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Abstract—A great deal of research in software engineering
focuses on understanding the dynamic nature of software systems.
Such research makes use of automated instrumentation and pro-
filing techniques. In this paper, we turn our attention to another
source of information, i.e., the communicated information about
the execution of a software system. Execution logs and system
events are an example of communicated information. The logs
are generated from statements that are inserted on purpose by
domain experts (e.g., developers or operators) to signify points of
interest instead of automatically instrumented after the fact, with-
out considering domain knowledge. The accessibility and domain-
driven nature of the communicated information make it an ideal
source to study the evolution of a software system. Through a case
study on one large open source and another industrial software
system, we explore the concept of communicated information and
its evolution by mining the execution logs of these systems. Our
study shows that over time systems are willing to communicate
more about themselves and that the communicated information
changes over time. We also find that some of the communicated
information is short-lived while other information is long-lived.
The short-lived information corresponds to developer-level infor-
mation (e.g., opening a database connection), while the longer-
lived information corresponds to domain-level information (e.g.,
opening a new user account).

Index Terms—Software evolution, Software maintenance,
Communicated information, Execution log analysis

I. INTRODUCTION

Software engineering researchers traditionally use software
profiling and instrumentation techniques to generate execution
traces for studying the run-time behaviour of software sys-
tems [1]. However, such techniques impose high overhead and
slow down the execution, especially for real-life workloads.
In addition, software profiling and instrumentation is done
after the fact without domain knowledge of the software
system. Therefore, massive instrumentation often leads to
hardly interpretable results.

In practice, system administrators and developers typically
rely on the Communicated Information (CI), which consists
fundamentally of system events, of ultra-large software (ULS)
systems to understand field behaviour of large systems and to

diagnose and repair bugs. Execution log is one way to persis-
tently store CI. Such logs typically contain information about
the system activities (events) and their associated contexts.
The code to generate logs is explicitly added to the code by
domain experts to communicate important information about
the execution of a system. The importance of the information
varies based on the purpose of the logs. For example, detailed
debugging logs are relevant to developers, while operation
logs summarizing the key execution steps are more relevant
to operators and administrators.

The rich nature of the CI has introduced a whole new market
of applications that complement ULS systems. We collectively
call these applications Log Processing Apps. Log Processing
Apps are, for example, used to generate workload information
for large-scale systems capacity planning [2], [3], to monitor
system health [4], to detect system abnormal behaviours [5], or
to flag performance degradations [6]. Often such applications
are in-house applications requiring continuous evolution as
the needs change and as the CI changes. Companies, such
as IBM [7] and Splunk [8], support the development of
such applications by providing high-level domain specific
frameworks or visual development environments. However,
since little is known about the evolution of CI, it is unclear
how much maintenance effort Log Processing Apps require in
the long run.

In this paper, we explore the evolution of CI by examining
the logs of 10 releases of an open source software system
(Hadoop) and 9 releases of a legacy enterprise application,
which we name EA. Our study is the first step in understanding
the maintenance requirement for the field of Log Processing
Apps by studying the evolution of the CI. This paper addresses
the following research questions.

RQ1: How does the CI change over time?
We find that the size of the CI keeps on increasing,
but over all, majority of the CI remains constant. On
average, 69.2% of the CI in Hadoop and 78.9% in
EA do not change from release to release.



RQ2: What types of modifications happen to CI?
We identify six reasons for modifying the context
associated with CI. The rephrasing of the context
has the most harmful impact on the Log Processing
Apps, since it leads to changes to log lines without
change to the CI, causing unnecessary changes to the
Log Processing Apps.

RQ3: What information is conveyed in the CI?
We find that the long-lived CI mainly focuses on
the high-level (e.g., domain level) concepts of the
software systems. The short-lived CI mainly talks
about implementation-level details.

Our study highlights the importance of CI and the fact that
tools and techniques are needed to ease the maintenance of
Log Processing Apps. Such techniques should establish and
maintain traceability between CI and the Log Processing Apps
that make use of them.

The rest of this paper is organized as follows: Section II
presents an example to motivate our study. Section III presents
the data preparation for our case study. Section IV presents
our case studies and the answers to our research questions.
Section V discusses prior work related to our study. Section VI
discusses the limitations of our study. Finally, Section VII
concludes the paper.

II. A MOTIVATING EXAMPLE

We use a motivating example to illustrate the impact of
changes to CI on the development and maintenance of Log
Processing Apps.

The example is about an online file storage system that
enables customers to upload, share and modify files. Initially,
there were execution logs used by operators to monitor the
performance of the system. The information recorded in the
execution logs contained system events, such as “user request
file”, “start to transfer file” and “file delivered”.

Release 1

System operators identified a performance problem in the
prior release. In order to diagnose the problem, developer A
added more information to the execution event in CI, such
as the ID of the user who started uploading the file. Using
the added context in the execution logs, the system operators
resolved the performance problem. A simple Log Processing
App was written to continuously monitor for the re-occurrence
of the problem by scanning the CI for the corresponding
system event.

Release 2

The file upload feature was overhauled, leading the devel-
opers to change the communicated events and their associated
logs. The context changes to the log files led to failures of
the Log Processing Apps. The application started warning of a
performance problem. After several hours of analysis, the root
of the false error was identified. The CI had been changed by

TABLE I
OVERVIEW OF THE STUDIED RELEASES OF Hadoop

Release Release Date K SLOC
0.14.0 20 August, 2007 122
0.15.0 29 October, 2007 137
0.16.0 7 February, 2008 181
0.17.0 20 May, 2008 158
0.18.0 22 August, 2008 174
0.19.0 21 November, 2008 293
0.20.0 22 April, 2009 250
0.20.1 14 September, 2009 258
0.20.2 26 February, 2010 259
0.21.0 23 August, 2010 201

a developer who was not aware (no traceability) that others
made use of this information.

To avoid future problems, the developer marked the depen-
dence of the Log Processing App on this CI event in an ad
hoc manner through a basic code comment.

From the motivating example, we can observe the following:
• CI is crucial for understanding and resolving field prob-

lems and bugs.
• CI is continuously changing due to development and field

requirements.
• Log Processing Apps are highly dependent on the CI.
Yet, today there are no techniques to document such de-

pendencies, leading Log Processing Apps to be very fragile as
they adapt to continuously changing CI.

III. CASE STUDY SETUP

To understand how CI changes, we mine a commonly
available source of CI, execution logs. In this section, we
present the studied systems and our approach to uncover the
CI from execution logs.

A. Studied systems

We choose one open source software system and one closed
source software system with different size and application do-
main as the subject for our case study. We choose 10 releases
of an open source software application named Hadoop1, and 9
release of a closed source large enterprise application (EA). To
improve readability, we mark minor releases in italic forms.

Hadoop is a large distributed data processing platform that
implements the MapReduce [9] data processing paradigm. We
pick 10 releases of Hadoop, shown in Table I, from 0.14.0 to
0.21.0, as 0.14.0 is the earliest one that we could deploy in
our experimental environment and 0.21.0 is the most recent
release at the time of this study. Among the studied releases,
0.20.1 and 0.20.2 (in italic) are minor releases in the 0.20.0
series.

The enterprise application (EA) in our study is a large-
scale, legacy software application. Due to a Non-Disclosure
Agreement, we cannot reveal additional details about the
enterprise application. We do note that it is considerably larger

1http://hadoop.apache.org/, last checked March 2011.
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than Hadoop and with a very large user base. We choose 9
releases of EA in our study, including respectively 7 and 2
minor releases from two consecutive major releases. We name
the release numbers 0.1.0 to 0.1.6 for the first major release
and 0.2.0 to 0.2.1 for the second major release.

B. Uncovering CI from logs

Our approach to recover the CI of software systems consists
of the following three steps: 1) System deployment, 2) Data
collection, and 3) Log abstraction.

System Deployment

For our study, we sought to understand the CI of each
system based on the execution of a consistent set of features
for the various releases of these systems. To achieve our
goal, we run every version of each application with the same
workload in an experimental environment.

The experimental environment for Hadoop consists of three
machines. The experimental environment for EA mimics the
setup of a large enterprise application running in the field.

Data collection

In this step, we collect execution logs from two subject
systems.

Hadoop workload
The Hadoop workload consists of two example applications,

wordcount and grep. The wordcount application generates the
frequencies of all the words in the input data and the grep
application searches the input data for a certain string pattern.
In our case study, the input data for both wordcount and grep
is a set of data with a total size of 5 GB. The search pattern
of the grep application in our study is a basic string (“fail”).

The Enterprise System workload
We choose a subset of features that are available in all

versions of the EA. We simulate the real-life usage of the
EA system through a specialized workload generator, which
ensures that all commonly used features are exercised.

We perform the same 8-hour standard load test [10] on each
of the releases of EA. A standard load test mimics the real-
life usage of the application and also ensures that all of the
application features are covered during the test, such that the
collected execution logs are consistent over different runs of
EA.

Log abstraction

We recover the CI by mining the generated logs. However,
execution logs (e.g., Table II) typically do not follow strict
formats. Instead, they are often inconsistent [11]. The free-
form nature of these logs makes it hard to extract information
from them. Moreover, log lines typically contain a mixture of
static and dynamic information. The static values describe the
system events (execution events), while the dynamic values
indicate the execution context of these events.

We need to identify the different kinds of system events
based on the different event instances in the execution logs. We

TABLE II
EXAMPLE OF EXECUTION LOG LINES

# Log lines
1 time=1, Task=Trying to launch, TaskID=01A
2 time=2, Task=Trying to launch, TaskID=077
3 time=3, Task=JVM, TaskID=01A
4 time=4, Task=Reduce, TaskID=01A
5 time=5, Task=JVM, TaskID=077
6 time=6, Task=Reduce, TaskID=01A
7 time=7, Task=Reduce, TaskID=01A
8 time=8, Task=Progress, TaskID=077
9 time=9, Task=Done, TaskID=077

10 time=10, Task=Commit Pending, TaskID=01A
11 time=11, Task=Done, TaskID=01A

TABLE III
ABSTRACTED EXECUTION EVENTS

Event Event template #
E1 time=$t, Task=Trying to launch, TaskID=$id 1,2
E2 time=$t, Task=JVM, TaskID=$id 3,5
E3 time=$t, Task=Reduce, TaskID=$id 4,6,7
E4 time=$t, Task=Progress, TaskID=$id 8
E5 time=$t, Task=Commit Pending, TaskID=$id 10
E6 time=$t, Task=Done, TaskID=$id 9,11

use the technique proposed by Jiang et al. [12] to automatically
extract the execution events and their associated context. The
precision and recall of this technique are both over 80%. As
shown in Table III, the descriptions of task types, such as “Try-
ing to launch”, are static values, i.e., system events. The time
stamps and task IDs are dynamic values (i.e., context for these
events). The log abstraction technique normalizes the dynamic
values and uses the static values to create abstracted execution
events. We consider the execution events as representations of
communicated system events.

IV. CASE STUDY RESULT

In this section, we present the answers to our research
questions. For each research question, we present the motiva-
tion behind the question, our approach, and the corresponding
results.

RQ1: How does the CI change over time?

Motivation

The growth of the CI impacts the maintenance of Log
Processing Apps. An overall growth of communicated system
events would be an indication of the complexity of design-
ing and maintaining Log Processing Apps. Continuous and
frequent changes in the CI would indicate extra maintenance
costs for Log Processing Apps, since these applications typ-
ically must change to cope with each change to the CI. The
frequent change of the CI makes Log Processing Apps fragile
due to the lack of uniform traceability techniques between Log
Processing Apps and CI.

Approach

In our study, we use the number of different abstracted
execution events as a measurement of the amount of CI. In
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addition, we track the CI changes by measuring the percent-
ages of unchanged, added and deleted abstracted execution
events. Given the current release n and the previous release n-
1, the percentages of unchanged, added and deleted execution
activities are defined by the ratio of the number of unchanged,
added or deleted events in release n over the number of total
execution events in the previous release (n-1), respectively.
For example, the percentage of unchanged execution events in
release n (P unchanged n ) is calculated as:

P unchanged n =
# unchanged eventsn

# total events n−1
(1)

We manually examine all the added and the deleted events
to identify modified events. To accurately identify the modified
events, for each added and deleted execution events, we use
the frequency of appearances of the events in both releases to
assist in mapping between new events with similar wording
and similar frequency of occurrences with the deleted events
from previous releases. Therefore, the uncovered modified
events are sub-set of added and deleted events. Given the large
number of events and releases in the EA, we manually examine
only top 40 most occurring events since they represent more
than 90% of the data. We use similar equation as (1) for EA,
except that the number of total execution events for EA is
always 40.

Results

The size of CI is growing super-linearly for both systems.
Figure 1 shows the growth trend of CI in both studied systems
on a linear scale. For the EA system, we do not show the values
on the Y axis. For Hadoop, we note that the CI in the last
studied release (0.21.0) is 2.8 times the size of the CI in the
first studied release (0.14.0). We also note that CI increases
more between major releases than between minor releases.
For the EA system, we note a stable trend in the first seven
releases, while the CI increases significantly in the last two
releases (new major release).

Table IV and Table V show the percentage of added, deleted
and modified execution events. On average, 69.2% of the
CI for Hadoop remains the same from release to release. In
the added or deleted CI, 30.7% of it is modified, i.e., the
same communicated events occur, but with different contexts
attached to them. For the EA system, 78.9% of the CI stays
the same. Among the rest of the examined top 40 events, on
average 19.9% of them are modified.

We observe that major changes to the software systems
can lead to major changes in CI. For example, the releases
0.18.0 and 0.21.0 of Hadoop have the lowest percentages
of unchanged CI (in bold), as well as a high percentage of
added, deleted and modified execution events (in bold). We
studied the release information for both releases and read
through the change logs, to better understand the rationale for
such large changes in the CI. Release 0.18.0 introduced new
Java classes for Hadoop jobs (a core functionality of Hadoop)
to replace the old classes. Release 0.21.0 officially replaced
the old MapReduce implementation named “mapred”, with

4.1.5 0.1.5 739 15056487
4.1.6 0.1.6 739 10990105
5.0.0 0.2.0 944 17709488
5.0.1 0.2.1 1089 19923617

# excution events# log lines
14 0.14.0 60 33890
15 0.15.0 60 13688
16 0.16.0 65 16158
17 0.17.0 70 22207
18 0.18.0 93 38102
19 0.19.0 113 72950
20 0.20.0 121 54762

201 0.20.1 118 55207
202 0.20.2 124 79318
21 0.21.0 168 38522
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Fig. 1. Growth trend of CI in Hadoop (a) and EA (b).

a new implementation named “MapReduce”. Similarly, the
releases 0.1.3 and 0.2.0 of EA saw significant behavioural and
architectural changes compared with their previous releases.

Since Log Processing Apps highly depend on the CI, our
findings suggest that additional maintenance effort should
be expected to maintain Log Processing Apps when major
changes are introduced into their associated software systems.✎

✍

☞

✌

Communicated Information exhibits an overall in-
creasing trend. Almost 30% of the CI changes on
average across releases, which is an indication that
Log Processing Apps require continuous maintenance
once over time. Most of the major changes occur
between major releases.

RQ2: What types of modifications happen to CI?

Motivation

Our results in RQ1 show that a number of communicated
events change with only their context information being mod-
ified (modified CI). These modified CI have a crucial impact
on Log Processing Apps in the field, since Log Processing
Apps expect certain context information and are likely to fail
when operating on events with modified context. In contrast,
newly added CI are not likely to impact already developed
Log Processing Apps. They will just be ignored. In short,
changes to the context of previously communicated events are
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TABLE IV
PERCENTAGE AND NUMBER OF UNCHANGED, ADDED, DELETED AND MODIFIED CI IN THE HISTORY OF Hadoop.

Release # Total %(#) Unchanged %(#) Added %(#) Deleted %(#) Modified
0.15.0 60 81.67(49) 18.33(11) 18.33(11) 8.33(5)
0.16.0 65 86.67(52) 21.67(13) 13.33(8) 3.33(2)
0.17.0 70 87.69(57) 20.00(13) 12.31(8) 9.23(6)
0.18.0 93 51.43(36) 81.43(57) 48.57(34) 28.57(20)
0.19.0 113 80.65(75) 40.86(38) 19.35(18) 5.38(5)
0.20.0 121 76.99(87) 30.09(34) 23.01(26) 4.42(5)
0.20.1 118 89.26(108) 8.26(9) 10.74(12) 2.48(3)
0.20.2 124 99.15(117) 5.08(6) 0.00(0) 0.00(0)
0.21.0 168 51.61(64) 83.06(103) 47.58(59) 20.16(25)

TABLE V
PERCENTAGE OF UNCHANGED, ADDED, DELETED AND MODIFIED CI IN THE HISTORY OF EA.

Release % Unchanged % Added % Deleted % Modified
0.1.1 96.89 8.33 2.82 0.00
0.1.2 63.05 34.27 36.95 42.50
0.1.3 86.93 24.76 13.07 50.00
0.1.4 79.93 13.05 20.07 12.50
0.1.5 83.84 14.04 16.16 15.00
0.1.6 96.48 3.52 3.52 5.00
0.2.0 78.21 49.53 21.79 17.50
0.2.1 85.59 29.77 14.41 5.00

likely to introduce bugs and failures in Log Processing Apps.
For example, during the history of Hadoop, the “task” (an
important concept of the platform) was renamed to “attempt”,
leading to failures of monitoring tools and to confusion within
the user community about the communicated context [13].
Therefore, we wish to understand the different patterns of
changes to communicated contexts.

Approach

We follow a grounded theory [14] approach to identify
modification patterns to the context. We manually examine all
events with modified context and associate patterns to their
changes. We repeat this process several times until a number
of change patterns emerge. We then calculate the distribution
of different patterns of context modifications. The percentage
is calculated as the ratio of the occurrence of a pattern in
each release over the total number of modifications in all
releases. For example, the percentage of modified CI in pattern
p (P modified p) is calculated as:

P modified p =
# modified events p

# total modified events
(2)

Results

Table VI tabulates the six identified patterns. The table
defines each pattern and gives a real-life example of it. For
example, the modification pattern Rephrasing context corre-
sponds to the rewording of CI without any changes to the
actual information.

In the example of Rephrasing context shown in Table VI.
The “mapred” word, short term for “MapReduce”, is replaced
by “MapReduce”, and the word “Reduce task” is replaced

by the word “task Reduce”. Such modifications likely have
no impact on human reading, but a Log Processing App that
looks for the word “mapred” may generate incorrect results.
Rephrasing Context is unnecessary and harmful execution
event modification, which should be avoided entirely. Among
all the other patterns, Redundant context, Merging context and
Splitting context are also avoidable, since they do not change
actual information in the CI. Other than Rephrasing context,
Deleting context is also likely to have negative impact on the
Log Processing Apps, since the applications may depend on
the deleted CI.

Figure 2 shows that Rephrasing context and Adding context
are two frequently occurring patterns. Over 60% of the context
modifications in Hadoop are Rephrasing context pattern. For
the EA, Rephrasing context represents 41% and Adding context
represents 52% of the modifications. In short, over half of
the evolution of CI in Hadoop and EA are likely to lead
to harmful, yet unnecessary effects to the Log Processing
Apps. Developers of large software systems should try to avoid
modifying CI as much as possible.

Table VII and VIII show the detailed percentage of context
modifications for both systems, broken down per version
and pattern. Table VII shows that the two largest percentage
(in bold) of contextual modifications are both instances of
Rephrasing context. They were introduced in release 0.18.0
and 0.21.0 of Hadoop. Table VIII shows that a large number
of Rephrasing context instances was introduced in 0.1.2 of
EA. As noted in RQ1, all three releases have major changes
introduced into the system. These results indicate that most
of the Rephrasing context modifications may have correlation
to the major changes introduced into the software systems.
For example, in release 0.21.0, the old MapReduce library,
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Fig. 2. Classification distributions of communicated context modifications
in Hadoop (a) and EA (b).

which is the most essential part of Hadoop, was replaced by a
whole new implementation. Therefore, the word “mapred” was
replaced by the word “MapReduce”. As both implementations
have the same features, the system operator should not worry
about the changes to implementation details of the library.
However, such Rephrasing context requires updating Log
Processing Apps to ensure its proper operation.

In contrast, even though release 0.1.3 of the EA has a large
number of Adding context modifications, it does not have a
large number of added or deleted CI. This result indicates that
even though some releases do not introduce major changes
into the system, CI may still be modified significantly.

Due to the harmful impact of Rephrasing context modifica-
tions, we recommend the allocation of additional maintenance
resources to Log Processing Apps when major changes are
introduced into the corresponding software system.✎

✍

☞

✌

Six patterns of communicated context modifications
are observed. Rephrasing context and Adding context
are the most frequently occurring of the identified
modification patterns. The Rephrasing context pattern
has the largest negative impact on Log Processing
Apps.

RQ3: What information is conveyed in the CI?

Motivation

By understanding the type of conveyed information, we can

(a) long-lived CI

(b) short-lived CI

Fig. 3. Tag clouds of top 50 words in long-lived (a) and short-lived (b) CI
ofHadoop.

describe the evolution of CI at a high level of abstraction
instead of simple counts of added, removed and modified CI
as done in the previous two questions.

Approach

We study the information conveyed in long-lived and short-
lived CI separately. We consider communicated events that
exist across all releases as long-lived CI, while communicated
events that only exist in a single release are as short-lived CI.
To determine the most frequently used words in the execution
events, we visualize the word tokens of the events using a tag
cloud [15]. A tag cloud adjusts the size of each word according
to its frequency of occurrence relative to all the words. More
frequently mentioned words are shown in bigger and bolder
font. Viewing the cloud, we can quickly spot the most used
words in the log events to infer communicated topics. Since
the execution events that are added in the latest release can
only have one release of life-time, we remove them to avoid
biasing the results.

Results

Figure 3 shows the tag clouds of long-lived and short-lived
CI in Hadoop. We note the frequent occurrences of “mapred”,
which refers to the MapReduce library used by Hadoop.

Comparing both tag clouds, we find that the long-lived CI
for Hadoop represents the “core” functionalities and high-
level (domain-level) information about the software system.
Such information exists throughout the history of Hadoop. For
example, “tasktracker”, “reduce” and “attempt” are the most
important high-level concepts of the programming model and

6



TABLE VI
CI MODIFICATION PATTERNS AND EXAMPLES.

Pattern Definition Example
Before After

Adding context Additional context is added
into communicated infor-
mation.

ShuffleRamManager mem-
ory limit n MaxSingleShuf-
fleLimit m

ShuffleRamManager mem-
ory limit n MaxSingleShuf-
fleLimit m mergeThreshold
Q

Deleting context Context is removed from
the communicated infor-
mation.

Got n map output known
output m

Got n output

Redundant context Some redundant informa-
tion is added into the con-
text or the added informa-
tion can be generated with-
out being included in the
context.

Start task tracker at ma-
chine A

Start task tracker at ma-
chine A IP X

Rephrasing context The context is rephrased to
the new context.

Hadoop mapred Reduce
task fetch n bytes

Hadoop MapReduce task
Reduce fetch n bytes

Merging context Several old contexts are
merged into one log event.

MapTask record buffer;
MapTask data buffer

MapTask buffer

Splitting context The old context is split into
multiple new contexts.

Adding task to tasktracker Adding Map Task to task-
tracker;
Adding Reduce Task to
tasktracker

TABLE VII
DETAILED PERCENTAGES OF DIFFERENT PATTERNS OF CONTEXT MODIFICATIONS OF Hadoop.

Release Adding Deleting Redundant Rephrasing Merging Splitting
context context context context context context

0.15.0 1.41 0 2.82 2.82 0 0
0.16.0 0 0 2.82 0 0 0
0.17.0 0 0 0 8.45 0 0
0.18.0 0 0 0 28.17 0 0
0.19.0 0 2.82 0 4.23 0 0
0.20.0 2.82 1.41 1.41 0 1.41 0
0.20.1 0 1.41 0 1.41 1.41 0
0.20.2 0 0 0 0 0 0
0.21.0 9.86 1.41 1.41 16.9 2.82 2.82

distributed computing platform of Hadoop [16]. An example
of a long-lived CI is “TaskTracker Task task id is done”,
which is recorded in CI whenever a small part of a distributed
computing program is completed.

On the other hand, the short-lived CI typically corresponds
to low-level (implementation-level) concepts. The most fre-
quent word, “Java”, is part of many error messages. For exam-
ple, “ipc.RemoteException: java.io.IOException” is recorded
in CI when Hadoop cannot perform inter-procedural commu-
nication between machines. Other low-level implementation
details, such as “DELEGATINGMETHODACCESSORIMPL”
and “NATIVEMETHODACCESSORIMPL”, are also commu-
nicated for a short period of time.

Most Log Processing Apps are designed for recovering high-
level information about the systems, e.g., system workload
rather than implementation details. The CI of interest to such
applications is relatively stable, leading to low maintenance
cost for such applications. However, there are a few Log
Processing Apps that are designed for debugging purposes.

Such applications are much more fragile as their corresponding
CI is continuously changing.☛

✡

✟

✠
Long-lived CI mainly corresponds to the domain-level
information about the software systems, while short-
lived CI tells more about low-level implementation
details.

V. DISCUSSION AND RELATED WORK

In this section, we discuss the related topics and prior work
related to our study.

A. Non-code based evolution studies

While many prior studies examined the evolution of source
code, (e.g., [17]–[19]), this paper studies the evolution of
software systems from the perspective of non-code artifacts
associated with these systems. For example, the evolution of
the following non-code artifacts has been studied before:
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TABLE VIII
DETAILED PERCENTAGES OF DIFFERENT PATTERNS OF CONTEXT MODIFICATIONS OF EA.

Release Adding Deleting Redundant Rephrasing Merging Splitting
context context context context context context

0.1.1 0 0 0 0 0 0
0.1.2 6.78 1.69 0 20.34 0 0
0.1.3 22.03 0 0 10.17 0 1.69
0.1.4 6.78 0 0 1.69 0 0
0.1.5 8.47 1.69 0 0 0 0
0.1.6 1.69 0 0 1.69 0 0
0.2.0 6.78 0 0 3.39 1.69 0
0.2.1 0 0 0 3.39 0 0

• Build Systems: The build system decides which com-
ponents should be built and incrementally builds the
source code. Adams et al. [20], [21] and McIntosh et
al. [22], [23] study different types of build systems,
such as Makefile and Apache ANT. They find that build
systems co-evolve with source code.

• System Documentation: Software systems evolve
throughout the history, as new features are added and ex-
isting features are modified due to bug fixes, performance
and usability enhancements. Antón et al. [24] study the
evolution of telephony software systems by studying the
user documentation of telephony features in the phone
books of Atlanta.

• Menu Structure: His et al. [25] study the evolution
of Microsoft Word by looking at changes to its menu
structure. Hou et al. [26] study the evolution of UI
features in Eclipse IDE.

• Features: Instead of studying the code directly, some
studies have picked specific features and followed their
implementation throughout the lifetime of the software
system. For example, Kothari et al. [27] propose a
technique to evaluate the efficiency of software feature
development by studying the evolution of call graphs
generated during the execution of the same features.
Greevy et al. [28] use program slicing to study the
evolution of features.

• Communicated Information: We divide CI into CI
about code and CI about the execution.

– Evolution of Code CI: Examples of this CI are
code comments, which are a valuable instrument to
preserve design decisions and to communicate the
intent of the code to programmers and maintainers.
Jiang et al. [29] study the evolution of source code
comments and discover that the percentage of func-
tions with header and non-header comments remains
consistent throughout the evolution. Fluri et al. [30],
[31] study the evolution of code comments in 8
software projects.

– Evolution of Execution CI: To the best of our
knowledge, this paper is the first work that seeks to
study the evolution of execution CI.

B. Logs as a source of CI

Our case studies use execution logs as a primary source
of CI. This is based on our team’s extensive experience
working with several large enterprises. While many systems
today support monitoring APIs to communicate to a system,
all too often users of such systems still make extensive use
of execution logs as a valuable source of communicated
information about the execution of these systems.

In many ways, the logs provide a non-typed, flexible com-
munication interface to the outside world. The flexible nature
of the logs makes them easy to evolve by developers (hence
faster to respond to changes in the systems), but makes the
applications, depending on them very fragile. As additional
applications depend more and more on specific CI, it is
often the case that such information is then formalized and
communicated through more formalized and typed interfaces.
For example, ARM [32] (Application Response Measurement)
provides monitoring APIs to assist in system response time
monitoring and performance problem diagnosis. Further stud-
ies are needed to better understand the evolution of CI from
very flexible to well-defined APIs.

We coined the term CI to clearly differentiate it from tracing
information. We firmly believe that CI can (and should) remain
consistent even as the lower-level implementation details of
an application change. Recent work by Yuan et al. [33], has
explored how one can improve the CI to easily detect and
repair bugs by enhancing the communicated contexts. In future
studies, we wish to define metrics to measure the quality of
CI and the need for CI changes relative to implementation
changes.

C. Traceability between Logs and Log Processing Apps

For most software developers, logs are considered as a final
output of their systems. In reality, logs are just the input for
a whole range of applications that live in the log-processing
ecosystem surrounding these systems.

Our study is one of the first studies to explore how changes
in parts of an ecosystem (communicated information, i.e., logs)
might impact other parts of the system (Log Processing Apps).
The need for such types of studies was noted by Godfrey and
German [34], as they recognized that most software systems
today are linked in a formal or informal manner with other
systems within their ecosystems.

8



Our study provides evidence of Lehman’s earlier work [19],
which notes the need for applications to adapt to the changes
in their surrounding environment. In this study, we primarily
focused on the environmental changes (i.e., changes to CI). In
future work, we wish to study the changes in all aspects of
the ecosystem, namely the system, the CI by the systems, and
the Log Processing Apps that process the CI.

Our study and our industrial experience support us in
advocating the need for research on tools and techniques to
establish and maintain traceability between the CI (logs in
our case) and the Log Processing Apps. Such a line of work
might increase the cost of building large systems. However, it
is essential for reducing the maintenance overhead and costs
for all apps within the eco-system of the system.

VI. THREATS TO VALIDITY

This section presents the threats to validity of our study.

Internal validity
Our study is an exploratory study performed on Hadoop

and an enterprise application. Even though both systems have
years of history and large user bases, more case studies on
other software systems are needed to see whether our findings
can generalize. The studied logs are collected from specific
workloads, which may not generalize. We plan to study in-
field execution logs in our future work.

External validity
Our study has several manual steps, including the checking

of log modifications, the classification of log reformatting and
study of the characteristic of long-lived CI. Our findings may
contain subjectivity bias.

Construct validity
We use execution logs to study the communicated infor-

mation. Other types of CI, such as error messages and code
comments, may not evolve in the same manner or contain the
same information as execution logs. Studying other types of
CI is in our future plan.

Our study is mainly based on the abstraction of execution
events proposed by Jiang et al. [12]. This approach is shown
to have high precision and we customize the approach to better
fit the two subject systems, but fault abstracted log events may
still exist, which may potentially bias our results. We plan to
adopt other log abstraction techniques to improve the precision
and to reduce the false abstracted execution events in our study.

VII. CONCLUSION

Communicated information, such as execution logs, error
messages and comments, is generated by snippets of code
inserted explicitly by domain experts to record valuable ex-
ecution information. Log Processing Apps are developed to
analyze such valuable information to assist in software testing,
system monitoring and program comprehension. Log Process-
ing Apps highly depend on CI and are hence impacted by
changes to the CI. In this paper, we performed an exploratory
study on the CI from 10 releases of an open source software

named Hadoop and 9 releases of a legacy enterprise applica-
tion. The goal of this paper is to understand the evolution of
CI as well as the impact of such evolution on the maintenance
of the corresponding Log Processing Apps.

Our study shows that systems communicate more about
their execution as they evolve. We find that 20% to 30%
of CI changes leads to negative and unnecessary changes
to Log Processing Apps. Our results also show that the
long-lived CI mainly corresponds to high-level domain con-
cepts, while short-lived CI mainly corresponds to the system
implementation-level concepts.

Our results indicate that additional maintenance resources
should be allocated to maintain Log Processing Apps, when
major changes are introduced into the software systems. In
particular, modifications to communicated context are likely
to impact the Log Processing Apps, and cause them to fail.
In addition, more resources should be allocated to maintain
Log Processing Apps designed for debugging problems (from
short-lived CI) than Log Processing Apps designed for recov-
ering high-level system information (from long-lived CI).

Our immediate future work concentrates on studying how
the Log Processing Apps react to the identified evolution
characteristics of CI.
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