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ABSTRACT
Context: Regression testing aims to prevent code changes from
breaking existing features. Flaky tests negatively affect regression
testing because they result in test failures that are not necessarily
caused by code changes, thus providing an ambiguous signal. Test
timeouts are one contributing factor to such flaky test failures.

Objective:With the goal of reducing test flakiness in SAP HANA,
a large-scale industrial database management system, we empiri-
cally study the impact of test timeouts on flakiness in system tests.
We evaluate different approaches to automatically adjust timeout
values, assessing their suitability for reducing execution time costs
and improving build turnaround times.

Method: We collect metadata on SAP HANA’s test executions by
repeatedly executing tests on the same code revision over a period
of six months. We analyze the test flakiness rate, investigate the
evolution of test timeout values, and evaluate different approaches
for optimizing timeout values.

Results: The test flakiness rate ranges from 49% to 70%, depending
on the number of repeated test executions. Test timeouts account
for 70% of flaky test failures. Developers typically react to flaky
timeouts by manually increasing timeout values or splitting long-
running tests. However, manually adjusting timeout values is a
tedious and ineffective task. Our approach for timeout optimization
reduces timeout-related flaky failures by 80% and reduces the overall
median timeout value by 25%, i.e., blocked tests are identified faster.

Conclusion: Test timeouts are a major contributing factor to flak-
iness in SAP HANA’s system tests. It is challenging for developers
to effectively mitigate this problem manually. Our technique for
optimizing timeout values reduces flaky failures while minimizing
test costs. Practitioners working on large-scale industrial software
systems can use our findings to increase the effectiveness of their
system tests while reducing the burden on developers to manually
maintain appropriate timeout values.
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1 INTRODUCTION
Regression testing is commonly used to verify that code changes
do not break existing features [10]. A common issue that negatively
affects regression testing is test flakiness [1]. Flaky tests can pass
or fail without changes to the executed code. Therefore, they do
not provide a reliable signal on whether there is an actual issue.

Test flakiness is a major problem that has been studied in com-
panies such as Apple, Google, Meta, Microsoft, and SAP [9, 16,
21, 24, 26]. Previous research on test flakiness focused on ways
to detect flaky tests [2, 8, 14, 17, 27, 39, 40, 43], identify their root
causes [7, 9, 25, 26, 29, 37, 48, 49], and mitigate their negative ef-
fects [7, 20, 35, 37]. However, test flakiness remains a major chal-
lenge in software testing practice [1].

A common approach to deal with flaky tests is to rerun poten-
tially flaky tests multiple times [8, 20, 37]. However, this strategy is
costly with respect to computational resources. This is particularly
true for large-scale industrial systems, where test execution times
range from a few seconds to several hours [1, 4, 32]. For example,
Google reports that for every week of computing time they spend
on testing, up to one day is used for re-running flaky tests [33]. In
summary, test flakiness reduces the overall effectiveness of testing.

In this paper, we present a study of test flakiness in a large-scale
industrial software system, SAP HANA. SAP HANA consists of
millions of lines of code that are actively maintained by more than
100 developers. Since SAP HANA is central to the business of many
of SAP’s customers, it is crucial to ensure a high quality for each
delivery or deployment. Therefore, SAP HANA is tested in a com-
plex environment [4], with a special focus on system tests (see
Figure 1). SAP HANA developers submit hundreds of code changes
per day on average. To assess the quality of these changes, approxi-
mately 500 000 test executions are performed every day. The tests
are executed in parallel on an infrastructure consisting of around
1000 servers [4], both on-premises and in the cloud. To keep up
with the developers’ code churn rate, SAP HANA’s CI system relies
heavily on automation. However, the automatic assessment of code
changes is affected by flaky tests, which complicates guaranteeing
fast turnaround times.

To gain insights into flaky tests in SAP HANA, we repeatedly
execute a subset of SAP HANA’s tests multiple times on the same
code revision. We perform these repeated runs every weekend
utilizing idle resources in our testing environment. This results in
a dataset that currently contains metadata of around 1 million test
executions from almost 800 different tests, that is, more than 1000
executions per test. The dataset represents 15 years of computation
time, as there are many single system test executions that require
up to several hours of execution time. Based on this test execution
dataset, we identify a major contributing factor to test flakiness in
SAP HANA: test case timeouts [26, 37] (see Section 5 for details).
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With the goal of interrupting blocked tests early to limit wasted
resources, the SAP HANA test infrastructure enforces that devel-
opers must assign a timeout value to every test in a dedicated con-
figuration file. The test execution is interrupted by SAP HANA’s
testing framework if this value is reached. Blocked tests can occur
for various reasons, e.g., deadlocks, asynchronous calls to unrespon-
sive systems, or hardware issues. However, as previous research
has shown, setting timeout values is a non-trivial task for develop-
ers [15]. Due to the heterogeneous and non-deterministic testing
environments of large software projects, the execution time of an
individual test is susceptible to a wide range of factors and can
therefore vary considerably [1, 19, 32]. Consequently, timeout val-
ues of tests, originally set to save costs, may cause additional test
costs by triggering reruns due to flaky timeouts.

Previous research at Microsoft [26] resulted in a tool to balance
the trade-off between flaky timeouts and average test execution
time by repeatedly executing tests with adapted timeout values.
The tool adjusts the wait times of thread waits and timeout values
in a test according to the flakiness rate until the minimum non-flaky
timeout value is found. Thus, the tool helps developers fix flaky
tests and speed up the average test execution time.

In this work, we propose an approach to achieve a cost-optimal
trade-off between average test execution time and timeout flakiness
using statistical methods. Our approach does not rely on the costly
re-execution of tests with different timeout values. To achieve this,
we adopt a technique inspired by previous work in the context of
machine learning projects in which the authors determine optimal
assertion bounds that take into account the trade-off between fault
detection effectiveness and flakiness [47]. They formulated this
trade-off as an optimization problem and estimated the flakiness
rate of a test for different assertion boundswith the help of statistical
concentration inequalities [12, 34, 47]. We adopt this approach to
estimate the pass rate of a test based on the assigned timeout value,
that is, the probability that the test execution time is below the given
timeout value. We model the trade-off between timeout flakiness
and average test execution time mathematically to calculate cost-
optimal timeout values.

The resulting timeout values reduce the occurrence of sporadic
failures due to timeouts, that is, flaky timeouts, by 80 % in the given
dataset. Furthermore, our approach reduces the median timeout
value of the SAP HANA system tests by 25 %.

Our research results have an immediate practical impact, because
the SAP HANA team adapts the test timeout value handling of the
SAP HANA test framework based on our findings.

The contributions of our work are:

(1) Practical insights from an extensive study of test flakiness
in a large-scale industrial software project.

(2) An approach to calculate cost-optimal timeout values based
on statistical methods.

(3) An evaluation of the practical impact of our proposed ap-
proach on a large-scale industrial project.

In the following, we describe our study subject, SAP HANA, in
Section 2, before we summarize our data collection process and the
two datasets that we used for our study in Section 3. In Section 4,
we introduce our research questions and report the corresponding
findings in Section 5. We conclude the paper with a discussion of

Figure 1: Test “pyramid” of SAP HANA [4].

these findings in Section 6, the threats to validity in Section 7, and
concluding remarks in Section 8.

2 STUDY SUBJECT
In this section, we introduce the main subject of our study, SAP
HANA. We focus on the relevant aspects for this work. Bach et
al. [4] provide a more comprehensive overview of testing in the
context of SAP HANA.

SAP HANA is a large-scale in-memory database management
system that was initially released by SAP in 2010 [4]. Due to its use
in mission-critical customer scenarios, potential software failures
can lead to high costs [22]. For example, as SAP HANA’s primary
task is to store and retrieve business-critical data correctly, failures
or data loss might have a direct negative impact on the daily busi-
ness of customers. Such a negative impact leads to costs for SAP
through service level agreement violations, liabilities, and loss of
reputation, but also requires further effort to develop and deliver
bug fixes. These are only some of the reasons why SAP HANA is
continuously and extensively tested.

Most of SAP HANA’s test suite consists of two types of tests: unit
tests written in C++ and system tests written in Python. Figure 1
shows SAP HANA’s variant of the test pyramid. As indicated in
the figure, SAP HANA developers focus more on system tests com-
pared to the conventional test pyramid [18, 36]. Since system tests
provide valuable information on the actual behavior of the entire
system under test, such a distribution is commonly encountered in
large-scale software projects [1]. Due to the large scope and low
degree of isolation of system tests, they are commonly affected by
test flakiness [35]. The SAP HANA test suite consists of more than
900 000 tests [4]. As these tests are grouped along different hier-
archical levels, the exact number depends on the definition of the
term “test” and the methodology for counting them [45]. Previous
work provides further details on testing SAP HANA [4]. Executing
the entire suite of 900 000 tests for every change would result in
long waiting times for developers and staggering test costs [4, 5].
Therefore, the SAP HANA testing strategy follows a multi-stage
approach as shown in Figure 2.

In the first testing stage, after developers create and test new
changes locally, they submit them to SAP HANA’s central code
repository. Before the change is merged, so-called pre-submit tests
are executed to verify that the resulting state of the code compiles
and does not introduce regressions.



Taming Timeout Flakiness: An Empirical Study of SAP HANA ICSE-SEIP ’24, April 14–20, 2024, Lisbon, Portugal

2INTERNAL© 2019 SAP SE or an SAP affiliate company. All rights reserved.  ǀ

Local Testing
New changes

Scope     - Execution Time     - Frequency-1

Component 
Testing

Integration into 
component

Main Code 
Line Testing
Integration into 

master code line

Daily Testing
Expensive tests 
& acceptance 

testing

Exploratory 
Testing

Performance, 
malfunction, 
fuzzing, …

Weekly 
Qualification

SAP-internal 
systems

Monthly 
Qualification
Cloud releases

Release 
Qualification
Major releases, 
typically yearly

Post-submit testing

(automated)

Extended testing

(automated & manual)

Pre-submit testing

(automated)

Figure 2: Testing stages of SAP HANA. In this paper, we focus on pre-submit testing.

To automatically integrate a change into SAP HANA’s central
repository, all pre-submit tests must pass or be assessed as non-
problematic. However, we observed that, on average, 99 out of 100
pre-submit test runs are affected by flaky failures. SAP applies an
industry standard approach here, where failing tests are re-executed
three times. In general, if one of the re-executions is successful, the
change will be accepted. Depending on the code, this behavior can
be adapted by the developers. Despite the additional computational
costs and waiting time caused by the required re-executions, such a
strategy is commonly used in the software industry. Previous work
reports that this strategy helps mitigate the negative impact of test
flakiness on the quality signal [1, 16, 24, 25].

After a change has been integrated into the central code repos-
itory, the resulting state of the code will be tested by frequent
post-submit tests (daily/weekly). In this work, however, we focus
on the pre-submit tests of SAP HANA, as they are executed more
frequently and directly impact integration times for developers.
Therefore, they have a higher impact on SAP’s test costs.

To simplify the discussion, we use the term “test” to refer to an
aggregated level of tests, which roughly translates to all tests of
a certain component [4]. Such tests are aggregated and executed
together. Moreover, metadata such as execution time and test fail-
ures is tracked on this level. The timeout values for test executions
are also defined in that layer, sometimes in addition to the level of
individual test cases.

We focus on the subset of system tests executed during the pre-
submit testing phase. In many cases, these system tests contain SQL
statements to communicate with the system under test [4]. This
subset of tests consists of approximately 800 tests that account for
more than 90% of the test resource consumption in the SAP HANA
pre-submit phase. Again, we use the term test for these 800 tests
to simplify the discussion. In reality, each of these 800 items may
represent a test suite with potentially thousands of separate tests.

3 COLLECTING RELIABLE FLAKINESS DATA
In this work, we conduct an analysis of flaky tests on two datasets
collected for SAP HANA: Mass Testing (MT) and Adjusted Timeout
Values (ATV). This section introduces the datasets and provides an
overview of the data collection process.

As explained in Section 1, the SAP HANA testing environment
offers a large amount of compute resources. However, resources
are nevertheless limited, and triggering hundreds of additional test
runs during the week to derive our datasets is not feasible without
affecting the work of developers. Therefore, we set up a process
to trigger multiple test runs for a fixed revision of SAP HANA’s
source code using idle resources over the weekend.

We aggregated the results for one code revision from multiple
weekends to collect a high number of repeated executions per test,
enabling an analysis of the test flakiness rate. To cover multiple
revisions, we update the revision to be tested after collecting at
least 100 repeated test executions per test. To this end, we branch
the revision under test from SAP HANA’s main code line to make
sure that it does not contain software defects that cause actual test
failures and thus add noise to our data. We refer to this data collec-
tion process as Mass Testing. Figure 3 illustrates the corresponding
process, which can be divided into the following three steps:

(1) Every weekend, we conduct repeated test executions for the
same revision of the code. Each code revision is tested 100
times by all of SAP HANA’s pre-submit tests. Therefore, the
initial task of the cron job is to verify that 100 repeated runs
are reached on the current revision of the branch.

(2) If the current revision has already been tested 100 times, we
merge the HEAD commit of the main code line into our Mass
Testing branch and trigger 20 repeated test runs.

(3) After the test runs have been completed, their results are
persisted for later analysis.

We created both the MT and the ATV dataset following this pro-
cess. The difference between MT and ATV is that for the latter, we
increased the timeout values of the tests by a factor of ten after
merging the current head into a separate branch. We did this to
collect data that is less affected by timeout flakiness. The reason
for choosing a factor of ten is that our experience has shown that
this is sufficient to notably reduce timeout flakiness.

Table 1 describes the resulting datasets. We collected the data
in a time frame of almost eight months. The two datasets contain
almost one million test executions. The data collection for the ATV
dataset started 3 months later and therefore contains fewer test
executions than the MT dataset.
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Figure 3: Overview of our data collection process.

Table 1: Available datasets for this study.

Data Set # Tests # Test Executions # Code Revisions

MT 744 558 423 17
ATV 701 363 169 7

4 RESEARCH QUESTIONS AND
METHODOLOGY

In this section, we present the research questions that we investigate
in this work and outline the methodology used to answer them.

RQ1: What level of test flakiness do we observe in SAP
HANA’s system tests and what can we identify as a
major contributing factor?

Motivation: As a working definition of test flakiness, we con-
sider a test to be flaky if the corresponding test executions do not
always yield the same result when executed multiple times on the
same code revision. More formally, let 𝑟𝑛 ∈ 0, 1 be the result of exe-
cuting a test 𝑡 on a certain source code revision, where 0 indicates
a passed run and 1 indicates a failure. Then, let {𝑟1, ..., 𝑟𝑛} be the
sequence of results obtained after 𝑛 repetitions of 𝑡 . We consider
the test flaky iff 0 <

∑𝑛
𝑖=1 𝑟𝑖 < 𝑛, that is, if the results are not either

all passes or all failures.
This is a common definition that allows us to reason about flaki-

ness [29, 37]. However, it has several severe limitations. An obvious
limitation is that, with increasing 𝑛, all tests are flaky in practice,
limiting the usefulness of the definition [30] (see also our corre-
sponding discussion in Section 6). On the other hand, for 𝑛 = 1, no
tests are flaky, which is also of limited use. For now, we assume
that there is a range for 𝑛 in which the definition is meaningful. At
the same time, we support the desire for a better definition of test
flakiness, as also stated in previous work [4, 24].

Previous studies found that flaky tests negatively affect continu-
ous integration and reduce test effectiveness [38, 46]. To tackle this
problem, it is important to collect information on flaky tests [1].
Although there exist several studies that provide information on
test flakiness [24, 26], previous research points out that the root
causes of test flakiness vary for different categories of software [20].
Therefore, we conducted a longitudinal study of flaky tests over a
period of eight months in context of our study subject SAP HANA.
This enabled us to gain insights into the prevalence of flaky tests
in this specific setting, identifying a major contributing factor to
flaky failures.

Approach: We collect data on test flakiness by re-executing a
subset of SAP HANA’s tests 100 times for a certain code revision.
To understand how test flakiness evolves over time, we repeat this
process for multiple code revisions and compare the results.

As explained in Section 2, every flaky test failure triggers three
test restarts. Therefore, the additional test execution costs caused
by flaky tests scale linearly with the test failure rate. In practice,
test flakiness can also cause other costs due to delays or wrong
quality signals, but we ignore such other costs for now.

To gain insights into the failure rate of flaky tests in a certain
revision, we categorize flaky tests into five bins. As defined above,
a test is flaky if it passes and fails for the same code revision. Given
a certain code revision, the failure rate of a flaky test is the ratio
of the number of failures to the number of test executions in this
revision:

∑𝑛
𝑖=1 𝑟𝑖/𝑛. We divide flaky tests into the following five

bins of failure rates:
(1) (0.0, 0.2] (note that 0.0 is excluded)
(2) (0.2, 0.4]
(3) (0.4, 0.6]
(4) (0.6, 0.8]
(5) (0.8, 1.0) (note that 1.0 is excluded)

Thus, the interval (0.8, 1.0) aggregates the tests with the highest
number of flaky failures.

RQ2:What impact does increasing timeout values have
on test flakiness in context of SAP HANA?

Motivation: Previous research at SAP HANA hinted that test
case timeouts could be a common cause of test flakiness [9]. In this
work, we define a timeout as the event in which a test execution is
interrupted because its execution time exceeds a configured thresh-
old. We refer to this configured threshold as the test’s timeout value
and call a test timeout-flaky when it is affected by sporadic timeouts
(see the formal definition in RQ4). Previous research at Microsoft
and Mozilla has found that developers commonly fix timeout-flaky
tests, that is, flaky tests that are affected by timeouts, by increasing
their timeout values [15, 26]. Lam et al. point out that increasing
timeout values might not be an effective measure to fix timeout
flakiness [26]. Moreover, they state that their findings require fur-
ther validation using larger datasets based on different categories of
software [26]. We address this research gap by conducting a study
on timeout flakiness in the context of SAP HANA.

Approach: In addition to the repeated test runs that we used
to answer RQ1, we repeated the experiment with timeout values
increased by a factor of ten, assuming that this would limit the
impact of timeouts on flakiness to a negligible level. We compare
the resulting flakiness rates with the results of RQ1 to evaluate the
impact of increased timeout values on test flakiness.

RQ3: How do developers commonly adjust timeout val-
ues in the context of SAP HANA?

Motivation: SAP HANA’s test framework requires developers to
set timeout values for tests in dedicated configuration files. Previous
research on timeouts found that determining appropriate timeout
values is a non-trivial task for developers [15, 20, 37]. Therefore, we
study the evolution of timeout values set for SAP HANA’s system
tests to understand if and how developers currently invest time
into adjusting timeout values to react to timeout-flaky tests.
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Approach: We study the version history of SAP HANA’s config-
uration files to identify changes that modify timeout values. We
extract the modified timeout values, and thus gain insights into
their evolution over time. We collect data from a seven-year time
frame between 2016 and 2023.

RQ4: To what degree can we optimize the timeout val-
ues with respect to their average test execution costs?

Motivation: In a previous study, researchers atMicrosoft pointed
out that timeouts can negatively affect the effectiveness of testing
in two ways [26]: 1. tight timeout values that are too close to the
average test execution time may cause timeout flakiness, which
increases computational cost due to flaky restarts, and 2. loose time-
out values can lead to higher average test execution times, which
leads to a waste of computational resources in the case of blocked
test execution. To mitigate this problem, Lam et al. proposed a tool
that helps developers balance this trade-off [26]. Their tool evalu-
ates different timeout values with respect to their flakiness rate and
the resulting average test execution time and successfully decreases
the average test execution times by up to 78 % while also reducing
timeout flakiness. However, the tool relies on re-executing tests
multiple times where each execution is configured with a different
timeout value. In SAP HANA’s testing environment, this is not fea-
sible, as we would need to repeat this process regularly on demand,
whenever a new test appears flaky. Given the number of tests and
the cost of executing them, the approach is difficult to implement
for SAP HANA. Therefore, in this work, we evaluate an approach
that aims to optimize the trade-off between timeout flakiness and
average test execution time based on statistical methods. This al-
lows us to data from regular executions or use idle resources to
obtain additional statistical information on test execution times.
We then use this information to reduce test execution costs.

Approach: We define the average cost of a test with respect to
its timeout-flaky restarts and the average execution time: Let the
random variable𝑇 be the execution time of a test execution 𝑒 . Given
a certain timeout value 𝑡𝑚𝑎𝑥 defined for 𝑒 , we estimate the timeout
rate 1 − 𝑃 (𝑇 < 𝑡𝑚𝑎𝑥 ) of 𝑒 by using probabilistic concentration
inequalities. Concentration inequalities provide a way to determine
probabilistic bounds on how far a random variable is above its
mean. In previous work, such concentration inequalities have been
commonly applied for anomaly detection [3, 23, 41].

In the context of this work, we consider the event of a timeout as
an anomaly. We estimate the probability of such an event using the
test execution times (samples) in our ATV data set. We adopt Tol-
hurst’s adaption of Cantelli’s inequality to estimate the probability
of a timeout [12, 31, 44, 47]. Given the mean 𝑋 and variance 𝑆2𝑛 of
a sample, Tolhurst defines the inequality as shown in Equation (1).

𝑃 (𝑋 − 𝑋 ≥ _𝑄𝑛) ≤
1

𝑛 + 1
·
[
𝑛 + 1
𝑘2 + 1

]
. (1)

Here, ⌊𝑥⌋ refers to the floor function, 𝑄2
𝑛 =

[
𝑛+1
𝑛

]
𝑆2𝑛 and 𝑘2 =

𝑛 ·_2
𝑛−1+_2 . The inequality holds for fixed integers 𝑛 ≥ 2 and any real-
valued _ > 1 and corresponds to Cantelli’s inequality for 𝑛 → ∞.

Based on the timeout rate 1 − 𝑃 (𝑇 < 𝑡𝑚𝑎𝑥 ) of 𝑒 , the average
cost per execution depends on two variables: 1)𝑚, the configured
number of reruns triggered by flaky failures and 2) the average
execution 𝑇 𝑡𝑚𝑎𝑥

based on a certain 𝑡𝑚𝑎𝑥 . In our calculations, we
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empirically estimate the average execution time for different 𝑡𝑚𝑎𝑥

using the given data. Furthermore, we consider𝑚 to be constant
and use, as explained before,𝑚 = 3 for SAP HANA. With that, we
can define an optimization problem that searches for the smallest
average cost per execution:

𝐶 (𝑡𝑚𝑎𝑥 ) = 𝑇 𝑡𝑚𝑎𝑥
+𝑚 · ((1 − 𝑃 (𝑇 < 𝑡𝑚𝑎𝑥 )) ·𝑇 𝑡𝑚𝑎𝑥

𝑡∗𝑚𝑎𝑥 = argmin
𝑡𝑚𝑎𝑥 ∈N

𝐶 (𝑡𝑚𝑎𝑥 ). (2)

That is, we define the average cost of a test run as the sum of the
average execution time in the initial run and the execution time of
potential flaky restarts. Since the SAP HANA testing framework
only accepts positive integers as timeout values, we restrict possible
values to positive natural numbers.
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As we can see in Equation (2), a trivial solution for 𝑡∗𝑚𝑎𝑥 is a
𝑇 𝑡𝑚𝑎𝑥

value that is obtained using a sufficiently large 𝑡𝑚𝑎𝑥 . If 𝑡𝑚𝑎𝑥

is large enough, then the probability for a timeout is zero, and
therefore we do not have any costs for re-runs. However, arbitrarily
large timeout values cannot be the desired solution. Therefore, we
must extend the cost model to capture those costs that arise when
we encounter the case where a test execution hangs indefinitely.
This can happen, for example, due to a deadlock or a logic error
resulting in an endless loop.

To achieve this goal, we add a constraint that models the prob-
ability of a potential breakage. With the probability 𝑃𝑏 for such a
breakage, the test execution can require the full duration of the
timeout limit. The timeout then results in restarts, and we assume
that they are affected by the same problem. In summary, this adds
𝑃𝑏 · 𝑡𝑚𝑎𝑥 · (𝑚 + 1) to the costs, and we obtain:

𝐶 (𝑡𝑚𝑎𝑥 ) = 𝑇 𝑡𝑚𝑎𝑥
+𝑚((1 − 𝑃 (𝑇 < 𝑡𝑚𝑎𝑥 )) ·𝑇 𝑡𝑚𝑎𝑥

+ 𝑃𝑏𝑡𝑚𝑎𝑥 (𝑚 + 1)
𝑡∗𝑚𝑎𝑥 = argmin

𝑡𝑚𝑎𝑥 ∈N
𝐶 (𝑡𝑚𝑎𝑥 ).

(3)

To illustrate the reasoning behind Equation (2) and Equation (3),
consider Figure 4. The figure shows the sample distribution of a
test’s execution time consisting of 𝑛 = 536 samples without any
interruptions due to timeouts. The red dotted line shows the old
timeout of 3 minutes that the developers configured. The passing
probability of the old timeout is 0.85. The test’s average execu-
tion time given the timeout value of 3 minutes was 1.55 minutes.
Based on Equation (2), we can calculate the average cost of the test:
𝐶𝑡 (3) = 3 · 1.55 · (1 − 0.85) + 1.55 = 2.25 minutes.

Determining 𝑃𝑏 , which depends on a particular test, is rather
difficult. However, we can take a shortcut and restrict the upper
bound of 𝑡𝑚𝑎𝑥 to:

𝑡𝑚𝑎𝑥 ∈
[
𝑇, 2 ·max(𝑇 )

]
. (4)

Thatmeans the newmax duration cannot be larger than twice the
value of the highest previous execution time. This yields an optimal
timeout value of 6 minutes in the previous example. Although a
timeout value of 6 minutes results in a higher average execution
time of 1.77 minutes, it reduces the average cost, since the increased
timeout value yields a higher passing probability of 0.96: 𝐶𝑒 (6) =
3 · 1.77 · (1 − 0.96) + 1.77 = 1.98 minutes.

The timeout value that would reduce the timeout flakiness to 0
is 31 minutes. The average execution time for a timeout value of 31
minutes is 2.12 minutes. As 2.12 minutes is higher than the average
cost of our optimal timeout value, reducing the flakiness to 0 is not
cost-optimal. This illustrates the need for an approach to optimize
the average cost of a test rather than trying to eliminate flakiness.
To evaluate our approach, we compare the average cost of our tests
based on the original timeout values as defined by the SAP HANA
developers and the calculated cost-optimal timeout values. As a
baseline, we use a static global timeout value of two hours.

Figure 5 illustrates the reasoning for the static global timeout
value of two hours. The figure shows the resulting average test costs
for static timeout values between 75 minutes and three hours based
on the ATV dataset. In this analysis, we consider a test as timed out

Table 2: Flakiness rate across three code revisions 𝑅1 to 𝑅3
based on theMT dataset (flakiness rate: number of flaky tests
divided by number of unique executed tests; failure rate 𝑟 :
number of failures divided by number of repetitions).

𝑅1 𝑅2 𝑅3

# Repetitions 100 120 160
Flakiness Rate 49% 64% 70%
# Unique Tests 673 667 658
# Flaky Tests 333 430 459
# Tests with 𝑟 in (0.0, 0.2] 216 337 342
# Tests with 𝑟 in (0.2, 0.4] 54 47 54
# Tests with 𝑟 in (0.4, 0.6] 18 21 27
# Tests with 𝑟 in (0.6, 0.8] 9 12 10
# Tests with 𝑟 in (0.8, 1.0] 36 13 26

Table 3: Flakiness rate across two code revisions 𝑅4 and 𝑅5
based on the ATV dataset (flakiness rate: number of flaky
tests divided by number of unique executed tests; failure rate
𝑟 : number of failures divided by number of repetitions).

𝑅4 𝑅5

# Repetitions 100 150
Flakiness Rate 17% 43%
# Unique Tests 673 658
# Flaky Tests 95 267
# Tests with 𝑟 in (0.0, 0.2] 95 267
# Tests with 𝑟 in (0.2, 0.4] 11 17
# Tests with 𝑟 in (0.4, 0.6] 2 0
# Tests with 𝑟 in (0.6, 0.8] 1 1
# Tests with 𝑟 in (0.8, 1.0) 10 3

if its execution time exceeded the given static value, even though
it was not actually interrupted during Mass Testing. Based on the
figure, we identify the local minimum at 115 minutes. We selected
the slightly higher value of two hours (120 minutes), because that
value was easier to communicate internally (see Section 6).

5 RESULTS
In this section, we present the results of our empirical study to
answer the research questions we formulated in Section 4.

5.1 RQ1: Flakiness Rate of System Tests
To answer our first research question, we study the flakiness rate
of SAP HANA’s system tests to identify the tests with the high-
est number of flaky failures based on the tests’ flaky failure rates.
Table 2 summarizes the resulting flakiness rate and the respective
bins for the failure rate as defined in Section 4 for three different
code revisions in the MT dataset.

As shown in Table 2, the flakiness rate increases with the number
of repeated test executions. Figure 6 shows the evolution of the
flakiness rate for the three code revisions. To retrieve the data points
for this figure, we accumulated all flaky tests from the weekly test



Taming Timeout Flakiness: An Empirical Study of SAP HANA ICSE-SEIP ’24, April 14–20, 2024, Lisbon, Portugal

20 40 60 80 100 120 140 160
Number of Repetitions

0.3

0.4

0.5

0.6

0.7

Fl
ak

in
es

s R
at

e

Legend
Revision 1
Revision 2
Revision 3

Figure 6: Evolution of the flakiness rate with respect to the
number of repeated test executions.

runs. As the figure shows, the flakiness rate evolves similarly for
the three code revisions with an increasing number of repetitions.

The failure rate bins in Table 2 show that for each code revision,
the failure rate of most flaky tests is within the interval [0.01, 0.2].
In bins with a higher failure rate, the number decreases. In the last
bin, we notice a slight increase compared to the previous bin.

Regarding the reasons for flakiness, we observe that about 70 %
of the flaky failures in the mass testing data arise from timed-out
test executions.

Answer to RQ1: The flakiness rate in the MT dataset
ranges from 49 % to 70 %, depending on the number of test
repetitions. 70 % of flaky failures are caused by a test case
timeout. Therefore, we conclude that test case timeouts are
a major contributing factor to flaky failures in the context
of SAP HANA.

5.2 RQ2: Timeout Flakiness
For our second research question, we analyze whether increasing
timeout values is an effective measure to reduce timeout flakiness.
Figure 7 shows an example of the coherence between test execution
time, timeout values, and flakiness for a single test. The figure
shows that the average execution time of the test grew steadily.
When the test’s average execution time approached the configured
timeout value, the test began to show flaky results. After developers
increased the timeout value, the flakiness rate dropped to zero.
Therefore, in this case, increasing the timeout value effectively
reduced flakiness. The goal of our second research question is
to determine whether this coherence holds for all timeout-flaky
failures in the context of SAP HANA.

To gain insights into this, we increase the timeout values of the
tests examined in RQ1 by a factor of ten and repeat the experiment
from RQ1 with the adjusted timeout values. Table 3 summarizes
the results for two code revisions that are approximately 2 months
apart. Comparing the results shown in Table 3 to the previous
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Figure 7: Coherence between timeout value, average test exe-
cution time, and flaky rate of an example test.

results in Table 2, we observe that increasing the timeout values
of our tests decreases the flakiness for two revisions with an equal
number of collected repetitions (100) from 49% on Revision 1 to
17% on Revision 4. However, although we increased the timeout
values by a factor of ten, the timeout-flaky rate remains at 10 %.

Looking at these timeout-flaky failures, we find that approxi-
mately half of them were not interrupted after reaching the con-
figured timeout value. In fact, their execution lasted more than
twice the configured timeout value. We find that this occurred for
multiple tests at once, all of which were executed on the same ma-
chine. In these cases, the software was not responsive and could
not interrupt the tests. Thus, we assume that these timeouts were
caused by broken hardware rather than software defects.

Answer to RQ2: Based on the results from revisions 𝑅1
and 𝑅4, we conclude that increasing timeout values by a
factor of ten decreases the overall flakiness rate by 65 %. We
choose these two revisions for our comparison because our
results for RQ1 have shown that it is pointless to compare
two revisions with a different number of repeated test
executions. Even with the increased timeouts in the ATV
dataset, 10 % of the flaky failures remain timeouts.

5.3 RQ3: Evolution of Timeout Values
The goal of our third research question is to better understand how
HANA developers modify timeout values over time. The configu-
ration option that allows developers to define test timeout values
was introduced in April 2016. Therefore, the timeout changes we
consider for this analysis date back to that point in time.

In June 2023, we retrieved all changes to timeout values up to the
end of May 2023 for all pre-submit system tests, that is, the subset
of SAP HANA’s tests that we focus on in this paper, based on the
version-controlled configuration files. Since these configuration
files aggregate test cases slightly different compared to the reports



ICSE-SEIP ’24, April 14–20, 2024, Lisbon, Portugal Alexander Berndt, Sebastian Baltes, and Thomas Bach
tim

eo
ut

 v
al

ue
 (

m
in

ut
es

)

0
5

10
20

30
40

50
75

10
0

12
5

15
0

(a) Beanplot that shows the distribution of the original timeout values
as defined by our developers (𝑛 = 709).
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(b) Beanplot that shows the distribution of timeout values after
optimization (𝑛 = 709).

Figure 8: Distribution of timeout values before and after optimization.

used for the other research questions, the number of test cases
differs. After removing unit tests, the configuration file version
history includes data for 1495 different tests, some of which are
no longer present in the most recent revision. Excluding tests not
present anymore at the end of May 2023 yields 1152 tests defining
a timeout value. For 251 (22%) of these active tests, the timeout
value has been adjusted after their initial creation. Some tests might
have been renamed, e.g., in the context of a test split. Since we do
not consider such renamings in our analysis, it underestimates the
frequency with which timeout values are adjusted. Based on the
given data, although many timeout values were only modified once
(the median number of changes is 1), we find that the timeout values
of some test cases were modified up to ten times.

Figure 8a gives an overview of the distribution of timeout values
as of July 2023 based on data from SAP HANA’s test result database.
As the figure shows, the current timeout values span a range of 1 to
150 minutes, with a median value of 15 minutes. Usually, timeout
values are set to a value between 5 and 30 minutes (quartiles𝑄1 and

𝑄3). When focusing on changes that decrease timeout values, we
notice that developers commonly reduce timeout values by between
20 % and 75 % (median value 0.50, 𝑄1 0.20, 𝑄3 0.75). Looking at the
changes that increase the timeouts, we observe that increases of
33 % to 100 % are common (median value of 1.67, 𝑄1 1.33, 𝑄2 2.00).

Answer toRQ3:When increasing timeout values, develop-
ers usually choose values that are 33 % to 100 % higher than
the previous value. When timeout values are decreased, a
reduction by 50 % is common.

5.4 RQ4: Timeout Optimization
For our fourth research question, we evaluate the optimization of
timeout values based on Equation (2) and Equation (3).

We examine the resulting timeout values on the code revision
for which we used the highest static timeout value of 10 hours in
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Figure 9: Comparison of the number of timeouts for opti-
mized timeout values versus the original values set by de-
velopers. The results are based on a 5-fold cross validation
using the ATV dataset.

the ATV dataset. On this revision, we executed each of the 709
tests 100 times. Normally, the distribution of a test’s execution
time is bounded by the respective timeout value. By executing tests
with a timeout value of ten hours, we extend this bound and thus
gain more detailed information on the distribution of the test’s
potential execution time without interruption by timeouts. Based
on the given test’s execution time distribution, we can estimate the
passing probabilities using concentration inequalities [12, 44, 47].

We perform cross-validation with 𝑘 = 5 folds to evaluate the
effectiveness of our optimization approach. That is, we randomly
sample five folds, each of which contains 1/5 of the data. We cal-
culate cost-optimal timeout values based on four of the folds and
we evaluate resulting timeout values with respect to the number
of flaky timeouts and average test cost on the remaining fold. We
repeat this process five times such that we use every fold for evalu-
ation once. To calculate the average cost, we employ Equation (2)
and estimate the timeout probability empirically based on the data
in the evaluated fold.

As shown in Figure 9, our optimization approach reduces the
number of flaky timeouts in each fold compared to the original time-
outs set by the SAP HANA developers. On average, our approach
eliminates 80 % of the flaky timeouts in the given dataset.

However, compared to the static timeout value of 120 minutes,
our optimized timeout values lead to a higher level of timeout
flakiness. In fact, a static timeout value of 120 minutes eliminates
99.5 % of flaky timeouts. Moreover, while our approach successfully
reduces timeout flakiness, it still lowers the original timeouts on
average. As shown in Figure 8b and Figure 8a, the median value
of our calculated timeout values compared to the original timeout
values is decreased from 15 minutes to 11 minutes.

We observe that our calculations lead to lower timeout values
for 272 of the 709 tests (38 %). For 385 tests (55 %), the timeout value
increases. For the remaining 52 tests, the timeout values remain the
same. The cost-optimal timeout values reduce the average cost as

defined in Equation (2) in the respective test sets by up to a factor of
10 compared to the original timeout values. Based on our empirical
calculations, the static timeout value of 120 minutes reduces the
average cost by a factor of 20.

Answer to RQ4: Our optimized timeout values remove
80% of timeout-flaky failures compared to the original
timeout values. At the same time, our approach decreases
the median timeout value by 1/4 from 15 minutes to 11
minutes. Thus, our approach reduces the average cost in
the best case by a factor of 10. Our baseline approach, a
static timeout value of 120 minutes, reduces the average
cost by a factor of 20.

6 DISCUSSION
In this section, we discuss the practical implications of our findings.

On test flakiness: The reported flakiness rate of 70% can be
considered high, as most tests appear to be flaky. However, when
comparing the flakiness levels of the three code revisions used to
answer RQ1, we notice that the level of flakiness increases with
the number of repetitions throughout the revisions. This finding is
consistent with previous research and highlights the limitations of
the common test flakiness definition [24, 28, 37]. The longer we look
at a test, the more likely it is to be flaky based on this definition.

When the number of examined test executions grows, the flaki-
ness rate grows as well, because one single occurrence is enough to
classify a test as flaky. Therefore, conceptually, when the number
of executions approaches infinity, the flakiness rate converges to
1.0 since any test can fail for unknown reasons at some point in
time. In fact, after a certain number of executions, every test will
eventually fail due to environmental factors. For example, previous
research at Meta found that even a CPU can fail sporadically [13].
We can confirm that hardware failures that cause flaky test failures
are fairly common in SAP HANA and occur weekly to daily. There-
fore, according to the common flakiness definition, all tests can be
considered flaky. Previous work also mentioned this issue [30].

In general, it is of little practical use to consider a test flaky if the
flakiness is not caused by the test itself. However, in practice, it is
not possible to draw a clear line between the flakiness causes that
should be controlled by a test versus all other causes. For example,
the reliability of reading a file is a commonly discussed issue within
SAP HANA testing processes. In these processes, it is unclear who
is ultimately responsible for reliable file reading. Should it be the
test or the environment? In summary, the commonly used flakiness
definition has severe and unsolved limitations.

The other extremewould be to look only at a single test execution.
In this case, according to the common flakiness definition, no test
can ever be flaky because, with a single execution, the test either
always passes or always fails. Since every test execution has a
certain probability of failing [13, 30], as motivated above, a very
large number of test executions also leads to flakiness numbers
of little value. It is unclear if and where a sweet spot exists and if
utilizing repeated test executions to quantify flakiness can produce
sound results at all.
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On the effectiveness of increasing timeout values: Our re-
sults show that increasing timeout values can be an effective way to
fix timeout flakiness in the context of a large-scale heterogeneous
testing environment, where test execution times tend to suffer from
a comparatively high variance. However, increasing timeout val-
ues to tackle test flakiness results in cost increases with respect to
two different aspects. First, if a test execution is stuck, it is inter-
rupted later, and therefore more resources are consumed. Second,
static timeout values can limit the overall resource consumption,
e.g. by incentivizing splitting long-running tests that approach the
given timeout value. An alternative approach to limit test execution
times is implementing so-called test budgets, which SAP HANA
has previously introduced [5]. Those budgets limit the amount of
execution time available to developers for testing in a certain time
frame. However, the long-term effects and cross-implications of
changes in timeout values and using test budgets are still unclear.

On timeout value adjustments: Based on our study, we con-
clude that developers often manually adjust timeout values, which
is ineffective and tedious work that requires optimization [15, 26].
Developers adjust timeout values for two main purposes: 1) split-
ting a test and distributing the timeout values evenly across the
parts, or 2) increasing timeout values because of timeout flakiness
or because the test grew.

On our optimization approach: Our proposed optimization
approach effectively reduces timeout flakiness while accounting for
average test costs. However, this approach has potential limitations.

First, SAP HANA’s testing environment is constantly changing.
Thus, the execution time distribution of a test might change over
time. These variations can be caused by the test itself or by the
testing environment. To mitigate this problem, one could envision
a system in which changes in the test code trigger a recalculation
of the test timeout values. However, this would lead to a “cold
start” problem, because immediately after the changes, not enough
execution time data is available. Besides changes to the test code,
changes in the test environment can also affect the test execution
time distribution. For example, new machines being added, the test
setup being adjusted, or the evolution of the test framework itself
can affect a test’s execution time.

Therefore, as a first step to mitigate timeout flakiness, the SAP
HANA team decided to start with a simpler approach. For all tests,
we now set the timeout value to a static value of two hours, that
is, the baseline we evaluated in this work. This approach has two
potential benefits. First, compared to the optimization of individual
timeout values, setting a static global timeout value is easier to
communicate to developers andmore straightforward to implement.
Second, as we have shown, even a static two-hour timeout value
already considerably reduces timeout flakiness. Starting with that
baseline approach allows us to collect more information on the
impact of a more permissive timeout value on the test execution
times in production.

As a limitation to our test-specific optimization approach, we
found that the probabilistic bounds set by Tolhurst’s sample ana-
log overestimate the timeout probability of a test in exceptional
cases where the test’s execution time distribution is affected by
outliers [44]. For example, we found one test with a median exe-
cution time of five minutes, but some of the test’s executions took
more than five hours. As Tolhurst’s sample analog uses the sample

distribution’s mean to estimate the passing probability, the deter-
mined timeout value was 100 minutes, that is, a rather high value.
However, the impact of this problem decreases with increasing
sample sizes used for the calculation.

7 THREATS TO VALIDITY
In this section, we discuss potential threats to the internal, external,
and construct validity of our study.

7.1 Internal Validity
The internal validity refers to the degree to which we can rule out
alternative explanations for our results [11].

On the data collection process: The testing environment could
have changed during our data collection process. In that regard, we
have considered two scenarios: 1) the environment is broken and all
tests fail, or 2) the environment evolves due to regular changes to
the environment. The first scenario could heavily impact our mass
testing results. To avoid this impact, we continuously monitored
the test error rate. For the second scenario, we regularly verified,
together with SAP HANA engineers, that there were no significant
changes in the testing environment that could affect our results.

On the timing of our mass testing: We conducted the mass
testing runs only on weekends, always at the same time of the
day. This might lead to a bias in the flakiness rate. For example, if
the overall load were higher in production, this would affect the
test flakiness. Since the behavior observed in the mass testing runs
might be different than during regular test executions, the flakiness
rate could be slightly higher in production than in our mass testing.

7.2 External Validity
The external validity refers to the degree to which our results
generalize to other contexts [6].

On the employed data sets: Since we test only certain code
revisions in our mass testing, the data might be affected by selection
bias. For example, one of the revisions could be affected by an actual
defect in the code revision under test. To mitigate this threat, we
only use revisions that have passed the full pre-submit testing stage
of SAP HANA and, therefore, are unlikely to contain major defects.
Hence, we conclude that the impact of defects on our results is low.

On the peculiarity of the study subject: SAP HANA uses a
custom testing framework that requires developers to set a timeout
value for every test in a dedicated configuration file. As explained
in Section 2, a “test” in the context of SAP HANA aggregates one
or more test cases and executes them together, which might make
it difficult for developers to manually determine timeouts. This
problem is further emphasized by the heterogeneous testing envi-
ronment of SAP HANA, where test execution times suffer from a
high variance. Therefore, SAP HANAmight be particularly affected
by test case timeouts. However, previous work has also identified
test case timeouts as a common flakiness problem [20, 37]. There-
fore, we assume that our approach to reduce test costs by optimizing
timeout values can be generalized to software projects suffering
from timeout flakiness, especially large software projects.
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7.3 Construct Validity
The construct validity refers the degree to which the employed
scales and metrics actually measure the intended properties [42].

On the operationalization of tests costs: For the purpose
of this study, we approximate the cost of a test based on the test
execution time. In practice, however, test costs consist of a range of
factors, including CPU and RAM usage. Since covering all these fac-
tors would be too complex in large-scale testing environments, re-
searchers and practitioners in the context of SAP HANA commonly
use the execution time as an approximation of test costs [4, 5].

8 CONCLUSION
We conducted a study of timeout flakiness using data from SAP
HANA, a large-scale industrial software project. Our study revealed
that test case timeouts represent a major contributing factor to flaky
system tests in SAP HANA. Our analysis shows that increasing the
timeout values defined by developers by a factor of ten reduces the
number of flaky failures by 50%. However, even after increasing the
values, 10% of flaky failures are still caused by test interruptions
due to timeouts. However, part of these remaining timeouts result
from hardware issues. Therefore, we conclude that increasing the
timeout values can reduce timeout flakiness, but environmental
factors need to be considered as well.

Furthermore, we examined the evolution of timeout values in
the context of SAP HANA by analyzing the changes that develop-
ers made to configuration files of SAP HANA’s system tests. The
results of our study are similar to those of previous research, which
identified timeout flakiness as a common trigger for timeout value
adjustments [15, 26].

We introduced and empirically evaluated a statistical approach to
calculate cost-optimal test timeout values. To evaluate the resulting
timeout values, we compared them with two baselines: a static
timeout value of two hours and the values that were manually
defined by SAP HANA’s engineers. Our evaluation shows that
our approach reduces timeout flakiness by 80% while decreasing
the timeout values on average by 30% compared to the manually
defined values. We conclude that optimized timeouts can reduce
both the flakiness and computational cost of system tests in SAP
HANA. Furthermore, fostering automation relieves developers of
the tedious task of manually setting and adjusting timeout values
for their test cases.

Our findings can motivate practitioners to pay more attention
to timeout values. While it is common practice for developers to
determine timeout values with educated guesses based on local
test execution times and their experience [19, 26], optimizing time-
out values statistically relieves developers of this manual task and
increase the effectiveness of testing, especially in complex envi-
ronments. Therefore, we encourage further studies evaluating and
extending our timeout value optimization approach in large projects
that suffer from timeout flakiness.
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