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Abstract
Several industrial data platforms have recently released charac-
terizations of their real-world workloads, prompting database re-
searchers to consider new research directions and benchmarks that
go beyond synthetics. While these workload characterizations are
undoubtedly useful, researchers (including the authors of this pa-
per) and practitioners often assume that existing workloads are
representative of user needs. Through two case studies over real
workload data, we show that industrial workloads represent a “ne-
gotiation” between users and the data platform, in which users
shape their workloads to take advantage of the parts of the data
platform that work well, while avoiding the parts of the data plat-
form that are not optimized. This shaping effect is an example
of survivorship bias: workload characterizations are built over the
queries that “survive” (or thrive) on a particular data platform. Based
on these case studies, we make several suggestions for how both
researchers and practitioners can better contextualize workload
traces and characterizations.

1 Introduction
Database management research has always been concerned with
workloads: the queries one needs to execute determine which de-
sign tradeoffs are efficient, and which problems are important to
address. Thus, getting the “right” workload is extremely important,
as optimizing a system for the “wrong” workload could lead one
in a direction that is not relevant to the needs of real users. While
data management researchers have been using the synthetic TPC
benchmark [19] suite for a long time, recent work from database
vendors has shown that these synthetic benchmarks are drastically
different from the real workloads they observe [28]. The deluge of
“learned” database components [31] has added to the demand for
real workloads, as benchmarking a learned technique on synthetic
data is not particularly enlightening.

Fortunately, several database vendors have answered the re-
search community’s needs, providing detailed statistics about real
workloads [1, 7, 13, 28]. These workload statistics have influenced
a number of efforts in the research community, from workload syn-
thesis [14] to learned data systems [23, 38]. Combined with existing
synthetic benchmarks, these workload descriptions represent a sig-
nificant step towards aligning academic experimental evaluations
with real-world user needs.

In this paper, we discuss a hidden danger in performing research
over industrial workloads. Since industrial workloads inherently
only capture queries that users execute on that vendor’s platform,
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Figure 1: A diagramof bullet holes on returningWWII fighter
planes. Since these planes all returned, the sample is biased
towards “survivors.” One might think that additional armor
should be added to the shot areas, but a more effective strat-
egy is to add armor to the areas that appear unscathed.

those workloads are biased towards query workloads that are com-
patible (both in terms of capability and efficiency) with that vendor’s
platform. This is a type of survivorship bias, where one only gets
to measure a filtered subset of a population. The classic example
of survivorship bias is described in Figure 1: during World War II,
fighter planes engaged in combat were either destroyed by gunfire
or returned with damage. The group tasked with determining how
to better armor the fighter planes collected data from the returned
planes, plotting where gunfire damage appeared. The group de-
termined that their sample was biased, because their sample only
contained data from the surviving aircraft. Thus, the group armored
the areas around the plotted gunfire damage, inferring that planes
damaged in those areas did not return [30]. Here, we argue that
industrial database workloads have a similar survivorship bias prob-
lem, since industrial workloads represent the queries that the user
did run, rather than the queries users wanted to run.

Put another way, a common misconception among young data-
base researchers is that users write queries for their application,
point them at the database, and accept whatever performance they
get. In this misconception, it is the DBMS engineer’s job to improve
performance. Of course, this misconception does not survive con-
tact with real users: in reality, users constantly change their queries,
schema, and physical design to match the assumptions of the DBMS.
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For example, users might respond to slow join performance by de-
normalizing a table. If a user cannot get the DBMS to process a
query efficiently enough, the user either gets that information in
some other way (e.g., by building a bespoke tool) or does without.
Thus, what we observe as a user workload is influenced by the
DBMS – if the user had picked a different DBMS, the user might
have optimized their workload differently. The queries that we
see, and that industry publishes about, are the end result of
this “negotiation” between the user and the DBMS. We only
see the queries that “survived” the process.

In this paper, we present two case studies of survivorship bias
in workload data. The first case study (Section 2.1) considers the
high rate of query repetition seen by several different OLAP data
platform vendors (e.g. [1, 13, 28, 29]). While repetition is expected
in reporting and dashboarding queries, different vendors report sig-
nificantly different repetition rates, ranging from 58% to 75% in our
data. We show that the query repetition rate is correlated with how
well the DBMS is able to handle ad-hoc queries: that is, systems
with higher “startup costs” for queries see more repetition, indicat-
ing a two-way street between workloads and DBMSes. Researchers
(including our group) and engineers using these repetition rates to
justify design decisions may be creating self-fulfilling prophecies.

The second case study (Section 2.2) examines the popular “hotspot”
optimization technique, in which engineers consider which query
patterns to optimize based on a query pattern’s frequency and im-
portance in the data. While this data-driven technique is powerful,
it rests on a key assumption that optimizing a particular query pat-
tern does not change the query pattern’s frequency or importance.
We show that at least one counterexample to this assumption exists,
and make an argument that more users are likely to use a particular
query pattern if that query pattern is optimized. When engineers
optimize specific query patterns in a DBMS, they may be implicitly
changing the system’s user workload as well.

Finally, in Section 3, we summarize key observations from the
case studies and discuss their implications for data management
research. First, we argue that industry workloads continue to be
useful, but that we should understand them in context. Second,
we observe that it is difficult to understand what queries your
users wish they could execute, but could not execute. We argue
(with a certain degree of intentional provocativeness) that, at least
historically, performance improvements have been the main driver
of database capabilities. Third, we flag the inherent difficulty in
understanding what the next generation of data research should
target, while making several suggestions.

2 Case studies
In this section, we present two case studies of survivorship bias
in workloads for real OLAP data platforms. The first case study
(Section 2.1) looks at how query repetition rates are related to
query startup costs. The second case study (Section 2.2) looks at
how optimizations can impact the usage of a query pattern.

2.1 Case study 1: query repetition rates
One of the commonalities between recent analyses of industrial
workloads (e.g., from Amazon [28, 33], Meta [1], Microsoft [13], and
Snowflake [29]) is the presence of repetitive queries. For example, a
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Figure 2: Repeated queries vs. cold cache query startup cost
across different DBMSes. Users of DBMSes with high query
startup costs have workloads that are more repetitive.

study onMicrosoft SCOPE found a repetition rate of nearly 95% [13].
Repetition in OLAPworkloads makes intuitive sense: users building
dashboards, running reports, and using BI tools are all reasonable
explanations for repetitive workloads. Several subsequent works,
both in academia (including from our group [26, 34]) and in industry,
have built systems around an assumption of repetition: for example,
the Redshift query compilation cache [2] effectively eliminates
compilation times for repetitive queries, while ad-hoc queries may
suffer from some compilation overhead.

But is repetition a fundamental element of OLAP work-
loads, or an artifact of existing systems? In other words, is the
high repetition we observe an artifact of the queries that survive
the user/DBMS negotiation? An alternative explanation of the high
repetition rate seen by so many vendors is that, since vendors keep
optimizing for repetitive queries, ad-hoc queries are (comparatively)
slow, and thus avoided by users. An ideal experiment to test this
question would be to take an existing system and significantly slow
down ad-hoc or repetitive queries to see if users shift to using the
other; perhaps reasonably, no database vendor seemed willing to
run this experiment.

Since the ideal experiment is out of reach, we instead settle
for a natural experiment (i.e., an observational study). If users of
a particular data platform have repetitive workloads because ad-
hoc queries are slow, then we would expect to see lower query
repetition rates on data platforms with a lower penalty for ad-hoc
queries. We test this hypothesis by using query compilation time
for an ad-hoc (cold cache) query, which we call “startup cost,” as a
proxy for the “ad-hoc query penalty.” Note that we do not measure
query latency, only the startup cost – it is entirely possible that a
DBMS with a higher startup cost processes a particular query faster
end-to-end than a DBMS with a lower startup cost. Intuitively, the
query startup cost can be thought of as a lower bound on latency.

Figure 2 plots query startup cost against the weekly query re-
peat rate for eight different database vendors, which we cannot
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identify [22]. Data was combined from public sources, private corre-
spondence with vendors, and benchmarks run by our group. Inter-
estingly, systems with higher query startup costs have more
repetitive workloads, suggesting that users are more likely to
execute repetitive workloads on systems that are optimized for
them. This correlation does not prove causation; but it is consistent
with survivorship bias, because ad-hoc queries that under-perform
are simply never issued. Of course, even the data systems with near-
zero startup cost still have reasonably high repetition rates, but the
difference between the highest (75%) and lowest (58%) repetition
rates is partially explained by startup cost. Thus, while it is overall
safe to assume that OLAP workloads contain a significant number
of repetitive queries, the interaction between the data platform and
users determines if repeated queries are a thin majority or a large
majority – a potentially impactful difference, as we discuss next.

Discussion. This case study provides evidence for the claim that
workloads are shaped by the performance properties of the
DBMS. This can occur through at least two processes: (1) users
could modify their workloads to take advantage of the fastest fea-
tures provided by the DBMS, or (2) users could actively select a
different DBMS based on their workload. Regardless of the pro-
cess, imagine being an optimizer engineer at the two most extreme
points in Figure 2: at the lower-left vendor, an engineer might think
that ad-hoc queries are nearly half the workload, and therefore
deserve attention, whereas at the upper-right vendor, an engineer
might think that repetitive queries are dominant. Since tradeoffs are
inevitable in engineering, the engineer at the upper-right vendor
might make decisions that improve the performance of repetitive
queries at the expense of ad-hoc queries, which could result in the
workload becoming even more repetitive! The problem is precisely
survivorship bias: the engineer’s data is based on the bulk of the
platform’s workload, which represents queries that customers con-
tinue to issue (i.e., queries that “survive”). This phenomenon also
resembles the Matthew effect [18] (“the rich get richer”).

One concrete implication for data researchers is in the area of
reinforcement learning powered query optimizers. A learned query
optimizer trained on repetition-heavy data will develop a low esti-
mate of aleatoric uncertainty, increasing the value of exploration
over exploitation (because any exploration could bring a benefit
to many queries). Such a learned optimizer would further worsen
the performance of ad-hoc queries, potentially causing users to
issue even fewer of them, which in turn further lowers the aleatoric
uncertainty, creating a cycle which is vicious or virtuous depending
on your perspective.

2.2 Case study 2: if you build it, they will come?
Both industry and academia depend on data from real workloads to
decide what kinds of problems to target. If a particular query pattern
appears frequently, or uses a disproportionate amount of resources,
that pattern might be a good target for optimization. We call this the
“hotspot” approach. While this approach seems obviously correct,
it can have surprising blind spots. For example, consider a query
pattern that is unusably slow; by definition, customers will not use
this pattern, and thus vendor data will not show this pattern. But,
if that pattern was faster, perhaps users would use it.
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Figure 3: Prior to week zero, only ≈ 2% of users issued rollup-
style analytic queries. At week zero, the vendor releases an
optimization for rollup queries. After week zero, ≈ 6% of
users issued rollup queries.

As in the first case study, this is a difficult hypothesis to test.
Ideally, a vendor could (1) make a query pattern intentionally un-
usable, or (2) could invest significant effort in optimizing a query
pattern that does not currently appear in their data. Then, one could
observe whether or not usage of the modified feature changed over
time. While the first idea is unreasonable, the second idea happens
naturally almost every year when data vendors hire summer in-
terns, who are generally assigned self-contained projects with low
risk (i.e., if the project fails, the consequences are not severe).

In the 2010s, a summer intern at a data vendor successfully com-
pleted a project to accelerate rollup analytic queries (i.e., analytic
queries that, at the same time, partition by year, by year/month,
and by year/month/day) by a large factor using the technique from
Gray et al. [9]. Rollup queries were not common on the vendor’s
platform (only about 2% of users issued a rollup query), making this
an ideal experiment: because pre-optimization rollup queries rarely
“survived” into the logs, a hotspot strategy would never choose to
optimize them. If user workloads are independent of DBMS per-
formance, then the proportion of users issuing rollup queries will
remain constant; if user workloads depend on DBMS performance,
then the proportion of users issuing rollup queries will increase.

Figure 3 shows the weekly proportion of users issuing rollup
queries before and after the optimization. In the 16 weeks following
the release of the optimization, the proportion of users issuing
rollup queries tripled, albeit from 2% to 6%. These results show
that a particular query feature became more popular after it
was optimized, possibly indicating that the feature was unusably
slow beforehand. The traditional “hotspot” approach would have
undervalued this optimization, assuming only 2% of users would
benefit. Another potential explanation is that, when users saw the
release notes for the data platform, they investigated rollup queries
and decided to issue some. It is thus possible that the increase in
users is confounded by users discovering rollup queries via the
release notes.
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Discussion. The traditional technique of identifying “hotspots”
or frequent query patterns in a workload and targeting those for
optimization is practiced by virtually every data platform vendor
known by the authors. While this data-driven approach has ex-
cellent precision (i.e., every factor identified is likely worthy of
optimization), it has poor recall (i.e., important optimization oppor-
tunities may be overlooked). Fundamentally, users want value out
of their DBMS, and if the DBMS cannot process a particular query
reasonably (either in terms of time, cost, or ease), then that query,
which would be of value to the customer, will not be “noticed” by the
“hotspot” approach. Or, more succinctly: you cannot measure the
query your user never issues. Again, the problem is survivorship
bias. By only looking at “successful” queries, the “hotspot” approach
essentially ignores “potential” queries that users might have issued
if a particular capability existed.

2.3 Threats to validity
While we have done our best to ensure that the data collected
here is accurate and representative, there are several noteworthy
considerations:

(1) Non-uniform data availability: case study 1 uses data from
eight different vendors, but these vendors were not selected
randomly. Instead, vendors were selected based on if data
was attainable. Thus, there is a risk that these vendors
represent a biased sample. This is difficult to mitigate, as
many vendors are unwilling to release the required metrics.
Case study 2 examines only a single feature of a single data
platform, again selected because the data was available to
the authors.

(2) Mixture of data sources: case study 1’s data mixes data from
public research, vendor reports, private correspondences,
and our own experiments. While we did our best to ensure
the results are comparable, some risk remains.

(3) Possible confounders: the availability of particular features
(such as low query startup cost or rollup analytics) might
lead data vendors to pursue different customers, therefore
changing howworkloads appear. As noted in case study 2, a
major data vendor releasing performance improvements to
a particular feature may create “buzz” that encourages new
users to try that feature, independent of the strength of the
optimization. Finally, we note that most database vendors
have a financial incentive to represent the performance of
their product in a positive light, which may skew available
data on query performance.

3 Observations and discussion
Are we doing it wrong? Given the case studies presented in Sec-

tion 2, we ask: are we putting armor on the wrong part of the
plane? Or, in context, if the queries that users issue are a poor
proxy for the queries that the user cares about, what is the value of
analyzing real workloads?

First, while there are issues with assuming that a user’s desires
are perfectly aligned with their workload, there is certainly still
a strong correlation between them. We do not believe that any of
these results indicate that we should stop analyzing real workloads,
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    properties of the workload
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    based on their platform
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Figure 4: The hotspot optimization feedback loop. As engi-
neers optimize for the majority of queries, users adapt their
workloads tomatch themajority and take advantage of those
optimizations.

merely that we should contextualize our understanding of real work-
loads through the lens of survivorship bias: when we see a query in a
workload, we should view that as the result of an ongoing process
that depends on both the user and the DBMS.

Second, we should stop viewing workloads as static, or as inde-
pendent of the underlying DBMS. Users frequently change their
queries and practices to accommodate the DBMS, for example, by
avoiding specific query patterns or using specific features. Thus,
when the DBMS changes, we should expect workloads to change
as well. Figure 4 depicts what we believe is a good mental model of
the dynamic nature of workloads. Users submit queries, which en-
gineers profile. Engineers notice hotspots and modify the platform
to optimize for those hotspots. Users, seeking good performance,
modify their workloads in order to take advantage of those optimiza-
tions. This “negotiation” between the user and the data platform
engineers is ongoing, so workload traces or statistics can be seen
as a snapshot of the state of this process.

The case for performance. Imagine Bob, a hypothetical engineer
working at a data platform company prior to the invention of
the columnar database.1 How many dashboarding or reporting
queries do you expect Bob would see in his internal metrics? Given
the orders-of-magnitude speed improvement columnar databases
brought to these workloads, it is likely that Bob would see far fewer
such queries in his logs than a modern data platform vendor would
see today. Looking at his company’s data, Bob might conclude that
there is little usage of analytic features. But it would obviously not
be reasonable to conclude that users are not interested in dash-
boarding or reporting queries; these types of queries simply could
not be processed efficiently, so they were not used. The invention
of the columnar database enabled new types of queries to be pro-
cessed efficiently. Put another way, before columnar databases (for
example), certain types of workloads were infeasible to execute on
a DBMS, so such workloads would never appear in DBMS logs.

1Data platform companies were rare prior to cloud computing, which coincided closely
in time with columnar databases, but we ask the reader to suspend their disbelief for
the sake of an illustrative example.
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Fast forward to today. Are we so different from Bob? As we
look at our workload logs now, how can we possibly predict
the query the user wants to run, but cannot run? A wide vari-
ety of computations are expressible in SQL but would be executed
inefficiently by any production-ready DBMS today (e.g., comput-
ing the forward pass of a transformer [25]). For the sake of the
reader’s entertainment, we will state our interpretation in the most
provocative way possible: performance is the only thing that mat-
ters. Or, perhaps more precisely, previous improvements to DBMS
performance, like columnar databases, greatly expanded the scope
of data management. The way to enable new workloads and widen
the applicability of DBMSes is to make the database the fastest
place to do computation. Of course, ease of use is also an important
consideration, but DBMSes are generally easier to use than craft-
ing bespoke systems. Other dimensions, like expressivity, should
also be studied. But performance is a prerequisite: no amount of
ease-of-use or expressivity can make up for an unusably slow query.

Can’t we just talk to users? A tempting way out of this conun-
drum is to simply ask users what they wish their DBMS could do
that it cannot do today. This is undoubtedly an important step, as
every data platform vendor combines workload metrics with cus-
tomer testimonials and interviews. Customer needs were a major
motivator for the development of materialized views (e.g., [7]), and
today are a major motivator for LLM-powered “semantic” operators
(e.g., [16, 21]). Unfortunately, DBMS users often simply say that
they want “faster horses, not cars:” the same workload, but cheaper
and faster. This is something our community will doubtlessly de-
liver, but, in a scientific sense, accelerating existing workloads can
feel like “polishing a shiny ball.” We can think of no easy ways
out of this issue. It appears to require imagination and courage to
pursue something entirely new, that, in the end, users may or may
not want.

4 Related work
Survivorship bias has been noted in a wide range of domains, es-
pecially in finance research [4], where securities that “survive” are
often those that performwell. The most well-known example of sur-
vivorship bias is likely the example given in Figure 1 fromWald [30].
In data management research, survivorship bias has been noted
in information retrieval datasets [10], where annotators are more
likely to annotate “easy” questions compared to hard ones, mak-
ing benchmarks artificially simpler for automated systems. Most
related to the present topic is recent work analyzing survivorship
bias in log analysis [27]: for example, when a database is miscon-
figured, queries that fail early may never make it to the central log,
despite representing an important anomaly to detect. Other work
has directly addressed correcting for survivorship bias in network
logging, where packets dropped early do not make it to logging
infrastructure [36]. Survivorship bias has also been examined in the
context of webtables, where Wikipedia articles that are older are
shown to have higher quality, since those articles “survived” more
rounds of edits [3]. At a higher level, the “hardware lottery” [12] in
machine learning – where ideas that best take advantage of existing
hardware win out over those that do not – is also a form of survivor-
ship bias. Survivorship bias also impacts computer science research
itself, both in terms of papers (“surviving” peer review) and people

(publishing or perishing) [8]. A related concept in biology is niche
construction [20], in which organisms are both impacted by their
environment and actively modify their environment over time.

There are several works in statistics about correcting for, or
at least measuring, survivorship bias. The most straightforward
technique, used in economics, is to “include the dead” [5] by finding
non-surviving data in historical records. More advanced techniques,
such as simulations based on prior beliefs [17], have been proposed
in the health care domain. At first glance, neither technique is
immediately applicable to the problems discussed here, as there is
no historical data to sift through, and any simulated prior belief
would need to be informed by exactly the data that we are missing.
Finding ways to correct for survivorship bias in workload traces –
or measuring it – is an interesting direction for future work.

The database research community has been recently blessed with
several different workload characterizations from industry, includ-
ing from Amazon [28], Snowflake [29], Meta [1, 7], Microsoft [13,
37], and Google [6]. These workload characterizations have di-
rectly led to a wide range of work too long to enumerate here,
but some examples include: predicate caching [23], latency predic-
tion [33], end-to-end learned systems [38], cost models [11], string
indexing [24], workload synthesis [14, 15, 32], and query optimiza-
tion [26, 35]. We hope that this work is not read as a criticism of
industrial workload characterizations – in fact, this work was only
possible precisely because of those characterizations. We strongly
believe that vendors releasing workload information will continue
to have a large impact on data management research, and we hope
this work can provide some guidelines on how to best interpret
those data. We emphasize that, while survivorship bias is important
to keep in mind, basing database research on industrial workloads
is a major “step up” from making purely synthetic or arbitrary
assumptions.

5 Conclusions
This work discussed the concept of survivorship bias in the in-
dustrial workloads through two case studies. These case studies
demonstrated that the capabilities, efficiencies, and inefficiencies of
a data platform impact the workloads that users execute on those
data platforms. While we still believe that real-world workload
traces are critical for data management research, we discussed how
making decisions based entirely on these workload traces may lead
to incorrect conclusions.
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