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ABSTRACT

Modelling and simulation of Big Data analytics processes running
in the cloud is a difficult problem which introduces many chal-
lenges. The major one is the collection of training data which is
scarce and costly to obtain, due to large scale and long runtime of
those processes. In our previous work, we proposed a methodology
to model, simulate and predict the runtime of Big Data processes
such as complex Next Generation Sequencing (NGS) pipelines. The
major contribution of our simulation methodology is that it pro-
vides a reasonable prediction of runtime for testing data much
larger than the training inputs. To further improve the accuracy of
prediction we present now an extension of our previous work that
can model cloud data storage. Our simulation framework is based
on CloudSim and WorkflowSim, to which we have added a shared
storage component. We present the design and implementation of
the storage extension together with an evaluation performed on
selected scientific workflows: the Pegasus Montage workflow and
NGS pipeline implemented in e-Science Central. The evaluation
shows that the proposed extension works correctly and can im-
prove prediction accuracy for our largest 390 GB input dataset by
about 16% when compared to previous results.
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1 INTRODUCTION

Big Data simulation integrates existing simulation tools and per-
formance characteristics of Big Data applications. The need for
such integration is driven by the rise of Big Data analytics in the
cloud [12] as an answer to tackle increasingly large amounts of
information generated every day. One of the main advantages of an
accurate simulation of Big Data processes in the cloud is cost sav-
ings. Whilst tuning and optimisation of the system configuration
to match the requirements of the user workload has always been
difficult and time consuming, considering Big Data applications
deployed in the cloud, this process can become very costly.

Recently, we proposed a methodology that allowed us to simulate
behaviour of complex workflow-based applications [14]. We have
used this approach to predict runtime performance of our next
generation sequencing (NGS) pipeline deployed on Microsoft Azure
public cloud. The pipeline, implemented as a workflow in e-SC) [13],
is an application used to discover and annotate variants in human
exome (part of the human genome). Typically, to find variants in
a cohort of 24 patients the pipeline needs to process about 400
GB of compressed data, which takes over thousand of CPU hours.
Working with such applications is difficult, not only because of the
volume of input data and significant time it takes to process them,
but also due to intricate dependencies between tasks, data and the
cloud that can cause failures, lower performance of the system and
increase time and monetary cost [3].

In such a setting an accurate simulation framework can greatly
help tune the configuration of the processing platform. Using our
simulation we were able to predict runtime of the pipeline with
accuracy close to 90%. However, due to limitations of the underly-
ing simulation toolkit (WorkflowSim/CloudSim), the predictions
of runtime for large problem sizes were less accurate. One of the
contributing factors that caused inaccuracies is the simplified net-
work and data storage model of the toolkit. Neither CloudSim nor
WorkflowSim capture the network and I/O contention that occurs
when multiple VMs access shared cloud storage, although this is in-
creasingly important during the simulation of Big Data application
where such contention is inevitable. In this paper we present our
extension of the WorkflowSim/CloudSim environment to simulate
contention in I/O operations against the shared cloud storage. We
also show how the extension improves the estimation of runtime
performance of our Big Data NGS workflow. The main contribu-
tions of this work are:

e a proposition of a simple model of a shared cloud storage
together with its design and implementation as an extension
to WorkflowSim/CloudSim,
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e an evaluation of the proposed storage component using a
selected data-intensive Pegasus workflow and runtime in-
formation collected from the actual execution of the NGS
pipeline in e-SC deployed on the Azure cloud,

e a demonstration of the improved accuracy of our runtime
predictions and discussion about the advantages and limita-
tions of the proposed component.

The remainder of this paper is structured as follows: the next sec-
tion covers background and related work. In Section 3 we formulate
the main problem when working with Big Data applications. Sec-
tion 4 describes the proposed shared storage component, which
is followed by its evaluation in Section 5. Finally, discussion and
conclusions are included in Section 6.

2 BACKGROUND AND RELATED WORK

One of the most widely used examples of a simulation environ-
ment for workflows is WorkflowSim [6]. It is an extension of the
CloudSim simulator [5] and enables modelling and simulation of
scientific workflows (data flows) in the cloud. The simulator fol-
lows the approach proposed by the Pegasus WMS and contains a
workflow mapper, engine and scheduler and also components like
the clustering engine [8]. These components allow WorkflowSim
users to evaluate and optimise variety of algorithms and techniques
related to workflow execution and resource allocation, which if
done in the real cloud, would be time consuming and costly.

In our previous work [14] we proposed a methodology to pre-
dict runtime performance of complex Big Data applications. The
methodology based on the WorkflowSim/CloudSim simulation en-
vironment allows us to use the provenance information of past
application executions from our own WMS - e-SC and forecast run-
time for larger and/or different user workloads. We have developed
an extension to WorkflowSim which is able to predict runtime and
output data size of single tasks, and so enables prediction of more
complex scientific workflows including NGS pipelines.

WorkflowSim, and particularly CloudSim, have been widely used
in the research community in variety of applications and problems
including scheduling and provisioning algorithms, energy-aware
resource allocation [1, 2, 16]. Much less commonly, research has
targeted runtime prediction for Big Data applications in which
modelling of storage performance plays fundamental role.

Long and Zhao [15] present an extension to CloudSim to model
a new kind of distributed storage technology in the cloud to store
and manage Big Data. This extension has been achieved by adding
the file striping and data replica management functions, making
it into a simulation platform for computing and storage. This new
feature can help implement the data cloud entities and test specific
data layout and replica management strategies. It is less useful,
however, in modelling workflow-based applications. Sturm et al
[18] developed a storage component in CloudSim. However, the
extension focused on the mechanism to simulate object storage-
based cloud services (STaaS or Storage-as-a-Service) and, again,
did not consider workflows. Grozev and Buyya [11] proposed a
hard disk drive (HDD) processing element representing the I/O
capacity of a storage disk as an extension to the CloudSim simulator.
However, that alone is not enough to model the I/O contention in
the cloud.
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Louis et al [17] proposed CloudSimDisk, another extension to
CloudSim aimed at modelling and simulation of energy-aware stor-
age in cloud systems. It was based on an analytical energy con-
sumption model for hard drives and considered transaction time
and energy consumption related to adding and retrieving binary
files used by VMs.

Of the work not related directly to CloudSim or WorkflowSim,
Costa et al [7] prediction mechanisms to estimate the performance
of a workflow application or storage operation. Based on the target
application’s characteristics, the proposed mechanisms can speed
up the exploration of the configuration space. The effectiveness
of this mechanism was evaluated in some scenarios, including dif-
ferent system scale, hardware platform and configuration choices.
The mechanisms provided high enough accuracy to support the
user’s decisions about configuration and provisioning the storage
system, while being less resource-intensive than running the real
applications. This work is conceptually similar to our work to de-
tect and fix potential performance prediction issues, but differs in
the development of a complex and error-prone distributed storage
system specialised in workflow applications

To the best of our knowledge the existing research in the area
of cloud simulation falls short in addressing the problem of I/O
contention that arises from multiple VMs accessing the shared cloud
storage. Therefore, in this paper we propose a model and extension
to the WorkflowSim/CloudSim toolkit that can help address this

gap.
3 PROBLEM FORMULATION

As mentioned earlier, in our previous work we proposed a method
for predicting the runtime performance of complex Big Data work-
flows. The method is able to take into account two main factors that
may affect the runtime of the applications: the size of computational
tasks vs CPU speed of the simulated environment and the size of
the input and output data vs network bandwidth. However, due to
the nature of the data intensive problems, the scarce availability of
training data and limitations of the simulation environment, our
solution was able to produce predictions with limited accuracy.
Specifically, using a small 6-sample input datasets over 12 VMs our
method was able to predict runtime of 10-sample and 12-sample
workloads with relative error of about 15% and 19%, respectively;
Fig. 1 shows results for a training set consisting of 6-samples.
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Figure 1: The real and estimated time for different sizes of
the training set.

In all cases our predictor underestimated the real execution time.
The bigger the gap between the training and testing set, the larger
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Figure 2: MIPs and BandWidth curves relative with error
rate.

the underestimation. Each sample involving transfer and process-
ing of hundreds of gigabytes of data, which suggested that the I/O
operations were a major factor of inaccuracies. We confirmed this
hypothesis by running a sensitivity analysis of our simulation with
respect to MIPs and bandwidth. As shown in Fig. 2, for narrow range
between 1350-1450 MIPs the error value drops significantly. Con-
versely, changes in the network bandwidth affected the error only
when it was about 10 Mb/s and below, a value unrealistically small
when considering public cloud environments, such as Microsoft
Azure. Moreover, extremely large values of bandwidth (10Gb/s and
more) did not increase the error which indicated serious flaws in the
network model of the WorkflowSim and CloudSim environments.

Using WorkflowSim to calculate the transfer time of data be-
tween VMs only considers the size of the data and network band-
width, while CloudSim ignores any contention that may arise from
multiple VMs accessing the same shared data. Without analysing
the source code, we confirmed this by running a simple experiment
in which 1-100 VMs executed a one-task workflow that accessed
the same input file and produced one output file. In all cases the
execution time was the same, clearly indicating that no network
contention model was in place.

4 1/0 SIMULATION MODEL

As indicated above, one source of inaccuracy in our prediction
method comes from a simplistic model of network and storage
in the simulation environment we used. To address this problem
we decided to design and implement a shared storage component
to simulate contention between VMs accessing data in CloudSim
and WorkflowSim simulation. Importantly, we focus this work on
the shared storage only and do not model aspects related to a
shared network environment. Our goal is to cover both the relevant
network and storage issues under a single I/O contention model.
The existing I/O model for scientific workflows implemented by
WorkflowSim approximately follows the data transfer mechanisms
of Pegasus. Briefly, each workflow task requires all its input data to
be staged in to the machine where the task is going to execute, and
then after the processing is finished, the output data is shared by
the workflow management system with the downstream tasks. This
simple model, illustrated in Fig. 3, involves three distinct periods in
the task lifecycle following the VM allocation event: data stage-in
or (R)ead, (P)rocess, and data stage-out or (W)rite. Notably, in Big
Data workflows data stage-in and -out take significant amounts of
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time and are the main source of contention between multiple VMs
executing the pipeline.

VM all

Task Instruction Execution

(R) (P) (W)

1/0 Activity CPU Activity 1/0 Activity

Task Output File
Task Execution Time

Figure 3: Time task model before 1/0 response time consid-
ered

To model the data transfer speed between task VMs and shared
storage WorkflowSim uses single parameter — network bandwidth.
By changing bandwith the user can influence the amount of time a
task spends in the stage in/out periods. However, the stage in/out
time is calculated simply as data_size/ bandwidth, and so no con-
tention is simulated at all.

4.1 Pipeline Adaptation

WorkflowSim was primarily designed to simulate Pegasus work-
flows, thus modelling our NGS pipeline designed in e-SC required
a certain level of adaptation. Both systems are similar in that they
support execution of scientific workflows (data flows), yet there
are some important differences between them.. Specifically, e-SC
workflows are more fine-grained and can operate at two levels:
basic and composite. A basic workflow may include many tasks,
yet all of them run on the same machine (workflow engine). That
helps to optimise execution of small, short-lived tasks because data
transfer between them is local. A composite workflow also consists
of tasks but some of them invoke basic and/or composite subwork-
flows. Each of these subworkflows may run on a different workflow
engine, which helps handle data and task parallelism that often
occurs in scientific analyses.

The distinction between basic and composite workflows is espe-
cially important when Big Data workflows are designed because it
heavily affects how data is transferred between tasks. Tasks of a ba-
sic workflow pass data via a local filesystem, whereas in composite
workflows data needs to be shared between VMs, and so transferred
to/from the shared storage provided by e-SC. Yet, finding a balance
between effective parallel execution across a number of machines
and using fast local data transfer is not obvious, as discussed in [3].

Another difference between the systems is that e-SC workflows
give a lot of leeway in how and at which stage workflows share
their data. Similarly to Pegasus, they may follow the read-process-
write pattern where all input data is staged in before the core tasks
execute and then staged out afterwards. But they may also share
data and invoke subworkflows in the middle of the execution.

Our NGS pipeline largely follows the read-process-write pattern,
so at the end of processing the outputs of a pipeline step are trans-
ferred to the e-SC storage and then to the engine that is going to
execute the following step. But in a few cases NGS subworkflows
break this rule, so we split their WorkflowSim models into parts
such that each part consists of the three (R)-(P)-(W) stages in order.
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4.2 Enhanced I/0 Model

To simulate I/O contention we propose a simple serialised storage
model based on a single FIFO queue (Fig. 4). Following the existing
task model, we assume that before task execution all required input
files have to be staged in from the shared storage. That is collectively
represented by a single read request (R). And, similarly, upon task
completion all output files are staged out to the shared storage,
denoted by a single write request (W). Then, using the queue we
can introduce contention as the calculated delay in response to

read/write requests.
e VM1
aGB.
R 4GB W
SRR F— == ™
=TT .
{
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Figure 4: The VMs uses single queue to the shared storage.

In order to keep the enhanced I/O model simple we also use
single parameter to compute the storage response time. This time,
however, bandwidth represents the cumulative delays of network
and storage elements involved in transfer and storing/retrieving
data. This simplification follows the perception of the cloud user
who has no easy way to distinguish between these two types of
delay in the real cloud environment. To compute storage response
time T, of request n we use the following formula:

n
To= ) tit+r (1)
i=1

where t; is the transfer time of the i-th request in the queue, n
is the length of the queue after adding the new request and ry is
the remainder of transfer time ty of the request being in transfer.
Briefly, remainder ry € (0, tp) indicates how much time is needed

to complete the request in transfer when a new I/O request arrives.

As previously, the data transfer time is calculated as:

b data_size @
' bandwidth

To illustrate the proposed enhancements we conducted a simple
experiment with three tasks running on three VMs and show the
tasks’ life-cycle on the Gantt chart in Fig. 5. The figure explicitly
highlights I/O delay time (D) which is the difference between the
response time returned by the shared storage and the data transfer
time as if there was no contention.

Initially, when the tasks are submitted, they are scheduled to
run on three VMs in parallel, and so all issue their read requests to

Task1VM1 . (g)e'i‘jy
Task2lVM2 (Rea
m (P)rocess
Task3/VM3 = (W)rite
0 10 20 30 2

Simulation Time [Mins]
Figure 5: Gantt chart of three tasks with I/O read and write
operations.
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the shared storage at the same time. While Task_1 starts reading
immediately, the other two are delayed such that Task_2 waits until
Task_1 finishes reading and Task_3 waits until the other two finish.
Similarly, at the end the Task_3 write operation is delayed because it
needs to wait for Task_2 write request to complete. Coincidentially,
Task_1 ends execution close to the moment when Task_2 issues a
write requests, so the latter task experiences no delay in writing.
The chart clearly shows the serialisation of the requests and the
way we are going to simulate I/O contention.

4.3 Extending the Simulation Framework

The implementation of the proposed shared storage mechanism
involved extending the WorkflowSim environment as well as modi-
fying some components of CloudSim, such as Cloudlet. Fig. 6 shows
an overview of our newly added component SharedStorage which
is highlighted in red and its communication with two other com-
ponents from the workflowSim layer: WorkflowDatacenter and
WorkflowScheduler.

Workflow

R/W request

Workflow
Scheduler

DataCentre

Event
Write

Figure 6: Relational Diagram of Shared Storage Model

SharedStorage

Read Time

»

The WorkflowDatacenter component is an extension of the Dat-
acenter component in CloudSim. They contribute a list of functions
to process a Cloudlet submission and verify if some Cloudlet in-
side in it already finished. WorkflowDatacenter has own functions
to calculate data transfer time, update the submission time of the
Cloudlet and register a file to the storage if it is an output file.
The WorkflowScheduler component is used to match a Cloudlet
to a VM based on a user-defined scheduling algorithm. It assigns
VM management, as VM creation, submission of task to this VMs
and destruction of VMs. Finally, we focus on the SharedStorage
component description and its ability of associating and coordi-
nating with other components. However, the framework works
based on the events which are generated dynamically and executed
chronologically. It supports modelling of Cloud entities such as
Workflowdatacenter, WorkflowScheduler, etc. Therefore, to enable
this feature, we adopt an event-based approach component. Where
this component maintains itself, checks whether it has received an
event (i.e. Task status IN-WRITE) and whether it should delay a task
to keep VM allocated until delay finishes, then send a task to the
sender WorkflowScheduler. The function of our proposed model
can be achieved by tracking the following mechanism:

» At a particular time, a WorkflowSim task scheduler decides
which tasks can be scheduled for execution on free VMs. While
each scheduled task receives a VM allocation it starts reading, then
WorkflowDatacenter interacts with the SharedStorage component
to send (R) request to the I/O Queue (Storing the request at the
Queue End).

» Whenever SharedStorage receives a Read request it interacts
with the WorkflowDatacenter to add the required transfer and
delay time of the task read operation (c.f. grey and blue slices in
the Gantt charts).
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» At a specific time, a completed task is available inside Work-
flowDatacenter component, then it interacts with the SharedStor-
age component to send (W) request to the I/O Queue (Storing the
request at the Queue End).

» During the (R/W) requests are waiting in I/O Queue, the
SharedStorage will process them to calculate a transfer and de-
lay time of the task, the process will repeatedly be done as in Alg. 1.

» When a task has completed, WorkflowDatacenter schedules
it as an event to the SharedStorage to change a task status from
IN-EXECUTION to IN-WRITE for delay and consequently to extend
VM allocation time.

» Immediately upon delay finishes the SharedStorage will send
task completion to the WorkflowScheduler.

The above mechanism steps must be performed iteratively until
the simulation finished.

Algorithm 1: Process (R/W) Request in SharedStorage

1 QueueTime - the completion time of the last I/O request (0 at the simulation
start) ;
Input: cl : Cloudlet ;
cl.setlOArrivalTime := CloudSim.Clock() ;
if CloudSim.Clock()>QueueTime then
‘ QueueTime :=CloudSim.Clock();
end
cl.setIOStartTime := QueueTime;
FTT := compute_file_transfer_time (see Eq. 2);
QueueTime := QueueTime + FTT;
cl.setlOEndTime := QueueTime;

O NG W N

=
=)

5 EVALUATION

To evaluate the proposed shared storage extension we conducted
two experiments. First involved the Pegasus Montage workflow [10]
and allowed us to validate the correctness of the implementation.
In the second we used our NGS pipeline to observe influence of the
extension on the prediction accuracy.

5.1 Running the Montage workflow

To validate the correctness of the implementation we tested our
shared storage extension by running the Montage workflow, a work-
flow far more complex than the initial one used in the experiment
presented earlier in Fig. 5. The Montage workflow is an astronomy
application used to generate custom mosaics of the sky based on a
set of input images and is considered as data-intensive [9]. Most of
the tasks in Montage have little CPU needs and spend their execu-
tion mainly on file read and write operations. In our experiment we
used the variety of the workflow consisting of 25 tasks, as shown
in Fig. 8.

To run the simulation we used the latest available WorkflowSim
1.1.0 extended with our shared storage component. The simulation
environment included 5 VMs, each VM had 1 CPU-core (MIPs =
1000) with 512 MB of RAM. Bandwidth was set to 1000.

The experiment results, presented in Fig. 7, show the seriali-
sation of the read and write operations enforced by the storage
component. The operations were delayed such that they did not
overlap with each other and once the current operation in-transfer
had completed, the next in the I/O queue was immediately taken
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over by the shared storage. Given the results from the execution
of a relatively complex workflow, we were assured that the pro-
posed implementation behaved as expected and could be used in
our prediction framework, as presented next.

5.2 Evaluation of Runtime Performance

The overall goal of this work is to improve the accuracy of runtime
prediction of complex Big Data workflows such as NGS pipelines.
Analysing the past results of our prediction experiments, we ob-
served that the source of inaccuracies might stem from Work-
flowSim and CloudSim not being able to simulate I/O contention.
Thus, we added the shared storage extension to our prediction
framework and re-executed our earlier experiments with a new
dataset. The new dataset was needed to increase the number of
samples and enlarge the test sets. That allowed us to test the predic-
tion when changing both the number of samples and the number
of VMs.

5.2.1 Experiment setup. For the purpose of evaluation we ran
the NGS pipeline in e-SC deployed in the Azure cloud over 3, 6 and
12 VMs. Each VM was of class D13 with 8-core CPU, 56 GiB of RAM
and 400 GB of local SSD storage and was used to run 4 concurrent
workflow execution threads. The tests involved sequencing of 6, 12
and 24 patient samples with data size in range of 98-390 GB. As the
training data we used the smallest executions of 6 patient samples
ran on 3 VMs (12 workflow execution threads). For each evaluation
point, a specific number of VMs and input samples, we collected
runtime information of three executions in the cloud. The size of the
input sets was a trade-off between what is used in clinical practice
(30-40 patient samples) and the cost it takes to run the pipeline
in the cloud. The smallest 6-sample training set was the minimal
input size for which the pipeline could complete successfully.

The simulation environment was configured such that each sim-
ulated VM represented a workflow execution thread in the real
cloud. We trained our model on 12 WorkflowSim VMs running 6
patient samples and then tested it on 12, 24 and 48 simulated VMs.
As one VM could run only one task at a time, we used the space
shared mode for task scheduling.

Both training and testing phases were performed twice — with
and without the shared storage component. Training the model
gave us the optimal simulation parameters of: MIPs = 1430 and
bandwidth = 50 Mb/s in simulations without I/O contention and
MIPs = 1305 and bandwidth = 985 Mb/s in simulations with I/O
contention switched on; clearly, the value of 985 Mb/s X 12 is much
closer to the maximum throughput of the Azure Cloud Storage set
at 10 and 15 Gb/s per storage account for ingress and egress access,
respectively.

The original NGS pipeline is composed of three stages: the first
and last running in the sample-split mode and the middle one run-
ning in, so called, chromosome-split mode. The sample-split stages
are largely sequential and involve eight and two tasks, respectively.
Depending on the number of input samples, they are replicated
such that each input sample runs a separate sequence of tasks. The
chromosome-split stage includes one join task in front, then a fixed
number of tasks each running in parallel over a dedicated chromo-
somal region, and then two tasks at the end. Overall, the pipeline
consists of 9X N +53 tasks, where N is the number of input samples
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Figure 7: The Gantt chart of the Montage workflow.

Figure 8: The structure of the 25-task Montage workflow.

(see Fig. 9). For example, in the biggest setting our WorkflowSim
simulation included 269 tasks. As mentioned earlier, however, in
the real pipeline each of the simulated tasks consists of a number
of workflow blocks modelled in e-SC such that the 24-sample run
involves execution of thousands of tasks and requires thousands of
CPU hours to complete.

5.2.2  Results. Analysing the provenance information collected
by e-SC, we obtained the exact times and data sizes of each task in
the real pipeline workflow. We converted them into the time and
input/output data size of each simulated task and compared these
real execution times (RT) with estimated time simulated by the
framework with shared storage switched off (ET) and on (ET+SS).
The results are shown in Fig. 10.
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Figure 9: The structure of our NGS pipeline modelled in
WorkflowSim.

The graph indicates significant improvement of accuracy when
simulations used the shared storage component. Using only one
evaluation point (6-sample input over 12 VMs) as the training set,
the framework was able to predict much larger experiments with
relative error as small as 2% for 12 and 24 samples running on 12
VMs. Whereas, without the shared storage the error was over 15%
for 12 samples running on 12 VMs (See Scope from Fig. 1 in Fig. 10).
There is a difference in the accuracy of about 4% if compared with
Fig.1 because we have used a new dataset.

Simulations with shared storage rendered prediction across all
the testing set with relative error no larger than 15%. The largest
error we observed was for the samples running on 48 VMs, the
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evaluation point most distant from the training set. Although the
results are much more promising than what we can achieve without
the shared storage component they still indicate some room for
improvement.

In order to compare the NGS pipeline execution in the Azure
cloud with that in our Framework simulation, so from Fig. 11-A
we can see that for all set of input samples tested over 12 VMs
behaved well as most likely Azure, but when tested them over 24
VMs behaved partially like Azure. A bit overestimation time against
the real Azure time when they were tested over 48 VMs because
a larger sample input and many VMs can cause congestion in the
I/0 Queue.

Fig. 11-B shows the Framework throughput (samples per day)
about the number of simulation VMs. It is compared with the Azure
running time, from one point (6-Sample, 12 VMs) we can predict
an ideal linear speed-up and describes gains in the processing by
increasing VMs.

Finally, Fig. 11-C shows how well the different configurations
scale when compared to baseline with 12 VMs, using a measure
of Relative Processing Effectiveness (RPE; the higher, the better).
With a particular input sample size s, the T's(n) is an estimated time
for a configuration with n VMs , we define the RPE of the VMs
configuration relative to the baseline b-VM configuration as:

bTs(b)
nTs(n)

RPEs(b,n) = 3)

100% effectiveness is achieved when Ts(n) = %Ts(b). For example,
resources are perfectly utilised when doubling the number of VMs
(n = 2b) results in the halving of the estimated time relative to
the baseline (Ts(2b) = 12Ts(b)) on the same input size. In our
experimental simulation, we have used baseline b=12, n=24 and
n=48, and s ranging from 6 to 24. In a case of comparing both
configurations (n=24 and n=48) with their actual and estimated time,
as seen in our chart, are most similar behavior. So, from this graph
we can investigate how much running NGS faster when doubling
the number of engines on the s-sample input. For example, on of
the estimated time in our chart, RPE15(12, 24) = 70%, indicates that
doubling the number of VMs on the 12-sample input is only of about
1.4 faster than the baseline; ideally, it would be 2times faster. These
results show that for larger configurations the estimated time grows
slowly with the number of samples as in actual behavior of Azure
cloud. For the smallest, 6-sample, input we observed very little gain
when increasing simulation VMs (c.f. throughput). Only for the
biggest, 24-sample, input the pipeline showed good effectiveness
about 92% when running over 24 VMs (see Fig. 11-C).

Thus, for a complex NGS pipeline, our Framework can deliver
enough scalability information to ensure that the application work-
load with appropriate resources deployment in an efficient way.

6 DISCUSSION AND CONCLUSIONS

Runtime prediction of Big Data analyses plays an important role
in the design and deployment of data analytics systems. Cloud
platforms make it very easy to provision virtually infinite resources,
but they give little support in finding the optimal configuration
for a given user workload. In Big Data analyses that is particularly
important because such analyses consume significant amount of
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cloud time which directly translates into monetary cost, and so any
mismatch between the provisioned resources and actual workload
is likely to increase the cost.

Big Data applications operate on an amount of data that is dif-
ficult to handle and takes significant amount of time and cost to
transfer and process. The influence of these large amounts of data
becomes even more apparent when the processing nodes of the
data analytics system work in parallel, which can generate signifi-
cant contention in access to the data storage. In this paper we have
presented a model and implementation of a simple serialised shared
storage component embedded into the WorkflowSim environment
to simulate I/O contention.

The storage component is based on a single FCFS queue and
handles one read/write request at a time. Despite its simplicity the
evaluation results show that the proposed extension is a promising
approach to improve the accuracy of the runtime prediction. Using
only a very small training set consisting of 3 measurements of
the smallest executions, we were able to predict runtime of much
larger configurations with relative error in the range of 0.4-15%
and median 8%. That gives users the ability to tailor the resource
configuration to their workload and potentially save a lot of costs in
finding the configuration that matches their needs, i.e. can process
the workload in a predictable expected time.

Interestingly, the proposed simple storage component can simu-
late with good accuracy much more complex data access mechanism
of the real cloud. In Azure, where our NGS pipeline was deployed,
upload and download of blobs (data objects) is intrinsically parallel
- each blob can be accessed independently of others [4]. The reason
why our serialised storage component can well simulate the paral-
lel blob storage in Azure stems from the fact that the actual NGS
pipeline implementation is very synchronous in nature and due to
large amounts of data it saturates the bandwidth available for a sin-
gle cloud storage account. Thus, although each pipeline step runs
many subworkflows in parallel across multiple VMs, before mov-
ing to the following step the pipeline waits until all subworkflows
complete. And these synchronisation points at each step make the
serialised and parallel access to storage consume similar amount of
time. Whether the proposed sequential read/write storage would
be able to simulate more sophisticated workflow enactment models
is left for the future work. Nevertheless, as shown in our previous
work [3], asynchronous workflow enactment models can introduce
their own set of issues and not necessarily are the best to support
Big Data applications.

The results we achieved and presented indicate that there is still
some room for improvement in the runtime prediction. Thus, an
implementation of a more sophisticated parallel storage component
for WorkflowSim is on our list of future work.

Software availability: The source code has been released as open
source code and can be downloaded from:

https://github.com/Farisllwaah/NGS-Framework. It includes a
demonstration of how to use it and several examples.
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