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Abstract

Monitoring a critical quality attribute (CQA) for process drift requires a change-
point detector. Two facts confound the choice: the record available at a decision
point ranges from a few dozen measurements to over a thousand, and reported
comparisons routinely place methods at different, uncontrolled false-positive
rates. Non-Gaussian CQA data are meanwhile taken to call for a robust method,
a recommendation never tested under controlled conditions. We compared a
variance-based penalty, a robust penalty scaled by the median absolute devia-
tion, and a permutation-calibrated test under two matched conditions: a common
achieved false-positive rate and a common search-space ablation. They were eval-
uated across sample sizes from 25 to 10,000, under three noise distributions,
and on an industrial fermentation dataset with documented regime changes. At
default settings the false-positive rate of each formula-based penalty drifted with
sample size, making raw comparison uninterpretable. Once calibrated to a com-
mon 5% rate, the variance-based penalty matched or exceeded the robust one at
every sample size in all three distributions, reversing the usual expectation. The
cause is a forfeited self-normalization, not a loss of efficiency: a robust denom-
inator does not move with the outliers that inflate the numerator. Restricting
the search to a recency window gave the largest power gain, but a matched abla-
tion attributed it to the search restriction, not the scale estimator. Changepoint



detectors should therefore be compared only at a matched false-positive rate and
under a matched ablation. Mild autocorrelation degraded every method far more
than any noise-shape effect, and should be checked first.

Keywords: matched false-positive rate, changepoint detection, self-normalization,
penalty calibration, process drift

1 Introduction

Monitoring critical quality attributes (CQAs) for process drift is a routine statistical
task throughout a biologic product’s lifecycle, and the sample size it must work with
is not fixed. Comparability exercises test a few dozen lots, whereas ongoing process
verification accumulates hundreds to thousands of measurements over the commercial
life of the product, an expectation made explicit by ICH Q2 [1], by the lifecycle view
of ICH Q14 [2], and by Stage 3 of the FDA process validation framework [3], all
elements of the quality-by-design paradigm [4]. Because a CQA history does not stop
growing at validation, the number of measurements available at a decision point is
whatever the lifecycle has supplied by then, which is why a detection method should
be compared across the range a real CQA history spans rather than at one convenient
value of n. Throughout we use “drift” in the applied sense of an abrupt departure
from an established baseline, the alternative a changepoint method targets, rather
than of a gradual ramp, which poses a different problem; the question also connects to
multivariate statistical process control and batch-process monitoring [5-7], although
we remain univariate.

Changepoint detection is a mature field, and none of the three detectors we com-
pare is new, the problem dating to the earliest work on detecting a shift in a sequence of
observations [8-10]. The offline literature is organized by cost function, search method
and constraint on the number of changepoints [11, 12], spanning binary-segmentation
and sparse-projection variants [13—-15] and multiscale or econometric formulations of
the same problem [16, 17], and our detectors occupy established positions on that
map: a penalized-cost method with a BIC-type penalty [18-22], the moving-sum pro-
cedures that bound the search region [23], the outlier-resistant branch [24], and the
distribution-free branch [25-28]. Even the self-normalization we invoke to explain our
central result is an established device [29]. What this body of work does not settle is
how these families should be compared with one another, since methods are typically
demonstrated at a single sample size and reported at their nominal rather than their
achieved false-positive rate, and penalty calibration remains among the least settled
parts of the pipeline [11]. A comparison conducted on those terms cannot separate
detection ability from calibration, and it is that gap this paper addresses.

Two features of the problem are easily overlooked when a method is validated at a
single sample size. First, quality attribute measurements are frequently non-Gaussian,
being heavy-tailed through assay and batch-pooling variability or skewed through mul-
tiplicative concentration effects, and non-normality is routinely taken to motivate the



robust and nonparametric alternatives the literature supplies [30-32], a recommenda-
tion that is precisely what we set out to test. Second, a method’s calibration, meaning
whether it achieves its intended false-positive rate, is not guaranteed to be stable
across the range of n a lifecycle spans, an instability well documented for estimated
control-chart limits more generally [33-39], and where it is unstable an uncontrolled
comparison measures the difference in achieved false-positive rates as much as any
genuine difference in detection ability.

The contribution of this paper is therefore primarily methodological. We argue
that changepoint detectors for CQA monitoring should be compared only under two
matched conditions, a common achieved false-positive rate and a common search-space
ablation, and we show that imposing this discipline changes the practical conclusion.
To make the argument concrete we use three detectors spanning the choices a practi-
tioner faces: a variance-based penalty, a representative robust penalty built as a fair
stand-in for the “use a robust method” recommendation rather than as a new method
of our own, and a distribution-free permutation test. Section 3 establishes that the
achieved false-positive rate of each formula-based penalty drifts with sample size at
default settings; that under a matched rate the variance-based penalty matches or
exceeds the robust one across all sample sizes and distributions, a reversal we trace
to self-normalization [29] rather than to any loss of efficiency; and that windowing,
under a matched ablation, delivers its gain through the search restriction rather than
the scale estimator. Section 4 draws out the implications, chief among them that
autocorrelation is the dominant practical threat.

2 Materials and Methods

2.1 Problem Setup and Notation

Write y1, ...,y for the CQA series under test and y,.;, for the contiguous block from
its a-th measurement to its b-th, with mean y,.;,. We consider the single-changepoint
problem, in which measurements before a changepoint 7 fluctuate about a mean g
and those from 7 onward about pg+ 4, the noise having standard deviation o common
to both segments, which lets us quote shift sizes in units of o; Section 3.7 reports one
real variable that violates this common-scale assumption and says so. A candidate
changepoint is a split point ¢, cutting the series into y;.; and y;y1., each required to
hold at least h observations, so the admissible splits are t € {h,...,n—h} with h = 3
throughout (Supplementary Section S8 sweeps it). Table 1 collects the symbols used
from here on.

Let C(yas) = Z?:a(yi — Ya:p)? be the cost of a block, its within-block sum of
squared deviations from its own mean. The drop in total cost that splitting at ¢ buys,

AC(t) = C(yln) - [C(ylzt) + C(ytJrl:n)L (1)
cost of describing the cost of describing it
series with one mean with two means

is the evidence that a changepoint sits there, and is large exactly when two means fit
the series much better than one. By the analysis-of-variance identity it has the closed



form
t(n—1t)

AC(t) = (Y12 — ﬂt+1:n)27 (2)

the squared gap between the two block means weighted by the two block sizes; the
weight t(n — t)/n keeps AC(t) comparable across splits that divide the series very
unevenly.

All three detectors then work identically, evaluating AC(t) at every admissible
split, taking the best one, t* = argmax; AC(t), and declaring a changepoint there
if AC(t*) > B for a threshold . They differ only in how 3 is obtained and, for the
windowed variants of Section 2.3, in which range of ¢ they may search; the cost function
and the search machinery are otherwise the same, which is what allows a difference in
performance to be attributed to the calibration strategy rather than to an incidental
difference of implementation.

Table 1 Notation used throughout.

Symbol Meaning

Yl Yn the CQA series; y; is the i-th measurement, in order

n number of measurements available at the decision point

Ya:b the block of measurements (ya,-..,Ys)

Ya:b the mean of that block

T location of the true changepoint

) baseline mean, i.e. the level before T

1) size of the mean shift; 6 = 0 means no change

o noise standard deviation, assumed common before and after

t a candidate split, cutting the series into y1.; and yi41:n

h minimum segment length; every block must hold > h points (h = 3)
C(Ya:p) cost of a block: its sum of squared deviations from its own mean
AC(t) evidence for a split at ¢: the drop in total cost it buys

t* the best split, arg max; AC(t)

detection threshold; a change is declared if AC(t*) > 3

sample variance of the full series (used by Classical BIC)

robust, MAD-based variance estimate (used by ROBIN)

multiplier of the variance-based penalty

multiplier and growth-rate mixing weight of ROBIN

ROBIN’s penalty growth rate, Alogn + (1 — A)/n

recency window: the windowed methods search only the last W points
number of permutations used by the permutation test

how many of those B permutations beat the observed statistic
permutation p-value, (1+ M)/(B + 1)

nominal significance level (0.05 throughout)

>
o)

Qﬁ>§m§%\uk‘0£$q$ »
>

2.2 Candidate Detection Methods

The first two detectors derive 8 from a formula, the third estimates it by resampling.
Because AC(t*) carries the units of a sum of squares, every threshold below is a
multiple of an estimate of the noise variance times a term that grows with the number



of candidate splits searched: the more splits a method examines, the larger the largest
AC(t) will be even when nothing has changed, so the bar must rise with n simply to
hold the false-positive rate fixed.

A variance-based penalty (Classical BIC). The standard choice sets

B = cé? logn, (3)

where 62 is the sample variance of the whole series and ¢ sets how conservative the rule
is. We use ¢ = 2, the convention that charges a parameter for the changepoint location
as well as for the post-change mean [18, 19], although because ¢ is calibrated empiri-
cally nothing downstream depends on that choice. Note already that &2 is inflated by
the same extreme observations the penalty is meant to guard against; that coupling
turns out to matter (Section 3.3).

A representative robust penalty (ROBIN). ROBIN is our label for the repre-
sentative robust penalty defined here, and it is neither a previously published method
nor one we propose. To represent the recommendation that non-Gaussian CQA data
call for a robust penalty, we modify Eq. (3) in the two ways such a recommenda-
tion typically does, replacing the sample variance by the median absolute deviation
oMAD = 1.4826 x median, |y; — median(y)|, which is built from medians and so barely
moved by a few extreme observations, and replacing the growth term by a tunable
mixture of the classical logn rate and a faster \/n rate,

B = kg(n)éiap,  g(n) = Mogn+ (1 —\)/n, AE0,1], k>0, (4)

in which k plays the role ¢ plays in Eq. (3). We fix A = 0.5, with a sensitivity check in
Supplementary Section S6; the \/n term is not derived from an optimality argument
but is simply an available, more conservative candidate. Because k is calibrated empir-
ically, our conclusions concern the class of MAD-scaled robust penalties calibrated to
a common false-positive rate rather than one arbitrary member of it.
Permutation test. Rather than deriving 8 from a formula, this method estimates
the null distribution of AC(t*) directly from the series under test, on the reasoning
that if there is no changepoint the order of the measurements carries no information,
so shuffling them should produce an equally large best-split statistic. We permute y;.,
at random B times; with M the number of permutations whose best-split statistic is at
least as large as the observed AC(t*), the Monte Carlo p-value is p = (1+M)/(B+1),
and a changepoint is declared if p < a (e = 0.05 throughout). Because permutation
destroys any true changepoint while preserving the marginal distribution, this cali-
bration is exact under the null for any exchangeable noise distribution, the same logic
that underlies circular binary segmentation for copy-number variant detection [40].
Exchangeability is nonetheless a meaningful restriction, since it holds for i.i.d. noise
but is violated by autocorrelation, which permutation destroys along with any gen-
uine changepoint; biopharmaceutical production series are plausibly autocorrelated
through assay drift, batch pooling and correlated sequential runs, and Section 3.6
quantifies the damage.

We set B = 99 in the simulations, because false-positive rate and power are aver-
aged over thousands of independent series per cell, so the granularity of any single



p washes out; that does not license B = 99 in practice, where a practitioner acts on
one verdict from one series and needs B in the thousands, which costs seconds. The
discreteness of p at B = 99 also makes the test’s exact level 0.04, so its achieved rate
sits slightly below the nominal target.

2.3 Restricting the Search to a Recency Window

The CQA question is frequently not whether there is a changepoint somewhere in the
full history but whether the attribute has drifted recently, within the last W mea-
surements, and searching the full range pays an unnecessary price for that question,
since the more candidate splits a method searches the higher its threshold must be
to hold the false-positive rate. Penalizing according to the length of the search actu-
ally performed follows the segment-length-dependent BIC modification of Zhang and
Siegmund [19], and moving-sum procedures already bound the search with their own
size-control theory [23]. Our design differs in two ways: it is asymmetric, comparing a
W-length recent window against a baseline mean and scale estimated from the entire
history rather than against a matching window on the other side; and the window is
anchored at the most recent observations rather than scanned across the series, since
a scanning window would reintroduce the very multiple-looks penalty that windowing
is meant to remove.

We therefore restrict candidate splits to t € {max(h,n — W + h),...,n — h} and
replace n by W in the growth rate, applying this to both penalties so their effects can
be separated:

windowed Classical BIC: By = c&%log W, (5)
windowed ROBIN: By = k g(W) 63 ap- (6)

These are Egs. (3) and (4) with W substituted for n inside the growth term and
nothing else, so the scale estimates are still computed from the full series and the
cost C'(y1.¢) still uses all ¢ preceding observations. Only the number of splits searched
and the rate at which the threshold grows are tied to W, which separates two roles a
global-n penalty conflates: estimating the nuisance scale, for which more data always
helps, and correcting for the number of hypotheses the search implicitly tests, which
for a recency-restricted question should depend on W and not on how much unrelated
baseline happens to exist. The trade-off is explicit: a windowed method can only detect
a shift inside its window. Building the windowed variance-based penalty alongside the
robust one is what lets us ask whether any power gain comes from the search restriction
or from the scale estimator alongside which windowing is usually introduced. We fix
W = 20 throughout: the window must exceed the horizon of the change to contain it,
yet a much wider one pays an avoidable multiple-testing cost for splits that cannot
hold the shift, so we set W just above the 15-observation shift the simulations inject,
a choice the window-size sweep of Supplementary Section S4 confirms by placing peak
power at the shift length.

A fixed window carries a further consequence: in an unrestricted search the null
distribution of max; AC(t)/62 grows on the order of loglogn under Darling-Erdds-
type asymptotics [41], so a /n penalty term grows far faster and at fixed k& must



eventually dominate any bounded signal, whereas with W fixed both log W and vW
are constants whatever n may be.

2.4 Simulation Design

We evaluate all methods at thirteen sample sizes spanning n = 25 to n = 1000 at
roughly even log-spacing, under three noise distributions standardized to zero mean
and unit variance: Gaussian, Student’s t5 (heavy-tailed), and log-normal with shape 0.5
(skewed). The log-normal noise is standardized before the additive shift ¢ is applied, so
on the original scale a +do shift acts on a different part of the right-skewed distribution
than a —do shift, an asymmetry we return to in Section 4.

The changepoint follows a fixed end-window design, in which the mean, where a
shift is present, changes 15 observations before the end regardless of n; this encodes the
applied question of whether a fixed amount of recent history has drifted, and differs
from a midpoint shift, which would let apparent power grow with n. Because binary
segmentation can return more than one changepoint, we score any detection within 8
observations of the truth as correct, and we use a single-split search rather than an
exact multiple-change algorithm such as PELT [20] because every comparison here
concerns the at-most-one-change question a CQA decision poses. The false-positive
rate is estimated from shift-free sequences and power from a 1o shift, with 30 seeds x
400 replications per cell unless noted; differences are assessed on the paired difference,
and since the standard error of a cell mean is about 0.4 points, gaps above roughly 1
point are statistically resolved.

This design also fixes the shape of the power curves in advance. A true shift § gives
the standardized statistic a noncentral distribution whose noncentrality parameter is
n1n252/n in the two block sizes, and because no = 15 is fixed while n; = n— 15 grows,
that quantity tends to 1562: the detectable signal is bounded, rising at § = 1 only from
6 at n = 25 to 14.8 at n = 1000, since the factor niny/n is dominated by the smaller
block and the smaller block never grows. That is why the unrestricted methods do
not keep gaining power with n, their threshold rising against a bounded signal, and
equally why the windowed methods keep improving, their threshold being fixed once
n > W so additional data only sharpens the scale estimate.

3 Results

3.1 Why Raw Comparison Fails: False-Positive Drift at
Default Settings

Figure 1 shows the false-positive rate at a single fixed default configuration (¢ = 2;
A= 0.5, k = 2; a = 0.05) across the full sample-size range. The permutation test stays
close to its nominal target throughout, by construction, whereas the two formula-
based penalties both drift substantially: the robust penalty ranges from near 0% to
33% depending on n and noise distribution, worst under heavy-tailed and log-normal
noise at small n, while the variance-based penalty drifts less severely but is not stable
either. This is the core reason a raw comparison is uninterpretable, since an apparent
difference in power at a given n conflates a genuine difference in detection ability with
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Fig. 1 False-positive rate versus sample size at default, uncalibrated settings, for three noise distri-
butions. Only the permutation test stays close to the nominal 5% level (dashed line) across the full
range.

a difference in how conservative each method happens to be there, and the sections
that follow remove the confound by calibrating every method to a common rate.

3.2 Comparing Under a Matched False-Positive Rate

To compare detection ability on equal terms we calibrated ¢ (Classical BIC) and &
(ROBIN) to a common 5% false-positive rate in each (n,noise) cell, and only then
measured power, using bisection with 2000 null replications per evaluation, which
brings each method’s achieved rate within about half a point of 5%. That precision
matters, because a coarse grid can leave the two mismatched, as an earlier version
of this comparison did when it left ROBIN at 7.8% against 4.0% for Classical BIC,
inflating ROBIN’s apparent power on its own.

Table 2 Power (%, mean + SD across 30 seeds) at bisection-matched 5% false-positive rate
(achieved rates within 0.5 points of target for both methods), Classical BIC versus ROBIN. The SE
of each cell mean is approximately 0.4 points; bold marks gaps that are both statistically resolved
and >3 points (a materially meaningful advantage).

n =50 n = 200 n = 1000
Noise BIC ROBIN BIC ROBIN BIC ROBIN
Gaussian 65.5+2.2 55.9+2.4 73.0£2.2 71.242.2 72.1£2.4 71.9£2.7

Student’s t3 67.9+3.0 16.3+1.5 69.4+2.3 56.4+2.2 64.7+1.9 58.0£2.0
Log-normal 60.6+2.3 24.0+2.2 65.6+2.4 55.0+£2.7 62.8+£2.7 59.8+£2.7

The pattern reverses the usual argument for robust penalties, because with false-
positive rates genuinely matched Classical BIC matches or exceeds ROBIN in every
cell. Under heavy-tailed and log-normal noise the advantage is large at n = 50 (51.6
points under ¢35 and 36.6 under log-normal) and shrinks with n, yet remains statistically
clear at n = 1000 (6.7 and 3.0 points, both far exceeding the =~ 0.6-point SE of the
difference), while under Gaussian noise it narrows to a practical tie. Convergence to



parity therefore occurs only under Gaussian noise, whereas under the non-Gaussian
distributions the classical penalty retains a residual edge across the whole range: the
opposite of what the raw comparison of Section 3.1 suggests, where ROBIN’s shifting
false-positive rate obscures whether its power is really changing or merely tracking
its own moving threshold. The supplementary checks use 15 seeds rather than 30
and a coarser calibration search, so every conclusion drawn from them rests on a
within-section comparison rather than on an absolute figure set against Table 2.

3.3 The Mechanism: Self-Normalization, Not Efficiency

Both methods reduce to a self-normalized rule, rejecting if AC* /5% > clogn for Clas-
sical BIC or if AC*/63ap > kg(n) for ROBIN. Under heavy-tailed noise a single
extreme observation can substantially inflate the numerator AC*, and in Classical BIC
that same observation also inflates the denominator 62, so the ratio is self-normalizing,
the established property [41, 42] that makes studentized statistics resistant to heavy
tails without any explicit robustness design. What we add is specific to this setting,
namely that the same self-normalization can be lost by substituting a robust denomi-
nator that no longer moves with the numerator, which is exactly what happens when
a MAD-based scale replaces the sample variance. Because 63, is by construction
insensitive to that observation, the ratio inherits the heavy right tail of the numera-
tor undiluted, and to hold the false-positive rate at 5% ROBIN’s threshold must rise
high enough to exclude these outlier-driven excursions in the null; the real signal, of
bounded noncentrality (Section 2.4), is often smaller than that inflated threshold, so
power collapses precisely where the mismatch is worst. On the alternative side self-
normalization works mildly against Classical BIC, since a genuine shift also inflates
&% and so depresses its ratio while leaving ROBIN’s untouched, but that effect is
second-order and the null-tail effect dominates it in every cell we measured.

This is more accurate than the familiar claim that MAD-based scaling trades away
efficiency. Under t3 noise the sample variance has infinite mean squared error as a
scale estimator, whereas that of the MAD is always finite, so the MAD is if anything
the more efficient estimator here, and the power loss comes not from a worse scale
estimate but from a denominator that does not share the numerator’s sensitivity to
the same extreme observations. The fix is accordingly not to seek a more efficient
robust scale, the MAD already being one, but either to accept a self-normalizing design
or to restrict the search so the numerator’s outlier-driven excursions are themselves
bounded, which is what windowing does. The choice of MAD constant is immaterial
here, since multiplying éyap by a constant a and rescaling k by 1/a? leaves ROBIN’s
decision rule unchanged.

3.4 Not Knowing the Noise Distribution

Everything above assumes an oracle who knows the noise distribution and calibrates
against it in every cell. Two results say what happens when that assumption fails.
The first is what a wrong calibration costs. Calibrating both formula-based methods
on Gaussian null data only, then applying those parameters to heavy-tailed and log-
normal noise without recalibration, separates them sharply: Classical BIC holds its



false-positive rate under roughly 8% across all distributions and sample sizes, whereas
ROBIN reaches 60% at n = 1000 under t3, a twelvefold inflation at which it would flag
a nonexistent drift on the majority of in-control series (Supplementary Section S12).
This is the self-normalization mismatch of Section 3.3 operating on the calibration
rather than on the power, since the MAD denominator stays insensitive to the extreme
observations that inflate the numerator under heavy tails, whereas the variance denom-
inator is inflated in tandem, keeping the false-positive rate roughly calibrated even
though calibration was performed on a Gaussian null.

The second is what distribution-freeness costs. The permutation test needs no
distributional calibration at all, and its power cost is real but modest, and smallest
exactly where it matters most: at n = 50 it comes within 2 to 6 points of Classical
BIC and beats ROBIN by a very large margin under both non-Gaussian distributions
(65.2% against 16.3% under t3), so a practitioner facing a short, possibly heavy-tailed
series gives up little by refusing to assume a distribution. The cost grows with n, and
fastest where the tail is heaviest, the test trailing Classical BIC at n = 1000 by 2.5
points under Gaussian noise, 5.8 under log-normal and 9.8 under t3 (Supplementary
Section S13), an ordering that tracks tail weight because the permutation test thresh-
olds the raw cost reduction rather than a studentized one and so does not inherit
self-normalization. A practitioner who does not know the noise distribution and must
calibrate once is therefore far safer with Classical BIC than with ROBIN, and safer
still with the permutation test.

3.5 A Matched Ablation: The Search Restriction, Not the
Scale Estimator, Drives the Gain

We calibrated the tunable constant of both windowed methods once per noise distribu-
tion, at n = 200 and window W = 20, and applied that calibration unchanged across
the full range. Figure 2 compares both windowed variants against the unrestricted
methods, each near but not exactly at a common 5% false-positive rate.

A single calibration keeps both variants usable across the whole range, since each
stays within roughly 1% to 10% of the nominal false-positive rate without retuning
and both substantially outperform their own unrestricted counterparts once n = 100
to 200. This is the ablation result, and it does not depend on the scale estimator:
restricting the search to a recency window, rather than choosing a robust scale, is
what removes the false-positive drift of Section 3.1 and restores the lost power.

That 1-10% spread is loose enough for the ablation, which compares each windowed
method against its own unrestricted counterpart, but not tight enough to rank the two
windowed variants against each other, because wherever their achieved rates differ that
comparison is confounded in exactly the way this paper argues against. We therefore
recalibrated both to an exact 5% rate at every n (Table 3), and the result depends
on sample size in a way the single calibration obscures. At small n the windowed
variance-based penalty leads by a wide margin under all three distributions and not
only the heavy-tailed one, which is the self-normalization mismatch of Section 3.3 at
its most extreme: with little baseline outside the window, ROBIN’s scale estimate is
both noisier and structurally unable to inflate alongside the extreme observations that

10
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Fig. 2 Detection power versus sample size. Both windowed variants (bold lines) use a single calibra-
tion across the entire sample-size range and overtake every unrestricted method by n = 100 to 200 in
all three noise distributions, which is the ablation result: the gain comes from the search restriction,
and it appears for the variance-based penalty just as it does for the robust one. Each unrestricted
method is calibrated to a matched 5% false-positive rate at every n; the windowed variants, carrying
one calibration across the range, sit near but not exactly at that level (roughly 1% to 10%), so the
comparison between the two windowed variants should be read from Table 3, where both are recali-
brated to an exact 5% at every n, rather than from the vertical gap between the two bold lines here.

inflate the numerator, leaving its threshold disproportionately conservative exactly
where power is hardest to come by.

The gap then closes monotonically: it is within about a point by n = 200 under
Gaussian and t3 noise and gone by n = 1000, where windowed ROBIN even edges
ahead under t3. Small as it is, that reversal is what the mechanism predicts: under t3
the MAD is the more efficient scale estimator, and once the search is windowed and the
baseline is long enough to pin it down, the excursions self-normalization was needed
to absorb are themselves bounded and that efficiency advantage surfaces. The robust
penalty is not intrinsically weaker, then, but weaker exactly where self-normalization is
doing work, which is a statement about search design and baseline length rather than
about robustness. Supplementary Section S8 confirms this from a different direction,
since raising h from 3 to 8, which likewise denies extreme observations the very short
segments through which they inflate AC*, brings ROBIN level with Classical BIC
under t3 without any windowing.

The scale estimator therefore matters for the windowed search only when the base-
line is short. We also verified windowing’s design commitment directly, by placing a 1o
shift at the series midpoint: both unrestricted methods retain high power there (78%
to 95%), whereas both windowed methods score exactly 0%, a complete mechanical
miss, so a user who cannot rule out a changepoint outside the assumed recency win-
dow should use an unrestricted method whatever Figure 2 shows for the end-window
scenario.

3.6 The Cost of Autocorrelation

Every result so far assumes i.i.d. noise, whereas autocorrelation, plausible in pro-
duction data through sequential runs, shared reagent lots and slow instrument drift,
is a distinct and probably larger threat than noise shape, and is documented as a

11



Table 3 Windowed Classical BIC versus windowed ROBIN (W = 20), power (%) at an exact 5%
false-positive rate recalibrated at every n (30 seeds x 400 replications; achieved rate 4.7% to 5.4%
throughout). The advantage of the variance-based penalty is large at small n in every noise
distribution and vanishes by n = 1000.

Noise Method n =25 n = 50 n = 100 n = 200 n = 1000
windowed BIC 48.4 78.9 88.8 91.2 93.5

Gaussian windowed ROBIN 32.1 71.2 85.8 90.0 93.5
difference +16.3 +7.7 +3.0 +1.3 +0.1

windowed BIC 60.7 80.8 86.4 88.9 91.9

Student’s t3 windowed ROBIN 9.3 43.4 75.5 87.5 93.5
difference +51.4 +37.4 +10.9 +1.4 —-1.6

windowed BIC 52.9 76.3 84.5 88.1 91.5

Log-normal windowed ROBIN 17.8 48.1 73.4 83.9 90.6
difference +35.1 +28.1 +11.1 +4.2 +0.9

n=200 n=1000

0
o
!

~
o
!

60

501

404

301

False positive rate (%)
(calibrated under i.i.d. assumption)

204

101

T T T T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.0 0.1 0.2 0.3 0.4 0.5 0.6
AR(1) coefficient ¢ AR(1) coefficient ¢

---- Nominal 5% —@— Classical BIC —#— ROBIN —&— Permutation Test

Fig. 3 False-positive rate versus AR(1) coefficient ¢, for all three methods calibrated under the i.i.d.
assumption (¢ = 0) and left unchanged. Even mild autocorrelation inflates the false-positive rate far
more than any noise-distribution effect studied elsewhere in this paper.

recurring feature of biopharmaceutical process-monitoring series [43]. We calibrated
all three methods under the i.i.d. assumption, then measured the actual false-positive
rate when that calibration is left unchanged but the true series is AR(1) with
¢ €4{0,0.15,0.3,0.45,0.6}, the situation of a practitioner who calibrates once without
verifying the assumption. The direction of the result agrees with a recent preprint in
a different monitoring domain, in which Li [44] reports that moderate autocorrelation
costs BIC-based binary segmentation about 40 percentage points of power.

The degradation is severe and immediate (Figure 3). At n = 200 the false-positive
rate rises from a correctly calibrated 3-5% at ¢ = 0 to 26-29% at ¢ = 0.3 and 70—
73% at ¢ = 0.6 for all three methods, and at n = 1000 it is the same or worse, with
no method meaningfully more robust than the others; the distribution-free exactness
of the permutation test, which held across every noise shape, gives no protection
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whatever here, as its exchangeability requirement predicts. For scale, the largest false-
positive inflation attributable to noise shape anywhere in this paper is roughly six- to
sevenfold, which ¢ = 0.3 alone approaches and ¢ = 0.6 more than doubles. Because the
formula-based methods were calibrated while ignoring autocorrelation, this measures
the cost of an unverified i.i.d. assumption rather than any claim that they could not
be recalibrated for a known ¢.

That failure is remediable, and we show it. Building an estimated ¢ into the calibra-
tion, either by prewhitening each series through a lag-1 AR(1) fit or by recalibrating
the threshold on AR(1) surrogates, returns the false-positive rate of Classical BIC to
within a point or two of 5% at every ¢ we tested, and the permutation test, broken
on the raw series, is likewise repaired when run on prewhitened residuals (Supplemen-
tary Section S14). This is a proof of concept at representative n rather than a full
re-validation, and the formula-based fix is only as good as the gZ; estimated from a pos-
sibly short in-control record, so autocorrelation should still be checked, and corrected,
before any finding here is applied to a real series.

Eight further analyses in the Supplementary Information (Sections S1-S8) extend
the effect to n = 10,000, generalize it to milder heavy-tailed models, and test sensitivity
to the robust loss, window size, effect size, penalty form, scoring rule and minimum
segment length; none changes a conclusion drawn here.

3.7 Case Study: Comprehensive IndPenSim Bioprocess Data

To ask whether these trade-offs surface on a real process, we use 100 consecutive
batches of the IndPenSim V3 dataset, a first-principles simulation of an industrial-scale
penicillin fermentation [45, 46], taking the six laboratory assays it records at batch end.
The dataset supplies its own ground truth, since it runs batches 1-30 on a fixed recipe,
31-60 under operator control, 61-90 under Raman-based advanced process control
(APC) and 91-100 as deliberate fault batches, its fault-reference channel flagging
exactly batches 91-100 and so documenting a changepoint at t = 90. Every series is
standardized and every formula-based detector calibrated to an exact 5% rate on a
Gaussian null at n = 100.

Every detector fires on every variable (Table 4, Figure 4), so with regime changes
this large the test is not one of power but of localization: four variables break at the
documented boundary t = 90, viscosity breaks at ¢ = 97, and NHj3 breaks at ¢ = 60,
which is not an error but the documented operator-to-APC boundary, an event of its
own and a larger one. NHj is therefore where the windowing trade-off surfaces, because
the windowed detectors may search only batches 81-100 and so cannot see the batch-
60 event, returning batch 90 instead. That is not a failure but the design commitment
of Section 2.3, a windowed detector answering the narrower recency question it was
built for; the choice between them is a choice of question rather than of quality.

The six panels of Figure 4 are chosen rather than exhaustive, on the criterion that
near-copies must not be presented as independent witnesses: penicillin is recorded on
two channels correlating at |r| = 1.00, and the four gas-exchange channels carry a
participation ratio of 1.16, so we plot one representative of each group.

Table 4 also gives each detector’s margin above threshold, and ROBIN’s exceeds
Classical BIC’s on all six variables. That is not evidence it would catch a shift Classical
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Fig. 4 Detection on the IndPenSim V3 dataset [45, 46], 100 chronological batches. Green: the doc-
umented fault boundary at batch 90 (ground truth, from the dataset’s own fault-reference channel).
Red dashed: the changepoint returned by the unrestricted detectors, which agree on the location in
every panel. Blue dotted: the changepoint returned by the windowed detectors, drawn just beside the
red line in every panel where the two coincide so that its firing is visible; only in panel D do the two
localize differently. Orange: the resulting segment means. Gray band: the only region the windowed
detectors may search (batches 81-100). Panel D carries the point: NH3 really breaks at batch 60,
outside the windowed search region, so the windowed detectors return batch 90 instead. Panels are
chosen from all 2,224 measurement channels to be non-redundant (see text); every remaining channel
is plotted in the supplementary material.

BIC would miss, but the same self-normalization asymmetry seen from the alternative
side: a large step inflates the numerator for every method, yet it also inflates the
variance denominator that Classical BIC uses and the MAD denominator resists, and
ranking the variables by 6 /6nmap reproduces their ranking by ROBIN’s margin exactly
(Supplementary Section S11). Two variables also strain our assumptions: under APC
the controller pins PAA to a tight setpoint (SD 1.1 g/L against a baseline near 2600), so
its batch-90 event is a change of scale as much as of mean; and viscosity’s changepoint
at t* = 97 leaves only three post-change batches, the least secure localization of the
Six.

Repeating the comparison on AR(1) surrogates parameterized from each variable’s
own in-control stretch reproduces the simulation findings on plant-derived rather than
synthetic noise: Classical BIC matches or exceeds ROBIN on all six variables and
windowing gains 19 to 23 points everywhere, but autocorrelation dominates both

14



Table 4 All five detectors on all six IndPenSim offline variables (n = 100 batches). Every
formula-based method is calibrated to an exact 5% false-positive rate on a Gaussian null at n = 100
(thresholds: Classical BIC 8.59, ROBIN 9.63, windowed BIC 6.60, windowed ROBIN 6.95); the
permutation test self-calibrates and is reported as a p-value (B = 9999; see text on the choice of
B). Every detector fires on every variable, so the informative columns are the localization t* and,
descriptively, the margin above threshold. SNR = (test statistic)/(threshold) is a descriptive
margin measured on a series that already contains the shift; it is not a power comparison, and it is
inflated for the MAD-scaled penalties by construction (see text). The windowed search covers
batches 81-100 only, which is why it cannot return the NHs event at ¢ = 60.

Unrestricted (SNR) Windowed, W =20 (SNR)  Permutation

Variable t* BIC ROBIN t* BIC ROBIN p

Penicillin (process) 90  1.60 1.99 90  2.09 2.75 0.006
Penicillin (assay) 90 1.61 2.02 90  2.09 2.80 0.005
Biomass 90 2.13 3.23 90 2.77 4.48 0.002
PAA (precursor) 90 1.22 6.20 90  1.59 8.60 0.028
NH3 60 1.26 4.31 90 1.30 4.71 0.024
Viscosity 97  1.92 2.78 97  2.50 3.85 0.008

effects, since PAA carries the largest lag-1 coefficient (¢ = 0.293) and is the worst cell
for every calibrated method at 40.9%, against 61-81% where rj; ~ 0, so one real CQA
with mild positive autocorrelation costs more power than any distributional effect we
studied (Table S5). The permutation test cannot be calibrated on these nulls at all,
since permutation destroys the autocorrelation that defines them, so its achieved rate
tracks gi; instead of sitting at 5%, reaching 24.0% on PAA: the cell where it appears
to beat Classical BIC most convincingly is exactly the cell where it runs at that rate.
A sweep of all 2,224 channels the dataset records, and the screening lessons it forced
on us, are reported in Supplementary Section S10.

4 Discussion

The primary message of this paper is methodological. Comparisons of changepoint
detectors frequently place methods at different achieved false-positive rates, the
changepoint-detection analogue of a problem long documented for estimated control-
chart limits [33-35], and credit a modification to its most visible component without
an ablation; both practices can invert the apparent conclusion. Here the robust penalty
appeared to lose power at large n in the raw comparison, when what was really falling
was its false-positive rate, and windowing appeared to be a benefit of the robust con-
struction, when the matched ablation showed the search restriction did the work. We
therefore advocate two requirements: that the achieved false-positive rate be matched
by calibration rather than by nominal setting, and that any search-space modification
be matched across every method it could apply to.

The practical choice turns on what is known about the timing of a potential drift
and on how much baseline exists. If a drift would be recent relative to the full his-
tory, restricting the search to that window is worth doing whichever penalty is used,
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since both windowed variants substantially outperform their unrestricted counterparts
once n 2 100 to 200; between the two, the variance-based one leads at small n and
by n = 1000 they are interchangeable, so because the short-baseline case leaves least
room for error, we would window a variance-based penalty first and add a robust
scale estimate only if extreme outliers were a concrete concern. Where recency cannot
be assumed an unrestricted method is required, and contrary to the usual argu-
ment the variance-based penalty then matches or exceeds the MAD-scaled robust one
at matched false-positive rate at every sample size in all three distributions, with
its largest advantages under exactly the heavy-tailed and log-normal noise a robust
penalty targets. We qualify that finding to the class of MAD-scaled, unbounded-
loss robust penalties ROBIN represents, since the bounded-loss biweight family that
Fearnhead and Rigaill’s own theory prefers was not tested and could narrow the gap.

Windowing is nonetheless a search restriction and not a replacement for unre-
stricted search, so a real changepoint outside the window will not be found however
large it is, and W is not a free parameter either: it should be set close to the shortest
relevant recency horizon rather than padded wide, since Supplementary Section S4
shows an asymmetric, size-dependent cost to over-widening.

The ablation generalizes into a rule: a modification must be tested against the same
modification applied to the simplest baseline it could apply to, before the gain is cred-
ited to the more elaborate component alongside which it was introduced. Reporting
only the improvement of the windowed robust penalty over its unrestricted counterpart
would have implied that the fix required robustness, whereas the parallel windowed
variance-based penalty revealed windowing to be doing essentially all of the work. The
same holds for calibration, since comparisons that report raw power and raw false-
positive rate side by side [24, 44] can mislead whenever the achieved rates differ. We
include our own work in that stricture: our first pass at the windowed comparison car-
ried a single calibration across the whole range, leaving the two variants at achieved
rates as far apart as 1% and 10%, on which basis the variance-based penalty appeared
to beat the robust one at every sample size, whereas recalibrating both to an exact
5% shrank the gap to nothing beyond n = 400, reversed its sign under heavy tails,
and revealed a small-n advantage the loose calibration had hidden. A matched false-
positive rate is accordingly not a standard to hold others to but a check to run on
oneself.

Three limitations remain. First, autocorrelation rather than distributional shape
is the single largest threat to everything reported here: classical sequential monitoring
schemes developed for exactly this kind of drift [47, 48] have long been known to
lose their nominal properties once the underlying series is autocorrelated [49-51], and
validating these methods against an autocorrelated design is a higher priority than any
other extension. Second, the self-normalization result held under two milder heavy-
tailed alternatives, t5 and a contaminated normal (Supplementary Section S2), as the
mechanism predicts, but every check still assumes i.i.d. noise, a single changepoint,
and the specific effect size and window studied. Third, because our log-normal model
applies an additive shift to standardized right-skewed noise, power is not symmetric in
the sign of the shift, so on right-skewed data practitioners should not assume symmetry
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and should consider separate thresholds for upward and downward drift, or a variance-
stabilising transform before detection.

5 Conclusion

The central lesson of this study is methodological: changepoint detectors for CQA
monitoring should be compared only under a matched achieved false-positive rate and
a matched search-space ablation, because either control alone can reverse the appar-
ent conclusion. Applying that discipline across sample sizes from 25 to 1000 and three
noise distributions, we found that the default calibration of neither formula-based
penalty holds across the range, which makes raw comparison uninterpretable, and that
once calibrated to a common rate a variance-based penalty matches or exceeds a rep-
resentative robust MAD-scaled penalty at every sample size in all three distributions,
and not only in the heavy-tailed case for which robust penalties are usually recom-
mended. The cause is a forfeited self-normalization rather than any loss of efficiency,
since under heavy tails the MAD is the more efficient scale estimator. Restricting the
search to a recency window removes the false-positive drift and gives the best power of
every method compared once enough baseline is available, at the explicit cost of being
unable to detect a shift outside that window, and the matched ablation attributes
that benefit to the search restriction rather than the scale estimator. Finally, even
mild autocorrelation degrades the false-positive rate of every method far more than
any noise-distribution effect studied here, with none more robust than the others,
which makes it the single largest threat to practical application and the first thing
to check before any method is deployed. We provide the simulation code, calibrated
configurations and decision guidance needed to apply and extend this comparison.

Supplementary information.

® Reproduction notebook (ESM_1, .ipynb). A single self-contained Jupyter note-
book that regenerates every table and figure of this paper from the raw inputs, in
the order they appear, with the detectors defined from scratch. No reported value
is hard-coded; its final section re-derives each of the paper’s claims and asserts that
it holds, so a reader can audit the reproduction by running the notebook and read-
ing one table. A flag switches between the paper’s replication counts and a faster
smoke run over the identical code path.

¢ All-channels figure (ESM_2, .pdf). Every one of the 2,224 IndPenSim measure-
ment channels not shown in Figure 4, plotted and labelled with the reason it was
held back from the main figure (near-duplicate of a shown channel, member of the
collinear gas-exchange group, a design variable rather than a quality attribute, or
degenerate), with the per-class firing and localization summary that supports the
case study’s channel-count caveat.

¢ Supplementary Results (ESM_3). Fourteen sensitivity, robustness and case-study
analyses referenced from the main text (Supplementary Sections S1-S14, Tables S1—
S8, Figure S1): persistence of the effect to n = 10,000; generalization to t5 and
contaminated-normal noise; a check against an established robust loss; the window-
size sweep; sensitivity to effect size, penalty form, scoring rule and minimum segment
length; power on AR(1) noise parameterized from the real in-control data; the
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plant-wide channel sweep with the two screening lessons it forced; the SNR~ordering
mechanism check on real data; cross-calibration under an unknown noise distribu-
tion; the permutation test’s power cost; and a prewhitening proof of concept that
restores calibration under autocorrelation.

® Code and data. A public repository providing the five detectors as an importable
module, every analysis and plotting script (including a standalone, seeded regenera-
tion of the autocorrelation results and figure), the derived case-study data, and the
reproduction notebook above. Every table and figure in this paper is regenerated
from it; available at https://github.com/bio-otto/changepoint-robustness-2026.
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