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Abstract—Quantum Error Mitigation (QEM) is widely re-
garded as a plausible bridge from Noisy Intermediate Scale
Quantum (NISQ) devices to Fault Tolerant Quantum Computers
(FTQC). Yet the empirical studies used to assess the effective-
ness of QEM techniques on concrete problems have received
comparatively little scrutiny with respect to the validity of their
conclusions. We systematically review 81 recent QEM papers
using an eight-criterion framework covering statistical rigour,
reproducibility, and reporting quality. Among the 59 papers
for which statistical evidence is applicable, only 15 (25%) use
inferential methods, while 25 (42%) report uncertainty only
descriptively, without testing whether the claimed effects are
statistically supported.

To demonstrate the consequences of these omissions, we use
Zero-Noise Extrapolation (ZNE) as a representative and widely
used case study and identify two compounding sources of arte-
facts in current QEM benchmarks. First, we observe parameter
sensitivity: in a 132-configuration sweep, implicitly assumed
choices such as scale factors, extrapolation method, and hardware
calibration are not merely incidental but active, with variations
changing conclusions from statistically significant improvement
to statistically significant degradation. Second, we identify a drift-
induced effectiveness illusion: in a 72-hour longitudinal study on
real hardware, temporal drift alone can make the same ZNE
configuration exhibit an effect size more than three times as
large, depending solely on when it is executed, and also drastically
reduces the effective number of independent observations. These
findings do not imply that QEM methods are intrinsically
unsound; rather, they show that current evaluation practice
can make mitigation performance appear more robust than the
evidence warrants. We therefore propose minimum reporting
standards for QEM evaluations, including explicit parameter
documentation, robustness checks, longitudinal drift assessment,
and inferential statistical testing with effect-size reporting.

Index Terms—quantum error mitigation, benchmarking, sta-
tistical artefacts, zero-noise extrapolation, hypothesis testing,
reproducibility, NISQ

I. INTRODUCTION

We remain in the NISQ era of quantum computing [1]–[4],
still some distance from FTQC architectures with sufficiently
many qubits, low error rates, and operational Quantum Error
Correction (QEC) [5], [6]. Although QEC is clearly the long-
term route to reliable quantum computation, present imple-
mentations still incur substantial qubit overheads [7], [8]. In
this intermediate regime, QEM has emerged (among hardware-
efficient problem formulations [9]–[11] or target design au-
tomation techniques [12], [13]) as a pragmatic approach for

reducing the impact of noise [14] on current NISQ devices
without implementing full error correction [15]–[18]. Tech-
niques such as ZNE [15], [16], Probabilistic Error Cancellation
(PEC) [15], [19], and Clifford data regression [20] have shown
promise in improving the accuracy of quantum computations.
Beyond dedicated benchmarking studies, QEM techniques are
increasingly adopted as standard components in broader quan-
tum computing research – from variational quantum eigen-
solvers and quantum structure simulations [21], [22] via opti-
misation [23]–[27] and machine learning [28]–[31] to quantum
simulation of many-body systems [32] and demonstrations
of evidence for quantum utility [33] – where framework-
default parameters are silently inherited and their influence is
not examined. Artefacts arising from such implicitly assumed
parameter choices therefore propagate beyond QEM evaluation
into any higher-level result that relies on mitigation as a
building block. However, the empirical evaluation of QEM
techniques themselves frequently rests on experiments whose
statistical foundations are not always commensurate with the
strength of the conclusions drawn from them.

Previous work has already identified important statistical
challenges in the evaluation of QEM techniques, including the
need for explicit hypothesis testing [34]. In this work, however,
our systematic review of 81 recent QEM papers (Section IV)
shows that such concerns remain largely unaddressed in prac-
tice: most papers rely on descriptive reporting rather than
inferential statistical evidence. This is not merely a matter of
presentation, but one with direct experimental consequences.
Reported QEM improvements are often small, since current
NISQ hardware constrains experiments to shallow circuits
and shot budgets limited by cost, placing many studies in
regimes where the true effect is modest at best [35], [36].
In such settings, shot noise, hardware drift, and implicitly
assumed parameter choices can each be sufficient to alter the
experimental conclusion. Without careful inferential testing,
awareness of influence factors and boundary conditions, and
the artefacts needed for faithful reproduction, neither the
original study nor a replication can reliably separate genuine
mitigation effects from artefacts.

In this paper, we identify two compounding sources of arte-
facts in QEM evaluation, each independently capable of pro-
ducing misleading results. First, a systematic replication study

https://orcid.org/0009-0001-0230-3123
mailto:dominik.koester@othr.de
https://orcid.org/0000-0002-9765-8313
mailto:wolfgang.mauerer@othr.de


shows that documented parameters cover only a small portion
of an experiment’s parameter space: unspecified choices – such
as scale factors, folding strategy, or calibration snapshot – are
active, meaning their variation can shift the outcome from
significant improvement to significant worsening relative to the
unmitigated baseline. Second, a longitudinal hardware study
reveals that temporal drift alone can produce large variation
in apparent ZNE effectiveness on the same device at different
access times. Given the dominant use of cloud services with
indeterministic batch access for many quantum experiments,
this variability poses a severe challenge for both reproducing
and interpreting empirical results. We focus on ZNE with
Richardson extrapolation as a representative case, as it is
the most widely reported QEM technique in our corpus, and
propose a minimum reporting checklist for QEM evaluations.

Concretely, our contributions are as follows:
• We provide a systematic eight-criterion review of 81

QEM papers, revealing that the majority of papers lack
inferential statistics and drift control.

• We introduce a replication pipeline and case study
demonstrating that implicitly assumed ZNE parameters
are active: their variation shifts experimental outcomes
across a large fraction of tested configurations.

• A longitudinal drift study shows that temporal hardware
drift produces a drift-induced effectiveness illusion, where
apparent ZNE effectiveness varies substantially across
identical experiments at different times.

• We derive minimum reporting standards for QEM bench-
marks to avoid incorrect claims and misinterpretations of
QEM experiments.

II. RELATED WORK

Cai et al. [18] provide a comprehensive review of QEM
techniques, including their theoretical foundations, practical
implementations, and performance analysis. Takagi et al. [37]
derive fundamental sampling-overhead bounds under global
depolarising noise, generalised by Quek et al. [38] for local
noise. Krebsbacher et al. [39] derive variance bounds for
Richardson extrapolation, guiding scale factor selection to
minimise amplification. On the statistical side, Saki et al. [34]
propose a hypothesis-testing framework for QEM evaluation,
while Li et al. [40] survey the use of statistical methods
in quantum software testing, finding that formal statistical
methods are similarly rare in that domain. Moguel et al. [41]
review quantum benchmarking methods, proposing a quantum
experiment guideline extending established best practices from
classical software benchmarking. Garmon et al. [42] propose
treating error mitigability itself as a first-class device bench-
mark – a view our results support. Our empirical case study
targets ZNE with Richardson extrapolation, the most prevalent
technique in our corpus; structurally different methods such
as PEC, whose sampling overhead grows with noise [19],
Clifford data regression [20], or learning-based mitigation may
exhibit different parameter-sensitivity and drift profiles, so our
quantitative magnitudes need not transfer directly – though the
underlying reporting gaps (C3, C4) remain method-agnostic.

On reproducibility, Senapati et al. [43], [44] highlight the
reproducibility challenges in quantum machine learning, being
device variability and temporal drift. Hirasaki et al. [45]
demonstrate temporal fluctuations in superconducting qubits,
yielding different measurements over time points.

III. BACKGROUND

A. Zero-Noise Extrapolation (ZNE)

ZNE, first introduced by Li and Benjamin [16] and
Temme et al. [15], is a widely used QEM technique that esti-
mates the noise-free result of a quantum computation by ex-
trapolating results obtained at amplified noise levels. Given the
noise scale λ, the result of the smallest error rate on a circuit is
given by the expectation value E(λ1) [18], [46]. By artificially
increasing the noise to levels λ1 < λ2 < · · · < λK – called
scale factors – we can fit a model to extrapolate the noise-
free expectation value E(0). Common amplification strategies
include pulse stretching [15], [21], unitary folding [47], and
gate-level folding [48]. To compute the extrapolated value,
besides standard approaches like linear [16], polynomial and
exponential extrapolation [17], [46], Richardson extrapolation
is a commonly employed method [15], [17], [39], [47] that
fits a polynomial of degree K − 1 through K data points.
The zero-noise limit is in this case estimated [18] as Ê(0) =∑K

k=1 ckE(λk), where
∑K

k=1 ck = 1, and coefficients ck are
determined by Lagrange interpolation.

Since Var(ÊZNE) =
∑K

k=1 c
2
k Var(Ê(λk)), a convenient pre-

experiment bound on variance amplification is
∑K

k=1 |ck| [18],
[39] – computable from the scale factors alone, without run-
ning any circuits. For the widely used default set {1, 3, 5} [46],
[47],

∑K
k=1 |ck| = 3.5, whereas {1, 1.1, 1.25, 1.5} – moti-

vated by arguments that finer spacing reduces extrapolation
error [39] – yields

∑K
k=1 |ck| = 681: a 194× difference in the

variance bound. Scale factor choice alone can therefore dom-
inate the variance budget of a ZNE experiment – motivating
its treatment as an active parameter in Section VI.

B. Statistical Methods

Our approach, implemented in a reproducible pipeline (link
in PDF) [49], relies on standard frequentist tools to quantify
how much a QEM technique improves performance. Unlike
clinical trials or psychology, QEM evaluation has no domain-
specific statistical standards: no agreed effect-size threshold
for claiming practical mitigation, no canonical hypothesis test,
and no prescribed power requirement. We therefore adopt well-
validated general-purpose tools from empirical science [50]–
[52] – standard there, yet still rare in quantum computing.
As they are textbook knowledge, we only briefly review their
essential properties in the QEM context.

a) Paired t-test: A paired t-test compares differences
between two groups: Given n independent repetitions pro-
ducing raw errors |εraw,i| and mitigated errors |εmit,i|, the
paired difference δi = |εraw,i| − |εmit,i| captures per-repetition
improvement. The paired t-test evaluates the null hypothesis
H0 : µδ = 0 via t = δ̄/(sδ/

√
n). We classify each

configuration as significantly better (p < 0.05, d > 0), not
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significant (p ≥ 0.05), or significantly worse (p < 0.05, d < 0)
based on a 5% significance level (while using a prescribed
explicit significance level is known to be exhibit a number of
issues [53], we stick to this approach as it is common practice
in the considered references, and conclusion stability can only
be assessed when the same approach as in the original work
is employed). As a non-parametric alternative that does not
assume normality of the paired differences, we compute the
Wilcoxon signed-rank test for every configuration.

b) Effect-Size Measures: We use two complementary
effect-size quantities: Cohen’s d = δ̄/sδ [50] is the standard
effect-size measure in empirical sciences such as clinical
trials or psychology, with well-established conventions |d| =
0.2/0.5/0.8 (small/medium/large) [50] and 1.2/2.0 (very
large/huge) [54]; positive d means QEM reduces, negative
d means it increases error. These thresholds were, however,
calibrated for domains where effect sizes are bounded by
natural variability rather than a controllable experimental pa-
rameter. In shot-based quantum experiments, sδ ∝ 1/

√
nshots,

so d scales with shot count: at nshots = 4096, a modest
improvement of ∆ = 0.18 already yields d ≈ 6, far above the
established thresholds. Absolute d values are not comparable
to those conventions and we use d primarily as a relative metric
for cross-configuration comparison. Because no single effect-
size measure is universally agreed on for QEM evaluation, we
additionally report Cliff’s δ = (N> − N<)/n – where N>

and N< count paired differences δi > 0 and δi < 0 – as a
non-parametric, distribution-free alternative in [−1,+1] that
is insensitive to this shot-count inflation and directly reflects
the probability of a genuine directional improvement across
repetitions. Intuitively, Cohen’s d expresses improvement in
units of its own scatter, whereas Cliff’s δ counts how often
mitigation helps rather than hurts across repetitions.

IV. SYSTEMATIC REVIEW

To evaluate the current state of statistical reporting in QEM
related papers and to identify common pitfalls and areas for
improvement, we systematically reviewed 81 publications pub-
lished over half a decade (2022–2026), collected via Google
Scholar, arXiv, IEEE digital libraries, and forward/backward
citation tracking from the review by Cai et al. [18]. We used
queries like “quantum error mitigation”, “zero-noise extrapo-
lation”, “probabilistic error cancellation” in combination with
terms like “algorithm”, “drift”, or “experiment” to identify
relevant papers (the full list is provided in the reproduction
package). Each paper was evaluated based on eight criteria
detailed in Table I that assess the presence and quality of
statistical reporting in the experimental evaluation of QEM
techniques. Each criterion is rated as adequate (clear, specific
evidence), partial (mentioned but incomplete), missing, or
not applicable. The criteria themselves are derived from a
priori expert knowledge, typical desiderata in the literature,
and requirements documented in reviews [55]–[57] or existing
work on quantum reproducibility [49], [58], [59].

a) Review process: The process follows established pat-
terns for lightweight semi-formal reviews [60], and aims at

TABLE I
EIGHT-CRITERION ANALYSIS FRAMEWORK. EACH PAPER IS RATED

ADEQUATE, PARTIAL, MISSING, OR N/A.

ID Criterion Key Question(s)

C1 Sample Size How many shots/circuits? Size justi-
fied?

C2 Variance Error bars, CIs, or variance reported?
C3 Stat. Evidence Inferential or descriptive evidence for

claims?
C4 Drift Control Temporal hardware drift accounted for?
C5 Overhead Classical/quantum overhead quantified?
C6 Noise Model Noise model validated or discussed?
C7 Reproducibility Code, data, or sufficient detail?
C8 Neg. Results Failure cases or limitations reported?

balancing required manual human effort and comprehensive-
ness/completeness of coverage. Papers were included if they
present an empirical evaluation of a QEM technique and were
selected in the order returned by these libraries, which rank
results by their internal relevance metrics (typically driven by
citation and access counts). This sample is therefore not an
exhaustive census of all QEM papers published in this period,
but provides a broad, relevance-weighted cross-section. Two
raters (the authors) jointly reviewed all 81 papers against the
criteria, and two additional raters each independently rated
a subset of 15 papers. Before consensus, raters agreed on
approximately 83% of paper–criterion pairs; the remaining
discrepancies were resolved by consensus discussion.

Additionally, we established a comparison baseline us-
ing automatic text processing: A regular expression scanner
matched textual evidence against patterns targeting key statis-
tical terms – for example, p-value reporting phrases, mentions
of confidence intervals, or software repository URLs – and
an LLM (Claude Opus 4.6) filtered candidate ratings for
known false positives such as physical noise probabilities
misidentified as statistical p-values, or framework citations
misidentified as reproduction packages. Automated ratings
agreed with the human consensus in 77% of applicable paper-
criterion pairs. This automated pass serves only as a coverage
cross-check and does not feed into any reported result; the
human consensus is the sole basis for our analysis. Full scan
logs, rating sets, and a per-paper LLM evidence report are
provided in the reproduction package. Overall, we believe the
approach provides a sound and sufficiently large-scale basis
that leads to generalisable conclusions.

Figure 1 shows the observed compliance of the 81 papers
with each of the eight criteria. Five criteria are well addressed,
with over 60% adequate reporting: Sample Size (C1, 77%),
Variance (C2, 77%), Noise Model (C6, 78%), Overhead (C5,
66%), and Negative Results (C8, 66%). Reproducibility (C7,
55%) is in the middle, but plays a crucial role as it is often
the only way to confirm and build upon reported results. The
two criteria with the lowest compliance are Drift Control (C4,
30%) and Statistical Evidence (C3, 25%).

Of the 59 applicable papers for statistical evidence, only
15 employ inferential statistical methods: hypothesis tests,
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8. Neg. Results

7. Reproducibility

6. Noise Model

5. Overhead

4. Drift Control

3. Stat. Evidence

2. Variance

1. Sample Size

0% 25% 50% 75% 100%
Percentage of applicable papers

Rating Missing Partial Adequate

Fig. 1. Summary of the systematic review results across the eight criteria.

Bayesian inference, bootstrap-based comparisons, or scaling
analysis with uncertainty quantification. The remaining 42%
report uncertainty only descriptively (error bars, standard
deviations, improvement factors), and 19 papers (32%) do not
provide statistical evidence.

The “partial” rating on C3 deserves explanation and credit
for the respective studies. These papers report variance, quan-
titative improvement metrics, accuracy thresholds, or bootstrap
error bars, all forms of descriptive statistical evidence common
in quantum experiments, but do not use them for inferential
comparison.

QEM improvements are often small [35], [36]: in regimes
where noise, drift, and parameter choice can each be sufficient
to shift the outcome of an experiment, simple descriptive
evidence alone is insufficient to confirm genuine effects.
The two empirical analyses below demonstrate what practical
consequences arise from a failure – as is omnipresent in
the literature – to provide more complete descriptions and a
more rigorous statistical analysis. Both artefact sources are
independently capable of producing misleading evaluations,
and the two factors compound when present simultaneously.

V. THE REPRODUCTION PARAMETER SPACE &
EXTRACTION PIPELINE

Our analysis shows C3 and C4 have the smallest compli-
ance, yet matter most when parameter choices and timing can
influence or even determine the outcome of an experiment.
Before we demonstrate this experimentally, let us formalise
the structure of the problem. Figure 2 illustrates the relation
between a quantum (software) experiment and an attempt to
reproduce or replicate the findings. Given the overall vari-
ability and currently fast-paced change in quantum hardware,
rapidly changing software environments [56], [59], [61], and
other factors, an exact reproduction is rarely possible even if
the original software artefacts are available, which leads to an
effectively different set of empirical parameters. The space of
relevant parameters for quantum experiments can be divided

sig. better sig. worse not sig.
Full parameter space P

Replication’s search region
{θdoc}×Range(θundoc)

Original
experiment’s

configs

Reproducibility
risk

Fig. 2. The full parameter space P of a QEM experiment, with regions of
improvement (green), no improvement (grey), and worsening (red). Studies
typically test a small subset of parameter configurations (orange).

into three categories of outcomes for a given configuration:
regions of significant improvement, regions of significant
worsening, and regions with no statistically significant change.
In typical experiments, only a specific subset of possible values
is tested per parameter (highlighted as the orange circle),
where some are explicitly specified (θdoc) and others are left
unspecified (θundoc). A parameter is inert if varying it does not
change the experimental conclusion, and active if it does.

A. Parameter Space P
A QEM experiment requires many choices beyond the cir-

cuit and observable. We formalise the reproduction parameter
space for a ZNE experiment as: P = H×C×Q×F×E×S. As
|P| > 104, the size of the parameter space for reproductions
can easily grow to hundreds of reasonable configurations.

TABLE II
REPRODUCTION PARAMETER SPACE.

Axis Name Examples

H Hardware/Backend QPU vendor/model, noise model,
calibration snapshot

C Circuit Qubit count, depth, transp. level
Q Shots & reps Shot count, number of repetitions
F Folding Local-left, local-right, global
E Extrapolation Linear, polynomial, Richardson, . . .
S Scale factors {1, 3, 5}, {1, 2, 3}, {1, 1.5, . . . , 3}

B. Reproduction Pipeline

Following established terminology, we distinguish repro-
duction, where a different team re-runs the same experimental
artefacts from replication, where a different team uses a
different experimental setup, yet addresses the same question
as an existing piece of research. Our case study addresses both



aspects: we use the original circuit specification but systemati-
cally vary the unspecified parameters across a wider range than
explored in the original study. To systematically explore the
parameter space, we apply a four-stage pipeline to a target
paper: (1) Parameter Extraction: extract all documented
parameters θdoc and identify unspecified ones θundoc. Also
categorise any parameters θamb that are either ambiguously
mentioned or very likely given the context, but not explic-
itly stated. (2) Parameter-Space Sampling: sample θundoc
and θamb across reasonable values. Reasonable is context-
dependent, but in most cases, refers to the most commonly
used values in literature. The result is a set of configurations
{p1, p2, . . . , pn} ⊂ P . (3) Statistical Analysis: run nreps
repetitions for each configuration and perform statistical tests
e.g. conduct paired t-tests, and compute Cohen’s d effect size.
(4) Artefact Classification: Classify each configuration based
on the statistical analysis. If the claimed improvement only
holds for a subset of P , it is not generalisable and relies on
active parameters. This pipeline is designed to be extensible to
any QEM by replacing the ZNE specific parameters (F , E ,S).

VI. THE PARAMETER SPACE IS ACTIVE

To test whether implicitly assumed parameters θundoc and the
statistical test gap (C3) have practical consequences – that is,
whether an experiment with seemingly the same prerequisites
can yield different outcomes – we demonstrate how varying
different axes of P can shift the experimental outcome.

A. Case Study: Khan et al. (2024)

1) Parameter Extraction: To evaluate the effectiveness of
different QEM techniques for NISQ devices, Khan et al. [62]
apply dynamic decoupling, twirled readout error extraction and
ZNE to four-qubit Quantum Trotter Circuits (QTC) whose gate
structure ([62], Algorithm 1) corresponds to the Trotterisation
of a transverse-field Ising chain (C). The paper executes
these circuits on IBM Kyoto and Osaka machines (both now
retired [63]), and compares them with an ideal QASM Simu-
lation (H) [64]. Error rates, qubits properties and architecture
(at the time of execution) are documented, as well as pseudo-
code for the QEM procedures. Unfortunately, parameters are
neither explicitly nor implicitly (via a reproduction package)
available. This leaves us with the unknown F , E , S, and Q.

2) Parameter-Space Sampling: For the missing parameters,
we applied common default values: 4096 measurement shots
and transpilation level 1 [61]. Additionally, for ZNE, folding-
from-left strategy, Richardson extrapolation method, and scale
factors {1, 3, 5} [18], [46], [47] are employed. From this
baseline, we sweep values for alternatives and execute the
configuration on calibration snapshots for IBM Kyoto and
Osaka. Inspecting the Kyoto snapshot, we find ECR gate errors
of all 144 qubits are near hundred percent, producing a noise-
floor output. Given this is not the exact original experimental
environment, we added a depolarising noise model matching
the original work’s error rate. We also added the reported
QASM simulator for ideal results (negative control, as QEM
cannot improve ideal results).

Ten configurations arise for a one-at-a-time sweep of the five
parameters plus the baseline. We vary each axis independently
while keeping the others at their default values and tests them
against three Trotter depths (TC1, TC3 , TC5) specified in the
original paper. In Summary 11 configurations × 4 backends
× 3 Trotter depths = 132 configurations are tested in total.

3) Statistical Analysis: For each configuration, we run
nreps = 200 independent repetitions, then conduct paired t-
tests on the per-repetition absolute error |ε| relative to the ideal
expectation value, and compute Cohen’s d as an effect-size
measure. We apply a significance threshold of α = 0.05.

4) Artefact Classification: Figure 3 shows the results of the
parameter-space sampling. As expected, the ideal simulator
shows a significant worsening with a median Cohen’s d of
−0.95: this serves as a negative control, confirming that
ZNE cannot improve results that are already ideal, since
any introduced noise amplification only degrades an already
noiseless expectation value. In the last three columns we
see neutral and mostly non-significant results for the fake
IBM Kyoto (median Cohen’s d of −0.03), which is also
expected given the fully faulty ECR gates – their errors
drive the output to the totally mixed state, yielding near-
zero expectation values regardless of the circuit. The other
two backends show a more positive pattern. The depolarising
simulation (Kyoto error rates from the paper) shows significant
improvement in 29/33 configurations with a median Cohen’s
d of +5.95. Meanwhile the Osaka snapshot has a less positive
improvement of median +2.23. As expected, the improvement
is more pronounced for the depolarising simulation given its
more idealised noise model. In contrast, the Osaka snapshot
is closer to real hardware and therefore shows a more mixed
pattern of results with other error patterns. The non-improving
and smaller positive results are largely driven by the scale
factors S (variance amplification, motivated in Section III)
and the exponential extrapolation method E . Extrapolation
methods assume different functional forms of noise decay and
differ in their sensitivity to the noise model [17], [47]: the
exponential model assumes E(λ) ∝ (1 − p)λn, motivated by
global depolarising noise [17]. However, real hardware noise
does not necessarily follow this model, as demonstrated in
our case. E is therefore an active parameter whose noise-model
sensitivity can change the conclusion about ZNE effectiveness.
Cliff’s δ values (right half of each cell) closely mirror Cohen’s
d patterns, confirming directional results are not an artefact of
the shot-count inflation: Wherever d is strongly positive, δ is
near +1, and wherever d is negative, δ is near -1.

a) Multiple-comparisons perspective: Because repeated
identical tests make false positives near-certain, we applied
Bonferroni and Benjamini-Hochberg corrections to all paired
t-test p-values. Of the 107 out of 132 uncorrected significant
results (58 better, 49 worse), 103 survive the strict Bonferroni
threshold (57 better, 46 worse) and 106 survive Benjamini-
Hochberg. Only four results are dropped by Bonferroni, all
corner cases near the noise floor. As both improvements
and degradations survive correction, experimental outcomes
genuinely depend on implicitly assumed parameters, and the
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degradations on the noiseless and FakeKyoto backends are real
rather than statistical artefacts.

b) Hardware calibration and effect size: Khan et al.
report expectation values and variances (Table III in [62]), but
neither the statistical nature of these variances nor the number
of repetitions per configuration is specified. We therefore can-
not verify the reported improvements’ significance or recover
the paired differences for Cohen’s d, and instead estimate d̂
of the original paper by dividing ∆ = EZNE −Eraw (from the
reported values) by the simulated σimprovement as a proxy.

Since Khan et al. used real IBM hardware, the IBM
Osaka calibration snapshot is the closest available approxi-
mation for comparison. Our replication yields d = +1.16 at
TC1 – a moderate but statistically significant improvement.
For the original paper [62], Eraw = 0.728, EZNE = 0.814,
Eideal = 0.828; dividing the improvement ∆ = 0.086 by
our σimprovement = 0.016 gives d̂ ≈ +5.3, more than four
times our replication value. Under idealised depolarising noise
(same circuit, same configuration), the same calculation yields
d = +11.3. The original effect size therefore depends critically
on the specific hardware calibration (H) at the time of the
experiment, which is no longer accessible. We therefore cannot
distinguish whether d ≈ 1.16, d ≈ 5.3, or d ≈ 11.3 is the
better characterisation of the true effect, let alone assess its
robustness across noise models [43], [65].

To check if simulation-based findings transfer to quantum
hardware, we ran the default configuration on the 156-qubit
IBM Marrakesh processor [66] for TC1 and TC3. This Heron
machine’s median two-qubit error rate of 0.241% is roughly
four times lower than IBM Kyoto’s 0.947%. We obtain
d = −0.75 for TC1 but d = +0.55 for TC3: at TC1 the

low error rate leaves the shallow circuit (six ECR gates)
nearly ideal (|εraw| = 0.013), so ZNE’s variance amplification
(2.7×) outweighs any correction and pushes the mitigated
value further from ideal, whereas TC3 (18 ECR gates) accu-
mulates enough error for genuine improvement. This confirms
hardware dependence and reveals a regime where low-error
hardware makes ZNE counterproductive for shallow circuits.

c) Shot-count variance and statistical power: Figure 4(a)
confirms the expected d ∝ √

nshots scaling: on the depolarising
model and FakeOsaka, d grows monotonically with shot count,
while FakeKyoto stays near zero (no genuine signal) and the
ideal simulator is fixed at d ≈ −0.95. A bootstrap power
analysis (see Figure 4(b)) shows that nreps ≥ 20 suffices
for 80% power at moderate effects, while large depolarising
effects need as few as nreps = 5; the near-zero FakeKyoto
effect never reaches 80% power even at nreps = 200. Low
shot counts (Q) and few repetitions therefore risk both false
negatives for genuine effects and an inability to confirm the
absence of improvement where none exists.

B. Case Study: Desdentado et al. (2025)

So far, we have assumed that multiple runs of an identical
configuration yield the (essentially) identical result. Desden-
tado et al. [67] provide a case where this assumption breaks:
they observe a temporal confound whose structure is consistent
with calibration drift, as studied below in Section VII. Their
work proposes an algorithm to estimate the ideal shot count
for a given quantum circuit to achieve the best possible
result under shot noise – the statistical sampling variance
that decreases as 1/

√
nshots when more measurement shots are

taken. Hardware noise (e.g., gate errors, calibration drift, . . . )
is, in contrast, not reduced by increasing shot count.
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The paper proposes an algorithm to estimate the ideal shot
count and tests five configurations for a five-qubit Grover
circuit on IBM Brisbane. If finds an improvement of 0.37%
for two, and 0.53% for four target states. Their proposed shot
estimation yields the best target state probability for all their
circuits while lower and higher shot counts yield worse results.
Uniquely, the paper provides a complete reproduction package
that allows us to analyse exact hardware results from published
data (see Figure 5). Circuit depth and hardware error rate are
dominant challenges: IBM Brisbane (Eagle r3) reports a me-
dian two-qubit gate error rate of 0.77% error rate through the
last IBM calibration snapshot. Alternate reported median ECR
error rates ranging from 0.762% [68], 0.79% [69] to 0.832%
[70]. The transpiled circuit uses 904 ECR gates, which leads
to a total circuit fidelity of F = (1 − 0.00762)904 ≈ 0.09%
with the most optimistic error rate.

The low circuit fidelity explains a near-random target state
probability. Desdentado et al. (see Figure 5) report probability
degradation after exceeding the estimated ideal shot count,
with a non-monotonic pattern. We only show results for one
circuit, but the pattern applies to all. This contradicts the
shrinking variance of shot noise with increasing shot count,
which should result in a monotonic improvement in target

state probability as shot noise decreases. Job identifiers reveal
that shot count groups were executed in sequence over a 20
minute time span, except for a gap of 13 minutes between
parts of group 8458 and the entire group 10936. Because shot
count is confounded with execution time and the group size
is small (n = 10), inter-group differences may also reflect
calibration drift. Particularly given the non-monotonic pattern
(the last complete executed shot group, ideal shot estimation,
coincides with lowest error), we cannot distinguish hardware
drift, shot count or pure chance as cause.

This illustrates how temporal drift can masquerade as pa-
rameter effect with un-randomised execution order. To isolate
drift as an independent factor, we conduct a controlled longitu-
dinal experiment measuring its impact on ZNE effectiveness.

Cross-vendor fragility: To test whether these findings trans-
fer beyond IBM hardware, we executed the same circuit on
the 54-qubit IQM Euro-Q-Exa [71] machine. At TC1 (6 CZ
gates at λ1), the circuit retains 27.7% of the ideal expectation
value (Ē(λ1) = 0.290 vs. Eideal = 0.980). At λ3 and λ5, the
expectation value is near the noise floor (E(λ3) = 0.024) or
negative (E(λ5) = −0.105). TC3 (18 CZ) retains only 10.9%
of the ideal expectation value on Euro-Q-Exa, compared to
113% on IBM Marrakesh (coherent over-rotation). The circuit
depth at which ZNE “works” is therefore a property of
the circuit–hardware pair: cross-vendor studies are necessary
for any generalisable claim. As the signal is near a fully
mixed state at TC3 on the Euro-Q-Exa, TC1 is used for the
longitudinal drift study in the next section.

VII. THE CONTINGENCY OF TIME

Even with fixed parameters, replications can depend on
when an experiment is run, given time-varying HW properties.
We find only 28% of papers address hardware drift (C4).
Given that superconducting processors exhibit calibration fluc-
tuations for minutes to hours [43], [45], this raises concerns.



A. Experimental Design

A longitudinal experiment on the IQM Euro-Q-Exa system
available at LRZ [71] tests the effect of temporal drift using
the Khan et al. [62] QTC at depth TC1 (6 CZ at λ1). We
chose the smallest circuit, because the expectation value Ē(λ1)
of TC3 is already dominated by noise on this hardware. To
minimise parameter confounds, we use default configurations
from Section VI-A2 and run an experiment every 30 minutes
for different time periods. This allows us to observe any
temporal variability attributable to hardware drift. Four days
with two 12 hour periods and one 48 hour weekend period with
a total of 147 time points with nreps = 30 independent runs
allow for observing short-term and long-term drift patterns.

We address three questions: Is drift reproducible across ses-
sions (RQ1); do raw expectation values at λ1 exhibit temporal
autocorrelation inconsistent with the i.i.d. assumption of paired
tests (RQ2); does drift cause per-time-point ZNE effect size to
vary substantially such that identical experiments at different
times yield different effectiveness conclusions (RQ3).

B. Results

Across all sessions, Ē(λ1) ≈ 0.28−0.30, corresponding
to approximately 29% of the ideal expectation value Eideal,
E(λ3) ≈ 0.02 (near noise floor), and E(λ5) is consistently
negative (mean −0.10), which is inconsistent with depolar-
ising noise decay and indicating coherent over-rotation past
the zero-crossing. Figure 6 shows the time series across all
three sessions alongside the associated ZNE effect size per
time point. Table III summarises the drift severity metrics.

TABLE III
DRIFT SEVERITY ON EURO-Q-EXA. η2 : FRACTION OF TOTAL VARIANCE
BETWEEN TIME POINTS. r1 : LAG-1 AUTOCORRELATION OF Ē(λ1). nEFF :

EFFECTIVE INDEPENDENT REPETITIONS (NOMINAL nREPS = 30).
d RANGE: COHEN’S d; ALL PER TIME-POINT.

Session TPs η2 r1 neff d range

Day 1 (12 h) 25 0.35 0.55 3.5 6.1–10.9
Day 2 (12 h) 25 0.20 0.21 4.9 7.2–12.9
Weekend (48 h) 97 0.55 0.83 1.8 3.3–11.3

a) Three sessions, three drift patterns (RQ1): The top
part of Figure 6 reveals qualitatively different dynamics: Day
1 shows a slight upward drift with a discrete step-change
at t ≈ 9.5 h (that is, asymmetric across scale factors: λ1

affected, λ3,5 insensitive). Contrary to the first session, day
2 exhibits a gradual downward trend to the lowest measured
expectation value. Session 3 was conducted over the weekend,
and reveals what appears to be an overnight recalibration
shift in the second night (between a Saturday and Sunday),
which is absent in the first night. Between days 1 and 2,
E(λ3) crosses zero (+0.024 → −0.011), which the negative
Richardson coefficients convert into a large change in the ZNE
estimate at around t = 18 h. Different patterns across sessions
indicate that drift is not a stable, reproducible process, but a
non-stationary phenomenon that can yield different outcomes
for ZNE effectiveness at different times. We extended this

experiment to a full seven-day window (163 scheduled hours,
Figure 7): the trace shows qualitatively different overnight
behaviour, and the baseline level after a 43-hour outage (red
gap) differs visibly from before, confirming that drift persists
over days and is not resolved by recalibration.

b) Drift is pervasive and severe (RQ2): In the 48-hour
weekend study, more than half of the total variance in the raw
signal is attributable to the time of measurement (η2 = 0.55
(see Table III)), and consecutive time points are strongly
correlated (r1 = 0.83). Each measurement carries infor-
mation about the next, violating independence assumptions
of standard paired tests. Additionally the autocorrelation is
asymmetric: r1 = 0.17 in the first 24 hours vs. 0.91 in
the second, coinciding with a visible upward shift during the
second night (t = 39−43 h) which results in a higher E(λ1)
up to 0.346 compared to most of the other time points with
expectation values below 0.300. The 12-hour sessions confirm
drift at lower severity (η2 = 0.20−0.35, r1 = 0.21−0.55).

c) The drift-induced effectiveness illusion (RQ3): Fig-
ure 6 (b) shows per-time-point Cohen’s d of ZNE vs. raw
across all sessions. The d values vary substantially over
time (3.3–12.9) (although inflated by the high measurement
precision at nshots = 4096). What matters is not effect size,
but relative variation over time. For instance, in the weekend
session, the experiment yields d = 3.3 at one time point and
d = 11.3 twelve hours later: a 3.4× difference in apparent
ZNE effectiveness. For comparison, switching from the Osaka
calibration snapshot to a fundamentally different depolarising
noise model, produces only a ratio of 2.7. Temporal drift on
a single back-end can produce larger variation in apparent
ZNE effectiveness than changing the entire noise model.

In our experiment, the effect is significantly positive at
every time point (d > 3 throughout), as expected: Ē(λ1) is
well above the noise floor and the high shot count inflates d
(Section III-B). The illusion manifests not as a sign rever-
sal, but as uncontrolled magnitude variation: for moderate
effects (d ≈ 1–2) commonly reported in QEM hardware
evaluations [33], this temporal variation alone is sufficient
to determine the binary conclusion of statistical significance.
Additionally, the within-time-point Intraclass Correlation Co-
efficient (ICC) reduces the nreps = 30 nominal repetitions
to as few as neff = 1.8 effective independent observations
(Table III), following Kish’s design-effect formula neff =
n/(1+(n−1)·ICC) [72]. Note that this ICC is distinct from the
between-time-point r1: it is computed via one-way ANOVA
within each time point. A genuinely moderate improvement
that appears highly significant at nreps = 30 becomes non-
significant once this effective sample size is accounted for.
Two tests of the same ZNE configuration – one in the morn-
ing, one the next day – can give contradictory conclusions.
Neither would be wrong given measured results, but neither
would paint an accurate picture. This limits generalisability of
typical quantum (software) experiments that are often based on
immediately consecutive hardware runs and limited repetition
counts, especially given the financial commitment for such
experiments. IBM ibm_brussels (TC3, 12-hour session,
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Figure 8) shows Ē(λ1) drifts by approximately 0.14 within
a single session, confirming that drift-induced effectiveness
illusion is not specific to IQM.

VIII. DISCUSSION

A. The compound nature of QEM artefacts

Our analysis reveals that a favourable ZNE outcome requires
both conditions to hold: the chosen parameter configuration
must fall in the improving region of P (Section VI), and the
hardware calibration at the time of measurement must produce
a stable, noise-discernible expectation value (Section VII).

Critically, these two sources interact: a paper reporting a
single configuration at one time point risks confounding both,
as the outcome may reflect a fortunate parameter choice or a
favourable calibration window. The Khan et al. reproduction
illustrates this compounding: even within the moderate Osaka
noise model, d ranges from −0.75 on IBM Marrakesh to
+11.3 under idealised depolarising noise (Section VI). Adding
temporal drift introduces an additional 3.4× variation in ap-
parent ZNE effectiveness within 48 hours on the same device.

This explains why few papers survive both challenges: a
result must be robust against parameter choices and stable
under drift. The rarity of meeting all criteria suggests the
literature overestimates ZNE reliability not through method
flaws, but because evaluation does not control for confounders.

B. Scope and limitations

We focus on ZNE with Richardson extrapolation, the most
widely used QEM method in our corpus. While the artefact
sources – parameter sensitivity and temporal drift – are
method-agnostic, our empirical evidence covers only ZNE;
structurally different techniques that remove manual scale-
factor selection (e.g., probabilistic error amplification [33]) or
that scale differently under drift, such as PEC [19] and Clifford

data regression [20], warrant separate validation before our
quantitative claims are extended to them. Our one-at-a-time
design does not capture interaction effects a full factorial
design might reveal.

Internal validity: Paired t-tests assume approximate normal-
ity of differences. While robust to moderate non-normality,
smaller configurations may violate this assumption. We there-
fore computed the Wilcoxon signed-rank test for every con-
figuration, where the tests agree on 129 of 132 outcomes, (all
on the FakeKyoto backend at marginal p-values). Bonferroni
and Benjamini–Hochberg corrections on 132 parameter-space
configurations leave qualitative conclusions unchanged.

External validity: Drift patterns may differ on other devices,
architectures, or time scales. The Khan et al. reproduction
uses noise-model snapshots rather than live hardware for the
parameter sweep, which may not capture all device effects.

Construct validity: Our eight-criterion review framework
is a pragmatic operationalisation of statistical rigour. Conse-
quently, other framings could yield different compliance rates.

C. Recommendations

Based on our analysis, we propose a reporting checklist,
ordered by implementation effort:
1) Document all Active Parameters, including calibration

snapshot (H), shot count and repetition count (Q), tran-
spilation seed, or method-specific hyper-parameters.

2) Report Inferential Statistics: At least pair claimed im-
provements with a hypothesis test and effect-size measure,
and treat an effect as practically meaningful only if it
exceeds the variation induced by drift and parameter choice
at the same device.

3) Provide a Reproduction Package containing all code, data,
transpiled circuits, calibration snapshots, etc. as explicit
baseline for independent verification.
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4) Ensure Result Robustness by evaluating at least a small
grid of configurations (e.g., multiple scale factors, back-
ends, . . . ) to avoid misleading results.

5) Quantify Temporal Stability by distributing HW experi-
ments over in time, or randomise execution order to de-
confound drift from parameter effects.

IX. CONCLUSION

Our systematic review of 81 QEM papers reveals pre-
dominantly descriptive reporting: only 25% of the papers
employ inferential statistics, and only 30% address hardware
drift. A two-stage analysis shows this methodological gap has
substantial consequences: Prevailing practices yield different
interpretations of the same technique when uncontrolled fac-
tors (e.g., parameter choice, execution time) vary.

First, we show implicitly assumed ZNE parameters, in-
cluding scale factors, extrapolation method, and hardware
calibration, are active: on two physics-based noise models,
variations shift the conclusion from significant improvement to
significant degradation in 8 of 66 configurations (12%), while
55 (83%) show significant improvement – depending solely
on which parameters were implicitly assumed. We found that
on IBM Marrakesh QPUs, ZNE can even be counterproductive
for shallow circuits whose unmitigated output is close to ideal.
Second, our 72-hour longitudinal study on IQM Euro-Q-Exa
shows temporal drift alone induces a 3.4-fold variation in

apparent ZNE effectiveness, exceeding the 2.7-fold variation
observed when changing the entire noise model. The same
drift reduces the nreps = 30 nominal repetitions to as few
as neff = 1.8 effective independent observations, substantially
weakening the evidential basis of nominally repeated measure-
ments.

Parameter sensitivity and temporal drift compound on real
hardware. Their interaction challenges the validity of QEM
benchmarks that do not include inferential testing, robustness
analysis, and drift control. An apparent QEM improvement
may reflect a favourable point in parameter space, a favourable
calibration window, or both. This is not an issue of the
methods, but of their use: use-case-centric measurements are
often carried out by domain specialists who reasonably rely
on standard settings rather than low-level details. At its core
this is a software challenge: better mechanisms, abstractions,
and reference patterns would relieve “users” from such details.
We hope our reproduction pipeline and reporting standards
will support more robust QEM evaluation – and results with
improved practical credibility and scientific soundness – as the
field progresses towards practical quantum advantage.
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