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ABSTRACT. Modern environmental monitoring systems generate large volumes of heterogeneous data from sensor networks, laboratory analyses, operational
systems, and external information sources. Data quality determines the reliability, accuracy, and interpretability of machine learning models used for environmental
analysis, forecasting, and decision support. This review examines the major challenges of preparing environmental monitoring data for machine learning by analysing
their characteristics, key data quality dimensions, and contemporary preprocessing techniques.

The main contribution of this paper is a conceptual framework for data quality-driven data preparation. Unlike conventional approaches, where preprocessing follows a
predefined sequence of operations, the proposed framework places data quality assessment at the core of preprocessing strategy selection. The four principal data
quality dimensions—completeness, reliability, temporal consistency, and informativeness—are linked to corresponding preprocessing techniques, including imputation,
noise and anomaly filtering, temporal synchronisation, and feature selection or dimensionality reduction.

Wastewater treatment plants are used as a representative application illustrating the typical challenges of environmental data analysis. However, the proposed
framework is applicable to a wide range of environmental monitoring systems and provides a systematic basis for preparing reliable, interpretable, and practically
applicable datasets for machine learning.
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OT CYPOBU EKONOrM4HU OAHHW 0O HAQEXOHU MOOENN 3A MALUMHHO OBYYEHUE: KOHLENTYAITHA PAMKA,
OCHOBAHA HA OLIEHKATA HA KAYECTBOTO HA AHHUTE, C NPUNOXEHWE NPU NPEYUCTBAHETO HA OTNAOABYHU
BOOU
Hukonuxa UeaHoea
MurHo-2eonoxku yHugepcumem ,Ce. MeaH Puncku®, 1700 Cogpus

PE3IOME. CbBpeMeHHUTE CUCTEMM 33 EKOMOTUYEH MOHUTOPUHI reHepupaT ronemu oGeMu XeTeporeHHM AaHHM OT CEH30PHW MPexw, NabopaTopHu aHanmuau,
€KCTINOATALMOHHN CUCTEMM W BBHLUHM MHGDOPMALIMOHHM M3TOUYHMLM. KAuecTBOTO Ha Teau AaHHM Onpeaens HafexoHOCTTa, TOYHOCTTa W MHTEpNPETUPYEMOCTTa Ha
MOoZenuTe 3a MallMHHO 0BydeHue, M3NON3BaHW 3a aHanua, MpOrHO3VpaHe M MoANOMaraHe Ha B3EMaHETO Ha peLueHis. HacToswmsT 0630p pasrnexaa OCHOBHUTE
npeau3BMKaTENCTBa NpW MOATOTOBKATA HA EKOMOTWYHW AaHHM 33 MallMHHO OGyYeHWe, KaTo aHanmaupa TEXHUTE XapaKTepuCTWKM, KMHHYOBUTE U3MEPEHWS Ha
KayecTBOTO ¥ CbBPEMEHHMTE NOAXOAV 3a NpefsapuTenta obpaboTka.

OCHOBHUST MPUHOC Ha CTaTUAATa e NpeJIoKeHaTa KOHLenTyanHa pamka 3a MoaroToBKa Ha faHHM, YNpaBnsBaHa OT oLeHkaTa Ha TAXHOTO KayecTBo. 3a pasnuka oT
TPANLMOHHIUTE MOAXOAM, NPU KOWTO MpeABapuTenHaTta obpaboTka CriedBa MpesBapuTenHO OnpefeneHa NocnesoBaTenHocT, NpeasioxeHaTa pamka nocTass
OLieHKaTa Ha ka4eCTBOTO Ha flaHH!TE B OCHOBaTa Ha U3bopa Ha MOAXOAALUM CTpaTerm 3a npeasaputenHa oGpaboTka. YeTnpuTe OCHOBHM U3MEPEHUS HA KaYeCTBOTO
Ha [aHHWTE — MbMHOTA, HAAEXKAHOCT, BpEMeBa ChITacyBaHOCT M MH(OPMATUBHOCT — Ca CBbP3aHN CbC CbOTBETHUTE METOAM 3a MpeAsapuTentHa o6paboTka, B T.u.
UMnyTaLus, OUNTPUPaHe Ha LM 1 aHOManuy, CUHXPOHU3MPaHe Ha BpeMeBy penoBe v nopbop unv HamarnaBaHe Ha PasMEpHOCTTa Ha NpU3HaLuTe.

Kato npeacTasuTeneH npumep ca U3nonasaHu npeyncTaTenHinTe CTaHLMM 3a OTNagbuHi BOAM, KOUTO UMKCTPUPAT TUNMYHIUTE NPeAN3BUKATENCTBa NPU aHanusa Ha
€KOMOMMYHM AaHHM. NpeanoxeHaTa paMka UMa 1 No-LUMPOKa MPUIOKMMOCT U MOXE Aa Ce 13MoM3Ba Npu NOArOTOBKATA Ha AaHHM OT PasfinyHI CUCTEMM 38 eKONOTMYEH
MOHUTOPWHT, Cb3AaBaitkv 0CHOBA 3a Pa3paboTBaHETO Ha NO-HALEKAHU, MHTEPNIPETMPYEMN 1 MPaKTUYECKV MPUNOXMMI MOAENH 38 MaLLMHHO 0BYyeHMe.

KnioyoBu AYMU. EKONOrM4eH MOHMTOPUHT, OLIeHKa Ha Ka4eCTBOTO Ha AaHHUTE, NpeaBapuTenHa 06p660TKa Ha AaHHKU, MalWWHHO o6yqume, npeyncTeaTenHn CtaHuumn
3a 0TNagb4HK BOON.

Introduction and differ in sampling frequency, measurement accuracy, and
temporal resolution. As a result, the quality of the available data

Driven by advances in computational methods and directly influences the performance, robustness, and
environmental sensing technologies, machine leaming (ML) is ~ interpretability of machine leaming models.
now widely used to analyse, model, and optimise environmental Although data preprocessing is traditionally regarded as a
processes. The widespread deployment of sensor technologies, technical step within the analytical workflow, preprocessing
Internet of Things (IoT) devices, SCADA platforms, and strategies should be selected according to the characteristics
automated monitoring networks has resulted in the continuous and quality of the available data rather than applied universally.
generation of large and highly heterogeneous environmental Therefore, data quality assessment should be regarded as the
datasets. These developments have created new opportunities foundation for selecting appropriate preprocessing methods.
for prediction, anomaly detection, and decision support in a wide Despite the rapid growth of machine leaming applications in
range of applications, including air quality monitoring, water environmental monitoring, considerably less attention has been
resource management, precision agriculture, ecosystem devoted to systematically linking data quality assessment with
monitoring, and wastewater treatment. preprocessing strategy selection.

Despite these opportunities, developing reliable machine This review examines the relationship between
leaming models remains challenging because environmental environmental monitoring challenges, data quality assessment,
datasets often contain quality-related limitations. Environmental and data preprocessing for machine leaming. Based on a
monitoring data originate from multiple heterogeneous sources comprehensive literature review, it proposes a conceptual data
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quality-driven framework linking data quality dimensions with
appropriate preprocessing strategies. Although wastewater
treatment plants (WWTPs) are used as a representative
application, the proposed framework is applicable to a broad
range of environmental monitoring systems.

Environmental Monitoring Data: Challenges for
Machine Learning

Environmental monitoring data differ substantially from the
datasets commonly used in many traditional machine learning
applications, posing unique challenges for machine learning
because of their heterogeneity, dynamic behaviour, and
complex environmental interactions (Zhong et al., 2021). They
describe dynamic natural and engineered processes, are
collected from multiple independent sources, and are
characterised by varying sampling frequencies, measurement
accuracies, and spatial-temporal structures, presenting unique
challenges that directly influence the reliability and performance
of machine learning models.

Heterogeneous Data Sources

One of the primary challenges arises from the heterogeneity
of data sources. Depending on the application, environmental
datasets may integrate measurements obtained from online
sensors, laboratory analyses, SCADA systems, meteorological
observations, remote sensing platforms, geographic information
systems (GIS), and operational records. These sources differ in
their measurement principles, data formats, sampling
frequencies, and levels of accuracy, making their integration into
a unified analytical dataset a challenging task (Ullo & Sinha,
2020). Accordingly, heterogeneous data integration is the first
step in preparing environmental datasets for machine learning.

Missing and Unreliable Observations

Real-world environmental datasets frequently contain
missing values, noise, outliers, and measurement errors
resulting from sensor malfunctions, communication failures,
adverse weather conditions, or human intervention (Alferes &
Vanrolleghem, 2016). Such imperfections reduce data reliability
and may lead to inaccurate predictions, unstable models, and
misleading interpretations (Aribisala, 2024). Reliable machine
learning therefore requires identifying missing and unreliable
observations before model development.

Temporal Heterogeneity

Environmental processes exhibit pronounced temporal
dynamics. Measurements may be collected at intervals ranging
from seconds to days or even weeks, while the monitored
variables are influenced by seasonal patterns, climatic
conditions, and the specific characteristics of the observed
system.

Differences in sampling frequency and temporal resolution
complicate the analysis of relationships among variables,
making temporal alignment a prerequisite for reliable machine
learning in environmental monitoring (Zhu et al., 2022).

High-Dimensional Environmental Datasets

Modern environmental monitoring systems simultaneously
record a large number of physical, chemical, biological, and
operational variables. These variables are often characterised
by complex linear and non-linear relationships, while some
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features contain redundant or only marginally informative
information  (Bagherzadeh et al., 2021). High data
dimensionality increases computational complexity, complicates
result interpretation, and may reduce the performance and
generalisability of machine learning models (Aribisala, 2024).
These challenges make feature selection and dimensionality
reduction essential steps in preparing environmental datasets
for machine learning.

Wastewater Treatment as an lllustrative Case Study

The application of machine learning in wastewater treatment
has expanded rapidly during the last decade and has been
comprehensively reviewed from different perspectives,
including biological treatment processes, process optimisation,
operational control, and Al-driven decision support (Sundui et
al., 2021; Rashid et al., 2025; Jaganathan et al., 2025; Zamfir et
al., 2025). As a result, WWTPs have become one of the most
representative environmental systems for developing and
evaluating data-driven models.

WWTPs represent a typical example of environmental
systems in which all of the previously discussed challenges
occur simultaneously. They integrate continuous measurements
from online sensors, laboratory analyses of water quality,
operational process parameters, SCADA systems, and external
meteorological observations (Newhart et al., 2019). The
diversity of data sources, sampling frequencies, and levels of
reliability results in complex multidimensional datasets
containing missing values, noise, outliers, and temporal
inconsistencies (Wang et al., 2021).

Numerous machine leaming algorithms, including artificial
neural networks, Random Forest, and model tree approaches,
have already demonstrated their potential for predicting
wastewater treatment performance (Kumar & Deswal, 2020).
Machine leamning has also been successfully applied to
specialised monitoring tasks such as odor classification around
wastewater treatment facilities (Cangialosi et al., 2021).

Although these challenges are commonly discussed as
independent preprocessing tasks, they rarely occur in isolation.
Their interaction highlights the need to view data quality
assessment as the basis for selecting appropriate
preprocessing strategies, which forms the central concept of the
framework proposed in this review.

Data Quality Dimensions for Machine Learning
Readiness

Data quality assessment forms the foundation of reliable
machine learning because it determines the suitability of the
available data for machine learning and guides the selection of
appropriate preprocessing strategies. Its importance is
particularly evident in environmental monitoring systems, where
heterogeneous data sources, long-term observations, and
dynamic processes introduce multiple  quality-related
challenges.

Unlike traditional information systems, where data quality is
primarily evaluated in terms of correctness and completeness,
machine learning applications require additional characteristics
that directly influence model training, generalisation, and
robustness. In this review, data quality is organised into four
functional dimensions — completeness, reliability, temporal
consistency, and informativeness — which encompass the most
common  challenges  encountered  when  preparing
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environmental monitoring data for machine learning. Their
relationships, associated challenges, impacts on machine

learning, and corresponding preprocessing strategies are

summarised in Table 1.

Table 1. Data quality assessment framework

DATA QUALITY DIMENSIONS

m Typical problems Impact on ML Recommended methods

Inconsistent sampling
frequency

Time lag/ synchronization
Non-stationarity

Degree to which data are
temporally aligned and
consistent

# Missing data ratio
Extent to which data are <4 Pattems of missingness
complete and not missing + Temporal coverage
+ Qutlier rate
Degrees to which data are <4 Sensorfinstrument
accurate and consistent with reliability
reality 4+ Measurement error
i
i
i

Low signal-to-noise ratio
Feature redundancy
Multicollinearity

Degree to which data contain

-

useful information for the
target task

4+ Reduced prediction
accuracy
+ Biased model estimates

4+ Model instability

4+ OQverfitting

4+ Distorted temporal
relationships

4+ Reduced forecasting
performance

-+

Reduced interpretability

QUALITY ASSESMENT SUMMARY

Increased model complexity

4 |mputation

4 Interpolation

e -+

+*

Filtering
Outlier detection

Aggregation
Resampling
Synchronization

Principal component
analysis (PCA)
Feature selection
Factor analysis

Completeness

Data completeness refers to the extent to which the
information required for analysis is available and accessible. In
environmental monitoring systems, missing values may result
from sensor malfunctions, communication failures, power
outages, scheduled equipment maintenance, or human factors
associated with laboratory analyses.

Missing data reduce the amount of usable information,
distort the statistical properties of the dataset, decrease
prediction accuracy, and may limit the applicability of certain
machine learning algorithms. Systematic missingness is
particularly problematic, as the absence of data is associated
with specific processes or monitoring conditions rather than
occurring at random (Alejo-Sanchez et al., 2025).

In WWTPs, missing values commonly result from sensor
interruptions, laboratory sampling schedules, or differences in
sampling frequency (lvanova et al., 2024).

Reliability

Data reliability reflects the extent to which measurements
accurately represent the actual state of the monitored process.
Even when a dataset is complete, individual measurements may
be affected by noise, sensor errors, temporary equipment
malfunctions, improper calibration, or human errors during data
recording (Alferes & Vanrolleghem, 2016).

These imperfections may produce outliers or anomalous
observations that do not reflect the actual behaviour of the
monitored system (Kim et al., 2025). If not identified and

addressed in a timely manner, these observations may
significantly affect model training, particularly for machine
learning algorithms that are sensitive to data anomalies.

In WWTPs, unreliable measurements may directly affect
process control and treatment evaluation.

Temporal Consistency

A distinguishing characteristic of environmental monitoring
data is the variation in sampling frequencies across different
variables. While some parameters are recorded continuously or
at intervals of only a few minutes, others are measured daily,
weekly, or only when laboratory analyses are performed.

These differences complicate the integration of data into a
unified analytical dataset. Variations in temporal resolution may
lead to incorrect alignment, information loss, and misleading

relationships among variables.

In WWTPs, continuous sensor measurements must be
synchronised with laboratory analyses and meteorological
observations to ensure reliable modelling of environmental

processes.

Informativeness

Modern environmental monitoring systems generate a large
number of variables describing interconnected physical,
chemical, biological, and operational processes. As a result,
datasets often contain highly correlated variables, redundant

information, or
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features  with
(Bagherzadeh et al., 2021).

limited predictive value
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Using all available variables does not necessarily improve
machine learning performance. On the contrary, redundant or
irrelevant features may increase model complexity, raise
computational costs, and reduce the ability of models to
generalise to previously unseen data.

In WWTPs, identifying informative variables improves both
predictive accuracy and process interpretation.

The four functional dimensions presented in this section
provide a practical framework for organising the most common
data quality challenges encountered in environmental
monitoring. Together, they establish a direct link between data
quality assessment and preprocessing by identifying whether
data preparation should focus on missing data handling, data
cleaning, temporal harmonisation, or feature selection.

Data Quality-Driven Data Preparation

Data quality assessment does not directly improve
environmental monitoring data; rather, it guides the selection of
preprocessing strategies according to the characteristics of the
available dataset. Consequently, data preparation should be
regarded as a decision-driven rather than a fixed sequence of
operations.

Environmental data preparation comprises preprocessing
techniques that improve data suitability for machine learning.
Figure 1 presents the proposed data quality-driven workflow,
illustrating how each data quality dimension guides the selection
of appropriate preprocessing strategies before model
development. The following subsections review the principal
methods for handling missing data, improving data reliability,
ensuring temporal consistency, and enhancing data
informativeness.

Apply imputation strategy
v Mean/Median
¥" Interpolation
v KNN/MICE
v" Model-based

Is completeness
acceptable?

No,

Yes
l Apply noise/outlier handling

¥ Qutlier detection
v Filtering/smoothing
v" Robust methods
¥ Sensor calibration

Is reliability
acceptable?

Feature selection/dimensionality reduction
v’ Correlation analysis
v PCA/Factor analysis
v' LASSO/PFE
l Yes v Other methods
\i

Machine learning models
ML-
ready dataset Training / Validation / Testing

Fig. 1. Data quality-driven preprocessing workflow

Is informativeness
sufficient?

Handling Missing Data

Missing values are among the most common challenges in
environmental monitoring because they reduce the amount of
usable information, distort statistical properties, and negatively
affect model performance. They should therefore be addressed
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before machine learning model development (Algjo-Sanchez et
al., 2025).

Selecting an appropriate imputation technique requires
considering the missingness mechanism (MCAR, MAR, or
MNAR), the amount of missing data, and the characteristics of
the monitored environmental process. Common approaches
include interpolation techniques (linear, spline, and PCHIP) for
continuously measured variables and model-based approaches
such as k-nearest neighbours (kNN), Random Forest,
Expectation-Maximisation (EM), and Multiple Imputation by
Chained Equations (MICE) for multidimensional datasets.

In WWTP applications, missing observations commonly
result from sensor malfunctions, laboratory sampling schedules,
or differences in sampling frequency among data sources,
making the choice of an imputation strategy a direct outcome of
data quality assessment (Ilvanova et al., 2024).

Improving Data Reliability

Improving data reliability involves reducing measurement
errors and removing unreliable observations. The choice of
appropriate techniques depends on the nature and origin of the
identified deviations (Alferes & Vanrolleghem, 2016).

Random measurement noise is commonly addressed using
smoothing and filtering techniques, such as moving average,
median filtering, and the Savitzky—Golay filter, whereas
abnormal observations are typically detected using statistical
methods (e.g., Z-score and interquartile range) or machine
learning algorithms, including Isolation Forest, Local Outlier
Factor (LOF), DBSCAN, and One-Class Support Vector
Machines (Kim et al., 2025).

In environmental monitoring, extreme values may represent
genuine environmental events rather than measurement errors.
In WWTPs, for example, sensor fouling, calibration drift,
communication failures, and laboratory sampling errors are
common sources of unreliable measurements, highlighting the
importance of selecting appropriate filtering and outlier detection
techniques.

Temporal Alignment and Synchronisation

Environmental monitoring systems typically integrate data
from multiple sources that differ in sampling frequency, temporal
resolution, monitoring period, and recording time. Without
appropriate temporal synchronisation, these differences may
lead to incorrect variable matching, misleading relationships,
and reduced machine learning performance.

Common preprocessing techniques include aggregation,
resampling, interpolation, synchronisation, and time lag
correction. In more complex applications, cross-correlation
analysis, lag analysis, and Dynamic Time Warping (DTW) can
be used to identify temporal dependencies between variables.
However, excessive aggregation or inappropriate interpolation
may obscure the natural dynamics of the monitored processes
and reduce the information available for machine learning.

WWTPs provide a representative example of these
challenges, where continuous sensor measurements must be
integrated with laboratory analyses, operational records, and
meteorological observations collected at different temporal
resolutions.

Feature Selection and Dimensionality Reduction
Environmental monitoring systems often generate large

numbers of interrelated physical, chemical, biological, and

operational variables. Many of these variables are redundant or



[oduwHuk Ha MY ,Ce. WeaH Puncku®, Tom 69/2026 / Annual of the University of Mining and Geology “St. Ivan Rilski”. Vol. 69/2026

highly correlated, making dimensionality reduction an important
step in preparing datasets for machine learning.

Feature selection methods are commonly categorised into
filter, wrapper, and embedded approaches, whereas
dimensionality ~ reduction  techniques include Principal
Component Analysis (PCA), Factor Analysis (FA), and non-
linear methods, such as t-SNE, UMAP, and autoencoders.
Feature selection is generally preferred when preserving the
physical interpretation of variables is important, whereas
dimensionality reduction is more suitable for reducing data
complexity or extracting compact representations.

WWTPs are typical high-dimensional systems in which
operational, water quality, and meteorological variables are
monitored  simultaneously, making feature  selection,
dimensionality reduction, or their combination essential for
efficient machine learning.

The preprocessing strategies reviewed in this section
illustrate how different data quality challenges can be addressed
through appropriate data preparation techniques. Rather than
representing a fixed sequence of operations, these techniques
should be selected according to the specific quality
characteristics of the available dataset. These relationships are
integrated into the data quality-driven conceptual framework
presented in the following section.

A Conceptual Framework for Data Quality-Driven
Machine Learning in Environmental Monitoring

The literature reviewed in this study indicates that data
preprocessing is commonly treated as a sequence of technical
operations performed prior to machine learning model
development. In many cases, preprocessing techniques are
selected based on practical considerations or the characteristics
of a particular algorithm, without sufficient consideration of the
actual condition of the available data. Such an approach may
lead to suboptimal preprocessing decisions, ultimately reducing
the reliability and interpretability of machine learning models.

Based on the findings of this review, a conceptual data
quality-driven framework is proposed in which systematic data
quality assessment guides the selection of preprocessing
strategies according to the identified data quality issues rather
than following a predefined preprocessing workflow.

As illustrated in Figure 2, the framework begins with the
integration of heterogeneous environmental data, followed by
the assessment of four key data quality dimensions:
completeness,  reliability, temporal  consistency, and
informativeness. ~ This  assessment  determines  the
preprocessing strategies required before machine learning
model development.

Rather than prescribing a fixed preprocessing pipeline, the
proposed framework establishes explicit links between identified
data quality issues and the corresponding preprocessing
strategies. In this way, data preparation becomes an adaptive
process in which preprocessing decisions are driven by the
assessed condition of the available data, providing a transparent
basis for reliable machine learning in environmental monitoring.

Once these stages have been completed, the dataset is
better prepared for machine learning model development. By
explicitly linking preprocessing decisions to data quality
assessment, the proposed framework reduces the risk of
inappropriate preprocessing, improves model reliability and
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interpretability, and supports the development of more robust
and generalisable machine learning models.

Although illustrated using wastewater treatment plants, the
proposed framework is applicable to a broad range of
environmental monitoring systems, including air, water, sail,
climate, ecosystem, and smart sensing applications (Li et al.,
2026).

» Multiple sources

# Heterogeneous formats and
structures

» Raw and unprocessed

» Different sampling
frequencies

5e ()
RE

Raw
environmental

data

» Missing data

# Noise and outliers

» Temporal inconsistency
# High dimensionality and
redundancy

# Heterogeneity

Data quality
challenges

» Evaluate completeness,
o) reliability, temporal consistency
5 —_ and informativeness

»Summary of strengths,
weaknesses and priority issues
to be addressed

» Missing data imputation

# Noise and outliers handling
» Temporal alignment

# Feature selection/
Dimensionality reduction

Feedback loop for continuous improvement

Data quality-driven
preparation

» Improved predictive
performance

» Better interpretability
»Enhanced generalization
» Decision support for
operation and management

~ ‘Qllgl !,
-

Reliable machine
learning models

Fig. 2. Conceptual data quality-driven framework

Although the proposed framework is derived from a
comprehensive review of the literature, it remains conceptual in
nature and has not yet been validated through a unified
experimental study. Future research should validate the
proposed framework across different environmental monitoring
systems and compare its performance with conventional
preprocessing workflows.

Conclusion

The growing application of machine learning in
environmental monitoring places increasing demands on the
quality and preparation of the underlying data. Despite
continuous advances in machine leamning algorithms, the
reliability, robustness, and interpretability of predictive models
remain strongly dependent on data quality and the
appropriateness of the applied preprocessing strategies.
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This review examined the principal challenges associated
with preparing environmental monitoring data for machine
learning, focusing on the characteristics of environmental
datasets, the key dimensions of data quality, and the most
widely used preprocessing techniques. Wastewater treatment
plants served as the representative application, illustrating
challenges that are common across many environmental
monitoring systems.

The principal contribution of this review is a conceptual data
quality-driven framework linking data quality assessment with
preprocessing strategy selection. Though developed for
environmental monitoring, its principles are applicable to other
domains characterised by heterogeneous, multidimensional,
and dynamic datasets.

Future research should focus on validating the proposed
framework using diverse real-world environmental datasets and
developing intelligent decision-support systems for data quality
assessment capable of automatically recommending
appropriate preprocessing strategies according to dataset
characteristics. Such developments could further improve the
reliability of machine learning models and support more effective
environmental monitoring and decision-making. Ultimately,
reliable machine learning begins with systematic data quality
assessment and appropriate data preparation.
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