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Abstract

Evaluating experimental cyberinfrastructure requires practical
methodologies that balance assessment objectives with feasible
data collection. This paper proposes such evaluation methods and
demonstrates their value by analyzing usage and impacts based
on 10 years of operation of the Chameleon project, an NSF-funded
testbed for computer science research and education. We present
three methodological contributions: (1) user engagement metrics
that differentiate between login activity, project membership, and
actual resource usage; (2) usage measurements for interactive
systems, showing the impact of lease management on project
usage; and (3) a multi-source bibliometric approach combining
algorithmic discovery via Google Scholar, Scopus, and Semantic
Scholar with user reporting to establish verifiable publication
counts. Our methodology identified 1,200 publications produced by
the Chameleon community by the end of 2025, with 54% discovered
through citation, 31% through acknowledgment, and 15% through
user reporting alone. We provide code, metric definitions, and data
collection recommendations to enable reproducible evaluations
and meaningful cross-project comparisons, helping differentiate
between proof-of-concept systems and scientific instruments
serving broad research communities.
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1 Introduction

Building innovative or experimental infrastructure systems often
carries significant risk. Since the system presents a new solution,
it is sometimes difficult to set expectations for its success whether
in terms of technology innovation, development of the community
the system should serve, level of use it is fair to expect, or how
much research impact the system should produce. In some cases, it
is difficult to state up front what metrics may be the best measure
of success and what metrics may be obtainable in practice. At the
same time, the question of how to evaluate new and experimental
systems is of particular importance now, as academic computing
is increasingly augmenting traditional batch computing system
presentation by exploring new models for both data-centric and
interactive systems, and seeking the best methods to support Al
workflows.

Measuring experimental systems is of value in multiple ways.
First, keeping tabs on the system evolution and asking questions
about its usage can help understand user community dynamics
and keep pace with the development of new scientific interests to
guide project evolution — in other words, it is essential to improving
the system. Second, quantifying the system adoption or its results
in terms of scientific impact allows us to capture how well the
system meets its expectations and thereby define its success. Lastly,
differentiating between outcomes a system may produce allows
us to classify different experimental systems so that we can better
articulate and set expectations for their value added whether in the
breadth or depth of scientific appeal (community-scale impact) or
in the innovative nature of the system itself (system-scale impact).

In this paper, we propose practical evaluation methods for scien-
tific instruments implemented in cyberinfrastructure and illustrate
and discuss their usefulness by evaluating Chameleon [16], an NSF-
funded experimental infrastructure for computer science research
and education. Chameleon is a slice-based resource that allows users
to allocate a resource slice [22] for direct, interactive use. The system
is configured as a heavily customized OpenStack [20] cloud to meet
the requirements of our use case. Users provision resource slices
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through advance reservations (including immediate/on-demand
reservations) of time-bounded leases that they can then reconfig-
ure via bare metal, virtual machine (VM), or container deployment
(only the first two will be discussed here); this makes the usage
recommendations we provide applicable to a broad range of interac-
tive systems. Lastly, as an infrastructure that has been in operation
for over 10 years, Chameleon provides an interesting case study of
research impact and a data point in terms of expectations for this
type of instrument.

The practices we propose are simple and intuitive, but we have
seen them applied inconsistently across many systems, making
cross-system comparison difficult. Some of the proposed evaluation
methods finesse accepted practices — for example, we present user
counts, but we also consider users in terms of how they engage
with the system. We share the metric definitions, the infrastructure
evaluation questions, and the code, where appropriate, that can be
used to replicate similar evaluation for other systems, and we make
specific recommendations for data collection to facilitate setting up
new experimental infrastructure projects. We also provide recom-
mendations for metric collection for new or experimental resources
for interactive usage.

2 Related Work

Prior work in this domain can be organized into three main cat-
egories: comprehensive system evaluations, bibliometric method
comparisons, and return on investment analyses.

On system evaluations, von Laszewski et al. [29] developed a
comprehensive framework for evaluating XSEDE'’s scientific impact
over the project period using bibliometric approaches and leverag-
ing multiple data sources (e.g., ISI Web of Science and Microsoft Aca-
demic Graph) to calculate Field-Weighted Citation Impact (FWCI)
and peer comparisons. Similarly, Hart [15] analyzed resource usage
patterns across TeraGrid and XSEDE, although focusing on examin-
ing operations metrics, e.g., job submission patterns, user retention,
and community demographics, rather than impact metrics. Lastly,
Bayly et al. [2] presented tools for institutional-level publication
impact exploration, using OpenAlex to track contributions over
six years and providing interactive visualizations for stakeholder
engagement.

Understanding the coverage and limitations of different bib-
liometric databases is essential for comprehensive impact assess-
ment. Yang and Meho [31] provided an early comparison of Google
Scholar, Scopus, and Web of Science, demonstrating significant dif-
ferences in citation coverage across these sources and highlighting
the value of using multiple databases for complete citation analysis.
Martin-Martin et al. [19] similarly conducted a large-scale multi-
disciplinary comparison of six citation sources (Google Scholar,
Microsoft Academic, Scopus, Dimensions, Web of Science, and
OpenCitations’ COCI), also finding that Google Scholar captured
significantly more citations than others, with substantial subject-
specific variations. Lastly, Stewart et al. [25-27] and Snapp-Childs
et al. [24] examined financial effectiveness and return on invest-
ment for XSEDE, demonstrating measurable value exceeding fed-
eral funding costs and providing frameworks for evaluating both
direct financial returns and broader research impact. Their work
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established methodologies for calculating ROI that account for mul-
tiple types of value delivered by cyberinfrastructure beyond simple
cost-benefit ratios.

3 Measuring Users and Projects

An assessment of user/project numbers, as well as their variety,
give early and direct feedback on the activity on a project. Access
to Chameleon is managed on the user/project system similarly to
ACCESS [3] (the project migrated to federated identity only in 2020
[1]); any user with valid credentials can log into the system using
federated identity [28], but they can actually use the system re-
sources only once they get added to a project with an allocation. To
request an allocation, users are first certified for Principal Investiga-
tor (PI) status and can then propose a project to which, if approved,
they can add members. A Chameleon allocation represents a fixed
commitment of 20,000 of service units (SUs) for 6 months; once an
allocation expires the PI has the option to extend or recharge it.

User and project information is obtained through two main
sources: the Keycloak database which is the point of authentication
to the system, and the portal database synchronized with Keycloak,
which maintains information about PI eligibility, project member-
ships, and user profiles. We modified the Keycloak database to track
if users were added to a project and to persist login events so that
we can tell how many unique users logged into the system over a
period of time (active users). To track whether a user actually used
the resources of the system, we use OpenStack events.

The overall cumulative unique user and project number as of
the end of 2025 is 13,463 and 1,351, respectively; both have been
rising steadily over time — with the number of new additions also
rising year on year, e.g., from roughly 500 new users in 2015 to
roughly 1,000 in 2020, and exceeding roughly 2,000 new users for
the last two years of the project (the growth in new user numbers
is leveling which may be a sign of system saturation).

Understanding how many users a system supports on an ongoing
basis can be challenging as there are many definitions of what
constitutes a user of the system. The definition that we typically
use — because it is the one that everybody else uses, which allows
for meaningful comparisons across projects — is the number of
users who logged into the system (definition A). However, not all
the users who log into the system end up actually using it. For
this reason, similarly to XDMoD [21], we also track the number of
users who were added to a project (definition B). Lastly, it is also
interesting to see how many users actually allocate resources on
the system via OpenStack calls (definition C).

Figure 1 compares the number of active users falling under those
different definitions over the last two years since we started tracking
active user information. First, we see that on average about 700
users log into the system each month during the academic year,
with a sharp drop to about 400-500 users during the summer and
winter holidays. Comparing the users active in one month to the
ones active in the month immediately following, we find that there
is roughly 50% of overlap, which shows a good balance between
retention and new user activity. Next, we see that every month
roughly 10% of users who log into the system never get added to
a project, and roughly 20% of the users who log into the system
do not ever make an OpenStack call. These differences will grow



Practical Evaluation Methods for Scientific Instruments

Unique User Logins by Type

Unique users

200

Jan Apr Jul Oct Jan Apr oOct
2024 2025
Month

Unique Users

PEARC 26, July 26-30, 2026, Minneapolis, MN, USA

Active OpenStack Users by Site

500 | - KvM@TACC A
CHI@TACC I}
=== CHI@UC T
4001 == All sites o 1
W | w
.
L}
' b
3001 » [\ { é}“ \
X .
T B A
1/ \ng"\ | nowAR LI |
2001, v 7o\ ow Slmy W Y i Wi .
L [ o 1y Y A
w NN oy
A LET N T T T ey
100 PR Rt N . TEy ..-Iu f {h‘.i
) 2 rd et hJ i
¥ et ,,' M | t‘*-‘\ AT VAR
c'_r \/ iy N 8 |
2021 2022 2023 2024 2025 2026
Month

Figure 1: (left) Comparison over the last two years of the number of users who logged into Chameleon each month (A); the
subset of A who were added to a Chameleon project at any time (B); the subset of B who made OpenStack calls at any time (C).
(right) Numbers of users using OpenStack commands (C) over the last 5 years broken down by the core bare metal sites and

virtualized component.
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Figure 2: (left) The proportion of PIs using the system for a given number of months. (right) A map of Chameleon user
institutions. The size of the bubble is proportional to the number of users at that institution.

larger over larger periods of time because few of the users who
never get added to a project return: we found that, measured over
the two-year period, roughly 25% of users who logged into the
system have never been added to a project. This means that while
portal logins are a good measure of interest in the system, they are
not a good measure of actual activity on the system.

To find out who the users in these respective categories are, we
examined their logins for the year 2025. We found that about 80%
of users in group A - but not B - belong to unique institutions,
which suggests that users logged in, found that they could not use
the system without an allocation, and were unwilling or unable to
obtain one. The remaining 20% consist of logins from institutions
that heavily use Chameleon for education which suggests that they
may have been students who decided to drop a class. Over a quarter
of users in group B - but not C - are PIs (we found that only about
40% of PIs overall actually use OpenStack). Based on interacting
with our users over the lifetime of the project, we suspect that
the remainder use Chameleon through resources provisioned by
others; for example, students using Chameleon for a group project
in a class may organize their work so that one student configures

resources on Chameleon while others work on other parts of the
project.

The right graph in Figure 1 shows numbers of users who make
OpensStack calls, i.e., provision and configure hardware resources
on the system broken down into activity on the two core bare metal
sites (UChicago and TACC) as well as the virtualized (KVM) par-
tition (definition C). We see a repeat of the same academic year
variability pattern as on the left side, but we also see a signifi-
cant uptick of activity as the project goes on, especially in the last
two years, consistent with the increase of annual growth in user
numbers.

PIs are a special category of users as typically they are the ones
who decide whether to use Chameleon for their project; their con-
tinued use of the system can thus be seen as a measure of user
satisfaction. At the end of 2025, we have supported 800 PIs, 730 in
research projects, and 117 in educational projects, with an overlap
of 47 involved in both. Since every Chameleon project ends in 6
months, we would expect that any PI with unsatisfactory experi-
ence would not continue their association with the system beyond
that — though of course it is also possible to have a good experience
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Utilization by Site (Stacked Used + Available)
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Figure 3: Usage and utilization over the last 5 years of the project; Top graph uses bright colors to show TACC and UC bare

metal and KVM usage, while muted colors show availability.

and simply finish the project in 6 months. The left side of Figure 2
shows what proportion of PIs was using the system for what length
of time throughout the project. We see that almost all PIs choose to
continue their use of the system beyond their first experience and
that 15-20% of PIs chose to continue using the system for as long
as 5 years. Lastly, the right side of Figure 2 provides a graphical
illustration of the reach of the project. Unsurprisingly, user number
concentrations are dominated by institutions that use Chameleon
for teaching (top 6 are: Iowa State, Vanderbilt, NYU, IIT, Austin
Community College, and DePaul).

4 Measuring Cloud Usage

Systems supporting interactive usage typically operate by making
a slice of a resource [22] available for temporary ownership, usually
via either a container (e.g., NRP [30]), VM (e.g., commercial clouds),
bare metal - or all of the above, as is the case with Chameleon. We
propose that usage of such systems should be measured in terms of
bare metal capacity, normalizing resource slices to the nearest node,
as such representation gives the best idea of resource saturation.
The usage expectations for such slice-based, interactive systems are
different from typical batch-operated systems in that resources are
allocated “on demand” (i.e., when the user needs the resource which
may or may not occur when the resource is available) rather than
“on availability” of a resource, allowing to maximize resource usage
[17]. In other words, the goal of interactive systems is to make
resources available as much as possible at the user’s convenience,
an objective that is hard to meet if a resource is 100% utilized. A
rule of thumb that is sometimes used for on-demand systems is
that 50% utilization means that a user who comes to the system
expecting to provision resources on-demand has a 50% chance of

finding resources. Advance reservations transform demand peaks
into future use which means that in a system that - like Chameleon
- supports advance reservation that threshold is higher. At the same
time, because of its mission, Chameleon supports a wide range of
different resource types which means that even with low overall
utilization a user still may not be able to find a specific resource.

We use the total capacity representation obtained from the Open-
Stack Blazar database and databases managed by OpenStack ser-
vices (Nova and Ironic) as a source of tracking information for
resource usage. A database snapshot is taken every day and mod-
ified in the following ways. First, the information is filtered to
include “usable capacity” only, defined as any node that is not bro-
ken and marked as available for reservation (i.e., not in maintenance
or otherwise taken out of service). For resources that support ad-
vance reservations (bare metal and VMs after 08/25), a resource is
considered “used” if it has been marked as reserved in OpenStack
Blazar; in [16] we point out that to be useful the node also has to be
reconfigured and explain how we ensure that the user either does
that or gives up the node. For resources available on-demand only
(i-e., VMs prior to 08/25), “used” corresponds to the deployment of
a VM on the resource.

The top graph in Figure 3 shows how the total usage measured in
terms of nodes evolved over the last 5 years of the project, flagging
the most significant additions and retirements, while the bottom
graph in the figure shows the corresponding resource utilization.
We are only able to show the last 5 years due to gaps in data avail-
ability: the historical information about total capacity has not been
consistently preserved so we only have reliable data going back to
2022 (the 2021 data has been reconstructed and should be consid-
ered approximate). Data prior to 2021 has been discarded since early
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OpenStack upgrades have introduced semantic discontinuity due
to changes in how data propagates through the system, and system
reconfiguration in 2018 caused some data loss. Since the system
combines bare metal resources and VMs we normalized each VM’s
vCPUs to the host’s total vCPUs (e.g., a 4-core VM on a 12-core
host counts as one third of that host) in the case of Haswell nodes
and made a similar “by GPU” calculation in the case of instances
on GPU nodes.

We see an overall growth in usage and utilization at both
UChicago and TACC (especially the KVM site) frequently approach-
ing and at times exceeding 80%, especially in the last two years
of the project, a finding correlating with user activity presented
in Figure 1 in Section 3. This is uncomfortably high for a system
meant to support interactive usage; from interacting with our users
we know that some are being turned off of the system because it
was not possible to find available resources for their project or class.
Capturing exact user metrics of this is hard: users typically verify
availability through the availability calendar so that our main way
of capturing data would be a voluntary user survey which is an
inexact measure.

KVM@TACC vCPU Usage Over Time
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Figure 4: KVM@TACC Chameleon site usage over the last
five years.

To relieve the pressure on bare metal nodes with GPUs - increas-
ingly popular over the last several years — in 2025 we introduced
virtualized GPU flavors on 6 nodes with H100 GPUs. This necessi-
tated a system change: until 2025, in contrast to bare metal, KVM
instances were operated as on-demand (instead of by advance reser-
vation) and unbounded (instead of limited time only). This would
not work for GPU instances: if they were unbounded nobody would
ever give one up; and if they were on-demand only, nobody would
ever be able to get hold of one. For this reason, before virtualized
GPU flavors were released, we brought the configuration of our
KVM site into compliance with bare metal by transitioning capac-
ity from on demand to reservable/bounded use. The right graph
in Figure 4 zooms in on KVM site usage and illustrates this shift
with a dashed vertical line. One important feature illustrated by
this Figure is the unbounded “runaway VM” problem: as part of
the transition, many long-running, unbounded VM instances were
stopped and archived - but the system did not immediately go
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back to the same levels of utilization, which means that many of
them were not needed. This shows that quotas and allocation limits
are an insufficient incentive to motivate users to terminate VM
instances that are no longer needed. At the same time, operators
have no insight into whether a VM is still needed or not, and cannot
terminate VMs on active projects, a problem that bounded leases
solve.

5 Measuring Science Impact

Ultimately the measure of the impact of scientific instruments is
how much science they support. This is traditionally measured by
bibliometrics [4], i.e., the research products, such as papers, datasets,
or reproducible artifacts that were produced using a system, and
sometimes the impact of those research products themselves. In this
section, we describe the methods we used to collect this information
for Chameleon.

The first challenge of such collection is attribution: how can we
reliably know which publications were produced using the system?
A method that is often used is to assume that, if a system serves a
community, any publication produced by this community should
count as, e.g., in [2]; this leads to an over-count as the community
members may have produced publications that did not use the
system. We posit that the only acceptable proof that an instrument
was used in advancing research presented in a publication is the
author’s formal statement that this was the case. In the best case,
this statement is explicitly expressed as part of the publication text.
However, users often forget this acknowledgment; in these cases, a
formal user attestation is sufficient.

The attribution challenge is related to that of identification: how
do we find the publications that were produced using the system? In
the initial years of the project, the primary method was through self-
reporting when users sought a renewal of their allocation. However,
publications are often produced after the allocation is complete,
when there are few incentives for users to report them to the project.
To get around this issue, we developed a web page allowing users
to report publications at any time [5]. This led to over-reporting
from users who, e.g., sometimes included, in error, publications
that did not use the system. We responded in two ways: (1) we
modified the web page to ask users for an explicit attestation that
the publication was produced using Chameleon, and (2) revised all
139 self-reported publications since the beginning of the project
asking for an explicit attestation. This resulted in 86 confirmations,
33 denials, 20 non-response which we do not include in our count.

As the project progressed and we ourselves published papers de-
scribing its contributions, our user community started referencing
those papers. These references are the best form of acknowledg-
ment as they both explicitly attribute the work to the use of the
resource and make identification easier through using scholarly
databases and search engines, specifically Scopus [12], Semantic
Scholar [18], and Google Scholar [13] though they raise yet other
challenges. First, some publications reference Chameleon for its
contribution rather than to indicate that a publication used the
system (roughly 6% of considered publications); should those publi-
cations be included in the count? What about publications written
by testbed operators on the operation of the testbed? We decided
not to include those either. To implement this inclusion policy ev-
ery publication is manually reviewed and potentially rejected if it
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does not meet our criteria. Another challenge is that of determining
duplicates of publications. Part of the problem is simply that many
conference names have multiple synonyms, and part is deciding
whether a publication with a similar title and authors is a journal
version of a conference paper (distinct contribution) or a duplicate.
We address this in two ways; when importing a publication from a
source we check its source-specific identifier against already im-
ported publications; second, we use Gestalt pattern matching [23]
to identify similar publications for manual review.

Using these methods, we identified 1,200 user publications pro-
duced since the beginning of the project to the end of 2025; all
of them are published on our web page [6]. While this certainly
constitutes an under-count we are confident that it is a strong lower
bound, i.e., all publications have been verified via an explicit user
statement as using the system.

Absolute Counts of Approved Publications by Verification

B Citation
175 Acknowledgment only
m User attestation
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No. Publications
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Figure 5: Absolute publication counts by year, broken down
by attribution method.

The first set of questions centers on how the number of publica-
tions supported by the system is growing, how users acknowledge
Chameleon, and how this practice changed over the last 10 years.
In Figure 5, we see that the number of reported publications has
been growing annually, with the exception of 3 years (2020 - 2022)
following the COVID-19 pandemic. The graph also shows method
of attribution broken down into the categories of citation, acknowl-
edgment in text (but no citation), and user attestation only (but
no explicit acknowledgment or citation). Proportionally, user attes-
tation was more popular for acknowledging Chameleon in early
years of the project, roughly averaging 27% in the first three years
of the project, declining in share to 8% (averaged) in the last three
years of the project. Similarly, we see a growing proportion of pub-
lications referencing Chameleon by citation; this is correlated with
the first Chameleon papers published in 2019 and 2020. Overall,
citation is the most common acknowledgment method in aggregate:
54% of publications are identified through citation, versus 31% for
acknowledgment only, and 15% for user attestation.

Next, we ask how useful - versus how effort-intensive — publica-
tion identification is through a specific source, an analysis similar
to the one carried out in [19, 31]. In Figure 6, we look at the absolute
numbers of publications identified by each source and the extent
of overlap between our sources, noting that 744 publications (or
62%) have more than one. Google Scholar identified not only the
most publications overall (1,079 or 90%), but also the most unique
publications (348), including conference papers (141), PhD/MS dis-
sertations (128), and journal articles (34) — high-quality publications
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that we would not want to miss. At the same time, Google Scholar
is also the most effort-intensive method of data collection, as it does
not provide programmable interfaces, forbids automated scraping
in its terms and conditions, and has made clear through legal action
[14] that it will not condone such misuse. For this reason, in order
to produce a list of candidate publications, it is necessary to first
run manual searches, and then manually add each of the results to
a list, which then can be exported — a process that can take hours
for large numbers of publications as compared to the instantaneous
response from an API-based system.

User reporting identified the second most unique publications
(96), including conference papers (54) and journal articles (18), and
is irreplicable since some of the publications are identifiable only
through user attestation. Unfortunately it is also the second most
effort-intensive method, requiring the development of a reliable
attestation mechanism and in some cases interaction with users.
Otherwise, Scopus had 6 unique identifications, Semantic Scholar
had 4, and Science Direct and OpenAlex had 1 each. The latter two
did not yield much in either absolute numbers or unique results
which suggests that they could be omitted — but are so easy to
operate that it is a moot point. We note however that while Se-
mantic Scholar, Scopus, and user reporting each identified ~600
publications, ~50% of the total, together they account for ~70% of
publications. Therefore, while in our case the overall best identifi-
cation method is Google Scholar and user reporting (unique contri-
butions from other aggregators are negligible), Semantic Scholar,
Scopus, and user reporting yield ~70% of the result but with much
less effort.

Since not all publications are considered to have the same im-
pact, e.g., peer-reviewed journal articles and conference papers are
generally considered more impactful than preprints, we also break
down the publications by category in Figure 7. We find that most of
our publications are published in conferences (~55%); followed by
journal articles (~20%), theses/dissertations (~12%), self-published
artifacts (e.g., arXiv [10], SSRN [11], or personal website) (~9%);
or “other” which include unique artifacts such as datasets, patents,
software, presentations, and book chapters (~3%). We also examined
how different sources contribute to identifying publications across
categories. Of note is that while conference papers and journal
articles are represented relatively evenly across all sources (~17-
35% in each), by far the most of the dissertations and theses (~90%)
are found through Google Scholar only while other sources con-
tribute only minimally to this category — an additional reason to
use Google Scholar. Lastly, we also looked at the number of unique
venues (defined by conference name, organizer, and year) where
these publications appeared and found that publications are pub-
lished in a wide array of venues with no significant concentrations
or patterns, but with the most popular being Supercomputing, Fu-
ture Generation Computer Systems, HPDC, SIGMOD, INFOCOM,
EMNLP, CCGrid, IPDPS, and EuroSys.

6 Discussion and Recommendations

Characterizing the evolution and impact of a system over a long
period of time carries an inherent challenge: the more the system
develops, the more interesting it becomes to analyze, but the data
collected and the way it was collected are fixed, which limits the
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Publications Found by Each Source
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questions we can ask. The preceding sections shared the questions
we asked about the system; here we summarize recommendations
on both the data to collect and systems to employ.

Measuring users and projects. By and large, the type of infor-
mation tracked here is tracked by other projects as well and, in
particular, by the XDMoD database [21] in project-specific ways
that usually involve database dump tools. To support active user
tracking, we built a simple exporter tool that runs as a cron job and
periodically saves login events to a reporting database. This, as well
as Python scripts and processes that analyze the data and generate
the plots included here, along with queries for other metrics, are
available in [9].

The main recommendation we make is to track and share user
information that goes beyond unique user logins and allows testbed
operators to differentiate user engagement with the system (the A,
B, and C definitions of system user in Section 3). In particular, the
ability to track active users and PIs with cumulative user numbers
provides powerful insight into the system’s usage patterns. Further,
adding information and timing of what projects a user joined as op-
posed to just project membership, would have allowed us to answer
questions about the number of users that belong to both education
and research projects and how they move between those projects;
a modification that we intend to implement. Lastly, visualizing and
reviewing on a regular basis the properties of user community in
terms of most active institutions, projects, and research categories —
as well as visualizing the user membership via tools like Grafana or

regular project email containing the most important project metrics
— helps keep the finger on the pulse of how the community develops.

Measuring usage of clouds. We propose that usage of systems
that explicitly make available a slice of resource to a user should be
measured in terms of bare metal capacity. Further, closely tracking
state transitions of those resources supports better understanding
of system use and creates the opportunity to implement policies
that promote its more efficient use (e.g., ensure that all reserved
resources are at least reconfigured). While the data collection will
be system-specific, our approach generalizes to any input which
provides a “start” and “end” for resource values. For OpenStack in
particular, our usage reporting collection, analysis, and plotting
code are available in [8].

More than any other quality of the system, usage data collection
over long stretches of time is susceptible to configuration and im-
plementation changes as the system evolves. In our case, change
in configuration to split the database between two sites, optimiza-
tions for database performance, and successive OpenStack upgrades
introduced discontinuity in the tracked data. To ensure relative con-
sistency of gathered data requires treating usage data collection as
a “first class citizen” in successive migrations, something that is
often both effort-intensive and not high enough priority in a system
operated with few resources.

Measuring science impact. Measuring science impact is rewarding,
but expensive considering the challenges of attribution, identifica-
tion, de-duplication, and inclusion that may require manual steps
including review. While attribution should always be rooted in a
user statement, collecting user attestations can be expensive and
require careful reporting structure as described in Section 5; there-
fore, in the best case attribution is included in the publication itself.
We recommend giving users a clear and preferably unique (e.g.,
containing a reward number) way to acknowledge the use of the
system from the beginning of the project and explicitly requiring its
use in the terms and conditions. Referencing a publication describ-
ing the system is better, as it both serves as attribution and helps
identify the publication through scholarly databases and search
engines. Therefore, we recommend creating such a reference early
in the project — we missed a trick here, having published our first
paper five years after the start of the project and its impact can
be seen in the graphs shown in Section 5. Periodic reminders to
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acknowledge the system foster awareness of the importance of
linking resource usage to scientific results and are usually effective.

Identifying publications can be effort intensive. Google Scholar
yields the most comprehensive results — including information
about dissertations and theses not available via any other sources
— but requires a manual approach which can be expensive unless
applied regularly. Less comprehensive (roughly 70%) but much
cheaper results can be obtained by combining Semantic Scholar and
Scopus with user reporting which is the only source of publications
without explicit attribution. An independent avenue to reduce this
effort is through leveraging tools and processes we published to
obtain and analyze publications [7]. It is important to realize that
despite all these efforts the science impact will still likely be an
undercount — however, with proper handling of attribution, it will
constitute a strong lower bound.

Lastly, we note that there are different types of impact that an
experimental resource/system may generate: on one end of the spec-
trum, we have resources experimental in the sense that they explore
the feasibility of infrastructure enabled by new technology - on
the other, resources that serve as an instrument for community
experimentation. The former are experiments in themselves that
primarily explore infrastructure construction; the latter are scien-
tific instruments that provide a platform for the experimentation
of others (though in order to do so, they often also advance infras-
tructure construction). The definition of success and impact differs
significantly between these two types of systems: the former will be
defined by publications on system construction and its application,
primarily from the construction team and its collaborators; the lat-
ter will be primarily defined by publications of platform users, not
associated with the construction/operation team. Since there may
be a spectrum between an experiment and a scientific instrument,
we propose that as a rough distinguishing measure at least 90% of
the identified scientific output (i.e., lower bound) of a scientific in-
strument should consist of community publications. As an example,
in the case of Chameleon the (self-reported) publications produced
by the team both to disseminate insights obtained in designing and
operating the system (16) and explore its applications (19) were
significantly under that barrier for every year of the project.
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