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Abstract

The paper studies the reproducibility of results generated by stochastic machine-learning models for measurement
tasks, an aspect that becomes critical when such algorithms are integrated into procedures governed by ISO 5725 and ISO/
IEC 17025. Using the Isolation Forest algorithm, it is shown that even with identical input data the output may vary be-
tween runs, creating an additional source of variability relevant for metrological interpretation.

Two implementations are compared: the standard Isolation Forest algorithm and an improved version proposed earlier.
The enhanced model does not eliminate stochasticity but reduces its effect by averaging the isolation-path characteristics,
normalizing results across different contamination values, and determining the threshold from the structure of the anoma-
ly-score distribution, which contributes to the stability of outputs.

Both models were repeatedly run under identical conditions and assessed through type-A standard uncertainty according
to ISO 5725. The standard implementation exhibited significantly higher variability, whereas the improved version showed

better reproducibility.

The results indicate that the internal variability of machine-learning algorithms functions as a metrological characteristic.
Its standard uncertainty can be evaluated and incorporated into the overall measurement-uncertainty budget, supporting the
harmonisation of algorithmic methods with principles of accuracy and repeatability.
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1. Introduction

In modern metrological practice, the use of ma-
chine-learning methods for processing of measurement
results, detecting deviations, and improving data quality
is being widely considered at an increasing rate. Such
methods enable automation of analysis, enhance the
efficiency of handling large data sets, and allow prompt
identification of potentially incorrect values [1—3]. At
the same time, it becomes necessary to assess whether
these algorithms meet the requirements traditionally
imposed on measurement procedures. If the numerical
output of a model directly affects the final value of a
measured quantity, the algorithm effectively becomes
a component of the measurement process and shall
comply with the stability and reliability requirements
defined in the international standards ISO 5725 and
ISO/IEC 17025 [4-5].

One of the key properties required for the accep-
tability of any method within a measurement context
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is its reproducibility [6]. In its conventional interpre-
tation of ISO 5725-1, reproducibility involves changes
in laboratories, operators, or measuring equipment.
For stochastic machine-learning algorithms, however,
the source of variability is not the change in external
conditions but the internal randomness of computa-
tional procedures. This internal variability corresponds
to the concept of computational reproducibility in Data
Science. Therefore, in this paper, the term “reprodu-
cibility” is used in an extended sense — to denote the
stability of numerical model outputs across repeated
runs under unchanged input data. Such an extension
is necessary when assessing the algorithms intended to
function as components of measurement procedures.
Despite their potential advantages, many ma-
chine-learning models cannot ensure stable numerical
results. Even with identical input data and fixed pa-
rameter settings, repeated application of an algorithm
may vyield different outputs due to random initializa-
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tion, the sampling nature of ensemble methods, or
implementation-specific numerical factors. In ordi-
nary computational tasks, such differences are often
insignificant. However, in a measurement context, they
violate the fundamental requirement of reproducibility
and introduce an additional component of uncertainty
into the results [7—8].

2. Reproducibility of machine-learning model outputs
and their specific aspects when in measurement tasks

The reproducibility problem is characteristic of
most machine-learning methods because such algo-
rithms rely on internal stochastic processes. Even when
input data remain fully constant and model parameters
unchanged, the results may differ from run to run. In
measurement tasks, these variations are critical, since
numerical outputs shall remain stable when the algo-
rithm is repeatedly applied to the same dataset. The
reasons for instability depend on the type of model:
in neural networks it arises from random weight ini-
tialization and stochastic optimization procedures; in
ensemble methods it results from random sampling of
data subsets; and in algorithms with randomly formed
decision rules it appears as changes in model struc-
ture during each retraining cycle. As a consequence,
even minor variations in internal processes may lead
to changes in numerical outputs, which is unacceptable
in metrological applications.

A separate class of such methods consists of mo-
dels based on decision trees. For them, stochasticity is
an intrinsic property because the structure of each tree
is determined by a random selection of data subsets and
features. Even slight differences in the choice of split
or threshold create a new tree structure, and therefore
a new result. The output quantity ceases to be a deter-
ministic reflection of the data and becomes dependent
on internal random decisions of the algorithm, which
complicates its use within the measurement process.

In this study, the Isolation Forest model is used —
one of the most widely used stochastic ensembles
of decision trees for detecting potential deviations in

measurement datasets [9]. The model is configured by
a set of parameters, including the number of trees,
maximum depth, strategy for selecting subsets of ob-
servations, and the initial state of the random-number
generator. It is the generator that determines the se-
quence of random decisions affecting the formation of
splits, the selection of data subsets, and the isolation
order of points. Because of the stochastic nature, the
tree structure changes with every run, and as a result,
the same point may receive different anomaly-score
values even under fully constant input data [10].

Technically, the initial state of the random-num-
ber generator (random seed) may be fixed, ensuring the
repetition of one specific sequence of stochastic ope-
rations. However, such fixation does not eliminate the
underlying randomness of the algorithm; it only “locks
in” one of the many possible ensemble configurations,
artificially masking the inherent variability of the mo-
del. Since the purpose of this study is to assess the in-
ternal variability of the algorithm and its impact on the
stability of numerical outputs, the random seed was not
fixed in the experiments. This allows the true stochastic
behaviour of the model to be represented, as well as
ensures completeness of the reproducibility analysis.

To demonstrate the characteristic behaviour of
the standard Isolation Forest implementation, a data-
set of liquid mass-flow measurement results was used,
reflecting a typical structure of metrological data. The
dataset includes 11 values representing the differences
between the indications of a measuring instrument and
corresponding reference values, that is, the actual de-
viations recorded during calibration. Fig. 1 shows the
raw values and corresponding anomaly-score estimates
obtained during a single run of the model with fixed
parameters. Values classified as normal are marked in
green, while those identified as potential deviations are
shown in red. The dashed line indicates the threshold
used by the model to separate normal and anomalous
observations.

To assess the reproducibility of numerical results,
the model was run 100 times under fully constant
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Fig. 1. Output of the Isolation Forest model
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Variability of the anomaly score for observation No. 5
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Fig. 2. Variability of the results of the standard Isolation Forest model

parameters and unchanged input data. Observation
No. 5 — the point with the highest anomaly score —
was selected for analysis. Fig. 2 illustrates the anoma-
ly-score values obtained for this observation across all
100 runs. The findings demonstrate that, despite the
data remaining constant, the score fluctuates within
a specific range.

The standard model determines whether a value
is normal or anomalous by comparing it to the fixed
threshold of 0. When an observation lies very close to
this threshold, even minor variations between runs can
alter the classification outcome: the same point may be
labelled as either normal or anomalous, depending on
random internal factors. This sensitivity to stochastic
variability constitutes the main reproducibility limita-
tion of the standard approach.

3. Improved Isolation Forest model and its behaviour
during repeated measurements

The Isolation Forest method was previously re-
fined by the authors to address three fundamental li-
mitations that restrict its applicability in a metrological
context. The purpose of these modifications was not
only to enhance reproducibility for the specific task of
outlier detection but also to improve the stability of the
output values in a broader class of measurement-related
problems where the algorithm directly influences the
numerical value of the measurand [11].

The first problem that needed to be addressed is
the stochastic noise resulting from the random nature
of tree construction. In the standard model, each tree
is built from randomly selected subsets of data and ran-
dom split thresholds, which introduces variability in the
intermediate isolation paths. To reduce this effect, the
model is run repeatedly under fixed parameters, and
the intermediate characteristics of the isolation paths
are averaged. This produces a value that approximates

an “idealized” output in which random fluctuations
are significantly reduced.

The second issue concerns the contamination
parameter, which effectively scales the anomaly-score
output in the standard implementation. As a result,
different contamination settings can yield markedly
different numerical outputs even for identical data,
making scores incomparable across runs. In the im-
proved version, the algorithm is run over a wide range
of contamination values, and the resulting scores are
normalized by averaging. This eliminates the depen-
dence of the anomaly score on the chosen contami-
nation level and provides a more stable, well-defined
numerical interpretation.

The third limitation relates to the threshold used
for separating normal and anomalous observations.
In the standard approach, the threshold is imposed
indirectly through an assumed proportion of expec-
ted anomalies, making the decision dependent on a
user-defined parameter rather than on the data. In
the refined model, the threshold is determined from
the empirical distribution of sorted anomaly scores by
identifying the transition region between the dense
cluster of typical values and the sparse region of out-
liers. This yields a threshold that reflects the structure
of the dataset rather than arbitrary settings.

To assess the effectiveness of the improved ap-
proach, the model was run 100 times under identical
conditions, similar to the experiment with the standard
algorithm. Fig. 3 presents the anomaly-score values
obtained for observation No. 5 — the same point that
exhibited substantial variability in the standard model.

It is evident that the range of output variation
has narrowed substantially, and the numerical estimates
have become noticeably more stable. Although full re-
producibility is still not achieved and some residual
variations remain, their influence on the final result
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Variability of the anomaly score for observation No. 5
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Fig. 3. Variability of the results of the improved Isolation Forest model
Table 1
Comparison of variability for the two model implementations
Number of runs Maximum value Minimum value Range Type-A standard
Model .
(n) (X, x,.) (x,. —x,.) uncertainty (u,)
Standard model 100 0.187 0.162 0.025 4.77%x1073
Improved model 100 0.161 0.155 0.006 1.21x107

is significantly lower compared to the original version
of the algorithm.

4. Quantitative assessment of model reproducibility

For stochastic machine-learning models, complete
elimination of internal variability is impossible: even
after algorithmic improvements, a certain level of vari-
ations persists due to random processes involved in
model formation. Therefore, in metrological applica-
tions, the key objective is not to remove randomness
completely, but to quantify the residual variability that
remains after refinement of the model. This quantifi-
cation determines whether the algorithm can be inte-
grated into measurement procedures without violating
the requirements of relevant standards.

Since the Isolation Forest model produces a nu-
merical output in the form of an anomaly score, its
behaviour can be analysed using traditional metrolo-
gical concepts. In ISO 5725, it is stated that for repea-
ted measurements of the same quantity under identical
conditions, the variability of results can be characte-
rized through the type-A standard uncertainty derived
from the statistical distribution of repeated observa-
tions. In this study, the repeated runs of a model —
under fully constant input data and fixed parameters —
play the role of repeated measurements.

This approach is not only consistent with ISO 5725
and widely accepted principles of variability assessment,
but also harmonised with the justification procedures
commonly applied in national metrology institutes
when integrating a new algorithmic component into
a measurement process. The evaluation of uncertainty
becomes a necessary argument confirming the stabi-
lity of the numerical output and enabling compari-
son between different implementations of the model.

For both models — the standard and the improved
one — 100 runs were performed under identical con-
ditions. Based on the obtained anomaly-score values,
the type-A standard uncertainty was evaluated. The
results are summarized in Table 1.

The results obtained demonstrate that the vari-
ability of a standard model is significantly higher.
In particular, the standard uncertainty for the basic
version was 0.0047, whereas for the improved mo-
del it was 0.0012, that is, four times lower. Although
the algorithm residual randomness is not complete-
ly eliminated, this suggests a substantial improvement
in reproducibility. The findings emphasize the im-
portance of quantitative assessment of reproducibi-
lity when applying machine-learning algorithms in
a measurement context. Even improved models require
a metrological characterization, as it defines the limits
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of their applicability, enables correct interpretation of
numerical values, and ensures the possibility of fur-
ther integration of such methods into real measurement
procedures.

5. Conclusion

The study demonstrated that the stochastic nature
of the Isolation Forest model significantly affects the
reproducibility of its numerical results in measurement
applications. Even with fully unchanged input data, the
model produces different anomaly-score values due to
random elements of the decision-tree construction.
In metrological tasks, such behaviour leads to metho-
dological uncertainty, since an algorithm that influ-

ences the measurement result shall ensure stability and
independence of its outputs from internal fluctuations
of its computational procedure. A quantitative assess-
ment of reproducibility makes it possible to treat the
algorithm internal variability as a component of the
standard uncertainty accompanying the machine-learn-
ing output. Under this approach, the result of a model
is interpreted as a computable quantity with its own
uncertainty, which shall be incorporated into the
overall measurement-uncertainty budget. This ensures
consistency with metrological requirements and allows
algorithmic methods to be integrated into measurement
practice without violating the principles of accuracy
and stability.

OujiHOBaHHS BIATBOPIOBAHOCTI YHCJIOBHX Pe3yJbTATIB
AJITOPUTMIB MAIIMHHOTO HABYAHHS Y BUMIPIOBAJIbHUX
3aa49ax
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AHoTanis

Y poOoTi po3mIsiHYyTO MpoOJieMy BiATBOPIOBAHOCTI Pe3y/abTaTiB CTOXaCTUUHUX MOIEIei MAllMHHOTO HaBYaHHSI y BU-
MiplOBaJIbHUX 3ajayvax, 110 HaOyBae OCOOJMBOrO 3HAUEHHS IIiJl 4yac iHTerpailii aJiropuTMiB y BUMIpIOBaJIbHI TpoOLIEIypU
BiIMOBiAHO 10 mimxoaiB, Bu3HaueHux B ISO 5725 ta ISO/IEC 17025. Ha npukiani aaropuTmy i30Jb0BaHOIO JIicy MO-
Ka3aHo, 110 HAaBiTh 3a TMOBHICTIO CTAJIMX BXiIHWX NAHUX YMCIOBUI pe3yJbTaT MOIETI MOXKe 3MiHIOBATHCS Bill 3amycKy IO
3aMycKy, YTBOPIOIOYM JIOAATKOBY CKJIaJIOBY BapiaTMBHOCTI, SIKy HEOOXiZHO BpaxoBYBaTH IliJl yac aHaji3y pe3ysbTaTiB. Taka
MIiHJIMBICTb OOMEXYE MOXJIUBICTh 0€3MOCcepeHbOr0 BUKOPUCTAHHSI MOAEII SIK YaCTMHM BUMIpIOBAJILHOIO TPOLIECY Ta IO-
Tpebye OKpeMOi METPOJIOTiYHOI OLIHKM.

VYV nmochimkeHHi MOpiBHIOIOThCS JIBi peajtizalii aJropuTMy: CTaHIAPTHUI BapiaHT i30IbOBAHOTO JIiICY Ta YAOCKOHAaJeHa
Bepcisl, 3alporoHOBaHa B TOINEpeaHiX poboTax aBTopiB. MoaudikoBaHa Mofe/lb HE YCyBa€ CTOXaCTUYHOI NMPUPOIAN ajro-
pUTMyY, OIHAK 3MEHIIYE 1l BIUIMB 3aBASKU YCEPEAHEHHIO MPOMIKHUX XapaKTePUCTUK i30JISILIIMHUX ILUISIXiB, HOpMaiaiii
pe3yJIbTaTiB 3a pi3HUX 3HAYCHBb ITapaMeTpa contamination Ta 3aCTOCYBAHHIO OiNBII OOIPYHTOBAHOTO TAXOMY 10 BU3HAYCHHS
ropora Ha OCHOBI CTPYKTypM PO3IOIiTY CTyIeHs1 aHoMajibHOCTi. Lle 3abe3meuye BMIy CTaOiIbHICTh BUXIAHUX 3HAYCHb
TMOPIiBHSHO 3i CTAHAApTHOIO MOJIEJUTIO.

Jlna obox peajtizalliii MpoOBEAEHO Cepilo MOBTOPHMX 3amyCKiB 3a HE3MIiHHMX YMOB, IiCJIsI YOro YMCJIOBI pe3yabTaTu
MPOaHaJi30BaHO Y METPOJIOTIYHUX TepMiHax 4epe3 CTaHAapTHY HEBU3HAUYEHICTh 3a TUIIOM A BIAIOBIIHO 10 TOJOXEHb
ISO 5725. TlokaszaHo, 1110 BapiaTMBHICTb CTaHAAPTHOI MOJEi iCTOTHO Oijiblla, TOAI SIK YIOCKOHaJeHa Bepcisl I1eMOHCTPYE
MOMITHO BHIILY BiITBOpIOBaHIiCTh. Lle CBIAUMTH MPO MOXIJIUBICTH OiIbIII KOPEKTHOIO iHTEPIpPeTyBaHHS ii BUXiIHMX 3HAYEHb
Yy BUMIipIOBaJIbHOMY ITPOIIECi.

OTpuMaHi pe3ylbTaTu MiATBEPIKYIOTh, 1110 BHYTPILlIHSI BapiaTUBHICTh aJITOPUTMIB MAIllMHHOTO HaBUYAHHSI MOXE PO3TJIs-
JIaTUCS SIK OKpEMa METpPOJIOriuHa XapaKTepucTuKa. BiamosigHa craHmapTHa HEBU3HAUYEHICTh MOXe OyTU KiJIbKiCHO OlliHeHa
Ta BKJIIOUEHA JIO 3araJIbHOro OIOMKETY HEBU3HAYCHOCTI BUMIpIOBaHHS, 3a0€3MeUy0UM y3rOMKEHICTh aITOPUTMIYHUX METOIIB
i3 MPUHIMIIAMU TOYHOCTiI Ta MOBTOPIOBAHOCTI Y BUMIiPIOBaIbHIl MPaKTUILI.

KirouoBi cioBa: MeTpoJiorisi; cTaHAapTHa HEBU3HAYEHICTD; BiITBOPIOBAHICTh; MAlllMHHE HaBYAHHS; BUMipIOBaHHs; 00-
poOKa BUMIpIOBAIbHUX NaHUX.
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