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Abstract. A challenging software engineering problem is the design and im-
plementation of component-based (CB) applications that can meet specified
performance requirements. Our PPCB approach has been developed to facili-
tate performance prediction of CB applications built using black-box compo-
nent infrastructures such as J2EE. Such deployment scenarios are problematic
for traditional performance modeling approaches, which typically focus on
modeling application component performance and neglect the complex influ-
ence of the specific component technology that hosts the application. In this
paper, an overview of the PPCB modeling approach is given. Example results
from predicting the performance of a J2EE application are presented. These re-
sults are then statistically analyzed to quantify the uncertainty in the predicted
results. The contribution of the paper is the presentation of concrete measures
of the confidence an architect can have in the performance predictions pro-
duced by the PPCB.

1 Introduction

Distributed component-based technologies such as the Java 2 Enterprise Edition
(J2EE) and .NET have become important infrastructure technologies for building
multi-tier applications. The overall performance of such component-based applica-
tions depends on a number of factors. These include the implementation of the sup-
porting component container, the architectural decisions taken in the design of com-
ponents, application-specific deployment configurations, and the specific application
client behavior [6]. It is consequently challenging for software architects to design a
system with a priori confidence that it will perform well enough to meet its require-
ments.

Consequently, architects are forced develop prototypes to evaluate the perform-
ance of an application design [2,6,11]. For complex applications, this can be time-
consuming and expensive. We believe that the process of predicting the performance
of a component-based system based on an architecture-level design could signifi-
cantly reduce the engineering costs and risks of a deployed system failing to meet
performance requirements.

In related research, performance modeling has proved a useful approach [1,
3,4,14,17,20,24] . A performance model can represent the underlying architecture as



well as application behavior in terms of its performance characteristics. A common
practice is to build a prototype and use this to obtain measures for the values of pa-
rameters in the model [12]. However, for a complex application, this is expensive and
time-consuming.

Therefore, we propose using benchmarking to overcome these difficulties. Bench-
marking is the process of running a specific program or workload on a machine or
system and measuring the resulting performance [21]. In PPCB (Performance Predic-
tion of Component Based systems), benchmarking is used to provide values for cer-
tain parameters in the performance model that is used for prediction. However, the
abstraction inherent in the performance model and approximations in the benchmark-
ing measurements introduce uncertainty in to the resulting predictions.

The major contribution of this paper beyond that of [15] is the use of statistical
methods to analyze the predicted performance for an application. This provides statis-
tical evidence of the accuracy of the results of the PPCB. The results of the analysis
reveal a high level of accuracy in the predictions. To the best of our knowledge, this
is the first time such high levels of confidence in performance predictions of applica-
tions executing on black-box based component infrastructures have been published.

The structure of this paper is as follows. Section 2 gives an overview of the PPCB
approach. Section 3 presents the example application on which we conduct perform-
ance prediction using PPCB, along with some sample performance prediction results.
Section 4 details the statistical analysis, and Section 5 discusses related work.

2 PPCB Overview

The essence of our framework shown in Figure 1 is combining performance modeling
and benchmarking techniques. This enables performance prediction at the design
level of software applications that are based on specific component technology. A
comprehensive description of the performance model is beyond the scope of this
paper, and can be found in [15,16]. Given a component technology, such as an im-
plementation of Enterprise JavaBeans (EJB), the approach has the following steps:

1. Modeling. We establish a general model P for the chosen technology, by identify-
ing the main components of the system, and noting where queuing delays occur.
This abstracts details of the infrastructure components and their communication.

2. Calibrating. The model has to be calibrated for a specific architecture before it
can be used to predict performance, so we must develop the function f A which is

the function used to calibrate the generic performance model P to specific architec-
ture A. An architectural choice can be mapped to a set of infrastructure compo-
nents and their communication pattern [4]. The operations of service components
can be further aggregated into computing modules. Calibrating the performance
model means deriving mathematical models with parameters characterizing those
computing modules.



3. Characterizing. The purpose of characterizing an application is to determine the
load that an application places on the underlying component infrastructure when
the application takes the form of architecture A. For a given application, we can
determine how often each component is executed. This depends on their business
logic, which tells us how often methods are called, and what operations are per-
formed by which computing modules.

4. Benchmarking. The above produces a performance prediction for the designed
system in the form of an equation with parameters. Some of the parameters repre-
sent observable or tunable features of the configuration, but other parameters re-
flect internal details of the black-box middleware platform that hosts the applica-
tion components. We therefore implement a simple application, with minimal busi-
ness logic and a simple architecture, on the target middleware platform, and meas-
ure its performance. Solving the performance model corresponding to the simple
application allows us to determine the required parameter values, which we de-
scribe as the performance profile of the platform.

5. Populating. The parameters of the middleware platform profile can be substituted
into the performance model of the designed application, giving the required quanti-
tative prediction of performance of that application.
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Fig. 1. The performance prediction framework

The PPCB approach provides a solution to overcome the difficulties in populating
the performance profile of component infrastructure, or middleware. Instead of proto-
typing the system and measuring it, the explicit parameter values of the performance



model are obtained by benchmarking a simple application. These benchmark results
can then be applied to any applications that execute of the benchmarked middleware
platform.

3 Example Results

The PPCB approach has been applied to predict the performance of a J2EE applica-
tion, Stock-Online. In this section, we briefly describe the benchmark design and how
benchmarking can be integrated with the performance model of an infrastructure to
predict the overall performance of an EJB-based application. The predicted results are
summarized and they are used in the next section for statistical validation.

3.1 Predicting Stock-Online performance

Stock-Online [5] is a simulation of an on-line stock-broking system. It supports six
business transactions and enables users to buy and sell stocks, inquire about the up-
to-date prices of particular stocks, and get a holding statement detailing the stocks
they currently own. There are four database tables to store details for accounts, stock
items, holdings and transaction history.

We have implemented Stock-Online with EJB components. Three distinct imple-
mentations have been created that employ very different component architectures.
These are:

1. One architecture solution uses Container Managed Persistence (CMP) entity
beans, applying the standard EJB design pattern of a session bean as a fagade
to entity beans. A single session bean implements all transaction methods.
Four entity beans, one each for the database tables, manage the database ac-
cess. Transactions are container managed. We refer this architecture as CMP.

2. The second architecture optimizes the access mechanism to persistent data in
the CMP architecture for business scenarios with intensive read-only opera-
tions. This architecture is implemented using the Read-Mostly (RM) EJB de-
sign pattern [19]. Read-only and read-write operations are separated into two
entity beans, which are mapped to the same database data. Read-only opera-
tions have direct access to cached data inside the container, thus reducing the
overhead of access to the database. The synchronization of cache data and per-
sistent data is managed by the container.

3. The third architecture leverages an Optimistic Concurrency Control [13]
(OCC) algorithm. A container that supports OCC does not hold a lock for any
persistent data. The ACID transaction properties are managed by the database
system. This increases the concurrency of the application when there is no
confliction of two simultaneously running transactions.

The deployment environment for each of these solutions is identical. It consists of

a commercial J2EE application server as the container for Stock-Online and a com-
mercial relational database for persistence. The clients, J2EE container and database



each execute on separate machines. The client requests are from web server hosted
components under a full, sustained request load. Given this scenario, it is desirable
for an architect to determine the level of performance that the system can provide
under load without building its solution.

Basically, we have developed a queuing network model of the J2EE application
server infrastructure and calibrated it for the three different component architectures.
The approach to characterize an application behavior from scenarios is developed and
presented in [15,16]. This produces a performance prediction for the designed system
in the form of an equation with parameters, which we describe as the performance
profile of the platform. These parameters capture the performance characteristics of
the internal behavior of an EJB container. The parameters and the descriptions are
listed in Table 1 below. Importantly, the performance profile and its value are ob-
tained by benchmarking without access to the implementation and deployment of
Stock-Online.

Tsinit The service time of the container’s initialization process

Ts The service time of a session bean’s operation, which doesn’t include
the time waiting for replies from nested beans’ operations

To To=Tonr + Ts

T, The service time for the container to access the entity data in its cache

T, The service time of the container to active/passivate an entity bean
instance to secondary storage

Tereate The service time of the container to create an entity bean object

T remove The service time of the container to remove an entity bean object

Tioad The service time to load an entity data into the container

Tstore The service time to store updates of an entity data

Tinsert The service time to insert a new record of an entity into the database

T delete The service time to remove a record of an entity from the database

Table 1. Performance profile of an EJB container

3.2 Benchmark Design

Component technologies leverage many standard services (e.g. security, transactions)
to support application development. The benchmark scenario is thus designed to
exercise the key elements of a component infrastructure involved in the application
execution.

We have designed and implemented a benchmark suite for modeling the perform-
ance of EJB-based applications. The benchmark suite consists of four modules,
namely a workload generator, benchmark application, monitoring utility and profiling
toolkit in Figure 2.
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Fig. 2. A benchmark suite for EJB technologies

The benchmark clients simulate active requests from proxy applications, such as
servlets executing in a web server. Under heavy workloads, this kind of proxy client
has an ignorable interval between two successive requests 1. Its population in a
steady state is consequently bounded" Hence the benchmark client spawns a fixed
number of threads for each test. Each thread submits a new service request immedi-
ately after the results are returned from the previous request to the application server.
The ‘thinking time’ of the client is thus effectively zero. The benchmark also uses
some utility programs to collect the measurement of black-box metrics, such as re-
sponse time and throughput.

The implementation of the benchmark application involves a session bean object
Agent and an entity bean object Record. Container managed persistence (CMP) is
used for entity beans and transactions are container-managed. The example collabora-
tion diagram in Fig3 shows the benchmark application scenario for read /write and
get Records.

2: find Record bean by PK 2: find Records by Non-PK
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Fig. 3. Benchmark application events

A monitoring utility is implemented using the Java Management Extensions (JMX)
API. Tt collects performance metrics for the application server and the EJB container
at runtime, for example the number of active server threads, active database connec-
tions and the hit ratio of the entity bean cache.

A profiling toolkit Optimizelt [18] is also employed. Optimizelt obtains profiling
data from the Java virtual machine, and helps in tracing the execution path and col-
lecting statistics such as the percentage of time spent on a method invocation, from

' A web server has configuration parameters to limit the active workload. For example, Apache uses Max-
Client to control the maximum number of workers, thus the concurrent requests to the application server
are bounded.



which we can estimate the percentage of time spent on a key subsystems of the J2EE
server infrastructure. Profiling tools are necessary for COTS component-based sys-
tems, as instrumentation of the source code is not possible.

3.3 Predicted Performance

The explicit parameter values for the performance profile are obtained by solving the
performance model using the inputs measured from benchmarking. Then the popu-
lated performance profile provides inputs for predicting the performance of Stock-
Online. This relationship is shown in Figure 4. Detailed solutions are is presented in
[15, 16].
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Fig. 4. Dataflow of the Stock-Online performance prediction

In order to assess the accuracy of the model’s predictions, we have implemented
and measured the performance of Stock-Online for each of the three different imple-
mentations (i.e. CMP, RM and OCC). Below, we present two sample sets of results
that are used for subsequent analysis:

e Figures 5 and 6 compare actual versus predicted performance of Stock-Online
for a single J2EE server configuration (in this case, utilizing 20 threads). The
aim is to infer how accurate the future predictions are based on the measured
samples. The predicted client response time for the three architecture models
under different workload with the same server configuration is shown.

e Figures 7, 8 and 9 compare the predicted and measured optimal response times
as the J2EE thread pool setting is varied, under a stable client workload.
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Fig. 5. Stock-Online Performance (Read-only intensive business model)

1600 7 |BCMP Measured
1400 4 |BCMP Predicted
1200 4 |[ORM Measured
1000 4 |ORM Predicted
800 4 |MOCC Measured
600 4 [BOCC Predicted

400 A

200 A
0 4

Response time (R) in ms

50 100 200 300 400 500

No. of clients (N), doubled updates

Fig. 6. Stock-Online Performance (Doubled updates business model)

4. Statistical Analysis

As can be seen in Figure 5 to Figure 9, the predicted performance, while close, is not
100% accurate. Hence we need to assess the effectiveness of the overall approach.
Hence, similarly to [9, 10], two appropriate statistical methods are used:

o Statistical intervals for the first data set.

e Linear correlation analysis for the second data set

4.1 Statistical Intervals

Statistical intervals can be used to quantify the uncertainty in the sample data [8,23].
We use tolerance intervals to estimate the boundary of the prediction error. A toler-



ance interval covers a fixed proportion of the population with a stated confidence [8].
The prediction error is defined as:
| Predicted — Measured |
Error =
\ Measured \

We calculated the statistical intervals as follows:

Step 1: Use Shapior-Wilk normality test to determine if the original distribution of
Error is a normal distribution. We use the shapiro.test function in the S-Plus[22]
library MASS. IF it is normal distribution, then DO Step 3.

Step 2: Transform the original data using the BoxCox function. The BoxCox func-
tion in S-Plus library MASS computes the profile likelihood function for the larg-
est linear model to be considered as a guide in choosing a value for A, which will
then remain fixed [22].

JO — (y* =D/ A=0 @
logy A=0

Step 3: The statistical software SInt [8] is used to calculate the tolerance interval
for the (transformed) normal distribution of Error. As we are interested in the up-
per bound of the Error given a confidence level, only a one-side tolerance interval
is considered.

The statistical intervals of prediction error can be also calculated as distribution-
free intervals. [8] shows that a distribution-free interval ( if one exists) will generally
be longer than a corresponding interval based on a particular distribution.

The original statistical error metrics are listed in Table 2, 3 4 for the three architec-
ture models CMP, RM and OCC respectively. The statistical results, for example the
statistical intervals of the CMP model in Table2, can be interpreted as:

90% of CMP model prediction error will not exceed roughly 14.75% and we have
95% confidence level that this upper bound is correct.

This gives a concrete measure of the confidence an architect can have in the pre-
dictions produced by the performance modeling and benchmarking approaches we
have developed for black box component-based applications. The statistical intervals
show that the accuracy of the RM and OCC models are a little lower than the CMP
model. One reason is that both the RM and OCC models do not cover the overhead of
invalidating an entity bean cache element involved in conflicting transactions. This is
mainly due to a technical limitation. These parameters depends on the internal im-
plementation of the EJB container, and currently the monitoring and profiling tool
can not identify the operations involved in these functions and their associated per-
formance metrics. According to [17] however, a prediction error under 30% is still
acceptable for capacity planning of a system.
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Confidence level y=0.95 y=0.95
Upper-bound of Error UB =26.16 UB = 14.66

Table 4. Statistical intervals for the OCC model

4.2 Linear Correlation

Linear correlation analysis can measure the strength of the linear relationship between
two variables. The thread pool size for an EJB container is an important tuning option.
Our model can be used to predict the performance under different settings of the
thread pool size, and consequently be used to find the optimal value with the best
performance under a given workload. The linear relationship between predicted and
measured response time is assessed to indicate the accuracy of the predicted optimal
value. The calculation is shown in Table 5. The correlation coefficients of the three
models indicate a good linear relationship between predicted and measured response
time under the various settings of thread pool size. The statistical results can be inter-
preted as, for example in the CMP model, approximately 98.37% of the variation in
the values of predicted response time is accounted for by a linear relationship with
measured response time and the confidence level is 95%.

2 The high Error in the circled samples is due to the ratio of transactions rolled back is high
when the ratio of updating transaction increases. The overhead of rolling back transaction is
not covered in the model
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CMP 0.9919 0.9837 0
RM 0.9981 0.9962 0
OCC 0.9984 0.9769 0

Table 5. Linear correlation between predited and measured response time
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Fig. 8. The response time vs. thread pool size (RM)
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5 Future Work and Conclusions

In the Prediction-Enabled Component Technology (PECB) framework, the quality of
the reasoning framework is evaluated by statistical intervals [9,10]. The accuracy of
the prediction model is higher than ours, however, their performance model is devel-
oped for a white-box system and detailed measurements for each component can be
easily discovered through source code instrumentation. This is not possible in our
example of using a black-box COTS component technology. However, we hope our
models may influence component technology vendors to expose APIs that allow the
measurements of important parameters required for performance prediction.

In this paper, we statistically evaluate our PPCB approach for predicting the per-
formance of black-box CB applications. The results demonstrate that 80% of the
prediction error is within upper bound of 27% with a confidence level of 95%. This
provides statistical evidence to the architects that our approach is accurate enough for
predicting the performance for different architectures at the design level.

While these results are encouraging, and to our knowledge, the first that focus on
black-box components that have been presented in the literature, they are of course
based on a small sample. More evidence is required that the approach is broadly ap-
plicable and scalable. To this end we are working to:

e Enhance the PPCB approach to cover additional architectural features such as
asynchronous messaging, widely varying message sizes and complex distrib-
uted transactions.

e  Test the approach on more complex applications.

e Design software engineering tools that hide the complexity of the modeling
and analysis steps in PPCB from an architect.
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