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Abstract
Negative results often conflate two fundamentally different scien-
tific outcomes: evidence that a hypothesis is false, and insufficient
evidence to decide. I argue that the latter, Unknown, can itself
be a meaningful scientific result when we can characterize where
and why the available evidence ceases to support an inference.
Using traceroute geolocation as a worked example, I show how
making this boundary explicit can prevent unsupported conclu-
sions, make scarce validation more useful, and direct new mea-
surement. Unknown is not a substitute for independent validation:
internally consistent evidence can still be systematically wrong.
But neither should Unknown be treated as failure. Sometimes es-
tablishing where our ability to tell True from False ends is itself the
result.

CCS Concepts
• Networks → Network measurement; • General and refer-
ence → Empirical studies.

Keywords
Negative results, Internet measurement, uncertainty, inference, val-
idation.

1 Introduction
Scientific research rarely proceeds as cleanly as the papers we write
about it. Research is an investigation: we pose questions, collect
measurements, discover that some of them do not mean what we
thought they meant, encounter explanations we cannot distinguish,
and sometimes end without being able to answer the question we
originally asked, or find ourselves asking a rather different one.

This is particularly relevant to what we commonly call negative
results. The term sounds simple enough: an experiment did not
produce the expected or desired result, but it hides an important
distinction. Consider an experiment intended to evaluate some
hypothesis 𝐻 . At the risk of oversimplifying, the investigation
can leave us in at least three states: the evidence supports 𝐻 ; the
evidence allows us to reject 𝐻 ; or the evidence does not allow us
to decide. Call these True, False, and Unknown. The last two are
often filed together as negative results, as variations of it didn’t
work. But they are fundamentally different scientific outcomes.

∗This article grew out of an invited keynote at the first ACM SIGCOMMWorkshop on
Negative Results in Network Measurement (NetNeg 2026).

False tells us something about the world: rejecting a hypothesis
or ruling out an explanation reduces the space of possibilities, and
that is knowledge.

Unknown tells us something different. The experiment may be
underpowered, or the instrument unable to separate the alterna-
tives; either way it has not established that the hypothesis is false,
only a limit on what can be inferred. That limit need not be a failure
of the research: if we can characterize why the experiment cannot
distinguish among them, we have learned something about the
measurement process itself, what it can observe and what it cannot.
Failure to establish 𝐻 is not evidence that 𝐻 is false.

This issue is especially acute in much of Internet measurement.
We study systems we do not control, from a sparse and hetero-
geneous collection of vantage points, using signals that are often
indirect and incomplete. What is observable, and consequently
what we infer, can depend strongly on the measurement process
and vantage points themselves [1, 17, 22]. In such an environment,
we did not observe it, our method cannot determine it, and it is not
there are dangerously easy conclusions to conflate.

This article argues that we should make Unknown an explicit
scientific outcome, not merely a residual between success and fail-
ure. Doing so requires more than attaching an uncertainty score
to every answer. A useful Unknown must be characterized: we
should be able to say why the available evidence is insufficient
and, where possible, validate that boundary. I use mapping logical
Internet paths onto physical geography as the worked example: a
setting where the boundary can be made operational, and where
identifying it tells us where scarce validation is worth most.

Before getting there, however, it is worth separating the two out-
comes that the label negative result so casually puts back together.
The easier one is False.

2 False Is Knowledge
A well-supported False should hardly need defending as a scientific
result. Refuting a hypothesis eliminates an explanation; showing
that a mechanism cannot account for an observation eliminates
a causal story; demonstrating that a design cannot satisfy a set
of requirements eliminates part of the design space. In each case,
the result is negative only in the sense that it rules something out.
Scientifically, it has reduced the space of possibilities.

Computer networking and distributed systems have some par-
ticularly celebrated examples. CAP establishes that, in the presence
of a network partition, a distributed system cannot simultaneously
guarantee consistency and availability [12]. FLP establishes that
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deterministic consensus cannot be guaranteed in a fully asynchro-
nous system in the presence of even one faulty process [10]. These
are “negative results” in a rather literal sense: they tell us what
cannot be done. Yet we do not file them away as approaches that
failed. We treat the boundary they establish as the contribution.

There is a reasonwhy the same conclusion is harder to draw from
an experiment. A proof establishes impossibility relative to explicit
assumptions. When an experiment fails to produce an expected
result, there is another possibility: perhaps the hypothesis is not
wrong; perhaps the experiment was unable to tell. What looks like
a refutation can instead be a limitation of the experiment.

This makes experimental False more demanding, not less valu-
able. To claim False, we need evidence not merely that we failed
to establish the hypothesis, but that the evidence actually discrim-
inates against it. Otherwise we have quietly crossed a boundary:
from the evidence shows this is wrong to the evidence does not let us
determine whether it is right. The latter is not False. It is Unknown.

3 Unknown Is Knowledge, Too
Unknown begins where the evidence stops discriminating. Suppose
we ping a computer and, after waiting for some set time, receive
no reply. We have learned very little about whether the computer
is actually down: the host may be unreachable, a firewall may be
dropping ICMP, the reply may have been lost, or the computer may
indeed have failed. At the end of that period, concluding that the
host is down would turn an inability to distinguish among these
possibilities into a claim that one of them is true. The experiment has
not established False. It has established that, from this observation
alone, the alternatives are indistinguishable.

But we can say more than that. A retransmission would separate
transient loss from the rest; a probe to a known-open TCP port
would help distinguish ICMP filtering from host failure; a probe
from a second vantage point would help distinguish a routing prob-
lem from a host problem. Even this small example has the structure
the rest of this section is about: not merely that we cannot tell, but
which additional observation might let us.

This distinction has a familiar echo in statistics: failure to re-
ject a null hypothesis does not, by itself, establish that the null is
true [4]. A nonsignificant result may simply mean that the available
evidence cannot distinguish a meaningful effect from its absence.
Methods such as equivalence testing make this distinction explicit:
establishing that an effect is negligibly small requires different evi-
dence from merely failing to detect it [16]. In our terminology, the
latter is Unknown, not False.

But the point here is broader than statistical significance, and
the reasons an experiment reaches Unknown are not all of a kind. It
may lack data, in which case more of the same measurement would
settle the question. It may be unable to discriminate no matter how
much data it collects, because the alternatives induce the same
observations under the measurement used; statistics calls this a
failure of identifiability, and the binding constraint is the instrument
rather than the sample. Or the quantity being inferred may not be
well enough defined for any observation to bear on it, in which
case what is needed is conceptual work rather than measurement.

Only the second kind yields a boundary worth reporting. Insuf-
ficient data is a fact about a particular study, and more of the same

fixes it. Non-identifiability is a fact about what the measurement
can see: no amount of further observation of the same kind will
decide the question, while a different observation might decide it
immediately. That is why it can be characterized, and why char-
acterizing it is informative: it tells us not that we failed, but what
kind of evidence the question actually requires.

Not every inconclusive experiment becomes a contribution by
calling its outcome Unknown; discovering after the fact that a
study was poorly designed is not a boundary, it is a mistake. The
interesting case is when we can characterize the inability to decide.

This idea has a long history in Internet measurement. Paxson
argued that sound measurement requires a “solid understanding
of the strengths and limitations of the measurement process” [22].
Measurement methodology has consequently devoted consider-
able attention to bias, calibration, vantage-point selection, and the
limitations of the signals from which we infer properties of the
Internet [21, 23]. The point has a counterpart in the philosophy of
experiment: Mayo’s error-statistical account treats the capacity of
a test to have detected an error (its severity) as a precondition for
reading anything into its outcome, rather than as a caveat attached
afterwards [20]. The step I want to emphasize is to treat a suffi-
ciently characterized limitation not merely as a caveat on a result,
but sometimes as the result itself.

This changes the meaning of Unknown. It is not a generic state-
ment that “we do not know.” It is a more specific claim:

Given these observations, assumptions, and thismethod,
the available evidence does not distinguish sufficiently
among the relevant alternatives.

Unknown is also relative to the question being asked. Evidence
that cannot distinguish among several alternatives may still support
a coarser inference that does not require distinguishing them. If we
are trying to chart which submarine cables a traceroute crosses [27],
for example, evidence that leaves a path able to traverse either of
two cables makes the particular cable Unknown, while its depen-
dence on a landing point shared by both may still be established.
More generally, uncertainty in an intermediate inference need not
make a downstream conclusion Unknown if that conclusion holds
across the alternatives that remain.

Such a claim is auditable. Another researcher can ask why the
method abstained, whether the alternatives really are indistinguish-
able under the available evidence, and what additional observation
would separate them.

Observability is heterogeneous [24, 25]: measurements from
different vantage-point populations can expose different paths, per-
formance, and behavior, and a method may consequently have
strong discriminating power for one part of the Internet and almost
none for another. Reporting only the cases in which it produces
an answer can make both the method and the Internet look more
uniformly measurable than they really are.

The distinction between False and Unknown is therefore not
semantic. False warrants a conclusion about the proposition being
tested; a characterized Unknown warrants a conclusion about the
experiment’s ability to decide that proposition. Seen this way, a
characterized Unknown is not really a third truth value about 𝐻 at
all. It is a True, one level up: a positive and defensible claim about
what the instrument can and cannot resolve.
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And this makes Unknown surprisingly constructive. False tells
us where to stop: an explanation has been ruled out. Unknown can
tell us where to look next. It can identify the observation, vantage
point, ground truth, or experimental capability that would make
the alternatives distinguishable.

4 The Damage from Getting It Wrong
Why insist on this distinction? Because confusing Unknown with
False does more than mislabel an outcome. It changes what we
believe is worth pursuing.

An Unknown dressed as False closes a question that the evidence
left open. If an experiment cannot distinguish among several expla-
nations, concluding that one of them is false turns a limitation of
the evidence into a claim about the world. We lose twice: we make
a claim stronger than the evidence supports, and we discard the
information contained in the failure to distinguish—information
that might have told us what to measure next.

Internet measurement provides many opportunities for this mis-
take. Consider traceroute. Its limitations are well known. Routers
may not respond to probes [14]; load balancing can produce arti-
facts in the inferred path [5]; different probing methods can expose
different paths and topology [19]; and routing asymmetry compli-
cates the interpretation of both paths and RTTs [11].

These limitations can motivate a tempting conclusion: if tracer-
oute does not faithfully reveal the physical path, then trying to map
traceroutes onto physical infrastructure is fundamentally unreliable
and perhaps not worth doing.

But that conclusion moves too quickly from Unknown to False.
The fact that some traceroutes do not contain enough information
to determine their physical realization does not establish that no
traceroutes do. Nor does it establish that we cannot determine
which is which.

The useful question is therefore not can traceroute reveal the
physical Internet? but for which paths, under what observations,
and with which supporting metadata does traceroute contain enough
evidence to support a particular physical inference? The first invites a
binary answer: the method works or it does not. The second makes
the boundary itself an object of study.

Some paths may strongly constrain the possible physical inter-
pretations; others may admit many explanations that the available
measurements cannot distinguish. And the same path may fall on
either side of that boundary depending on the metadata it is inter-
preted against. If we can tell those cases apart, Unknown has not
ended the investigation. It has told us where the investigation must
change.

This is also why simply listing limitations at the end of a paper is
not enough. A limitations section says that there are circumstances
under which our conclusions may not hold. What we would like,
when possible, is stronger: for the inference itself to expose when
the available evidence has ceased to be discriminating. Unknown
then becomes an output of the measurement process, rather than a
qualification added after the answers have already been produced.

The question is whether we can actually build a measurement
method that does this.

5 A Worked Example: When Can a Path Tell?
Consider a problem we have been working on: mapping Internet
paths onto physical infrastructure. A traceroute gives us a sequence
of router interfaces and round-trip times (RTTs), but many ques-
tions we would like to ask—which cities a path traverses, which
facilities or submarine cables carry it, or which physical failures
could affect it—require placing those routers in geographic space.

There is no shortage of candidate answers. Commercial geolo-
cation databases, reverse-DNS names, geofeeds, and other sources
can suggest locations for a router. The problem is that giving us a
location is not the same as giving us evidence that the location is
right. That distinction matters when the sources disagree. If one
database says Miami and another says São Paulo, absent ground
truth, which should we believe?

The traceroute itself provides a useful constraint. Suppose two
consecutive routers are placed in São Paulo and Miami, while their
observed RTT increment is only 3 ms. The two cities are some
6,500 km apart; at the effective propagation speed of light in fiber,
a round trip over that separation requires more than 60 ms, twenty
times what we observed. Whatever the true locations of those
routers may be, that particular interpretation cannot be right. We
did not need to know the correct location of either router to estab-
lish this. The proposed interpretation contained enough evidence
to falsify itself.

This asymmetry is useful. Confirming a router location gener-
ally requires some form of ground truth; ruling out an impossible
location may require only a physical constraint. Falsification is in
that sense cheaper than confirmation, though not free: an RTT in-
crement constrains propagation only if the forward path traverses
both hops in order, the return paths are comparable, and neither
measurement is dominated by ICMP generation delay. The São
Paulo–Miami case survives because the margin is an order of mag-
nitude; a violation of a few milliseconds is not a refutation but a
measurement we cannot interpret. Even the cheap False rests on
auxiliaries that can fail.

Can we generalize that idea from one obviously impossible pair
of locations to an entire path? Path consistency scoring does this
with a simple model: each hop carries a set of candidate locations
drawn from metadata, and the observed RTT increments constrain
which transitions between consecutive candidates are physically
possible. Decoding a path means choosing the sequence of can-
didates that best satisfies those constraints; the path consistency
score (PCS) summarizes how well even that best sequence explains
the evidence [15]. The important point here is not the machinery.
It is the change in question.

Rather than asking whether each inferred router location is
correct, we now ask whether the path as a whole is consistent
with the evidence already contained in the measurement. A poor
PCS means that even the best geographic interpretation we can
construct has difficulty explaining what we observed. We have
generalized the São Paulo–Miami consistency check from a pair of
points to a path.

But there is a catch. RTT is not geographic distance. Queue-
ing, asymmetric routing, ICMP processing, hidden path structure,
and other effects can weaken the relationship between an RTT
increment and the physical separation of two visible hops. A poor
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PCS can therefore have at least two explanations: the proposed
geography is inconsistent with informative latency evidence, or
latency itself is not sufficiently informative on this path. Only the
first supports a geographic refutation. Without distinguishing the
two, PCS risks turning Unknown back into False.

This motivates a second quantity, 𝑅, which asks whether the
latency evidencewas doing anywork in the first place. For each tran-
sition we compare the propagation delay implied by a geographic
interpretation with the observed RTT increment, producing a se-
quence of latency–distance residuals along the path. 𝑅 measures
how closely those residuals agree under two interpretations: the de-
coded path, and a reference path taken here to be the raw database
labels before decoding. When 𝑅 is high, the two interpretations
locate latency–distance tension in the same places, and PCS can be
read as a statement about the geography. When 𝑅 is low, they do
not, and PCS should be read instead as a warning about whether
the model applies to this path at all.

Two cautions follow from what 𝑅 compares. It is a property
of a path and a metadata source, not of the path alone: the same
traceroute can score near one against one database and near zero
against another, because 𝑅 partly records how far decoding had
to move the labels it started from. A path that scores low against
every source is a far better candidate for Unknown than one that
scores low against a single vendor. And low 𝑅 has two explanations
of its own—latency that is genuinely uninformative, or a database
that was wrong and duly corrected—of which only the first is a
limit on what the measurement can tell us. That case splits again
along Section 3’s lines: noise on a single traceroute is a lack of data,
while latency that cannot resolve the alternatives however often
we probe is the non-identifiability worth reporting. 𝑅 separates
neither pair. The diagnostic introduced to separate PCS’s failure
modes has failure modes of its own, which is the argument of this
article applied to its own example.

The combination gives us something qualitatively different from
a confidence score attached to every answer. When the evidence is
informative, PCS can support a verdict about the geographic inter-
pretation.When it is not, themethod can abstain. It can say, in effect:
from this traceroute, with these observations, I cannot distinguish the
relevant geographic alternatives.

That is Unknown made operational. The system does not infer a
location and then append a generic caveat that traceroute is imper-
fect. It attempts to identify, path by path, whether the evidence has
earned the right to support the inference at all. The boundary that
was abstract in Section 3 has become something we can measure.

6 Unknown Can Be Useful
Making Unknown explicit does more than prevent unsupported
conclusions. Once we can characterize where a method’s evidence
ceases to be informative, that boundary can help us decide how to
use scarce validation resources.

Returning to the geolocation example, suppose we have a large
corpus of inferred paths but ground truth for only a small subset, a
common situation in Internet measurement. The obvious use of a
ground-truth label is to verify one inference: compare the inferred
path with the known answer and determine whether it is correct.
With a budget of 𝐵 labels, this gives us 𝐵 directly verified cases.

But those same labels can do more. For every ground-truthed
path, we can also observe 𝑅 and determine whether the PCS-based
judgment was correct. Across the labeled sample, we can therefore
estimate how the reliability of the judgment varies with 𝑅. Ground
truth still verifies individual paths, but the verification outcomes
now also calibrate the boundary: they tell us when themethod’s own
reliability signal is actually predictive of error. Because 𝑅 compares
the decoded path against the database labels rather than against a
verified one, it can be computed where no ground truth exists, and
that calibration can then be applied beyond the labeled sample.

This creates what I will call a validation dividend. Direct vali-
dation uses a label to justify a verdict about the object that was
labeled. Calibration uses a collection of labels to justify a rule about
when the method’s evidence is sufficient, and that rule can cover
many unlabeled objects.

The premise can already be checked. Computed against the
raw database labels—the form available without ground truth—
𝑅 separates error regimes on our validated corpus: across four
commercial databases, paths with 𝑅 ≥ 0.8 have a median per-path
error of 3.4–5.7 km, while the 𝑅 < 0.2 bin carries a far heavier
tail [15]. That is what makes 𝑅 a candidate reliability signal rather
than a decoration. The same separation appears in the cleanest
setting we can construct, where every candidate comes from public
metadata and the comparison is made against an actively validated
path rather than a database (median per-path error of 4.0 km at
𝑅 ≥ 0.8 against 244.7 km at 𝑅 < 0.2). But that variant consumes the
ground truth it would otherwise calibrate: it shows that the metric
is sensitive to the right thing, not that it can be used where labels
are absent.

Two caveats travel with the usable form. 𝑅 is high in part when
the database was already right, so the signal is confounded with
source quality; and diagnosing why 𝑅 is low is not something the
metric itself does. The dividend (how much of an unlabeled corpus
a calibrated rule can cover as the label budget shrinks) follows
from the premise, but we have not measured it, and how large it is
remains an open question.

The basic idea is not new: use labeled data to determine when
an inference is sufficiently reliable to report. Selective prediction,
learning with a reject option, and conformal prediction all embody
versions of this idea [8, 26]. What makes the measurement setting
harder is the assumption needed to transfer what is learned from
labeled cases to the unlabeled population. Conformal coverage, for
example, relies on exchangeability between the calibration data and
the population to which the guarantee is applied [26]. In Internet
measurement, that assumption is particularly suspect. Ground truth
comes disproportionately from responsive routers in well-covered
regions, precisely where we may need it least. A calibration learned
there has not been shown to hold in poorly observed regions, where
the boundary matters most.

Calibration does not manufacture ground truth. The boundary
itself has to be tested, not asserted, and Unknown shows where
that testing is still owed.

This suggests a second use that we are exploring: let Unknown
direct the measurement process itself. Measured broadly from the
existing vantage points of a platform such as RIPE Atlas, paths
whose𝑅 stays low against everymetadata sourcemark places where
latency cannot adjudicate among the geographic alternatives—and
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where a poor PCS therefore tells us nothing we can act on. Rather
than simply reporting those paths as uncertain, a measurement
system could ask a more useful question: what observation would
most reduce this uncertainty? The answer depends on which branch
of the Unknown we are in. If latency is genuinely uninformative on
a path, the remedy is a different vantage point: probes retasked or
deployed not according to geographic or AS coverage, but where
they are expected to make currently indistinguishable alternatives
distinguishable [6]. If instead the metadata was wrong, no addi-
tional probe helps, and what is needed is better evidence about the
locations themselves—operator-published geofeeds, for instance.
Separating the two is not something 𝑅 currently does, which makes
it the first thing the boundary tells us to work on.

This admits a clean evaluation: withhold probes from a well-
covered platform, then ask whether restoring them according to
the resulting Unknowns recovers inferential coverage faster than
restoring them at random or by conventional coverage criteria.
The test is not whether the signal rediscovers the probes that were
removed, but whether it identifies the measurements whose return
most reduces the uncertainty their absence created.

The broader point is that Unknown need not mean stop. Once
the boundary of an experiment is observable, it can become an
input to the next experiment.

7 Unknown Has Limits, Too
There is a fundamental limit to this argument. A method can expose
its uncertainty only when something in the available evidence
reveals that the inference should be questioned. Internal consistency
is not correctness.

Geolocation shows it. 𝑅 measures agreement between two inter-
pretations, so by construction it cannot detect cases where both are
consistently wrong [15]. A router placed wrongly but consistently
with its observed latencies and neighbors yields a high PCS and an
𝑅 saying latency is informative. The system can be calibrated and
wrong at once.

This is coherent error : observations, assumptions, and inference
agree with one another and are wrong together. It is structural
rather than accidental. A hypothesis is never tested alone but to-
gether with auxiliary assumptions about the instrument, the sample,
and themodel, and evidence bears on that conjunction—theDuhem–
Quine problem, and the same bundle that made falsification cheap
rather than free in Section 5. So more observations from the same
process need not help: if they share the source of the error, they
reinforce it.

Internet measurement offers an instance. In 1999, Faloutsos et
al. reported power-law relationships in measured Internet topolo-
gies [9], which became part of a “scale-free” interpretation in which
a few highly connected hubs left the network robust to random
failure but vulnerable to attack [3]. The observation was partly
an artifact: traceroute does not sample the Internet uniformly, and
traceroute-like sampling can produce an apparent power law where
the underlying graph has none [1, 17]. Because that bias was shared
by every traceroute-derived topology, more measurement made the
pattern look more solid rather than less.

The episode went further, and this is the harder limit. The infer-
ence carried a second defect independent of the data: a degree dis-
tribution does not determine a graph’s structure, so an architectural
claim was drawn from a statistic that cannot support one [7, 18].
That is not evidence agreeing with itself and being wrong; it is
a question posed in terms no available evidence could settle. The
coherence held only inside a frame that treated the traceroute graph
as the network and the degree sequence as its structure—a frame
built, used, and eventually dismantled inside the measurement com-
munity itself, and dismantled not by more data but by a different
account of what a router-level topology is. Nothing looked Un-
known from within it, and that is the more troubling observation.

This places a boundary around Unknown itself. A consistency
check can only see the alternatives its model represents; a frame
is a candidate set. PCS can tell us that a proposed geography is
inconsistent with the latency evidence, but not that a router location
is the wrong quantity to infer in the first place. AnMPLS tunnel may
hide its interior hops entirely, or have replies for them generated
at the tunnel egress, so that several consecutive hops show RTT
increments near zero and appear to sit in one place. The check scores
that as a geography, and may score it well. It has no candidate for
“these hops are not separate locations at all” because that alternative
is not in its set. This is the third case from Section 3—a quantity not
well enough defined for observation to bear on it—in a harder form,
hidden now by the method’s own candidate set. This does not make
a characterized Unknown worthless; it says what kind of claim it
is. Naming that set, and the evidence that failed to separate it, puts
the frame on the page where others can contest it. Characterizing
where evidence stops discriminating protects us only inside a
frame. Nothing inside a frame can tell us the frame is wrong.

8 Conclusions
Research is an investigation; a paper is necessarily a compression
of it. The problem is not only that negative results disappear in
that compression, but that False and Unknown are compressed into
the same thing. False eliminates possibilities. A well-characterized
Unknown establishes where the available evidence ceases to dis-
criminate among them, and that boundary can prevent unwarranted
conclusions, identify where better evidence is needed, and, as the
geolocation example illustrates, help direct scarce validation.

Taking Unknown seriously asks something of both authors and
reviewers. We should not expect every investigation to end with a
binary answer, nor treat an inability to reach one as evidence that
the approach “didn’t work.” A paper may make a scientific contri-
bution by establishing that a question cannot be answered from
particular observations or under particular assumptions, provided
that boundary is itself supported by evidence.

Publication norms can help make such outcomes visible. One
suggestion from discussions following the talk that motivated this
article was a dedicated Boundaries and Limitations appendix outside
the main page limit: not another generic limitations section, but
a place to state what the evidence can and cannot support, which
alternatives remain indistinguishable, and which conclusions de-
pend critically on particular assumptions.1 SIGCOMM’s current
Proposals for Change initiative [2] provides a natural opportunity to

1The idea was proposed by Loqman Salamatian.
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experiment with mechanisms like this. Other empirical disciplines
already go further: the CONSORT statement, which governs the
reporting of randomized trials in medicine, makes trial limitations,
including the generalizability of findings, a required reporting item
rather than an optional courtesy [13].

None of this eliminates uncertainty. Coherent error reminds
us that evidence can be internally consistent and still systemati-
cally misleading; independent evidence remains essential. Making
Unknown explicit does something more modest: it stops us from
turning limits we can identify into conclusions the evidence never
established. A paper need not answer every question it asks. Some-
times the result is True. Sometimes it is False. And sometimes what
we have learned is where our ability to tell the difference ends.

That boundary is the result.
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