, and knowledge discovery from huge 

data. The significant security-related issues are reviewed in 

Section III. Big data's advantages, potential drawbacks, 

difficulties, and hurdles are discussed in Section IV. The 

task is concluded in Section V. 

 

2. Literature Review 

Cui, Y., Kara, S., et.al [4] In closing, understanding the 

data needs of manufacturing applications, being aware of 

the strengths and limitations of big data technologies, and 

identifying the gaps can help define future research areas 

and inspire fresh concepts for creative applications. Big 

data in manufacturing is presented holistically in this 

systematic literature review to investigate the potential 

applications for manufacturing. It is conceptual. This 

systematic literature review's framework is composed of 

three levels: information source, big data ecosystem, and 

information users. 

Khalifa, S., et.al [5] The shortage of analytics talent can be 

filled with the help of consumable analytics. By offering 

in-tool support to make analytics easier to design, manage, 

and execute, it is hoped that the talents currently present 

in organizations will have a greater impact. Assistance 

may be static, displaying the same information regardless 

of the dataset being analysed. Users can benefit from static 

support when configuring operations, but not when 

choosing them. Because there are so many analytics 

approaches available, inexperienced analysts frequently 

find them unable to confidently choose the best one and 

must instead resort to time-consuming experimentation. 

Anwar, M. J., et.al [6] With the need for digital 

transformation rising, many companies are turning to smart 

devices to profit from advancements in technology. These 

devices generate enormous amounts of data, which calls 

for real-time processing. Massive data is a word for 
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enormous data collections with massive and varied formats 

that is used to describe them. Big data presents a challenge 

for conventional techniques of storing, analysing, 

and visualization for advanced processing due to its 

inherent nature. Big data has numerous definitions. 

Allam, S. et.al [7] These records must be digitalized for the 

current digital world. In order to respond to new issues, a 

great amount of information must be accurately analyzed. 

This will improve healthcare efficiency while lowering 

costs. The government continues to generate petabytes of 

data each day. It requires tools that make it possible to 

review the massive amounts of data being collected in real 

time. This would help the government provide people with 

amenities that enhance value. By using machine learning 

techniques to understand information structures and 

linkages, big data analytics aids in the discovery of 

advantageous solutions. 

Benhlima, L. et.al [8] Technologies based on big data have 

drawn a lot of attention because they handle large volumes 

of data more successfully than conventional methods. 

Structured, semi-structured, and unstructured information 

are all supported by big data frameworks, which also offer 

several functionalities. Designing predictive models and 

using large data mining tools are examples of those 

features that improve decision-making by choosing 

pertinent data. Stream manufacturing, on the other hand, is 

appropriate for applications that need real-time feedback. 

Through the collection and storage of batches, batch 

processing tries to process a large amount of information 

to provide results. 

Qin, P., Li, W. et.al [9] presents the 

MetaCloudDataStorage strategy, a cloud computing 

security framework. In the Meta cloud centre, data is 

separated and stored at many cloud tiers. Data security is 

the responsibility of the cloud. Data segmentation and the 

real storage's physical details are stored in the Meta cloud 

center. The approach lacks data access security monitoring 

and authentication, and the cloud information is not 

encrypted either. 

Farley, S. S., et.al [10] Since ecology is a diverse field, 

comprehending and incorporating the range of ecological 

data is a first-order big-data challenge. Data systems, 

which here are defined as a collection of data gathered by 

scientists and the accompanying quantitative and 

theoretical structures for understanding these measures, 

can be used to organize ecological information; a data 

system typically consists of several different data kinds. 

Each research community uses a diverse set of data 

systems, has varying degrees of competence, and has made 

varying amounts of past investments in ecoinformatics. 

The scope and nature of big data challenges and their 

associated solutions differ between societies and data 

platforms. 

Kumar, S., et.al [11] In the past two years, forecasting has 

been regarded as one of the major business intelligence 

approaches, but its applications in the real-world reach 

beyond the corporate setting. Among the many methods 

employed in big data analysis, text mining and multimedia 

insights are just two. One of the most significant 

subcategories is predictive analytics, which covers 

statistical methods like data extraction and artificial 

intelligence that use past and present data to create 

forecasts. 

3. Methods and Materials 

Massive Data Analysis 

Recently, the term "Big Data" has been employed to 

encompass datasets that get large enough that they're 

challenging to organize through traditional database 

management platforms [12]. These are collections of 

information that are excessively big for frequently 

employed software tools and storage devices to gather, 

archive, handle, and deal with in a feasible span of time.  

The quantity of data in a single massive data collection 

currently ranges anywhere from a few dozen terabytes 

(TB) to many petabytes (PB). So, a few of the difficulties 

associated with mass data include collecting, preserving, 

seeking, sharing, analyzing, and displaying. Enterprises 

nowadays are looking at immense quantities of meticulous 

data to unearth previously unexplored realities. 

Thus, big data analytics implies the integration of 

advanced analytical techniques into massive data sets. Big 

data sample analytics uncovers and takes advantage of 

organizational transformation. Anyway, controlling a 

greater collection of data becomes more challenging. 

Our commitment is to begin this part by exploring big 

data's characteristics and importance. Naturally, 

massive and more intricate collections of information can 

frequently be examined for business purposes, 

necessitating actual time or near-real-time capabilities; 

subsequently, that ultimately results in a demand for fresh 

information designs, analytical techniques, and 

instruments. As a consequence, the subsequent part will 

dive into more details on big data analytics instruments 

and procedures, beginning with the big preservation and 

management of data and ending with big data analytic 

computation. Ultimately, several of the multiple big data 

analytics that have become more popular as a result of big 

data is show in below figure 3.2. 

Big Data features 

Massive data is information that is so massive, scattered, 

broad, or sensitive to time that it mandates the adoption of 
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novel technology structures, analysis, and equipment for 

the purpose to generate breakthroughs that open up fresh 

sources of economic value. Big data can be summarized as 

the aforementioned three V's, or volume, variety, and 

velocity. The quantity and scope of the information 

provided have been measured by its volume. Velocity is 

the speed at which this information changes or how often it 

is generated. The varied formats and types of info, as well 

as numerous applications and their techniques of analysing 

information will round off the diversity. Big data's most 

significant attribute is data volume. The magnitude of 

massive information in TBs or PBs, as well as the total 

amount of documentation, the transactions, tables, and 

records, may all be evaluated. 

Furthermore, a component that makes massive information 

so important is the fact that it emanates from numerous 

sources than ever prior to, such as clickstreams, logs, and 

social media. Due to the application of these avenues for 

data analytics, common organized information is currently 

mixing semi-structured information with unstructured 

information, such as text and spoken language. This 

section lists AI challenges and links each challenge to a 

particular Big Data component. The dimensions of Big 

Data are depicted in Fig. 3.1, together with the difficulties 

they entail, for further discussion in the following sections.   

 

Fig 3.1. Big Data characteristics and related difficulties 

In addition, to give substantial historical context, 

multidimensional information can be retrieved from a 

warehouse of data. So, in the context of large volumes of 

data, variation is exactly as vital as volume. Big 

information may additionally be defined through its 

velocity or speed. In simple terms, this describes the pace 

of data production or transfer. Streaming data, especially 

gets collected in the moment from web pages, is at the 

cutting edge of big data.  

The inclusion of a fourth V, or veracity, was recently 

debated by specific scholars and institutions. The level of 

accuracy of the data becomes its primary point of veracity. 

As a direct consequence of data inconsistency, unfinished 

business, unclear information, latency, deception, and 

estimations, large-scale information quality has been 

defined as excellent, awful events, or undefined. 

 

Large-Scale Ecosystem 

Although the reality is those databases and Hadoop are the 

major technology and tools for massive information 

statistical analyses and big data processing. That's a broad 

variety of devices to keep, process, observe, and convey 

solutions to the intended applications. Data mining is "an 

all data-related operations, spanning source, goal, and the 

ultimate result demand "fuel," according to Wikipedia.  

The Big Data Ecosystem, which interacts with the 

fluctuating information, theories, and underlying 

equipment across the entire Big Data lifetime, is 

sometimes alluded to as a complicated set of 

interconnected components. We will get into more 

information concerning our goal for the BDE in the 

sections that follow. 
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Fig 3.2. Large Data Lifecycle in the Large Data Ecosystem 

The Big Data Lifecycle Management framework in Figure 

3.2, it was put forth as a result of an analysis of current 

procedures in various academic and commercial 

technology areas [12], reflects the new approach to data 

management and processing that is necessary in the Big 

Data business. 

Big data and data in-depth knowledge and technologies 

model change 

The change in outlook in present e-Science and business 

practices has been rendered achievable by recent 

breakthroughs in ICT overall, cloud computing, and 

technologies for large-scale data. The evolution is 

illustrated by several key features.  

 Digital transformation of present-day artifacts 

alongside additional material, as well as the conversion of 

all procedures, occurrences, and finished goods into 

electronic format using multidimensional, multifaceted 

tests, surveillance, and management. 

 Automation of any information generation, utilization, 

and administration operations, including gathering 

information, preservation, categorization, indexing 

techniques, and additional aspects of wider data 

governance and traceability. 

 Possibility to recycle and redeploy the elementary 

information sets based on model construction for 

secondary and current analysis. 

 International information availability and admission 

throughout the system allow joint research organizations or 

technological professionals, to offer open access to 

knowledge used in manufacturing or science. 

 The readily accessible nature of vital elements and 

administration solutions, allows rapid architecture, 

resource arrangement, modification, and planning as per 

the requests for specific academic assignments or projects. 

 Cutting-edge protection and communication control 

technologies guarantee the safe operation of the complex 

industrial and research facilities and enable the creation of 

a trustworthy secure ecosystem for coordinated research 

groups and technologically certified professionals. 

Screening Sensor Data via KF  

(1) Start-up stage 

𝑈𝑙 represents the state transition model (used on the earlier 

state 𝑔𝑙−1) 

𝑃𝑙  is the model used for observation 

𝑅𝑙 indicates the covariance of the process noise 

𝑆𝑙 illustrates the covariance of the observation noise 

𝐷𝑙  is also known as control input model (as it relates to the 

control vector 𝑤𝑙) 

𝑥𝑙~𝑂(0, 𝑅𝑙) 
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(2) Using the old form 𝑔𝑙−1, computing the new state 

𝑔𝑙 

𝑔𝑙 = 𝑈𝑙𝑔𝑙−1 + 𝐷𝑙𝑤𝑙 + 𝑥𝑙  

                          𝑖𝑙 = 𝑃𝑙𝑔𝑙 + 𝑣𝑙    𝑣𝑙~𝑂(0, 𝑆𝑙)                           

(1) 

(3) Evaluation of current state using earlier state 

Predicted state 

𝑔̂𝑙|𝑙−1 = 𝑈𝑙𝑔̂𝑙−1|𝑙−1 + 𝐷𝑙𝑤𝑙                                                       

(2) 

Predicted covariance 

𝐻𝑙|𝑙−1 = 𝑈𝑙𝐻𝑙−1|𝑙−1𝑈𝑙
𝑈 + 𝑅𝑙                                                     

(3) 

(4) Integrating the most recent forecast with the most 

recent figuring 

Current observation 

𝑦̃𝑙 = 𝑖𝑙 − 𝑃𝑙𝑔̂𝑙|𝑙−1                                                                   

(4) 

Observation covariance 

𝑇𝑙 = 𝑃𝑙𝐻𝑙|𝑙−1𝑃𝑙
𝑈 + 𝑆𝑙                                                                     

(5) 

Optimal gain 

𝐿𝑙 = 𝐻𝑙|𝑙−1𝑃𝑙
𝑈𝑇𝑙

−1                                                                        

(6) 

Update state (forecast and observation) 

𝑔̂𝑙|𝑙 = 𝑔̂𝑙|𝑙−1 + 𝐿𝑙𝑦̃𝑙                                                                       

(7) 

(5) Update Covariance (prediction and observation) 

𝐻𝑙|𝑙 = (𝐽 − 𝐿𝑙𝑃𝑙)𝐻𝑙|𝑙−1                                                                   

(8) 

In the beginning, it considers that the present state, 𝑔𝑙, 

emerged from state 𝑔𝑙−1. Here 𝑖𝑙 . 𝑔̂𝑙|𝑙−1 indicates the 

estimated value of g at time l, whereas the prediction 

accuracy signifies the estimation of g at time l. 𝐻𝑙|𝑙−1is 

defined as the estimation precision. It calculates useful 

details from an immense gathering of hazy and indirect 

data. The KF processes knowledge when it enters in 

because it performs iteratively. As a consequence of this, it 

guarantees the intelligent city functions in real-time. 

Furthermore, it permits lightning-fast execution with 

minimal memory usage.  

Big Data Lifecycle and handling of data 

The business sector and others are stepping into an entirely 

new arena as a consequence of the growing acceptance of 

modern technologies in every facet of their enterprise 

tasks. To successfully take delight in the fresh chances to 

gather and mine information needed for important insights 

[13, 14], which include market forecasting, consumer 

behavior projections, social class behavior assumptions, 

etc., they must utilize scientific approaches. 

The implementation of biological exploration techniques, 

such as periodic model construction and acquiring of 

enhanced data, as well as recycling of acquired 

information with updated models, has been proposed in 

several instances of blog posts in addition to industry 

papers. 

We generate allusion to the Scientific Data Lifecycle 

Management paradigm that served as the centerpiece of a 

comprehensive study in a separate publication and was 

discussed in our previous paper, which portrays the 

intricate and iterative procedure for scientific investigation 

and consists of numerous subsequent stages: Conducting 

an inquiry or experiment, gathering information, 

evaluating it, distributing conclusions, getting remarks, 

discussing it, and protecting (or discarding) the outcomes 

are all involved. 

Data retention and safeguarding are mandated by the new 

BDLM throughout its segments, which should offer data 

reuse, repurposing, secondary investigation, and 

subsequent evaluation of the processed information and 

reported conclusions. The scenario is only feasible, 

however, if BDI completely implements data 

authentication, cross-referencing, and connection. 

Throughout the whole data lifespan, reliability of data, 

managing access, and fiscal responsibility must be 

presented. A vital aspect of the characterized BDLM is 

data duration, which somewhat is required to be 

accomplished in a trustworthy and safeguarded manner. 

4. Implementation and Experimental Results 

The research results and responses are discussed in this 

portion. 

Experimental Setup  

Three sets of 8-bit, 64-bit, and 256-bit inputs for data were 

employed in the present research to evaluate the utilization 

of RSA and ECC to retrieve information privacy alongside 

randomly generated secret keys. The research projects 

were performed on a Windows 10 computer platform 

together with MATLAB and 3 GB of RAM. 

Experimentation Outcomes 

For the ECC and RSA methods, the evaluations use a wide 

range of the inputs, including data inputs with 8-bit, 64-bit, 

and 256-bit resolutions. Table 1 show the encryption as 

well as decryption times for both approaches for 8-bit 

input. The research results show that in comparison to the 

RSA method, ECC may decode data more rapidly. 
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Table 1. Shows the encryption, Decryption and 

Cumulative times for eight bits (in seconds) 

Safety 

Bit 

level 

Encryption 

Interval 

Decryption 

Interval 

Cumulative 

Time  

ECC RSA ECC RSA ECC RSA 

113 3.20 1.02 1.50 1.70 3.70 1.72 

129 4.87 1.03 1.80 2.94 5.67 2.97 

145 5.72 1.04 2.00 3.64 6.72 3.68 

 

Similar to the first table, Table 2 illustrates the time 

required for the encryption, decryption, and total 

processing of 64-bit data input using the ECC and RSA 

methods. The research results indicate that the RSA tactics 

consume considerably fewer moments for encryption than 

do ECC solutions. The ECC algorithm, likewise, decrypts 

data at the 113, 129, and 145 security bit levels 

considerably quicker. 

Table 2. Shows the encryption, Decryption and 

Cumulative times for 64 bits (in seconds) 

Safety 

Bit 

level 

Encryption 

Interval 

Decryption 

Interval 

Cumulative 

Time  

ECC RSA ECC RSA ECC RSA 

113 10.99 1.17 7.94 21.42 17.92 21.58 

129 16.09 1.17 8.36 47.49 23.45 47.65 

145 21.24 1.14 9.48 78.77 29.71 78.91 

 

As an outcome, the ECC technique needs a shorter period 

altogether. Additionally, as the authentication bit value 

goes from 112 to 144, the time inequality between ECC 

and RSA expands [15, 16]. Whenever the security bit level 

goes up to 145, the gap that exists between ECC and RSA 

techniques, for instance, climbs from 3.66 seconds to 49.2 

seconds, demonstrating RSA requires 52.2 seconds longer 

than ECC to process 64-bit input. 

 

 

Fig 4.1. Execution times (in seconds) for RSA and ECC, as well as the total input times for 8-bit and 64-bit data 

The 256-bit data input demonstrates identical patterns, as 

illustrated in Table 3. In comparison with RSA, ECC is a 

far more effective and trustworthy approach that provides 

powerful safeguards while lowering key lengths. The 

overall user experience becomes better as an outcome of a 

lesser amount of network and mathematical resource 

requirements. Although ECC is capable of handling the 

same amount of responses per second in just 75 

milliseconds, RSA is capable of performing 460 requests 

per second alongside an average response time of 160 ms. 

Table 3. Shows the encryption, Decryption and 

Cumulative times for 256 bits (in seconds) 

Safety 

Bit 

level 

Encryption 

Interval 

Decryption 

Interval 

Cumulative 

Time  

ECC RSA ECC RSA ECC RSA 

113 40.71 1.59 27.3
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Fig 4.2. Total input time for 256 bits 

Figure 4.2 offers total input time for 256 bits. The 

experiments revealed that RSA is lightning-fast at 

encrypting data however it requires a lot of time to decode 

it, whereas ECC is sluggish at encrypting data but speedy 

at decrypting. According to the research, it is often argued 

that ECC usually proves more efficient and safer than 

RSA.  

5. Discussion 

The experiment's goal was to figure 4.1 out the time 

length necessary to perform for RSA and ECC encryption 

and decryption on three distinct input patterns—8, 64, and 

256 bits—using randomly selected keys that corresponded 

with NIST regulations. Conclusions indicate that the ECC 

exceeded, RSA in terms of reduced variable operational 

risk and safety. ECC is excellent for applications with 

limited funds. One of the primary benefits of ECC is the 

fact that in terms of contemporary key sizes, it is 

considerably more secure than RSA. A 2048-bit RSA key, 

which is equivalent to a 3072-bit RSA key, is 10,000 times 

worse than a 256-bit traditional ECC key. For a computer 

to exceed an adversary's processing capability, RSA keys 

must be lengthier. ECC is also faster for many different 

kinds of reasons. The initial advantages of employing 

smaller keys lies in the fact they require less information to 

be sent throughout the SSL transaction, from the web 

server to the user. ECC dramatically reduces CPU and 

memory usage, boosting performance and response speeds 

anytime it is active on Web servers. The encrypted suites 

accepted by modern Web servers and browsers that 

establish PFS additionally impose ECC, disregarding the 

fact that PFS is not an additional benefit from ECC. 

Website hosting providers that support ECDHE use cipher 

packages that reap the benefits from both PFS and ECC. 

 

6. Conclusion 

The present investigation examined a framework for 

directing the creation and application of big data 

ecosystems. With the addition of new information, we 

designed its basic design using the existing literature. 

Readers can gain a better understanding of which solution 

might be used for specific non-functional criteria thanks to 

our poll. We have now gone on to discuss pertinent issues 

that may help such systems evolve properly in the future. 

Each problem outlined in the part titled "Lessons learned 

and future research goals" has been derived from the 

analysis that has been done. Finally, we have offered a set 

of exciting ideas for future research work paths relevant to 

both the functionality associated with Big Data 

administration (i.e., Big Data storage and deployment) and 

the Big Data lifecycle administration as a whole in order to 

meet the stated issues. 

The definition of big data will be expanded upon in future 

study and development, as was done in this work. We 

made an effort to condense and reconsider some 

definitions of big data that are frequently used. However, 

more formal approaches and taxonomies of common big 

data use cases in various big data origin and target areas, as 

well as an examination of various stakeholder groups, will 

be needed for further research. 
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