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Abstract

Empirical evaluation plays a central role in the development and comparison of time series fore-
casting methods. Despite this importance, prevailing benchmarking practices often rely on ad
hoc, poorly justified dataset selection procedures. This lack of rigour leads to systematic bias
and "cherry-picking" effects, where performance claims are based on favourable data subsets that
fail to generalise to broader populations. To address these limitations, this dissertation proposes
a systematic, feature-based framework for auditing the representativeness of time series bench-
marks a priori, enabling practitioners to detect potential bias in dataset selection without requiring
empirical model comparisons.

By representing individual time series as vectors of structural characteristics, the framework
embeds large collections of time series into a measurable feature space. Benchmark quality is
then quantified using geometric and distributional metrics, such as Coverage, Maximum Mean
Discrepancy (MMD), and Wasserstein distance, to assess a dataset’s alignment with a large-scale
global reference corpus.

Empirical application of this framework reveals a weak-to-moderate correlation between rep-
resentativeness metrics and rank stability, with coverage and distributional distance metrics emerg-
ing as the most consistent predictors. A subsequent diagnostic experiment, in which standard
structural features were replaced by rank-based features derived directly from model evaluation,
produced strong correlations between representativeness and rank stability, confirming that the
auditing framework itself is valid and the current bottleneck lies in the limited expressiveness of
standard statistical features, which do not fully capture the inductive biases in dataset selection.

Ultimately, this work provides a tool for objective benchmark auditing. By establishing a
formal link between dataset composition and model ranking stability, this dissertation paves the
way for more transparent, reliable, and bias-aware empirical practices in time series forecasting.

Keywords: time series forecasting, benchmarking, dataset selection bias, dataset representative-
ness, feature-based auditing, rank stability.
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Resumo

A avaliação empírica desempenha um papel central no desenvolvimento e comparação de métodos
de previsão de séries temporais. Apesar desta importância, as práticas de benchmarking predo-
minantes assentam frequentemente em procedimentos de selecção de conjuntos de dados ad hoc
e pouco fundamentados. Esta falta de rigor conduz a enviesamentos sistemáticos e a efeitos de
cherry-picking, em que as afirmações sobre desempenho baseiam-se em subconjuntos de dados
favoráveis que não se generalizam a populações mais amplas. Para colmatar estas limitações, esta
dissertação propõe um framework sistemático, baseado em características estruturais, para audi-
tar a representatividade de benchmarks de séries temporais a priori, permitindo aos utilizadores
detectar potenciais enviesamentos na selecção de dados sem necessitar de comparações empíricas
entre modelos.

Ao representar séries temporais individuais como vectores de características estruturais, o
framework transforma grandes colecções num espaço de características quantificável. A quali-
dade do benchmark é então quantificada através de métricas geométricas e distribucionais, como
Coverage, Maximum Mean Discrepancy (MMD) e distância de Wasserstein, para avaliar o alin-
hamento de um conjunto de dados com um corpus de referência global de grande escala.

A aplicação empírica do framework revela correlações fracas a moderadas entre as métricas
de representatividade e a estabilidade dos rankings, sendo as métricas de cobertura e de distância
distribucional as que apresentam maior consistência preditiva. Uma experiência de diagnóstico
subsequente, na qual as características estruturais padrão foram substituídas por características
baseadas em rankings derivadas directamente da avaliação de modelos, produziu correlações fortes
entre representatividade e estabilidade dos rankings, confirmando que o framework de auditoria é
válido e que o principal obstáculo reside na expressividade limitada das características estatísticas
padrão, que não capturam plenamente os enviesamentos indutivos na selecção de datasets.

Em última análise, este trabalho disponibiliza uma ferramenta para uso na auditoria objectiva
de benchmarks. Ao estabelecer uma ligação formal entre a composição dos conjuntos de dados
e a estabilidade dos rankings de modelos, esta dissertação abre caminho para práticas empíricas
mais transparentes, fiáveis e conscientes do enviesamento na previsão de séries temporais.

Palavras-chave: previsão de séries temporais, benchmarking, enviesamento na seleção de dados,
representatividade de conjuntos de dados, auditoria baseada em características, estabilidade de
rankings.
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Chapter 1

Introduction

1.1 Context and Motivation

Time series forecasting (TSF) is essential to the success of various modern applications, includ-

ing finance (Kim, 2003; Sezer et al., 2020), energy systems (Martínez-Álvarez et al., 2011; Deb

et al., 2017), healthcare (Chimmula and Zhang, 2020; Kaushik et al., 2020), and industrial pro-

cesses (Kashpruk et al., 2023). Driven by the critical need for accurate predictions in strategic

decision-making (Hyndman and Athanasopoulos, 2021), considerable effort has been devoted to

improving forecasting accuracy, leading to the development of methods ranging from classical

statistical models to complex deep learning architectures (Lim and Zohren, 2021; Hochreiter and

Schmidhuber, 1997; Box and Pierce, 1970). To evaluate these advancements reliably, large public

repositories such as the M-competitions (Makridakis and Hibon, 2000; Makridakis et al., 2020,

2022), the UCR archive (Dau et al., 2019), and the Monash Forecasting Archive (Godahewa et al.,

2021) have been established. By providing standardised, reproducible testing environments, these

repositories serve as indispensable benchmarks and are widely regarded as neutral proxies for

real-world forecasting scenarios.

Despite the availability of these comprehensive resources, recent work has exposed critical

flaws in the conduct of empirical evaluations in TSF (Roque et al., 2025; Hewamalage et al.,

2023). Driven by factors such as computational constraints, current benchmarking practices often

entail methodological compromises. Three recurring issues can be broadly identified:

1. Inconsistent evaluation settings across studies, such as the choice of error measures and

validation protocols (Hewamalage et al., 2023);

2. Benchmark datasets whose statistical properties fail to reflect the data encountered in prac-

tical forecasting applications (Koh et al., 2021);

3. Conclusions drawn from a few datasets, or from isolated subsets extracted from larger

archives (Roque et al., 2025).

1



2 Introduction

This dissertation focuses on the third issue, which has received comparatively less method-

ological attention. The work that does exist approaches it retrospectively, identifying and quanti-

fying the consequences of biased dataset selection after evaluation (Roque et al., 2025). However,

no principled methodology has yet been proposed to guide benchmark construction and prevent

this bias from arising in the first place. This dissertation addresses that gap.

1.2 Research Question and Objectives

The overarching objective of this dissertation is to mitigate dataset selection bias in time-series

forecasting by establishing a systematic framework for assessing the representativeness of bench-

mark datasets prior to model evaluation. Rather than focusing on forecasting accuracy itself, the

aim is to improve the reliability, robustness, and reproducibility of empirical conclusions in fore-

casting research.

Concretely, this work pursues three aims: (i) providing a principled basis for assessing bench-

mark representativeness in time series forecasting; (ii) enabling the detection of biased dataset

selections prior to experimental evaluation; and (iii) supporting the construction of balanced, di-

verse benchmarking subsets that more faithfully reflect a target domain or population.

To achieve these objectives, the proposed approach relies on a feature-based characterisation of

time series datasets (Fulcher and Jones, 2017; Lubba et al., 2019; Barandas et al., 2020; Hyndman

et al., 2019), which allows benchmark collections to be analysed and compared as distributions

in a common representation space. Within this space, statistical distance measures procedures are

used to assess representativeness and identify potential selection bias (Façoco et al., 2025). The

effectiveness of the proposed framework is then evaluated empirically by analysing its impact on

benchmark stability, model ranking consistency, and the reproducibility of experimental results.

Ultimately, these aims and methodological steps are designed to address the central research

question guiding this dissertation:

• RQ: How to leverage time series feature extraction, and distributional analysis to quantify

the representativeness of a candidate dataset relative to the population of time series it is

intended to proxy?

This question is decomposed into three more granular sub-questions:

• RQ1: To what extent can structural time series features characterise the composition of a

benchmark dataset relative to a broader reference population?

• RQ2: How effectively can feature-based distributional metrics quantify and detect lack of

representativeness within benchmark datasets?

• RQ3: To what extent can the proposed representativeness metrics act as an a priori indicator

of model rank instability caused by dataset selection bias?



1.3 Outline 3

1.3 Outline

In addition to the present chapter, the remainder of this dissertation is organised as follows:

• Chapter 2: Literature Review reviews the relevant literature and key concepts founda-

tional to this research. It covers time series forecasting methodologies, current empirical

evaluation practices, and feature-based dataset representation. Furthermore, it examines

existing work on benchmarking bias and dataset auditing, establishing the context and iden-

tifying the gaps this dissertation addresses.

• Chapter 3: Methodology formalises the research problem and presents the proposed frame-

work, a tool-agnostic methodology for quantifying the representativeness of a benchmark

dataset with respect to a reference corpus. It describes the framework’s conceptual com-

ponents: the mapping of time series into a structural feature space, the representativeness

metrics used to compare feature distributions, and the rank stability measures used to char-

acterise model ranking behaviour.

• Chapter 4: Experimental Setup and Results describes the empirical instantiation of the

framework — including the reference corpus, the forecasting models, and the audit protocol

— and presents the results of the dataset audits. It reports the correlation analysis between

representativeness scores and model rank stability, contrasting the global audit with the tem-

porally isolated same-frequency audit. It further details a rank-based diagnostic experiment

that isolates the framework’s geometric effectiveness from the limitations of the statistical

feature space.

• Chapter 5: Conclusion and Future Work summarises the main contributions and the

answers to the research questions. It discusses the limitations of the proposed approach and

outlines directions for future research, such as integrating meta-learning landmarkers.
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Chapter 2

Literature Review

This chapter provides an overview of the theories and methods for evaluating empirical results in

time series forecasting. It focuses on benchmarking practices and dataset selection, summarising

the existing literature on TSF methodologies, evaluation metrics, and statistical tools for dataset-

level analysis. By highlighting the limitations of existing benchmarking, particularly concerns

about representativeness and ranking variability, this review establishes the motivation for the

methodology presented in the following chapter.

The rest of this chapter is organised as follows. Section 2.1 introduces the basics of time series

data and reviews fundamental concepts, such as the structural characteristics of temporal data.

Section 2.2 reviews the evolution of TSF methodologies, from classical statistical methods through

machine learning and deep learning architectures, including the distinction between local and

global training strategies. Section 2.3 examines the various metrics and validation protocols used

to evaluate forecasting performance, the benchmark datasets currently driving empirical research,

and the role of model rankings in comparative evaluation. Section 2.4 analyses the challenges in

current benchmarking practices, focusing on dataset selection bias and the limitations of existing

mitigation strategies. Section 2.5 presents feature-based representations, which map time series

into a vector space to enable auditing and selection. Section 2.6 reviews distributional discrepancy

measures used to quantify how far a benchmark deviates from a reference distribution. Finally,

Section 2.7 concludes the chapter by summarising the main findings and synthesising identified

research gaps, providing a clear justification for the methodology developed.

2.1 Fundamentals of Time Series Forecasting

A time series is a sequence of data points arranged in chronological order. It is usually repre-

sented as Y = {y1,y2, . . . ,yT} for a univariate case, where only one variable is measured over time.

A multivariate time series extends this concept by analysing multiple variables simultaneously.

These points can be recorded with different frequencies, such as daily and monthly (Hyndman and

Athanasopoulos, 2021).

5
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Time Series Forecasting involves estimating future values of a stochastic process based on its

past realisations (Hyndman and Athanasopoulos, 2021). Formally, let {yt}T
t=1 denote an observed

univariate time series. Given an information set IT = {y1, . . . ,yT} available at time T , the task is

to produce predictions {ŷT+h}H
h=1 over a forecast horizon H through a forecasting function f (·)

such that:

ŷT+h = f (IT ), h = 1, . . . ,H (2.1)

where f (·) is designed to capture the temporal dependence and structural patterns present in the

data.

In the machine learning paradigm, forecasting is treated as a supervised regression task. Rather

than modelling the temporal process directly, the series is unrolled into a tabular structure through

a procedure known as time-delay embedding (Bontempi et al., 2013). Concretely, a window of

length L (the lookback or input size) slides across the series: at each position t, the L preceding

observations form a predictor vector xt = [yt−1,yt−2, . . . ,yt−L ]
⊤ ∈ RL, paired with the value yt

to be predicted. Collecting these pairs yields a training set S = {(xt ,yt)}T
t=L+1 suitable to any

standard regression learner. The lookback length L thus acts as a modelling lever, governing how

much historical context the learner can exploit. When the data comprises not a single series but

a collection of related series, this embedding step is applied to each series independently, and

the resulting supervised pairs are pooled into a single corpus. Denoting the per-series training

sets as S (1), . . . ,S (K) for K series, the global learner is fitted on their union Sglob =
⋃K

k=1 S (k),

allowing a single parameter set to absorb regularities shared across the collection (Montero-Manso

and Hyndman, 2021).

Unlike traditional machine learning, which typically assumes observations are independent

and identically distributed, time series data violate this assumption by construction (Hyndman and

Athanasopoulos, 2021; Box et al., 2015). Observations at any given time t are correlated with

past values, and these temporal dependencies pose specific challenges for model evaluation —

requiring validation strategies such as temporal split approaches to prevent information leakage

(Bergmeir and Benítez, 2012; Bergmeir et al., 2018).

A common analytical method represents a univariate time series as a combination of hid-

den structural components. Decomposing a series into these components makes it possible to

model each source of variation separately, improving both interpretability and forecasting accu-

racy. These main components are usually described as follows (Adhikari and Agrawal, 2013;

Hyndman and Athanasopoulos, 2021):

• Trend–Cycle Component: Represents the long-term movement of the series, capturing

persistent increases or decreases as well as non-periodic cyclical behaviour.

• Seasonal Component: Describes systematic and calendar-related patterns that repeat at

fixed and known frequencies, such as daily, weekly, or annual cycles.

• Remainder Component: Encompasses irregular and unpredictable variations that are not

explained by trend or seasonality, including noise and external disturbances.
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Beyond these standard components, time series often exhibit additional complexities, such as

non-stationarity, structural breaks, regime changes, and missing or corrupted observations (Box

et al., 2015; Hyndman and Athanasopoulos, 2021). Such irregularities can significantly impact

both model behaviour and the validity of empirical performance comparisons.

The presence and interaction of these structural properties differ across applications and datasets.

This leads to notable differences within large forecasting collections (Godahewa et al., 2021;

Makridakis et al., 2020). Such structural heterogeneity means that empirical conclusions are inher-

ently conditioned on the datasets chosen for evaluation, a dependency that is rarely made explicit

in benchmarking studies. Characterising the distribution of structural properties across benchmark

collections should therefore be a prerequisite for reliable and generalisable empirical evaluation.

2.2 Forecasting Methodologies

Forecasting methodologies have evolved substantially over the past decades, driven by advances

in statistical theory, computational capacity, and the growing availability of large-scale time series

data. This section traces that evolution across four paradigms: classical statistical models, machine

learning approaches, deep learning architectures, and the distinction between local and global

training strategies.

2.2.1 Statistical Time Series Methodologies

Early forecasting methodologies were predominantly grounded in classical statistical analysis,

with ARIMA and Exponential Smoothing forming the foundational base of the field (Box and

Pierce, 1970; Box et al., 2015; Hyndman et al., 2008). ARIMA models combine autoregression,

differencing, and moving averages to capture linear dependencies and trends in stationary se-

quences (Box and Pierce, 1970; Box et al., 2015). Exponential smoothing methods, such as Holt-

Winters, model trend and seasonality through weighted averages of past observations (Hyndman

et al., 2008). These approaches are characterised by explicit probabilistic formulations that are

interpretable and well understood theoretically (Box et al., 2015; Hyndman et al., 2008), and are

typically applied independently to each individual series (Montero-Manso and Hyndman, 2021).

Despite their strengths, classical methods carry important limitations. ARIMA requires the

series to be stationary and depends on careful manual selection of differencing and lag parame-

ters (Box and Pierce, 1970; Box et al., 2015). Exponential smoothing methods can struggle with

complex or multiple seasonal patterns (Hyndman et al., 2008). More broadly, the assumption

of linearity restricts their ability to capture non-linear dynamics present in many real-world se-

ries (Box et al., 2015; Adhikari and Agrawal, 2013). Empirical evaluation under this paradigm

was conducted on relatively small, carefully curated datasets (Makridakis and Hibon, 2000) — a

practice that persists in some benchmarking traditions today.
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2.2.2 Machine Learning Methodologies

The supervised learning framing introduced in the previous section enabled the application of a

broad class of machine learning algorithms to forecasting. Ensemble methods such as Random

Forests and Gradient Boosting became widely adopted due to their ability to capture non-linear

relationships without requiring explicit model specification (Breiman, 2001; Chen and Guestrin,

2016). These approaches relax the linearity assumptions of classical methods and can naturally

incorporate exogenous features, calendar effects, and cross-series information within the tabu-

lar input structure, with tree-based implementations in particular demonstrating strong empirical

performance (Januschowski et al., 2022).

That said, their performance is intrinsically linked to the quality of the feature representa-

tion, with feature engineering as the primary lever practitioners use to improve results in practice

(Januschowski et al., 2022). This dependence on feature engineering introduced a new source

of experimental variability, making fair cross-study comparisons difficult when preprocessing

choices are not standardised. Compounding this, the lack of consensus on performance estimation

procedures further undermines the reliability of cross-study comparisons (Cerqueira et al., 2020).

2.2.3 Deep Learning for Time Series Forecasting

Deep learning introduced a fundamentally different approach to forecasting: rather than specify-

ing an explicit model structure, these methods learn temporal representations directly from data

through flexible function approximation (Lim and Zohren, 2021). The earliest deep learning ar-

chitectures applied to forecasting were Recurrent Neural Networks (RNNs) (Elman, 1990) and

their variants, notably Long Short-Term Memory (LSTM) networks (Hochreiter and Schmidhu-

ber, 1997), which were designed to capture long-range dependencies in sequential data through

gated memory mechanisms. While effective, recurrent architectures are prone to vanishing gradi-

ents and are computationally expensive to train on long sequences (Bengio et al., 1994).

Transformer-based architectures, originally developed for natural language processing (Vaswani

et al., 2017), were subsequently adapted to time series forecasting and demonstrated strong per-

formance across a range of benchmarks (Wen et al., 2023). Their self-attention mechanism allows

each position in the input sequence to attend directly to every other position, enabling the capture

of complex long-range dependencies without the sequential bottleneck of recurrent models. How-

ever, this comes at the cost of quadratic computational and memory complexity with respect to

sequence length, motivating efficient variants such as the Informer (Zhou et al., 2021).

Despite the apparent dominance of Transformer-based models on forecasting leaderboards, a

critical study by Zeng et al. demonstrated that a simple one-layer linear model could outperform

state-of-the-art Transformer architectures across multiple standard benchmarks (Zeng et al., 2023).

This finding raised fundamental questions about whether reported improvements reflected genuine

modelling advances or were artefacts of experimental design — a concern documented across the

forecasting literature (Hewamalage et al., 2023) and directly relevant to the benchmarking prob-

lem addressed in this dissertation. It also renewed interest in simpler, computationally efficient
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architectures, including MLP-based models such as NHITS (Challu et al., 2023) and TiDE (Das

et al., 2023).

Deep learning models support diverse forecasting setups — point, interval, and probabilistic

— and can incorporate covariates, calendar effects, and cross-series information. Their capacity

to scale across large, heterogeneous collections of time series makes them particularly relevant in

global forecasting settings (Salinas et al., 2020).

2.2.4 Local and Global Forecasting Methodologies

Forecasting approaches can also be distinguished according to the scope over which models are

trained (Januschowski et al., 2020). In local forecasting methodologies, a separate model is fitted

independently to each individual time series, allowing model parameters to be specialised to the

dynamics of a single sequence. This strategy is commonly used in traditional statistical forecasting

and in settings where series exhibit highly idiosyncratic behaviour.

Global forecasting methodologies, in contrast, train a single model simultaneously across a

collection of multiple time series (Januschowski et al., 2020). By sharing parameters across se-

ries, global models can exploit common temporal patterns that would be invisible to a local model

operating on a single sequence. Crucially, empirical evidence has established that global models

frequently outperform local counterparts even across highly heterogeneous collections (Montero-

Manso and Hyndman, 2021; Godahewa et al., 2021). The performance advantage is attributed to

cross-series generalisation, whereby the model learns to identify and transfer structural represen-

tations across different subsets of the data space.

This distinction between local and global training is directly relevant to benchmarking. Be-

cause global models possess the capacity to learn complex, domain-specific representations, a

dataset collection used to evaluate them must be sufficiently diverse to reflect the true variance of

real-world scenarios. A benchmark composed of structurally homogeneous series may inadver-

tently reward global models that overfit to a narrow set of patterns. Evaluating models on such

restricted subsets inflates their apparent generalisation capability, yielding biased performance es-

timates compared to those obtained in a truly representative evaluation setting (Roque et al., 2025).

2.3 Evaluating Forecasting

2.3.1 Evaluation Metrics and Cross-Dataset Comparability

The evaluation of forecasting models depends on quantitative measures that summarise the differ-

ences between observed values and their corresponding forecasts. In time series forecasting, these

measures help compare performance across different forecast horizons, series, and datasets. They

are important for large-scale benchmarking studies (Hyndman and Koehler, 2006). Different types

of metrics capture various aspects of forecast error and reflect different assumptions about scale,

symmetry, and comparability across datasets. The most commonly used forecasting metrics in the

literature can be broadly categorised as follows:
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• Absolute error metrics quantify the magnitude of forecast errors in the same scale as the

observed data. A commonly used example is the Mean Absolute Error (MAE),

MAE =
1
H

H

∑
h=1

|yT+h − ŷT+h|,

while the Root Mean Squared Error (RMSE),

RMSE =

√
1
H

H

∑
h=1

(yT+h − ŷT+h)2,

places greater emphasis on larger deviations. Although intuitive within individual datasets,

both metrics are inherently scale-dependent, limiting their suitability for aggregation across

heterogeneous collections.

• Percentage error metrics express forecast errors relative to the magnitude of the observed

values. A classical example is the Mean Absolute Percentage Error (MAPE),

MAPE =
100
H

H

∑
h=1

∣∣∣∣yT+h − ŷT+h

yT+h

∣∣∣∣ ,
which aims to provide a scale-free comparison. However, percentage-based metrics are sen-

sitive to small or zero-valued observations and may exhibit asymmetric error penalisation.

• Relative error metrics evaluate forecast performance with respect to a reference or bench-

mark model. A common way to show error ratios is to compare a candidate model to a

baseline forecast, framing evaluation in comparative rather than absolute terms.

RelErr =
∑

H
h=1|yT+h − ŷT+h|

∑
H
h=1|yT+h − ŷref

T+h|
,

• Scaled error metrics normalise forecast errors using statistics derived from the training data

or from a benchmark forecast. An example is the Mean Absolute Scaled Error (MASE),

MASE =
1
H ∑

H
h=1|yT+h − ŷT+h|

1
T−m ∑

T
t=m+1|yt − yt−m|

,

where m denotes the seasonal period, this formulation enables scale-independent compari-

son across time series with differing magnitudes and units.

The choice of metric is therefore not merely a technical convention — it encodes assumptions

about what constitutes good forecast performance and directly shapes how models are ranked in

comparative studies (Hyndman and Koehler, 2006; Hewamalage et al., 2023).
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Beyond metric selection, the validity of evaluation results depends on how forecast perfor-

mance is estimated. The temporal dependence structure of time series data violates the indepen-

dence assumption underlying standard k-fold cross-validation, necessitating evaluation protocols

that respect chronological ordering (Bergmeir and Benítez, 2012; Bergmeir et al., 2018). Together,

metric choice and evaluation protocol determine the reliability of empirical comparisons, and both

are sensitive to the statistical composition of the datasets on which they are applied (Roque et al.,

2025; Hewamalage et al., 2023).

2.3.2 Model Rankings and Comparative Evaluation

Beyond individual error metrics, empirical studies in forecasting frequently summarise model

performance through rankings — ordinal comparisons that indicate which methods perform best

across a set of datasets or series. Rankings offer an intuitive summary of relative model quality

and are widely used in large-scale benchmarking studies and forecasting competitions to identify

state-of-the-art methods (Makridakis et al., 2020; Godahewa et al., 2021).

Rankings are typically derived by aggregating per-series or per-dataset error scores, either

through average rank, win-count statistics, or the aggregation of scale-independent metrics (such

as MASE). To ensure that observed differences in rankings are not merely due to random vari-

ance, rigorous evaluations couple these ordinal summaries with statistical significance testing,

such as the Friedman test or the Diebold-Mariano test (Hewamalage et al., 2023). Furthermore,

when analysing the stability of a model’s performance across different evaluation conditions, rank-

based correlation measures are employed. Spearman’s rank correlation (Zar, 2005) and Kendall’s

τ (Kendall, 1938) are standard choices, as they quantify the degree of agreement between two

orderings without assuming a linear relationship between the underlying scores.

However, model rankings are profoundly sensitive to a range of methodological choices that

extend beyond the metric or statistical test used. The selection of datasets, the forecast horizon,

the choice of baseline models, and the validation protocol can all substantially alter the relative

ordering of methods (Roque et al., 2025; Hewamalage et al., 2023). A model that ranks first on

one subset of datasets may rank last on another, even when both subsets are drawn from the exact

same archive (Roque et al., 2025). This instability suggests that reported rankings often reflect

the specific datasets and conditions under which they were produced just as much as they reflect

genuine algorithmic superiority.

This observation is central to the present dissertation. When benchmark composition system-

atically influences model rankings, the representativeness of the benchmark — the degree to which

it reflects the target population of time series — becomes a strict prerequisite for drawing reliable

conclusions from any comparative evaluation. Establishing principled tools to assess this repre-

sentativeness is therefore not merely a methodological refinement, but a fundamental condition

for the validity of empirical claims in forecasting research (Roque et al., 2025; Koh et al., 2021).
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2.3.3 Validation Protocols and Temporal Consistency

In time series forecasting, the design of validation protocols is a fundamental component of em-

pirical evaluation, as it defines how forecasting performance is estimated and compared. Because

time series observations are ordered sequentially by construction, standard validation strategies

typically preserve this chronological structure. While cross-validation has been shown to be em-

pirically viable for time series when blocked schemes are used (Bergmeir and Benítez, 2012),

and theoretically valid for purely autoregressive models provided the candidate models have un-

correlated errors (Bergmeir et al., 2018), preserving temporal order remains the mandated best

practice to prevent future-to-past information leakage in real-world, non-stationary data (Hewa-

malage et al., 2023).

Standard practice, therefore, involves holdout evaluation or rolling-origin protocols. In a hold-

out setup, the model is trained on an initial chronological period and assessed on a subsequent,

unseen forecast horizon (Cerqueira et al., 2020). Building on this, rolling-origin evaluation (also

known as walk-forward validation or time series cross-validation) involves evaluating forecasts

from multiple sequential starting points. By re-estimating models across different time frames

and shifting the forecast origin forward, this approach enables the aggregation of performance

metrics across multiple test horizons, providing a more comprehensive and robust view of model

behaviour over time (Hewamalage et al., 2023; Cerqueira et al., 2020).

Taken together, choices regarding windowing strategies, horizon lengths, and update frequen-

cies constitute a critical but often under-reported dimension of experimental configuration. This

variation across studies can substantially affect the conclusions drawn about relative model per-

formance (Cerqueira et al., 2020; Hewamalage et al., 2023), further highlighting the need for

rigorously standardised benchmarking practices.

2.3.4 Benchmarking Datasets

Benchmark datasets serve as shared reference points for comparing forecasting methods and sub-

stantiating methodological claims. The availability of public repositories and standardised bench-

marks has substantially improved the reproducibility and transparency of empirical results, en-

abling large-scale comparative studies across diverse application domains.

The landscape of benchmarking has evolved through a continuous effort to build expansive

repositories and organise global forecasting competitions. These initiatives aggregate datasets

from various sources, sectors, and temporal scales. Prominent examples include the long-running

M-competitions (Makridakis and Hibon, 2000; Makridakis et al., 2020, 2022) and the compre-

hensive Monash Time Series Forecasting Archive (Godahewa et al., 2021). Alongside these ag-

gregated archives, specific multivariate datasets—such as those encompassing energy consump-

tion, traffic flow, and weather patterns—have become standard benchmarks in the deep learning

forecasting literature (Zeng et al., 2023). Collectively, these collections are designed to provide

structural diversity, encompassing a wide range of seasonal patterns, temporal frequencies, and

dynamic behaviours.
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More recently, efforts have shifted towards designing benchmarks explicitly curated for breadth

and representativeness, expanding the range of domains, frequencies, and prediction horizons cov-

ered by standard evaluation (Aksu et al., 2024; Shchur et al., 2025).

Underlying this design is the assumption that a sufficiently diverse collection of datasets can

serve as a proxy for real-world forecasting complexity (Godahewa et al., 2021; Makridakis et al.,

2020). When this assumption holds, performance aggregated across a benchmark collection gen-

eralises meaningfully to unseen domains. When it does not, because the selected datasets are

unrepresentative or systematically skewed, the resulting conclusions may be misleading, regard-

less of the care taken in model design or metric selection.

In large-scale benchmarking frameworks, performance is assessed by aggregating error met-

rics across multiple datasets, relying on scale-independent measures such as the Mean Absolute

Scaled Error (MASE) or relative errors to ensure comparability across series with differing mag-

nitudes (Hyndman and Koehler, 2006; Makridakis et al., 2020). The validity of these aggregated

conclusions, however, depends critically on whether the underlying dataset collection is truly rep-

resentative of the target domain—a fundamental dependency that is rarely formally audited prior

to evaluation.

2.4 Challenges and Mitigation Strategies in Time Series Benchmark-
ing

Benchmarking serves as the primary mechanism for empirical validation in time series forecasting,

substantiating scientific claims through shared repositories and standardised evaluation protocols

(Makridakis and Hibon, 2000; Godahewa et al., 2021; Qiu et al., 2024; Aksu et al., 2024). How-

ever, the reliability of these empirical conclusions often depends on methodological assumptions

about the neutrality and composition of the datasets used (Roque et al., 2025).

2.4.1 Current Mitigation Approaches

Several research trajectories have emerged to address dataset selection bias and improve the relia-

bility of the empirical evaluation infrastructure. One prominent approach is expanding data scale

through large-scale repositories and competitions. The M-competitions, for instance, have pro-

gressively increased evaluation diversity through carefully curated collections (Makridakis et al.,

2020, 2022). Concurrently, the introduction of the Monash Forecasting Archive (Godahewa et al.,

2021) — inspired by the success of the UCR archive in the adjacent field of time series classifica-

tion (Dau et al., 2019) — has finally broadened standard access to multi-domain forecasting data.

Beyond curated academic environments, forecasting competitions on platforms such as Kaggle

provide access to high-dimensional, real-world data. These environments are increasingly recog-

nised as valuable learning opportunities, showcasing the effectiveness of complex machine learn-

ing and cross-learning strategies on corporate-style datasets (Bojer and Meldgaard, 2021). How-

ever, because their primary focus is on maximising predictive performance rather than enforcing
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controlled experimental designs, they represent a different paradigm from formal benchmarking.

Beyond data availability, recent frameworks have focused on reducing experimental variability

by standardising preprocessing pipelines, splitting strategies, and reporting conventions (Qiu et al.,

2024; Aksu et al., 2024). More sophisticated still, recent benchmarks such as GIFT-Eval (Aksu

et al., 2024) and FEV-Bench (Shchur et al., 2025) have been deliberately curated for breadth and

representativeness, explicitly recognising that benchmark design is itself a methodological choice

with direct consequences for the validity of empirical conclusions. Complementarily, synthetic

generation frameworks such as GRATIS have been proposed to explore the instance space by

creating series with diverse and controllable statistical properties (Kang et al., 2020).

Despite these significant methodological advancements, a fundamental vulnerability remains.

While standardisation frameworks ensure that models are evaluated consistently, the resulting con-

clusions remain strictly conditional on the benchmark’s composition. Providing massive archives,

curated benchmarks, or synthetic generators does not prevent researchers from selectively eval-

uating models on non-representative subsets. Indeed, model rankings remain highly sensitive to

the specific datasets included, even when evaluation protocols are rigorously fixed (Roque et al.,

2025). Consequently, while current mitigation approaches enhance data availability and protocol

standardisation, they do not inherently address the structural vulnerabilities embedded in dataset

selection practices.

2.4.2 Methodological Limitations and Bias

A significant gap in current practice remains the absence of a formal framework for subset selec-

tion. The extensive scale of modern forecasting archives, such as the Monash Repository, does not

guarantee that a selected portion is suitable for a specific experimental objective (Godahewa et al.,

2021). In the absence of rigorous selection criteria, convenience sampling remains prevalent.

Recent reviews of empirical evaluation practices vividly illustrate this vulnerability (Roque

et al., 2025). Despite the availability of massive archives, state-of-the-art deep learning architec-

tures are frequently evaluated on highly restricted subsets, typically comprising merely three to six

datasets. This heterogeneity becomes apparent when examining the benchmark choices adopted

by different architectural families. Methods designed for long-horizon forecasting, including In-

former (Zhou et al., 2021), NHITS (Challu et al., 2023), and TiDE (Das et al., 2023), are commonly

evaluated on datasets such as ETT, Electricity, and Traffic, which contain relatively few time se-

ries, each recorded over exceptionally long spans. By contrast, traditional forecasting benchmarks,

including the Tourism and M-competition collections (Makridakis and Hibon, 2000; Makridakis

et al., 2020), represent the opposite evaluation regime, comprising large numbers of comparatively

short series. The transition from N-BEATS to NHITS provides a particularly illustrative example

of this divide. Although NHITS is a direct architectural descendant of N-BEATS (Oreshkin et al.,

2020), its empirical evaluation shifted almost entirely towards long-horizon benchmarks, whereas

N-BEATS itself was originally validated on classical forecasting collections. Consequently, each

evaluation setting captures only a limited portion of the diversity encountered in practical fore-

casting applications.
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Within such heterogeneous collections, variations in noise levels, missing observations, and

seasonal structures imply that a model’s observed performance may reflect the specific composi-

tion of the data mix rather than its general algorithmic efficacy (Hyndman and Athanasopoulos,

2021; Godahewa et al., 2021). Empirical evidence confirms that performance rankings derived

from these practices are highly unstable (Roque et al., 2025). Sampling different subsets from

a single large-scale archive has been shown to alter the perceived ranking of methods, poten-

tially misidentifying certain algorithms as state-of-the-art due to peculiarities of the subset. This

sensitivity is often compounded by informal selection practices that overrepresent simpler, well-

behaved datasets while neglecting more complex sequences. Additionally, a persistent gap re-

mains between curated historical benchmarks and real-world environments, as the former often

mask the structural changes and distribution shifts inherent in live forecasting applications (Koh

et al., 2021).

Beyond dataset composition, the interaction between validation protocols and data selection

introduces further complexity. While temporally consistent protocols, such as rolling-origin eval-

uation, provide a structured approach to performance estimation, their outputs remain strictly con-

ditional on the underlying data quality. Empirical evidence suggests that even when validation

protocols are rigorously standardised, performance rankings fluctuate significantly depending on

the specific subsets and temporal segments selected (Cerqueira et al., 2020; Roque et al., 2025).

This dependency indicates that robust validation protocols, though necessary, are insufficient to

mitigate the systemic biases introduced by the selection of non-representative datasets. This limi-

tation underscores the critical need for formal, statistically grounded auditing frameworks applied

prior to model evaluation.

2.5 Feature-Based Representation of Time Series

The direct comparison of raw time series is unsuitable for dataset-level analysis, as it is highly

sensitive to scale, phase, sampling rate, and sequence length. Furthermore, raw representations

do not explicitly encode higher-level structural characteristics, such as the strength of seasonality,

trend complexity, or the noise regime. A widely adopted alternative is to represent each series

as a vector of descriptive features capturing statistical, temporal, spectral, and complexity-related

properties. Under this paradigm, a time series dataset is mapped to an empirical distribution in

a common feature space, enabling robust comparisons across diverse collections using standard

statistical tools.

Feature-based representations differ primarily in their trade-off between dimensionality and

interpretability. High-dimensional approaches prioritise domain-independent coverage by extract-

ing a massive range of features across multiple mathematical categories. The hctsa framework

exemplifies this strategy, cataloguing thousands of candidate metrics for exhaustive time series

characterisation (Fulcher and Jones, 2017). Similarly, libraries such as tsfresh (Christ et al., 2018)

and TSFEL (Barandas et al., 2020) provide large collections of generic features to minimise do-

main assumptions. While these high-dimensional representations are powerful for exploratory
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data analysis, they can complicate dataset auditing. Feature redundancy, multicollinearity, and the

mathematical instability of distance metrics in high-dimensional spaces (the curse of dimension-

ality) often obscure meaningful structural differences between datasets.

Compact alternatives address these challenges by prioritising a smaller, carefully curated fea-

ture set. For instance, catch22 isolates a subset of canonical features specifically selected for their

high discriminative power and computational efficiency (Lubba et al., 2019). In the specific con-

text of forecasting, the tsfeatures library (Hyndman et al., 2019) isolates aspects directly relevant to

predictive modelling, such as trend strength, seasonality, and spectral entropy. The direct link be-

tween these temporal features and model performance was empirically validated by the FFORMA

framework (Montero-Manso et al., 2020), which demonstrated that forecasting accuracy can be

predicted from time series features alone. This pivotal finding establishes that this feature space

captures the exact structural properties that drive model selection.

In auditing scenarios, relying on these compact, domain-relevant representations is crucial.

They not only stabilise the estimation of distributional distances but also provide clear, diagnos-

tic interpretations of the statistical shifts that occur when a benchmark subset diverges from its

reference population.

2.6 Distributional Discrepancy Measures

Assessing whether a benchmark dataset is representative of a target population can be framed as a

problem of quantifying distributional discrepancy between two empirical samples. The literature

offers several nonparametric approaches for this purpose that operate without strong assumptions

about the underlying data-generating processes.

Kernel-based two-sample methods, such as Maximum Mean Discrepancy (MMD), provide a

principled framework for assessing whether two empirical samples originate from the same un-

derlying distribution by comparing their mean embeddings in a reproducing kernel Hilbert space

(Gretton et al., 2012). Complementarily, Optimal Transport approaches characterise distributional

discrepancy through a geometric formulation, measuring the minimal cost required to transform

one empirical distribution into another, with Wasserstein distances being among the most widely

studied instances (Peyré and Cuturi, 2019; Flamary et al., 2021). These global measures are sen-

sitive to differences in the overall shape and spread of distributions, but do not capture local struc-

tural failures such as gaps in coverage or concentrated redundancy within a subset.

To address this, neighbourhood-based approaches analyse local distributional structure through

proximity relationships in feature space, enabling the detection of finer-grained representativeness

failures — such as a subset that is internally consistent but fails to cover peripheral regions of

the reference distribution. Metrics in this family, originally developed in the context of gener-

ative model evaluation (Sajjadi et al., 2018), decompose representativeness into complementary

dimensions of fidelity and coverage, providing richer diagnostic information than any single scalar

distance.
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Building on these foundations, the pyMDMA framework (Façoco et al., 2025; AICOS, 2024)

integrates both global and neighbourhood-based metrics into a unified auditing tool, originally

conceived for synthetic data quality assessment. Its multidimensional structure — combining

kernel-based distances, optimal transport costs, and local manifold-based metrics — makes it

directly applicable to the representativeness assessment of time series benchmark collections, as

employed in this dissertation.

2.7 Summary

Forecasting research is shaped not only by model design but also by the statistical properties of

the data and the evaluation protocols under which empirical claims are established. This chap-

ter examined these dimensions with particular emphasis on benchmarking practices and dataset

selection.

Time series data exhibit structural properties that fundamentally differentiate forecasting from

standard predictive modelling (Hyndman and Athanasopoulos, 2021; Box et al., 2015). These

properties complicate both model evaluation and cross-dataset comparison (Bergmeir and Benítez,

2012; Bergmeir et al., 2018), motivating careful consideration of metrics (Hyndman and Koehler,

2006), validation protocols (Cerqueira et al., 2020), and benchmark composition. While substan-

tial progress has been made in defining appropriate evaluation methodologies, empirical results

remain inherently conditional on the datasets to which they are applied.

Despite the widespread adoption of large-scale repositories and standardised evaluation pro-

tocols (Godahewa et al., 2021; Makridakis et al., 2020; Aksu et al., 2024), implicit assumptions

regarding dataset representativeness persist. Empirical evidence demonstrates that model rank-

ings and comparative conclusions can be highly sensitive to benchmark composition (Roque et al.,

2025), particularly when dataset selection is driven by convenience or historical precedent rather

than principled criteria (Koh et al., 2021). This sensitivity undermines the generalisability of

reported results and raises concerns regarding the external validity of empirical progress in fore-

casting research.

Several strategies have been proposed to mitigate these limitations, including expanding bench-

mark repositories (Makridakis et al., 2022; Godahewa et al., 2021), protocol-level standardisa-

tion (Qiu et al., 2024; Aksu et al., 2024; Shchur et al., 2025), and synthetic data generation (Kang

et al., 2020). While these approaches improve accessibility, reproducibility, and experimental cov-

erage, they do not provide explicit mechanisms to assess or guarantee the representativeness of a

selected benchmark subset with respect to a reference population or a user-defined target domain.

Finally, the chapter reviewed methodological foundations relevant to dataset-level auditing

and structuring. Feature-based representations enable heterogeneous time series to be embed-

ded in a common space (Fulcher and Jones, 2017; Lubba et al., 2019; Barandas et al., 2020;

Hyndman et al., 2019), where distributional discrepancy can be quantified using mathematically

grounded distance measures (Gretton et al., 2012; Peyré and Cuturi, 2019; Façoco et al., 2025).

Neighbourhood-based analysis further supports local similarity assessment and controlled subset
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construction (Sajjadi et al., 2018). Despite the maturity of these individual components, their in-

tegration into a unified a priori framework for auditing benchmark composition remains absent in

the forecasting literature.

A clear gap exists between current benchmarking practices and the need for principled, dataset-

centric methodologies that explicitly quantify representativeness and support the construction of

robust evaluation subsets. Addressing this gap constitutes the exact focus of the methodological

framework introduced in the following chapter.



Chapter 3

Methodology

3.1 Introduction

This chapter presents the framework, a general methodology for quantifying the representativeness

of a benchmark dataset with respect to a reference corpus of time series. The framework operates

entirely in feature space: each series is mapped to a vector of interpretable structural characteris-

tics, and representativeness is measured by the similarity between the candidate dataset’s feature

distributions and those of the reference corpus. This design makes the framework dataset-agnostic

— it can be applied to any collection of time series, at any frequency, from any domain. The cen-

tral premise is that a benchmark poorly covering the structural diversity of the reference corpus

will produce model rankings that are unreliable — valid locally but unlikely to generalise beyond

the specific characteristics of that dataset.

Figure 3.1 presents a high-level overview of the framework. The methodology proceeds

through three conceptual components, each described in the sections that follow: feature extrac-

tion and representation (Section 3.2), representativeness auditing (Section 3.3) and rank stability

measurement (Section 3.4)

3.2 Feature Extraction and Representation

The first step in the framework transforms each time series into a structured numerical represen-

tation. Each series Yi is mapped to a fixed-length feature vector zi ∈ RF , where F denotes the

number of extracted features. The resulting matrix Z ∈ RN×F encodes the structural properties of

an entire dataset of N series in a form amenable to distributional analysis.

The motivation for this transformation lies in the structural heterogeneity of time series data.

Series drawn from different domains tend to occupy distinct regions of the feature space, and a

dataset that covers only a narrow portion of that space may yield model rankings that hold locally

but fail to generalise. Instability in rankings across datasets, under this view, reflects genuine diver-

sity in the underlying data-generating processes rather than model inconsistency. By embedding

19
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Figure 3.1: High-level overview of the proposed framework. Each dataset (d1,d2, . . . ,dn) in the
reference corpus D is mapped via feature extraction into the reference feature set D∗. A candidate
dataset G undergoes the same transformation and is compared against D∗ in the audit step, which
quantifies its representativeness relative to the corpus.

raw series into a common feature space, representativeness becomes an objectively measurable

quantity — expressible as the distance and overlap between empirical distributions of Z.

The choice of feature extraction procedure determines which structural properties are made ex-

plicit. Among the characteristics commonly employed in the literature, autocorrelation structure,

trend and seasonality components, measures of signal complexity, and indicators of stationarity

or volatility have proven particularly informative for forecasting model selection (Hyndman and

Athanasopoulos, 2021; Montero-Manso et al., 2020).

Normalisation. The representativeness metrics developed in the following section are distance-

based. Without normalisation, features with larger numerical ranges would dominate distance cal-

culations irrespective of their discriminative relevance, introducing a measurement artefact rather

than a structural signal. To prevent this, Z has to be normalised through a stage procedure that

would map all the features into a common bounded interval. This normalisation step should be

applied once to the full reference corpus and then applied without modification to any candidate

dataset under evaluation, ensuring that all feature vectors occupy a comparable space.

3.3 Representativeness Auditing

Given a candidate benchmark dataset and a reference corpus, the auditing component quantifies

how well the candidate’s feature distribution aligns with and covers the reference. The comparison

between two datasets is framed as a data quality problem: the candidate dataset is treated as an

analogue of synthetic data, and the reference corpus as the real-world distribution it should reflect.

This framing allows the direct adoption of metrics developed for synthetic data quality assessment,
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which are well-suited to quantifying representativeness as a distributional property. Representa-

tiveness is treated as a multidimensional concept, decomposed into three complementary auditing

axes.

Fidelity measures whether the candidate dataset’s series occupy regions of feature space that

the reference also occupies. A high-fidelity dataset provides forecasting models with structural

conditions that the reference distribution considers typical. It answers the question: does the

candidate stay within the bounds of the reference?

Diversity measures whether the candidate dataset spans the full variability of the reference

corpus. A dataset with high coverage exercises models across the complete range of structural

conditions present in the reference. It answers the complementary question: does the candidate

reach all regions of the reference?

Distributional distance (Fidelity and Diversity) provides global measures of divergence be-

tween the two feature distributions, independent of local neighbourhood structure. These metrics

capture the overall structural gap between distributions rather than local alignment or span.

Fidelity and Diversity are conceptually independent: a dataset can have high fidelity — its

series are structurally plausible given the reference — while having low Diversity, sampling only

a narrow subset of the reference space. Both dimensions are necessary for a complete representa-

tiveness profile.

The three auditing axes are operationalised through six metrics applied to the normalised fea-

ture matrices described in Section 3.2.

Fidelity: Improved Precision. Improved Precision measures the fraction of series in the candi-

date dataset whose feature vectors fall within the support of the reference distribution. Support is

estimated locally via k-nearest neighbour manifolds: for each reference series xi, a neighbourhood

of radius ri = ∥xi−x(k)i ∥ is defined, where x(k)i is its k-th nearest neighbour in the reference. A can-

didate series I j is considered to fall within the reference support if it lies within the neighbourhood

of at least one reference series:

Precision =
1
|I| ∑

I j∈I
I(∃xi ∈ X such that ∥I j − xi∥ ≤ ri)

Figure 3.2 illustrates this computation geometrically.

Fidelity: Density. Density is a density-weighted generalisation of precision. Rather than a

binary check, it counts how many reference neighbourhoods each candidate series falls within,

measuring whether the candidate not only lies within the reference support but matches its local

concentration:

Density =
1
|I| ∑

I j∈I

(
1
k ∑

xi∈X
I
(
∥I j − xi∥ ≤ ri

))
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Figure 3.2: Illustration of the Improved Precision metric for k = 3. A candidate point (cross) is
counted as precise if it falls within the neighbourhood of at least one reference point (circle).

A candidate dataset with density greater than 1 concentrates more tightly in feature space than

the reference itself — a signal of a homogeneous, potentially unrepresentative dataset. Figure 3.3

illustrates this metric.

Figure 3.3: Illustration of the Density metric for k = 3.

Diversity: Improved Recall. Improved Recall reverses the direction of the precision check:

it measures the fraction of the reference series that the candidate’s manifold covers. For each

reference series xi, recall checks whether it falls within the neighbourhood of at least one candidate

series, where neighbourhoods are now defined around candidate points:

Recall =
1
|X | ∑

xi∈X
I(∃ I j ∈ I such that ∥xi − I j∥ ≤ r j)

Low recall indicates that large regions of the reference feature space are not represented in the

candidate dataset. Figure 3.4 illustrates this metric.



3.3 Representativeness Auditing 23

Figure 3.4: Illustration of the Improved Recall metric for k = 3. A reference point (circle) is
counted as covered if it falls within the neighbourhood of at least one candidate point (cross).

Diversity: Coverage. The Coverage metric is a threshold-based variant of recall that uses refer-

ence neighbourhoods rather than candidate neighbourhoods. For each reference series xi, it checks

whether the nearest candidate series falls within xi’s own neighbourhood radius:

Coverage =
1
|X | ∑

xi∈X
I
(

min
I j∈I

∥xi − I j∥ ≤ ri

)
This provides a stricter coverage criterion: a reference region is considered covered only if a

candidate series is sufficiently close to the reference’s local scale. Figure 3.5 illustrates this metric.

Figure 3.5: Illustration of the Coverage metric for k = 3.

Distributional distance: Maximum Mean Discrepancy. Maximum Mean Discrepancy (MMD)

is a kernel-based measure of the distance between two distributions (Gretton et al., 2012). It com-

pares the mean embeddings of the two distributions in a reproducing kernel Hilbert space: if the

two distributions are identical, their mean embeddings coincide and MMD is zero; the larger the
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distributional gap, the larger the MMD value. Unlike the neighbourhood-based metrics above,

MMD captures global differences in distributional shape without requiring explicit density esti-

mation or a choice of neighbourhood radius.

Distributional distance: Wasserstein Distance. The Wasserstein distance is the optimal trans-

port cost between two empirical distributions (Peyré and Cuturi, 2019; Flamary et al., 2021). It

measures the minimum total effort required to transform one distribution into the other by moving

probability mass through the feature space. This makes it sensitive to the geometry of the feature

space and to differences in distributional shape that MMD may not fully capture. Together, MMD

and Wasserstein provide complementary perspectives on global distributional divergence.

Together, these six metrics constitute a representativeness profile for any candidate dataset.

However, whether this profile is meaningful depends on whether it predicts something of prac-

tical consequence — namely, whether a less representative benchmark yields less stable model

rankings. Establishing this link requires an external criterion, independent of the auditing metrics

themselves, against which representativeness can be validated.

3.4 Rank Stability Metrics

Rank stability is not a functional component of the proposed framework, but it plays a central

role in its empirical evaluation. The core hypothesis of this dissertation is that benchmark rep-

resentativeness should predict evaluation reliability — specifically, that datasets with higher rep-

resentativeness scores yield model rankings that are more consistent with those produced by the

broader corpus. To test this, an external criterion independent of the auditing metrics themselves

is needed. Rank stability serves this purpose, quantifying the degree to which a candidate dataset’s

model rankings agree with a consensus derived from the reference corpus. Concretely, it is mea-

sured by comparing two rank vectors: the local ranking r ∈ RM, produced by evaluating models

solely on the candidate dataset, and the consensus ranking c ∈ RM, derived from all remaining

datasets in the reference corpus, where M denotes the number of models under evaluation. These

metrics are used in Chapter 4 to empirically validate the auditing framework.

Five complementary metrics to the framework are used to measure rank stability, each cap-

turing a distinct aspect of ranking agreement. No single metric is sufficient: correlation-based

measures capture ordinal agreement but are insensitive to the magnitude of rank differences, while

distance-based measures capture magnitude but not direction. Used together, they provide a com-

plete picture of how a dataset’s ranking deviates from the consensus.

Spearman’s rank correlation (ρ) (Zar, 2005) measures the ordinal agreement between two

rank vectors — whether the relative ordering of models is the same across both rankings. It is

robust to non-linear relationships and ranges from −1 (perfect inversion) to 1 (perfect agreement).

Kendall’s τ (Kendall, 1938) provides an alternative measure of ordinal concordance, based on

the number of concordant and discordant pairs of models. It is more conservative than Spearman’s

ρ and penalises inversions differently, making it a complementary rather than redundant measure.
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Weighted rank correlation (Pinto da Costa and Soares, 2005) is a variant that assigns greater

importance to agreement at the top of the ranking. This reflects the practical concern of bench-

mark evaluation: correctly identifying the best-performing model matters more than resolving the

ordering among poor performers.

Euclidean distance between rank vectors measures the geometric separation between two

rankings, penalising large absolute positional differences more heavily than small ones. Unlike

correlation-based metrics, it is sensitive to the magnitude of rank shifts rather than their direction:

dE(r,c) =

√
M

∑
i=1

(ri − ci)2 (3.1)

Mean rank difference quantifies the average absolute positional displacement across all mod-

els, offering an interpretable summary of how much rankings shift on average:

dmean(r,c) =
1
M

M

∑
i=1

|ri − ci| (3.2)

Maximum rank difference captures the worst-case positional displacement of any individual

model. A dataset may yield a ranking that correlates well overall yet still displaces one model

dramatically — a scenario that matters in practice when the goal is to identify a specific top

performer:

dmax(r,c) = max
i∈{1,...,M}

|ri − ci| (3.3)
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Chapter 4

Experimental Setup and Results

4.1 Introduction

This chapter presents the empirical instantiation and validation of the Framework described in

Chapter 3. The chapter is organised as follows.

Section 4.2 describes the experimental setup in full: the reference corpus constructed for this

study, the forecasting models evaluated, the evaluation protocol, and the audit procedure used to

validate whether representativeness predicts rank stability.

Sections 4.3–4.5 present the empirical results across the three stages of the analysis: the rep-

resentativeness audit, the rank stability analysis, and the correlation between the two.

Section 4.6 describes a subsequent experiment designed to probe the limits of the framework.

To further investigate the behaviour of the framework under controlled conditions, assessing the

extent to which the feature-based representation captures meaningful structural differences that

lead to cherry-picking, this experiment replaces the feature-based representation using tsfeatures

with a feature-based representation using the ranks feature space, using the per-series model rank-

ings as a direct geometric proxy for cherry-picking susceptibility. This allows the framework’s

auditing capacity to be tested under conditions where the feature space is guaranteed to carry the

relevant signal relative to the cherry-picking behaviour.

Section 4.7 discusses the findings across both experiments in relation to the central hypothesis

of the dissertation.

4.2 Experimental Setup

4.2.1 Reference Corpus

The reference corpus is assembled from the Chronos benchmark collection (Ansari et al., 2024),

which aggregates time series from multiple domains and sampling frequencies. The collection

draws from well-established benchmarks in the forecasting literature: the M-competition series

(Makridakis and Hibon, 2000; Makridakis et al., 2020), the Tourism dataset (Athanasopoulos et al.,

27
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2011), the CIF 2016 competition datasets (Štěpnička and Burda, 2017), the FRED-MD macroe-

conomic database (McCracken and Ng, 2016), and several domain-specific collections distributed

through the Monash Forecasting Archive (Godahewa et al., 2021), including the Hospital, NN5,

Electricity, Traffic, and Weather datasets. To increase frequency diversity, a subset of datasets is

resampled to coarser frequencies via temporal aggregation: flow-type variables are aggregated by

summation; state-type variables by mean.

A maximum cap of 5,000 time series per dataset is enforced. This constraint serves a dual

purpose: it prevents massive collections from disproportionately dominating the reference distri-

bution, and it ensures that the framework remains computationally tractable on standard hardware,

preserving its practical accessibility. For datasets exceeding this limit, a random subsample of

5,000 series is selected. The resulting filtered corpus comprises 38,900 series across 26 datasets

and six frequency groups, summarised in Table 4.1. The full unfiltered corpus is provided in

Table A.1.

Each series in the reference corpus and in any candidate dataset under evaluation is mapped

to a feature vector using the tsfeatures R package (Hyndman et al., 2019), following the stan-

dardised feature set reviewed by Hyndman and Athanasopoulos (2021) and Montero-Manso et al.

(2020). This yields a vector of F = 42 features per series, spanning autocorrelation structure, trend

and seasonality components, spectral entropy, stationarity tests, and conditional heteroscedasticity

statistics. Seasonal periods are passed dynamically based on each dataset’s temporal frequency.

Missing value handling. Certain features are undefined for specific series types. For non-

seasonal series, all seasonal components — including seasonal strength, peak and trough mag-

nitudes, and seasonal autocorrelation coefficients — are set to zero. For very short series, auto-

correlation coefficients at higher lags are likewise set to zero, as their estimates are statistically

unreliable. The Hurst exponent defaults to 0.5, corresponding to a random walk baseline (Box

et al., 2015), and all conditional heteroscedasticity statistics default to zero in the absence of de-

tectable volatility clustering effects.

Normalisation. The feature matrix is normalised through a two-stage procedure: RobustScaler

— based on the median and interquartile range — is applied first to reduce the influence of outliers,

followed by MinMaxScaler that maps all features into [0,1]. Both scalers are fitted once on the

full reference corpus and applied without modification to any candidate dataset under evaluation,

ensuring all feature vectors occupy a common, comparable space.

4.2.2 Forecasting Models and Evaluation Protocol

A fixed set of six deep learning models is evaluated across all datasets: NHITS (Challu et al.,

2023), TiDE (Das et al., 2023), NBEATS (Oreshkin et al., 2020), NLinear (Zeng et al., 2023),

MLP, and DLinear (Zeng et al., 2023), all implemented via the NeuralForecast library (Olivares

et al., 2022). Deep learning models are selected because such architectures are particularly sensi-

tive to dataset composition and evaluation conditions (Roque et al., 2025), making them well-

suited for studying the relationship between benchmark representativeness and rank stability.
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Table 4.1: Datasets used in the forecasting and representativeness experiments (filtered corpus).

Dataset # Time Series # Observations H Seasonal Period

Yearly

M1 181 4,515 2 1
M3 645 18,319 3 1
M4 5,000 185,393 3 1
Tourism 503 12,592 2 1

Quarterly

M1 203 9,944 2 4
M3 756 37,004 4 4
M4 5,000 498,561 4 4
Tourism 427 42,544 4 4
CIF 2016 55 2,095 4 4
FRED-MD 107 26,001 4 4

Monthly

M1 617 55,998 6 12
M3 1,428 167,562 12 12
M4 5,000 1,164,797 12 12
Tourism 366 109,280 12 12
Hospital 767 64,428 12 12
CIF 2016 69 7,022 12 12
FRED-MD 107 77,896 12 12
Weather 2,989 1,413,594 12 12

Weekly

M4 359 371,579 13 52
NN5 111 87,801 8 52
Electricity 321 50,076 8 52
Traffic 862 90,510 8 52
Weather 3,010 6,149,904 8 52

Daily

M4 4,227 10,023,836 14 365
Electricity 321 352,137 30 365
Traffic 862 630,122 30 365
Weather 3,010 43,032,000 30 365

Hourly
M4 414 373,372 48 24
Electricity 321 8,443,584 48 24
Traffic 862 15,122,928 48 24

Total 38,900 88,625,394 – –
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Rather than strictly targeting the absolute SOTA, these models were chosen because they serve

as well-established, computationally efficient baselines in the modern forecasting literature.

Each model undergoes automatic hyperparameter optimisation via 2 trials of random search –

a computational constraint acknowledged as a limitation of this study. Models are evaluated using

a temporal hold-out strategy, where the final h observations of each series are strictly reserved

for testing, and all preceding data is used for training. Performance is measured using the Mean

Absolute Scaled Error (MASE):

MASE =
MAE

1
T −m

∑
T
t=m+1|yt − yt−m|

where m is the seasonal period and T is the length of the training series. MASE is selected for its

scale-independence, making it suitable for aggregation across datasets with different magnitudes

and units (Hyndman and Koehler, 2006).

4.2.3 Audit and Validation Protocol

As introduced earlier, the framework is validated by testing whether the representativeness metrics

defined in Chapter 3 predict rank stability. The central hypothesis is that datasets with lower repre-

sentativeness produce less stable model rankings — and that a practitioner auditing a benchmark

can therefore use the framework’s output to anticipate whether that benchmark is likely to yield

rankings that generalise.

Representativeness auditing is performed using the pyMDMA library (Façoco et al., 2025),

which implements the six metrics described in Section 3.3. The library was originally developed

for synthetic data quality assessment and is applied here without modification, but with a different

interpretation to compare empirical feature distributions.

To operationalise this, the framework is applied using a leave-one-out strategy: when auditing

dataset d, it is excluded from the reference corpus and its feature distribution is compared against

the remaining datasets. Two audit variants are computed in parallel:

• Global audit: the reference is the full corpus excluding d, measuring representativeness

with respect to the overall corpus diversity regardless of frequency.

• Same-frequency audit: the reference consists only of datasets sharing the same temporal

frequency as d, isolating structural differences from frequency-driven distributional shifts.

The global audit aligns with the framework’s intended use: it measures how representative a

benchmark is of the overall corpus, treating temporal frequency as a legitimate dimension of that

representativeness. The same-frequency audit is a control rather than an alternative recommen-

dation — it holds frequency constant to test whether the representativeness–stability relationship

survives once this dominant axis of variation is removed.

Rank stability for each dataset is measured by comparing its model ranking — derived from

per-series MASE scores — with the consensus ranking across all other datasets under the same
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leave-one-out protocol. To account for negligible performance differences, two models are con-

sidered tied on a given series if their absolute MASE difference is less than 0.05, and they share

the average rank. Dataset-level ranks are obtained by averaging per-series ranks across all series

within the dataset.

The relationship between representativeness and rank stability is then assessed by computing

Spearman correlations between each of the six representativeness metrics and each of the six rank

stability metrics, across all 26 datasets, under both audit variants.

4.3 Overview of Representativeness Metrics

Figure 4.1 presents the distribution of the six representativeness metrics across all 26 datasets un-

der both audit variants. Precision clusters at high values with constrained dispersion under both

audit variants, suggesting that most datasets occupy regions locally consistent with the reference

space. Density exhibits considerably wider dispersion, particularly under the global audit, reflect-

ing greater heterogeneity in how densely datasets populate the reference space. Recall and Cover-

age show the lowest medians under the global audit, indicating that individual datasets cover only

a fraction of the reference distribution. Both improve under the same-frequency audit, though the

gain is substantially more pronounced for recall than for coverage. Among the distance metrics,

MMD distance narrows considerably under the same-frequency audit, while Wasserstein distance

remains more resistant to this correction.
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Figure 4.1: Distribution of the six representativeness metrics across all 26 datasets, for the global
and same-frequency audit variants. Each box shows the interquartile range across datasets; circles
denote outliers. Higher precision, density, recall, and coverage indicate greater representativeness;
lower MMD and Wasserstein distances indicate greater similarity to the reference distribution.

The per-metric distributions broken down by dataset and frequency group are provided in Ap-

pendix B.2. Taken together, the results presented in this section establish that representativeness
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varies substantially across datasets and is not reducible to a single dimension. Some datasets

score high across all six metrics, suggesting broad structural alignment with the reference corpus,

while others exhibit low coverage or high distributional distance regardless of the audit variant,

indicating structural isolation. This variability is a necessary condition for the analysis that fol-

lows: without meaningful dispersion in representativeness scores across datasets, it would not be

possible to assess whether more representative benchmarks yield more stable model rankings.

4.4 Rank Stability Results

4.4.1 Forecasting Results and Cherry-Picking Validation

In an ideal setting, evaluating which forecasting model performs best would be straightforward:

given unlimited computational resources, data access, and implementation effort, one could simply

run every model on the entire population of possible time series and unambiguously identify the

best performer. In practice, however, these constraints make exhaustive evaluation infeasible.

Practitioners instead rely on a sample of benchmark datasets — a necessarily finite collection that

stands in for the broader population of series a model may encounter in deployment.

This substitution raises a representativeness concern. If the benchmark collection is not a faith-

ful sample of the population — whether through deliberate curation, domain bias, or inadvertent

cherry-picking — the model rankings it produces may not generalise beyond it. A model that

ranks first on a narrow or atypical benchmark may perform very differently when deployed on

series with different structural characteristics.

Rank stability across datasets is the empirical lens through which this concern is examined. If

rankings are consistent across a diverse set of benchmarks, this suggests that the underlying perfor-

mance ordering is robust and not an artefact of any particular dataset’s composition. The empirical

results confirm substantial variance in rankings across the corpus, establishing that the collection

is sufficiently diverse for stability differences to be meaningful — and for their relationship with

representativeness to be informative.

Figure 4.2 illustrates the average rank of each model per dataset, computed from per-series

MASE scores. The results reveal significant heterogeneity in model performance: no single ar-

chitecture establishes absolute dominance or consistent inferiority across the entire corpus. While

TiDE frequently ranks lowest, demonstrating the weakest relative performance, its placement re-

mains dataset-dependent. Conversely, the top-ranking positions alternate predominantly between

NHITS and N-BEATS, whereas the MLP baseline shows high variance, fluctuating between mean

ranks of 2.7 and 5.1 across datasets.

The methodological implications of this instability are highlighted in Figure 4.3, which iden-

tifies the top-performing model for each dataset. The distribution of the best model within the

group is highly bifurcated, with NHITS ranking first across 13 datasets and N-BEATS across 12.

This empirical parity clearly illustrates the cherry-picking vulnerability documented in the litera-

ture (Roque et al., 2025). By selectively sampling from this corpus, an evaluator could construct
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disjoint benchmark subsets that systematically favour either NHITS or N-BEATS, or even other

models, in specific datasets, yielding completely contradictory scientific conclusions about general

algorithmic superiority. This baseline instability confirms that the constructed corpus successfully

replicates the volatility observed in real-world benchmarks, providing a robust foundation for the

subsequent representativeness-stability analysis.
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Figure 4.2: Average rank of each model per dataset, derived from per-series MASE scores. Lower
rank (greener) indicates better performance. The colour variation across rows confirms that model
rankings are not consistent across datasets.
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Figure 4.3: Best-performing model per dataset (left) and number of datasets where each model
ranks first (right). NHITS and NBEATS together dominate, yet disagree on which datasets each
performs best — evidence of dataset-dependent ranking behaviour.

4.4.2 Rank Stability Across Datasets

Figure 4.4 presents the distribution of all six stability metrics across the 26 datasets, evaluated

under both the global and same-frequency consensus definitions. The correlation-based measures

exhibit strong overall agreement and remain relatively robust across both audit types. Spearman

correlation is the highest (median ∼0.80), whereas Kendall’s τ and weighted rank correlation

present more conservative estimates (medians ∼0.60). However, the distance and difference-based

metrics reveal a distinct structural shift between the two variants. When evaluating stability against

a strictly same-frequency consensus, the medians and upper quartiles for Euclidean distance, mean

rank difference, and maximum rank difference notably increase. This indicates that while the

broad ordinal agreement (correlation) remains intact, model rankings exhibit greater positional

volatility and larger displacement magnitudes when compared strictly against their temporal peers

rather than the global baseline.

Importantly, the wide interquartile ranges and the presence of long tails in the distance met-

rics — as well as distinct lower-bound outliers in the correlation metrics — confirm that ranking

instability is not a systemic baseline behaviour, but rather a pathology concentrated within a spe-

cific subset of datasets. This stark contrast between highly stable benchmarks and severe outliers

prompts the central question of this study: whether this empirical instability can be systematically

explained by the structural representativeness of the underlying datasets.
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Figure 4.4: Distribution of the six rank stability metrics across all 26 datasets, for the global
and same-frequency audit variants. For correlation-based metrics, higher values indicate greater
stability; for distance-based metrics, lower values indicate greater stability.

4.5 Representativeness–Stability Correlation

4.5.1 Global Audit

Figure 4.5 presents the Spearman correlation between each representativeness metric and each

rank stability metric at k = 10 under the global audit. The overall picture is one of weak to mod-

erate relationships — no metric pair exceeds |ρ| = 0.35 — and while the strongest signals are

consistent with theoretical expectations, some of the weaker relationships exhibit noisy direction-

ality.

Coverage emerges as the most predictive representativeness metric under the global audit,

particularly concerning positional volatility. Datasets with higher coverage scores tend to produce

more stable rankings by minimising severe displacement: coverage correlates negatively with the

mean rank difference (ρ = −0.35), the Euclidean distance (ρ = −0.33), and the maximum rank

difference (ρ = −0.30). While its relationship with pure ordinal correlation is positive but weak

(e.g., Spearman ρ = 0.11), the strong negative correlation with the distance metrics is highly

interpretable. A dataset that covers a larger fraction of the reference feature space is more likely to

present the models with a representative distribution of forecasting conditions, thereby preventing

severe, erratic deviations from the global consensus.

Wasserstein distance shows the next most consistent pattern, exhibiting moderate positive cor-

relations with Euclidean distance (ρ = 0.31), mean rank difference (ρ = 0.29), and maximum

rank difference (ρ = 0.26). This confirms that datasets that are more distributionally distant from

the reference tend to produce rankings with greater displacement. MMD follows a similar, but

slightly weaker, pattern (ρ = 0.21–0.28 across the distance-based stability metrics).
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Precision, density, and recall show consistently weak correlations across all stability metrics

(mostly below |ρ|= 0.25) and occasional counter-intuitive directionality. This suggests that pure

fidelity to the reference distribution — whether a dataset’s series strictly falls within the reference

support — is less predictive of rank stability than the coverage and distributional distance metrics.

A dataset can have high precision while still occupying a narrow, unrepresentative region of the

feature space; it is precisely this structural isolation, captured by distance and coverage metrics,

that appears most detrimental to ranking behaviour.

Finally, part of the variance in these global comparisons reflects temporal frequency, which is

itself a legitimate component of representativeness but also a dimension one may wish to hold con-

stant when isolating purely structural effects. This motivates the same-frequency control presented

next.
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Figure 4.5: Spearman correlation between representativeness metrics and rank stability metrics
at k = 10, global audit. Positive values indicate that higher representativeness is associated with
greater stability; negative values indicate the opposite. For distance-based representativeness met-
rics (MMD, Wasserstein), higher values indicate lower representativeness, so positive correlations
with distance-based stability metrics are consistent with the hypothesis.

4.5.2 Same-Frequency Audit

Figure 4.6 presents the same analysis under the same-frequency audit. Removing the frequency

confound alters the pattern of correlations in two highly interpretable ways.

First, the distributional distance metrics (MMD and Wasserstein) now exhibit theoretically

consistent relationships with the ordinal correlation stability metrics. Datasets with higher same-

frequency MMD tend to produce less stable rankings relative to their frequency peers, as evidenced
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by negative correlations with Kendall’s τ (ρ = −0.29), weighted rank correlation (ρ = −0.25),

and Spearman correlation (ρ =−0.21). Crucially, Wasserstein distance undergoes a sign reversal

compared to the global audit (where it previously showed anomalous positive correlations), now

correctly aligning with the expected negative direction across all ordinal correlation metrics (e.g.,

ρ = −0.19 with Kendall’s τ). Furthermore, Wasserstein maintains positive correlations with the

displacement metrics (e.g., ρ = 0.26 with Euclidean distance and ρ = 0.25 with max rank dif-

ference). This indicates that within a clean, frequency-isolated context, structural divergence is a

consistent driver of rank instability.

Second, coverage retains strong predictive value for ordinal agreement (ρ = 0.29 with Kendall’s

τ , ρ = 0.28 with weighted rank correlation), and precision gains newfound relevance (ρ = 0.26

with weighted rank correlation, up from 0.07 globally). This suggests that within a specific fre-

quency group, the pure fidelity of a dataset’s distribution to its peers (precision) carries more

information about ranking behaviour than it does when assessed against the highly heterogeneous

global corpus.

Density and recall remain largely uninformative under both variants, with most correlations

hovering around or below |ρ|= 0.15.
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Figure 4.6: Spearman correlation between representativeness metrics and rank stability metrics at
k = 10, same-frequency audit.

4.6 Rank-Based Feature Analysis

The correlation results reported in Section 4.5 provide only weak to moderate support for the cen-

tral hypothesis. While the direction of the observed relationships is consistent with theoretical
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expectations, the modest magnitudes raise a natural question: do the results reflect a genuine lim-

itation of the auditing framework, or are the tsfeatures-based representations simply insufficiently

informative about the factors that drive rank instability?

To disentangle these two explanations, a subsequent experiment replaces the tsfeatures repre-

sentation with a rank-based feature space. Instead of characterising each series by its structural

properties, each series is represented by the vector of per-model MASE ranks it induces. This rep-

resentation encodes, for each series, which model performs best — the information most directly

relevant to cherry-picking susceptibility.

This substitution serves a specific diagnostic purpose: it tests whether the auditing framework

can detect cherry-picking when the feature space is guaranteed to contain the relevant signal. If

the framework produces strong representativeness–stability correlations in this rank-based space,

it provides evidence that the methodology is sound and that the weak results in the tsfeatures

experiment are attributable to the choice of feature representation rather than to a fundamental

limitation of the auditing approach. Conversely, if the correlations remain weak even with this

more informative representation, it would suggest a deeper limitation in the framework’s ability to

connect distributional representativeness to ranking reliability at this corpus scale.

The rank-based features are constructed as follows: for each series, the six neural forecasting

models are evaluated, and their MASE scores are converted into discrete ranks. Each series is thus

embedded as a six-dimensional vector of model ranks, serving as a direct geometric proxy for the

dataset’s internal consensus. The auditing framework is then applied to this new representation

using the same leave-one-out protocol and correlation analysis described in Section 4.2. Notably,

unlike the tsfeatures space — where temporal frequency acts as a severe structural confounder

— the rank-based projection maps all series into a uniform, frequency-agnostic combinatorial

space. Because the explicit goal of this experiment is purely diagnostic, the audit is performed

exclusively at the global level, providing a sufficient, unfiltered test of the framework’s ability to

detect ranking bias.

4.6.1 Results of the Rank-Based Audit

The results of the rank-based feature experiment provide overwhelming support for the method-

ological soundness of the auditing framework. Figure 4.7 presents the Spearman correlations

between the representativeness and stability metrics under this new representation. Compared to

the tsfeatures experiment, the correlations exhibit an increase in magnitude, with the strongest

relationships shifting from moderate (|ρ| ≈ 0.35) to strong (|ρ|> 0.80).

This substancial increase confirms the diagnostic hypothesis: the framework’s geometric en-

gine accurately captures the conditions that lead to ranking instability. The weaker signals ob-

served in Section 4.5 were not a failure of the methodology, but rather a limitation of the features

to fully encode algorithmic preference. When the feature space explicitly contains the relevant

combinatorial signal, the representativeness audit becomes highly predictive of empirical stability.
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Figure 4.7: Spearman correlation between representativeness and stability metrics using rank-
based features (Global Audit, k = 10).

The distributional distance metrics emerge as the most powerful predictors of positional volatil-

ity. Both MMD and Wasserstein distance show strong positive correlations with Euclidean dis-

tance (ρ = 0.85 and ρ = 0.81, respectively), mean rank difference (ρ = 0.85 and ρ = 0.84),

and max rank difference (ρ = 0.79 and ρ = 0.71). The scatter plots for MMD and Wasserstein

(Figures 4.8 and 4.9) reveal highly monotonic relationships: as a candidate dataset’s distribution

of model ranks diverges from the global consensus distribution, the magnitude of the resulting

ranking displacement increases predictably and severely.

Coverage also demonstrates strong predictive power. It correlates strongly and negatively

with mean rank difference (ρ = −0.68) and Euclidean distance (ρ = −0.63). As illustrated in

Figure 4.10, datasets that cover a broader combinatorial space of the global rank permutations are

significantly less prone to wild positional swings.

In contrast, boundary-based metrics such as Precision and Recall carry almost no predictive

signal in this specific experiment. As detailed in Appendix B.3, these metrics yield flat distribu-

tions, with nearly all datasets scoring close to 1.0. This is an expected artefact of the underly-

ing geometry: the rank-based feature space is a bounded, low-dimensional combinatorial space.

Given the massive scale of the global reference corpus, virtually all possible rank permutations

are present somewhere within the reference support, naturally driving precision and recall toward

perfection. In such dense combinatorial spaces, evaluating simple overlap (Precision/Recall) is

insufficient; analysing the full distributional mass and its shifts (MMD, Wasserstein, Coverage)

becomes the most informative approach.
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Figure 4.8: Scatter plots detailing the strong monotonic relationship between MMD distance and
rank stability metrics in the rank-based feature space.
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Figure 4.9: Scatter plots demonstrating the relationship between Wasserstein distance and rank
stability metrics.
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Figure 4.10: Scatter plots demonstrating the negative correlation between Coverage and ranking
displacement metrics.

4.7 Discussion of Findings

The empirical results presented in this chapter provide clear validation for the central hypothesis

of this thesis: structural representativeness is intrinsically linked to benchmarking stability. By

mapping the landscape of the global forecasting corpus, the pyMDMA framework characterised

the structural position of each dataset, distinguishing those occupying narrow or atypical regions

of the reference space. Across the corpus, datasets with lower coverage and greater distributional

distance tended to exhibit higher ranking volatility, consistent with the correlations reported above.

This section revisits the research questions posed in Chapter 1 and examines them against the

evidence gathered from the experiments.

The first research question (RQ1) addressed the extent to which structural time series features

can characterise the composition of a benchmark dataset relative to a broader reference popu-

lation. The representativeness audit produced discriminative profiles across all 26 datasets, with

substantial variation in every metric. Precision, density, recall, coverage, and the two distributional

distance metrics each captured distinct and complementary dimensions of structural composition,

none of which was reducible to the others. This dispersion confirms that the tsfeatures repre-

sentation carries sufficient structural signal to differentiate benchmarks at varying distances from

the reference corpus, though its capacity to capture the inductive biases of modern neural archi-

tectures remains bounded.

Complementing this, the second research question (RQ2) investigated how effectively feature-

based distributional metrics can quantify and detect lack of representativeness within benchmark

datasets. Coverage and distributional distance metrics (MMD and Wasserstein) proved the most

informative, consistently identifying datasets occupying narrow or atypical regions of the reference
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space, while precision, density, and recall provided complementary but less discriminative signals.

The same-frequency audit further confirmed that the detected isolation is meaningfully distinct

from mere frequency mismatch: structural divergence persisted for certain datasets even when

the reference was restricted to same-frequency peers, indicating that the metrics capture genuine

compositional differences rather than artefacts of temporal frequency.

With respect to the third research question (RQ3), the evidence from Figures 4.5 and 4.6 shows

that datasets characterised by low coverage and high distributional distance from the corpus con-

sensus consistently induced higher ranking volatility. Under the global audit, coverage showed the

strongest predictive signal for rank displacement; under the same-frequency audit, distributional

distance metrics aligned more consistently with ordinal stability measures. That said, the overall

magnitude of the predictive association was weak to moderate when standard tsfeatures were

used, which initially raised questions about the framework’s predictive ceiling. The rank-based di-

agnostic experiment resolved this ambiguity. As shown in Figure 4.7, when the feature space was

replaced with a direct combinatorial proxy of algorithmic preference, representativeness–stability

correlations amplified to substantially stronger relationships (|ρ| > 0.80). This confirms that the

auditing framework is mathematically sound and highly effective at detecting susceptibility to

dataset cherry-picking. Ultimately, the bottleneck in anticipating model performance does not

lie in the methodology of measuring overlap and distance, but rather in the capacity of generic

statistical features to fully capture the complex, non-linear patterns exploited by modern neural

networks.

Crucially, the analysis also addresses the role of temporal frequency, one of the most salient

axes of variation in the feature space. The same-frequency audit was included as a control rather

than as a recommended alternative to the global audit: by holding frequency constant, it tests

whether the link between structural divergence and rank instability persists once this dominant

dimension is removed. It does — confirming that the relationship is structural in nature and not

merely an artefact of frequency differences, while the global audit remains the one that reflects

representativeness as a practitioner would actually assess it.

Together, these findings validate the necessity and utility of systematic dataset auditing prior

to model evaluation. They demonstrate that cherry-picking and benchmarking bias can be geo-

metrically anticipated, provided the right feature space and temporal controls are applied. The

broader implications of these results for the machine learning community and the design of future

forecasting benchmarks are discussed in the final chapter.



Chapter 5

Conclusions and Future Work

5.1 Conclusions

This dissertation addressed a fundamental vulnerability in the empirical evaluation of machine

learning models for time series forecasting: the implicit assumption that benchmark datasets are

neutral, universally representative testing grounds. In reality, the composition of a dataset inher-

ently favours certain inductive biases over others. Without a principled way to measure this struc-

tural bias, the research community remains susceptible to dataset cherry-picking, where models

appear superior simply because they were evaluated on datasets that narrowly align with their

architectural strengths.

To address this, the work proposed and validated a comprehensive auditing framework that

quantifies the structural representativeness of forecasting datasets relative to a large reference

corpus. By projecting time series into a measurable feature space, the framework successfully

transitioned dataset assessment from a subjective, ad hoc practice to a formal methodology.

The empirical application of this framework provided evidence supporting the central hypoth-

esis: structural representativeness is related to benchmarking reliability. The answers to the three

research sub-questions consolidate this conclusion.

RQ1 asked whether structural time series features can characterise a benchmark’s composition

relative to a broader reference population. The framework produced discriminative representative-

ness profiles across all 26 datasets, with substantial variation confirming that they can — and

revealing that datasets routinely treated as interchangeable members of a single corpus in fact

occupy distinct structural regions, a distinction that is invisible to performance-based evaluation

alone. RQ2 concerned whether distributional metrics can quantify and detect a lack of represen-

tativeness; the metrics consistently flagged structurally isolated datasets, and the same-frequency

audit confirmed that this isolation is meaningfully distinct from mere frequency mismatch, estab-

lishing that the diagnostic responds to genuine structural divergence rather than re-encoding sam-

pling frequency as a proxy. RQ3 examined whether representativeness carries predictive informa-

tion about ranking stability; datasets with low coverage and high distributional distance from the

corpus consensus consistently induced greater ranking volatility, establishing that it does, though
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with weak to moderate effect sizes when standard structural features are used. The rank-based

diagnostic experiment traced this ceiling to the expressive limits of classical time series features

relative to the inductive biases of modern neural networks, rather than to any limitation of the

auditing methodology itself — a distinction that matters because it locates the path to a stronger

diagnostic in richer or learned feature representations, not in the auditing approach, which the

rank-based results show to be sound.

Taken together, this dissertation demonstrates that the methodology for dataset auditing is

fully realised and highly effective. The proposed framework provides a robust, operational tool

for detecting benchmarking bias, provided it is supplied with the appropriate structural signal.

While standard statistical features currently limit its predictive ceiling, the framework’s core en-

gine is fundamentally sound. Moving forward, the primary challenge is no longer how to audit

a benchmark, but rather what representations best capture the inductive biases of modern neural

networks. By decoupling the auditing methodology from the feature space, this work establishes

a foundation for more transparent and trustworthy forecasting research.

5.2 Limitations

Several limitations constrain the conclusions that can be drawn from this study.

The corpus comprises 26 datasets and 38,900 series, which is sufficient to demonstrate the

framework’s operation but too small to achieve consistent statistical significance in the correlation

analysis. With n= 26 data points, effect sizes below |ρ|= 0.40 are unlikely to be reliably detected,

and the frequency confound further reduces the effective sample size within each group.

The forecasting experiment used 2 trials of random configuration search per model during

hyperparameter optimisation — a computational constraint that limits the quality of model fits

and may introduce noise into the rank estimates. A more thorough hyperparameter search could

produce cleaner rankings and stronger stability signals.

Only six deep learning models were evaluated. The selection covers a range of architectures

— MLP-based, linear, and basis-expansion — but excludes statistical models, hybrid approaches,

and foundation models. The relationship between representativeness and rank stability may differ

for other model families, particularly those that rely on different inductive biases.

5.3 Further Work

The framework established in this dissertation provides a robust methodological foundation for

dataset auditing and opens several promising avenues for future research, particularly regarding

the evolution of feature representations and the expansion of the scope of benchmarking.

The most immediate priority is to explore richer feature spaces. Since the framework’s geo-

metric engine has been proven sound, its predictive ceiling is now bounded only by the expres-

siveness of the input representations.
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A crucial direction is the deliberate discovery and design of meta-features explicitly engi-

neered to capture a dataset’s algorithmic susceptibility. Since standard statistical properties often

fail to capture the nuances that drive model rankings, future research should focus on extract-

ing meta-features that serve as direct proxies for forecasting difficulty and predictability. As one

concrete possibility, the community could adapt landmarking techniques from the broader meta-

learning literature to time series forecasting (Pfahringer et al., 2000). This would provide a highly

efficient meta-feature vector that explicitly captures the ranking signal, mimicking the success of

the rank-based diagnostic experiment without the prohibitive computational cost of training deep

neural networks.

5.4 Impact on Sustainable Development Goals

The work presented in this dissertation primarily advances rigorous, reproducible scientific method-

ology in machine learning and forecasting research. While not directly targeting social or environ-

mental outcomes, the framework developed here has meaningful indirect implications for several

United Nations Sustainable Development Goals (SDGs), through the domains in which time series

forecasting is applied and through the broader principles of open and trustworthy science.

SDG 3 — Good Health and Well-Being. Healthcare forecasting — including epidemic mod-

elling, patient demand prediction, and resource allocation — relies increasingly on machine learn-

ing methods (Chimmula and Zhang, 2020; Kaushik et al., 2020). The validity of these models in

clinical or public health contexts is critically sensitive to the data used to evaluate them. A method-

ology that detects unrepresentative benchmarks reduces the risk of deploying models whose re-

ported performance does not generalise to real-world patient populations, contributing to more

reliable health data science.

SDG 7 — Affordable and Clean Energy. Energy consumption forecasting is one of the most

active application domains of time series forecasting, supporting the planning of electricity grids,

the integration of renewable sources, and the reduction of energy waste (Deb et al., 2017; Martínez-

Álvarez et al., 2011). The reliability of models deployed in these contexts depends directly on the

quality of the benchmarks used to validate them. By providing tools to audit whether a benchmark

dataset is representative of a target energy domain, the proposed framework contributes to more

trustworthy model selection in energy forecasting applications, and by extension to the informed

deployment of forecasting in sustainable energy systems.

SDG 9 — Industry, Innovation and Infrastructure. The framework advances the state of

empirical evaluation infrastructure in forecasting research, directly supporting Goal 9’s emphasis

on fostering innovation and building reliable scientific infrastructure. Reproducible and unbiased

benchmarking is a prerequisite for meaningful scientific progress: without it, reported advances

may reflect dataset artefacts rather than genuine algorithmic improvements. By formalising the
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assessment of benchmark representativeness, this work strengthens the foundations on which the

broader research community builds.

It is important to note that the contributions of this dissertation are methodological rather than

applied. The direct beneficiaries are the forecasting research community and the practitioners who

rely on benchmarking results to select models for deployment. The downstream impact on the

SDGs is therefore indirect, mediated by the framework’s improved reliability of empirical results.
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Appendix A

Reference Corpus and Experimental
Setup

A.1 Full Reference Corpus

Table A.1: Full reference corpus used for representativeness auditing.

Dataset # Time Series # Observations H Seasonal Period

Yearly

M1 181 4,515 2 1
M3 645 18,319 3 1
M4 23,000 854,279 3 1
Tourism 518 12,757 2 1

Quarterly

M1 203 9,944 2 4
M3 756 37,004 4 4
M4 24,000 2,406,108 4 4
Tourism 427 42,544 4 4
CIF 2016 55 2,095 4 4
FRED-MD 107 26,001 4 4

Monthly

M1 617 55,998 6 12
M3 1,428 167,562 12 12
M4 48,000 11,246,411 12 12
Tourism 366 109,280 12 12
Hospital 767 64,428 12 12
CIF 2016 72 7,108 12 12
FRED-MD 107 77,896 12 12
Weather 2,989 1,413,594 12 12

Weekly

M4 359 371,579 13 52
NN5 111 87,801 8 52
Electricity 321 50,076 8 52
Traffic 862 90,510 8 52
Weather 3,010 6,149,904 8 52

Daily

M4 4,227 10,023,836 14 365
Electricity 321 352,137 30 365
Traffic 862 630,122 30 365
Weather 3,010 43,032,000 30 365

Hourly
M4 414 373,372 48 24
Electricity 321 8,443,584 48 24
Traffic 862 15,122,928 48 24

Total 118,918 101,283,692 – –



Appendix B

Supplementary Results

B.1 Feature Distributions per Dataset

This appendix presents the scaled feature distributions for each dataset in the filtered corpus. Fea-

tures are normalised to [0,1] using the two-stage scaling pipeline described in Section 3.2. Each

plot shows the distribution of all 42 features across the dataset’s series, enabling visual inspection

of the structural properties captured in the feature space.
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Figure B.1: Feature distributions for M4 Daily.
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Figure B.2: Feature distributions for M4 Hourly.
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Figure B.3: Feature distributions for M4 Monthly.
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Figure B.4: Feature distributions for M4 Quarterly.
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Figure B.5: Feature distributions for M4 Weekly.
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Figure B.6: Feature distributions for M4 Yearly.



62 Supplementary Results

Figure B.7: Feature distributions for CIF 2016 (Monthly).
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Figure B.8: Feature distributions for CIF 2016 (Quarterly).
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Figure B.9: Feature distributions for Electricity (Hourly).
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Figure B.10: Feature distributions for Electricity (Daily resampled).
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Figure B.11: Feature distributions for Electricity (Weekly).
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Figure B.12: Feature distributions for FRED-MD (Monthly).
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Figure B.13: Feature distributions for FRED-MD (Quarterly).
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Figure B.14: Feature distributions for Hospital.
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Figure B.15: Feature distributions for M1 (Monthly).
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Figure B.16: Feature distributions for M1 (Quarterly).
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Figure B.17: Feature distributions for M1 (Yearly).
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Figure B.18: Feature distributions for M3 (Monthly).
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Figure B.19: Feature distributions for M3 (Quarterly).
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Figure B.20: Feature distributions for M3 (Yearly).
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Figure B.21: Feature distributions for Tourism (Monthly).
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Figure B.22: Feature distributions for Tourism (Quarterly).
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Figure B.23: Feature distributions for Tourism (Yearly).
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Figure B.24: Feature distributions for Traffic (Hourly).
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Figure B.26: Feature distributions for Traffic (Weekly resampled).
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Figure B.25: Feature distributions for Traffic (Daily resampled).
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Figure B.27: Feature distributions for Weather (Daily).
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Figure B.28: Feature distributions for Weather (Monthly resampled).
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Figure B.29: Feature distributions for Weather (Weekly resampled).
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Figure B.30: Feature distributions for NN5.
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B.2 Per-Metric Dataset Representativeness Distributions

This section presents the per-metric representativeness distributions broken down by dataset and

temporal frequency group, for both the global and same-frequency audit variants. Each figure

corresponds to one of the six auditing metrics and displays the scores of all 26 datasets, ordered

by frequency group. These plots complement the aggregate distributions presented in Figure 4.1

and support the dataset-specific observations discussed in Section 4.3.
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Figure B.31: Precision scores per dataset at k = 10, ordered by frequency group. Dark bars =
global audit; light bars = same-frequency audit.
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Figure B.32: Density scores per dataset at k = 10, ordered by frequency group.
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Figure B.33: Recall scores per dataset at k = 10, ordered by frequency group.
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Figure B.34: Coverage scores per dataset at k = 10, ordered by frequency group.



90 Supplementary Results

0.0 0.5 1.0 1.5 2.0 2.5 3.0
Value

M3 Yearly

M1 Yearly

Tourism Yearly

M4 Yearly

M3 Quarterly

M1 Quarterly

M4 Quarterly

CIF 2016 Quarterly

Tourism Quarterly

FRED-MD Quarterly

M3 Monthly

M1 Monthly

M4 Monthly

CIF 2016

Tourism Monthly

Hospital

Weather Monthly

FRED-MD

M4 Weekly

Electricity Weekly

Traffic Weekly

Weather Weekly

NN5

Electricity Daily

Weather

Traffic Daily

M4 Daily

Traffic

Electricity Hourly

M4 Hourly

mmd_distance | k=10 | Global vs Same-Frequency

Frequency · Audit
Yearly  global
Yearly  same freq
Quarterly  global
Quarterly  same freq
Monthly  global
Monthly  same freq

Weekly  global
Weekly  same freq
Daily  global
Daily  same freq
Hourly  global
Hourly  same freq

Figure B.35: MMD distance per dataset at k = 10, ordered by frequency group.
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Figure B.36: Wasserstein distance per dataset at k = 10, ordered by frequency group.

B.3 Representativeness–Stability Scatter Plots

This appendix presents the scatter plots of representativeness metrics against rank stability metrics

at k = 10, for both the global and same-frequency audit variants. Each figure corresponds to

one representativeness metric and shows its relationship with all five stability metrics. Datasets

are coloured by temporal frequency. These plots support the correlation analysis presented in

Section 4.5.
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Global Audit
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Figure B.37: Precision vs rank stability metrics — global audit, k = 10.
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Figure B.38: Density vs rank stability metrics — global audit, k = 10.
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Figure B.39: Recall vs rank stability metrics — global audit, k = 10.
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Figure B.40: Coverage vs rank stability metrics — global audit, k = 10.
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Figure B.41: MMD distance vs rank stability metrics — global audit, k = 10.
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Figure B.42: Wasserstein distance vs rank stability metrics — global audit, k = 10.
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Same-Frequency Audit
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Figure B.43: Precision vs rank stability metrics — same-frequency audit, k = 10.
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Figure B.44: Density vs rank stability metrics — same-frequency audit, k = 10.
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Figure B.45: Recall vs rank stability metrics — same-frequency audit, k = 10.
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Figure B.46: Coverage vs rank stability metrics — same-frequency audit, k = 10.
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Figure B.47: MMD distance vs rank stability metrics — same-frequency audit, k = 10.
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Figure B.48: Wasserstein distance vs rank stability metrics — same-frequency audit, k = 10.

Rank-Based Audit

This section presents the supplementary scatter plots from the rank-based feature experiment dis-

cussed in Section 4.6. As noted in the main text, because the rank-based representation forms a

bounded, dense combinatorial space (6! = 720 possible permutations) evaluated against a massive

global corpus, boundary and overlap metrics naturally saturate. Consequently, Precision, Den-

sity, and Recall yield almost flat distributions and carry minimal predictive signal in this specific
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setting.
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Figure B.49: Precision vs rank stability metrics — rank-based global audit, k = 10. The distribu-
tion is perfectly flat at 1.0, reflecting complete containment within the global combinatorial space.
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Figure B.50: Density vs rank stability metrics — rank-based global audit, k = 10.



B.3 Representativeness–Stability Scatter Plots 99

0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
euclidean_distance

0.94

0.95

0.96

0.97

0.98

0.99

1.00

re
ca

ll

=-0.33  =-0.23
frequency

D
H
M
Q
W
Y

0.2 0.0 0.2 0.4 0.6 0.8 1.0
spearman_correlation

0.94

0.95

0.96

0.97

0.98

0.99

1.00

re
ca

ll

=0.35  =0.27

0.2 0.0 0.2 0.4 0.6 0.8 1.0
kendalltau_correlation

0.94

0.95

0.96

0.97

0.98

0.99

1.00

re
ca

ll

=0.31  =0.24

0.1 0.2 0.3 0.4 0.5 0.6 0.7
mean_rank_diff

0.94

0.95

0.96

0.97

0.98

0.99

1.00

re
ca

ll

=-0.36  =-0.27

0.2 0.4 0.6 0.8 1.0 1.2 1.4
max_rank_diff

0.94

0.95

0.96

0.97

0.98

0.99

1.00

re
ca

ll

=-0.33  =-0.23

0.2 0.0 0.2 0.4 0.6 0.8 1.0
weighted_rank_correlation

0.94

0.95

0.96

0.97

0.98

0.99

1.00

re
ca

ll

=0.27  =0.20

GLOBAL | k=10 | recall | ALL freqs

Figure B.51: Recall vs rank stability metrics — rank-based global audit, k = 10. Similar to Preci-
sion, Recall saturates near 1.0.
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Appendix C

Transparency on the Use of AI

This appendix declares the use of Artificial Intelligence tools in the production of this dissertation,

in accordance with the AI Use Transparency Policy of the University of Porto. All AI-assisted

output was critically reviewed and validated, and full responsibility is assumed for the content

submitted.

Tools Used

• Claude Sonnet 4.6 (Anthropic)

• Grammarly (Grammarly Inc.)

• ChatGPT (OpenAI)

• GitHub Copilot (Microsoft/OpenAI)

Writing Support

Claude Sonnet 4.6 — Purpose: Grammar and style corrections, and targeted reformulation of

the written text. In this work, the tool was used to rewrite selected paragraphs for clarity, to make

ideas more precise and easier to follow, to improve sentence flow and word choice, and to reduce

repetition and awkward phrasing. It was also used to cross-check citation keys against the .bib

file and to flag missing or mismatched references. Each suggestion was reviewed and accepted,

modified, or rejected on a case-by-case basis, and all reformulations were directed rather than del-

egated in substance.

Sections: All sections.

Grammarly — Purpose: Spelling correction, grammar checking, and occasional sentence rephras-

ing throughout the writing process. It was used as a passive writing aid integrated into the text

editor, with all suggested changes reviewed and accepted or rejected individually.
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Sections: All chapters.

Code Assistance

ChatGPT and GitHub Copilot — Purpose: Code generation, debugging, and documentation

for the implementation of the methodology.

Sections: Chapter 3 implementation (corpus construction, feature extraction, representativeness

auditing, empirical validation, data pipelines, and visualisation).

Prompts used: Functional descriptions of specific components, error messages for debugging,

and requests for inline documentation.


	Front Page
	Table of Contents
	List of Figures
	List of Tables
	1 Introduction
	1.1 Context and Motivation
	1.2 Research Question and Objectives
	1.3 Outline

	2 Literature Review
	2.1 Fundamentals of Time Series Forecasting
	2.2 Forecasting Methodologies
	2.2.1 Statistical Time Series Methodologies
	2.2.2 Machine Learning Methodologies
	2.2.3 Deep Learning for Time Series Forecasting
	2.2.4 Local and Global Forecasting Methodologies

	2.3 Evaluating Forecasting
	2.3.1 Evaluation Metrics and Cross-Dataset Comparability
	2.3.2 Model Rankings and Comparative Evaluation
	2.3.3 Validation Protocols and Temporal Consistency
	2.3.4 Benchmarking Datasets

	2.4 Challenges and Mitigation Strategies in Time Series Benchmarking
	2.4.1 Current Mitigation Approaches
	2.4.2 Methodological Limitations and Bias

	2.5 Feature-Based Representation of Time Series
	2.6 Distributional Discrepancy Measures
	2.7 Summary

	3 Methodology
	3.1 Introduction
	3.2 Feature Extraction and Representation
	3.3 Representativeness Auditing
	3.4 Rank Stability Metrics

	4 Experimental Setup and Results
	4.1 Introduction
	4.2 Experimental Setup
	4.2.1 Reference Corpus
	4.2.2 Forecasting Models and Evaluation Protocol
	4.2.3 Audit and Validation Protocol

	4.3 Overview of Representativeness Metrics
	4.4 Rank Stability Results
	4.4.1 Forecasting Results and Cherry-Picking Validation
	4.4.2 Rank Stability Across Datasets

	4.5 Representativeness–Stability Correlation
	4.5.1 Global Audit
	4.5.2 Same-Frequency Audit

	4.6 Rank-Based Feature Analysis
	4.6.1 Results of the Rank-Based Audit

	4.7 Discussion of Findings

	5 Conclusions and Future Work
	5.1 Conclusions
	5.2 Limitations
	5.3 Further Work
	5.4 Impact on Sustainable Development Goals

	References
	A Reference Corpus and Experimental Setup
	A.1 Full Reference Corpus

	B Supplementary Results
	B.1 Feature Distributions per Dataset
	B.2 Per-Metric Dataset Representativeness Distributions
	B.3 Representativeness–Stability Scatter Plots

	C Transparency on the Use of AI

		2026-07-27T18:52:47+0100
	Tiago Araújo Coelho
	Document Sign




