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Abstract: Hotelling’s T² test is a foundational multivariate statistical method widely used for hypothesis 

testing involving mean vectors. However, its classical formulation relies on strong assumptions, including 

multivariate normality, low dimensionality relative to sample size, and the absence of outliers. In recent decades, a 

growing body of literature has proposed robust extensions of Hotelling’s T² test to address violations of these 

assumptions, particularly in high-dimensional and contaminated data settings. Despite rapid methodological 

development, simulation-based evidence on the performance of these robust extensions has not yet been 

systematically synthesized. Guided by the PRISMA framework, this study conducts a systematic literature review 

of simulation studies published between 1974 and 2025 that examine robust variants of Hotelling’s T² test and 

related multivariate tests. Searches were conducted in Scopus and Web of Science, resulting in 35 eligible studies 

for qualitative synthesis. Using thematic analysis, three major themes were identified: robustness in high-

dimensional and small-sample regimes; robustness to distributional deviations and outlier contamination; and 

calibration and computational robustness through resampling and adaptive procedures. The review highlights the 

consistent performance advantages of robust methods over the classical Hotelling’s T² test under assumption 

violations, identifies methodological gaps in simulation design, and provides recommendations for future research. 
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Hotelling’s T²及相关多元检验的稳健扩展：模拟证据的系统综述 

摘要： 

Hotelling’s T²检验是一种基础性的多元统计方法，广泛用于涉及均值向量的假设检验。 

然而，其经典形式依赖于较强的假设条件，包括多元正态性、相对于样本量较低的维度以及

不存在异常值。近几十年来，越来越多的文献提出了Hotelling’s T²检验的稳健扩展方法， 

以应对这些假设被违反的情况，尤其是在高维数据和受污染数据情境下。尽管方法学发展迅

速，关于这些稳健扩展方法性能的模拟研究证据尚未得到系统综合。本文以PRISMA框架为指

导，对1974年至2025年间发表的模拟研究进行系统文献综述，重点考察 Hotelling’s T² 

检验的稳健变体及相关多元检验方法。研究在Scopus和Webof Science数据库中进行检索， 

最终纳入35项符合条件的研究进行定性综合。通过主题分析，识别出三大主要主题：高维和

小样本情境下的稳健性；对分布偏离和异常值污染的稳健性；以及通过重抽样和自适应程序

实现的校准与计算稳健性。本综述强调，在假设被违反的情况下，稳健方法相较于经典Hotel

ling’s T² 检验具有一致的性能优势，同时识别了模拟设计中的方法学缺口， 并为未来研 

究提出建议。 

关键词：  

Hotelling’s T²检验；稳健统计；高维数据；多元检验；模拟研究；系统文献综述。 

1. Introduction
The classical Hotelling’s T² test has long served as

the multivariate analogue of the univariate t-test and 

remains a cornerstone of multivariate statistical 

inference [1]. Its applications span diverse fields, 

including quality control, bioinformatics, finance, and 

the social sciences. Nevertheless, Hotelling’s T² test is 

known to have important limitations when its 

underlying assumptions are violated [2]. These 

limitations are particularly pronounced in modern data 

environments characterized by high dimensionality, 

where p is comparable to or exceeds n, as well as by 

non-normal distributions [3] and the presence of 

outliers [4,5]. 

Recent advances in statistical theory have led to the 

development of numerous extensions and alternatives 

to Hotelling’s T² test. These include regularized 

covariance-based tests [6–8], robust location and 

scatter estimators [9,10], nonparametric rank-based 

methods, and resampling-calibrated procedures. Many 

of these methods have been evaluated primarily 

through simulation studies, which allow researchers to 

assess empirical size, power, and robustness under 

controlled violations of classical assumptions. 

Despite the abundance of simulation-based 

evaluations, the literature remains fragmented. 

Individual studies often focus on specific aspects of 

robustness, such as high dimensionality or 

contamination, making it difficult for applied 

researchers to identify which extensions are most 

effective across a range of realistic conditions. 

Moreover, existing reviews tend to provide descriptive 

summaries of methods without systematically 

integrating simulation findings to reveal cross-cutting 

patterns and comparative insights. Therefore, a 

systematic synthesis of simulation evidence is needed. 

This study addresses this gap by conducting a 

systematic literature review of simulation-based studies 

on robust extensions of Hotelling’s T² test and related 

multivariate tests. It also provides a thematic synthesis 

that integrates findings across studies to identify key 

performance patterns, methodological strengths, and 

practical implications. 

2. Material and methods
This section first outlines the reporting standard

adopted in this study, namely the Preferred Reporting 

Items for Systematic Reviews and Meta-Analyses 

(PRISMA) [11]. It then presents the formulation of the 

research questions, followed by a detailed description 

of the systematic search procedures, including the 

identification, screening, and eligibility stages. The 
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section also explains the quality appraisal process and 

the methods used for data extraction and analysis. 

2.1 PRISMA Guidelines 

This systematic review was conducted in 

accordance with the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) 

guidelines. PRISMA provides a transparent, structured, 

and reproducible framework for identifying, screening, 

assessing the eligibility of, and synthesizing relevant 

literature, thereby improving the methodological rigor 

and reporting quality of systematic reviews. A PRISMA 

flowchart illustrating the study selection process is 

presented in Figure 1. 

As an internationally recognized reporting 

standard, PRISMA guides researchers in formulating 

clear research questions, establishing explicit inclusion 

and exclusion criteria, and systematically screening 

large volumes of scientific literature over a specified 

period [12]. In this study, the PRISMA framework 

informed the design and implementation of a rigorous 

and transparent search strategy aimed at identifying 

empirical and simulation-based studies on robust 

extensions of Hotelling’s T² test and related 

multivariate test statistics. It also helped ensure 

consistency, reproducibility, and completeness 

throughout the review process [13–15]. 

2.2 Research Questions 

To guide the review, the following research questions 

were formulated: 

1. What types of robust extensions of Hotelling’s

T² test have been evaluated through simulation

studies?

2. Under which data conditions do robust

Hotelling-type tests outperform the classical

Hotelling’s T² test?

3. What methodological trends and gaps emerge

from recent simulation-based evidence?

2.3 Systematic Searching Strategy 

The systematic searching strategy consisted of 

three phases: identification, screening, and eligibility. 

2.3.1 Identification 

The identification stage was conducted to 

broaden and refine the search vocabulary, thereby 

maximizing the likelihood of retrieving all relevant 

studies. This step is widely recommended in 

systematic review methodology because keyword 

enrichment reduces the risk of missing relevant 

records due to terminological variation across 

disciplines and databases [16,17]. 

Following established guidance for 

systematic reviews, the core concepts, namely 

Hotelling’s T² test, robustness, and evaluation, 

were expanded by systematically identifying 

related terms and synonyms. This process involved 

using an online thesaurus, examining keywords 

reported in influential prior studies, consulting 

database-generated keyword suggestions, and 

incorporating expert feedback to improve both 

coverage and precision [18]. 

The final set of enriched keywords was then 

operationalized into structured search strings using 

standard database search techniques, including 

Boolean operators, phrase searching, truncation, 

wildcards, and field codes. This approach is 

consistent with PRISMA-informed expectations for 

transparent and reproducible reporting of search 

procedures [19]. 

The systematic search was conducted in 

Scopus and Web of Science in November 2025 

using the full search strings presented in Table 1. In 

addition, manual searching was performed by 

examining potentially relevant records identified 

within both databases, including studies retrieved 

through reference list screening and related-record 

functions. Through this process, 45 potentially 

relevant articles were identified. After the removal 

of one duplicate record, 44 articles were retained 

for the subsequent stages of the review. 

Table 1. The search string. 

Scopus 
Date of Search 16 Nov 2025 

( "Hotelling 
T2" OR 

"Hotelling 
T²" OR 

"Hotelling's 
T-squared"

OR
"Hotelling 
T-squared"

OR
"Hotelling's 

T2" OR 
"Hotelling 

T^2" ) AND 
( robust OR 

"robust 
statist*" OR 

"robust 
method*" 

OR "robust 
test*" OR 

"robust 
estimat*" 

OR "robust 
infer*" ) 

AND 
"evaluation" 

Web of Science 
Date of Search 16 Nov 2025 

( "Hotelling 
T2" OR 

"Hotelling 
T²" OR 

"Hotelling's 
T-squared"

OR
"Hotelling 
T-squared"

OR
"Hotelling's 
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T2" OR 
"Hotelling 

T^2" ) AND 
( robust OR 

"robust 
statist*" OR 

"robust 
method*" 

OR "robust 
test*" OR 

"robust 
estimat*" 

OR "robust 
infer*" ) 

AND 
"evaluation" 

2.3.2  Screening 

Following the identification stage, a screening 

process was conducted on the 44 retrieved records. 

Consistent with established systematic review 

protocols, the screening criteria included literature 

type, language, and year of publication, as summarized 

in Table 2. 

Peer-reviewed journal articles were prioritized as 

the primary source of evidence because they typically 

report original empirical or simulation-based findings, 

which are essential for ensuring the analytical rigor of a 

systematic literature review [16,20]. Only English-

language publications were included to ensure accurate 

interpretation and consistency in data extraction, a 

practice commonly adopted in systematic reviews to 

minimize potential misinterpretation arising from 

translation constraints [18]. 

In determining the temporal scope, the review 

was guided by the maturity of the research field, which 

requires a sufficiently large and developed body of 

literature to enable meaningful synthesis and pattern 

identification [21]. Accordingly, the review 

encompassed studies published over a 51-year period, 

from 1974 to 2025, thereby capturing both the 

foundational development of Hotelling’s T² test and its 

subsequent robust extensions. During the screening 

process, one article was excluded because it was 

published in German and did not meet the language 

inclusion criterion. 

Table 2. The selection criterion is 

searching 

Criterion Inclusion Exclusion 

 Language English Non-English 

Timeline 1974 – 2025 < 1974 

Literature type 

Article, 
Conference 

paper, 
Review 

Book 

Publication Stage Final In Press 

Subject Area All None 

2.3.3 Eligibility 

The third phase of the systematic review 

involved eligibility assessment, which served as a 

second-level screening process to ensure that all 

records retained after the initial screening fully met 

the predefined inclusion criteria. This phase 

followed a structured set of inclusion and exclusion 

criteria to enhance transparency and reproducibility. 

Each record was re-evaluated for relevance 

based on its title and abstract. When ambiguity 

remained, the full text was consulted to confirm 

eligibility in a transparent and reproducible manner 

consistent with PRISMA 2020 guidance [19]. The 

review process adhered to PRISMA 2020 reporting 

standards; however, no formal protocol was pre-

registered. 

Full-text assessment also enabled the 

reviewers to verify critical methodological features, 

particularly whether each study reported simulation-

based evidence relevant to robust extensions of 

Hotelling’s T² test and related multivariate tests. 

This step strengthened the internal validity of the 

synthesis. 

Following this detailed appraisal, eight articles 

were excluded for one or more of the following 

reasons: (i) the full text was irretrievable; (ii) the 

study lacked a DOI or sufficient bibliographic 

information; (iii) the study was not aligned with the 

research objective based on the predefined criteria; 

or (iv) the publication fell outside the eligible time 

frame, that is, prior to 1974. The remaining 35 

studies satisfied the eligibility criteria and were 

retained for quality appraisal and inclusion in the 

final qualitative synthesis (see Figure 1), in line with 

established methodological guidance for systematic 

literature reviews. 

 Figure 1.  Systematic review process (developed by author) 
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2.4 Data Extraction and Analysis 

Following the eligibility stage, the remaining 

articles were subjected to systematic assessment and 

analysis. In addition, a quality assessment of the 

included studies was conducted to enhance the 

methodological rigor of the review. Given the 

simulation-based nature of the selected studies, a 

simplified appraisal framework was adopted. Each 

study was evaluated based on the following criteria: (i) 

clarity of the simulation design; (ii) appropriateness of 

performance metrics, such as size, power, and 

robustness; (iii) transparency in reporting experimental 

settings, including sample size, dimensionality, and 

distributional assumptions; and (iv) consistency and 

interpretability of the results. The quality assessment 

was used to support the interpretation of the findings 

rather than as a basis for exclusion. 

Prior to analysis, all relevant information was 

systematically extracted from the selected studies, 

guided explicitly by the research questions of the 

review. Because this systematic review focused on 

primary empirical and simulation-based evidence, the 

data extraction process initially concentrated on three 

core sections of each article: the abstract, results, and 

discussion. These sections most directly report 

methodological design, simulation settings, and key 

findings. Subsequently, other sections of the articles 

were examined to identify additional information 

relevant to the objectives of the review. All extracted 

data were organized into a structured table to ensure 

transparency and consistency during the synthesis 

process [21]. 

A qualitative synthesis was then conducted using 

thematic analysis, which is widely employed in 

systematic reviews to identify, analyze, organize, and 

report recurring patterns within extracted data [22]. 

Thematic analysis offers several advantages for 

evidence synthesis: it enables the comparison of 

diverse perspectives, facilitates the identification of 

similarities and differences across studies, and allows 

unanticipated insights to emerge while maintaining a 

systematic and transparent analytical structure [23]. 

Through iterative examination of the extracted 

data, patterns and relationships were identified and 

grouped into higher-order categories. As a result of this 

process, three overarching themes were generated: (i) 

high-dimensional robustness; (ii) distributional and 

outlier robustness; and (iii) resampling and calibration. 

These themes form the basis for organizing and 

interpreting the simulation-based evidence on robust 

extensions of Hotelling’s T² test and related 

multivariate tests. 

3. Result and Finding
The thematic synthesis resulted in three main 

themes, reflecting dominant research directions in the 

simulation literature. 

3.1 Theme 1: Robustness to High-Dimensionality 

and Small-Sample Regimes (p ≥ n) 

Most studies have focused on adapting 

Hotelling's T² test for high-dimensional contexts where 

the sample covariance matrix is singular or unstable 

[24,25]. Simulation evidence consistently shows that 

regularized shrinkage-based and shrinkage-based 

extensions outperform classical Hotelling's T² test in 

controlling Type I error and achieving higher power 

[26,27]. Block and omnibus test statistics further 

improve performance under complex correlation 

structures [28,29]. These findings underscore the 

shortcomings of classical Hotelling's T² test in modern 

high-dimensional settings. 

3.2 Theme 2: Robustness to Distributional 

Deviations and Outlier Contamination 

Another dominant theme relates to robustness to 

non-normality and outliers [30]. Simulation studies 

comparing classical Hotelling T² test with robust 

alternatives such as M-estimators, minimum covariance 

determinants (MCDs), and rank-based tests have 

revealed significant improvements in empirical size 

control under heavy-tailed distributions and 

contamination [31]. Although power loss is sometimes 

observed under clean normal data, the robust method 

consistently outperforms classical Hotelling T² test in 

contaminated scenarios. 

3.3 Theme 3: Calibration and Computational 

Robustness via Resampling and Adaptive 

Procedures 

The third theme highlighted the role of 

permutation tests, bootstrap calibration, and 

adaptive tuning strategies. Rather than modifying 

the test statistics alone, these approaches improved 

finite-sample inference by aligning empirical and 

nominal significance levels. Simulation evidence 

showed that resampling-calibrated tests provided 

stable performance across mixed stress conditions, 

although increased computational cost remained a 

key limitation [32]. 
Based on the source materials provided, the 

following table summarizes the included studies and 

their relevance to the three specified robustness themes. 

Table 3. Distribution of Included Simulation Studies Across Robustness Themes
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Number Author(s) Year Test/Method Type 

Theme 1: 
High-

Dimensional 
Robustness 

Theme 2: 
Distributional & 

Outlier Robustness 

Theme 3: 
Resampling 

& Calibration 

1 
Ahsan, 

Mashuri, & 
Khusna 

2018 
Robust Hotelling’s T2 

control chart (SDCM) 
✓ ✓ 

2 
Wang & 

McDermott 
1998 

Conditional 

Hotelling’s T2 -type 

test 

✓ 

3 Everitt 1979 
Monte Carlo 

robustness study of 

T2 tests 

✓ 

4 
Sivabhaskar 

et al. 
2021 

T2 statistic for Dose-

Volume Histograms 
✓ 

5 
Gupta & 

Kabe 
1999 

T2 test on normal 

mixture populations 
✓ 

6 
Chou, 

Mason, & 
Young 

1999 

T2 based on 

alternative 

covariance 

estimators 

✓ 

7 
Williams, 

Sullivan, & 
Birch 

2009 
T2 via successive 

differences 

covariance estimator 

✓ 

8 
Srivastava & 

Awan 
1982 

Robustness of T2 

under mixture 

populations 

✓ 

9 Srivastava 1983 
T2 distribution under 

contaminated 

normals 

✓ 

10 
Tiku & 

Balakrishnan 
1988 

Robust Hotelling-

type T2 (MML 

estimators) 

✓ 

11 Balci 1982 
Two-sample  T2 for 

simulation model 

validation 

✓ 

12 Keriya 1981 
Robustness property 
of Hotelling’s T2 test 

✓ 

13 
Cedeño 

Viteri et al. 
2012 

Nearest In-Control 
Neighbor (NICN) T2 

approach 
✓ ✓ 

14 
Carvalho 

Nascimento 
et al. 

2025 
Bootstrap tests for 
two independent 

mean vectors 
✓ ✓ ✓ 

15 Dong et al. 2016 
Shrinkage-based 

diagonal Hotelling’s 
T2 tests 

✓ ✓ 

16 Mehmood 2016 
T2 based variable 
selection in PLS 

regression 
✓ ✓ ✓ 

17 Khatun et al. 2018 
Adaptive double 

sampling Hotelling’s 
T2 charts 

✓ 

18 
Al-Labadi et 

al. 
2022 

Bayesian Hotelling’s 
T2 test (relative belief 

ratio) 
✓ ✓ 

19 

Haddad, 
Syed-

Yahaya, & 
Alfaro 

2012 
Robust Hotelling’s T2 

charts (Winsorized 
MOM) 

✓ ✓ 
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Number Author(s) Year Test/Method Type 
Theme 1: High-

Dimensional 
Robustness 

Theme 2: 
Distributional & 

Outlier Robustness 

Theme 3: 
Resampling 

& 
Calibration 

20 Zwick 1986 
Rank and Normal 

Scores alternatives 

to T2 

✓ ✓ 

21 Williams et al. 2006 

T2 via successive 

differences 

covariance 

estimator 

✓ ✓ 

22 
Makinde & 
Omotoso 

2020 
Robust 

diagonalized and 

regularized T2 tests 

✓ ✓ 

23 More et al. 2024 
T2 for anomaly 

detection in control 

systems 

✓ ✓ 

24 
Amanullah, Yu, & 

Sun 
2018 

Multivariate 

differential 

expression by T2 

(MDEHT) 

✓ ✓ 

25 Liu & Shao 2013 
Global test based 

on maximum of T2 

statistics 

✓ ✓ 

26 Nescolarde et al. 2016 
Paired one-sample 

Hotelling's T2 test 
✓ 

27 Li et al. 2020 
Adaptable RHT 

(ARHT) ridge-

regularized test 

✓ ✓ ✓ 

28 Algina & Oshima 1990 
Robustness of 

independent 

samples T2 

✓ 

29 Kharbach et al. 2016 
Robust variant 

multivariate 

control charts 

✓ 

30 Pardo 2011 
T2 Test with 

normal mixture 

populations 

✓ ✓ 

31 Lix & Keselman 2002 
Robust alternatives 

to Hotelling’s T2 
✓ 

32 Perlman 2019 
Parsimonious 

variable selection 

for T2 test 

✓ 

33 Salmanpour et al. 2021 
High Dimensional 

Hotelling T2 Test 
✓ ✓ ✓ 

34 Romer & Richards 2013 

Monotone 

incomplete 

multivariate 

normal T2 

✓ ✓ 

35 Park et al. 2021 
Multivariate rank-

based MDR (MR-

MDR) 

✓ ✓ ✓
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Table 3 summarizes the distribution of 35 

simulation-based studies on Hotelling’s T² test and 

related multivariate tests across the three robustness 

themes identified in this systematic review: high-

dimensional robustness, distributional and outlier 

robustness, and resampling and calibration 

robustness. Critical inspection of the table reveals a 

strong dominance of studies addressing distributional 

and outlier robustness (Theme 2). Most of the 

included studies, which encompass both early 

foundational work and more recent applications, 

focus on assessing the sensitivity of Hotelling’s T² 

test to deviations from multivariate normality, 

including mixed distributions, heavy tails, and 

contamination. This dominance reflects the historical 

development of the literature, where robustness was 

initially conceptualized primarily in terms of 

resistance to non-normality and influential 

observations, typically assessed through Monte Carlo 

simulation designs. 

In contrast, high-dimensional robustness 

(Theme 1) is represented by a smaller but more recent 

group of studies, with most contributions appearing 

after 2010 and increasing after 2020. These studies 

explicitly address the breakdown of the classic 

Hotelling’s T² test when the number of variables 

approaches or exceeds the sample size, a setting in 

which the sample covariance matrix becomes singular 

or unstable. As shown in Table 3, the methods 

included in this theme often rely on regularization, 

shrinkage, diagonalization, or variable selection 

strategies. Simulation evidence from these studies 

consistently shows that regularized or adaptable 

Hotelling-type tests far outperform classical statistics 

in terms of Type I error control and power under the 

condition p ≥ n. The growing presence of this theme 

highlights the increasing relevance of high-

dimensional data across application domains and 

confirms high dimensionality as a key driver of 

contemporary methodological innovation in 

multivariate testing  [28,33]. 

Robustness of resampling and calibration 

(Theme 3) appears as the least represented theme in 

Table 3, yet it plays a critical methodological role. 

Only a limited subset of studies explicitly 

incorporates bootstrap procedures, permutation tests, 

or adaptive calibration mechanisms. Importantly, all 

studies classified under Theme 3 also overlap with 

Themes 1 and/or 2, indicating that resampling-based 

strategies are typically used as complementary tools 

rather than stand-alone solutions. The simulation 

findings reported in this study suggest that calibration 

techniques can significantly improve finite-sample 

performance, especially in complex settings 

characterized by high co-dimensionality and non-

normality. However, their relatively sparse 

representation underscores a major gap in the 

literature, especially given the increasing availability 

of computational resources and the demonstrated 

effectiveness of resampling methods in aligning 

empirical and nominal significance levels [34,35]. 

An important insight that emerges from Table 3 is that 

robustness in multivariate tests is inherently 

multidimensional rather than singular. Several studies 

cover a variety of themes, reflecting the shift towards 

integrated frameworks that incorporate covariance 

regularization, robust estimation, and calibration 

strategies. At the same time, the table clearly shows that 

no single methodological approach dominates all three 

dimensions of robustness. Some methods exhibit robust 

performance in high-dimensional settings but remain 

sensitive to contamination, while others provide 

excellent resistance to outliers at the expense of 

increased computational complexity. This pattern 

reinforces the conclusion that the selection of robust 

Hotelling-type tests must be context-dependent, guided 

by the underlying data structure, risk of contamination, 

and computational constraints. Overall, Table 3 provides 

a strong empirical justification for the thematic 

framework adopted in this review and highlights both 

the progress made and methodological gaps that require 

further investigation. 

4. Discussion

This study aims to systematically synthesize the

existing simulation-based literature on robust 

extensions of Hotelling’s T² test and related 

multivariate tests, with particular emphasis on 

methodological responses to the challenges posed by 

modern data environments. Like many classical 

statistical procedures, Hotelling’s T² test was 

originally developed under restrictive assumptions, 

including low dimensionality, multivariate normality, 

and the absence of anomalous observations. However, 

these assumptions are frequently violated in 

contemporary applications, thereby necessitating the 

development of robust testing procedures capable of 

maintaining valid inference under such conditions 

[28]. Based on a systematic review of studies 

retrieved from major academic databases, this study 

synthesizes evidence from 35 simulation-based 

articles that explicitly evaluate the performance of 

robust Hotelling-type tests under a variety of adverse 

data conditions. The thematic synthesis reveals three 

overarching robustness themes: high-dimensional 

robustness, distributional and outlier robustness, and 

resampling and calibration robustness. Collectively, 

these themes represent the dominant methodological 

directions in this field. Their prominence reflects a 

growing recognition of the limitations of the classical 

Hotelling’s T² test and the need for alternative 

procedures capable of controlling Type I error and 

maintaining statistical power when standard 

assumptions are violated [32,33]. The simulation 
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evidence consistently shows that the classical 

Hotelling’s T² test suffers from substantial size 

distortion and power degradation in high-dimensional 

or contaminated settings, whereas robust extensions 

offer marked improvements in empirical 

performance. 

With respect to high-dimensional robustness, the 

reviewed studies show a strong research focus on 

scenarios in which the number of variables is 

comparable to or exceeds the sample size. In such 

settings, the sample covariance matrix becomes 

singular or unstable, making the classical Hotelling’s 

T² test infeasible. Adjusted covariance estimators, 

shrinkage-based tests, and block-type or omnibus 

procedures have been shown to effectively address 

this challenge by stabilizing covariance estimates and 

increasing power across a variety of dependence 

structures and signal configurations [29]. However, 

although these approaches improve stability and 

feasibility in high-dimensional settings, they often 

rely on tuning parameters and structural assumptions, 

which may limit their robustness under model 

misspecification. In contrast, alternative approaches 

that do not depend heavily on covariance estimation 

may offer greater flexibility but at the cost of reduced 

efficiency. The prevalence of this theme underscores 

the central role of high-dimensional data in 

motivating recent methodological innovations in 

multivariate hypothesis testing. 

The second theme, distributional and outlier 

robustness, highlights the vulnerability of Hotelling’s 

T² test to deviations from multivariate normality and 

the presence of influential observations. Simulation 

studies in this category typically use heavy-tailed 

distributions, contamination models, and leverage-

point outliers to evaluate test performance. These 

findings consistently show that robust location and 

scatter estimators, such as M-estimators, the 

minimum covariance determinant (MCD), and its 

adjusted variants, as well as rank- and sign-based 

methods, substantially improve empirical size control 

under contamination while maintaining reasonable 

power [28,32]. Nevertheless, these robust methods 

may exhibit lower efficiency when classical 

assumptions hold, and some estimators, such as 

MCD, can be computationally demanding, 

particularly in higher dimensions. Compared with 

parametric approaches, nonparametric and rank-based 

methods provide distribution-free advantages but may 

sacrifice statistical power under ideal conditions. 

These results are particularly relevant for applied 

researchers working with real-world data, where ideal 

distributional assumptions are rarely met. 

The third theme, resampling and calibration 

robustness, reflects the growing recognition that 

modifying the test statistic alone may not be sufficient 

to ensure reliable finite-sample inference. Studies 

under this theme emphasize permutation tests, 

bootstrap calibration, and adaptive tuning strategies to 

align empirical significance levels with nominal 

thresholds. Simulation evidence suggests that such 

calibration techniques are particularly effective in 

complex settings involving combinations of high 

dimensionality and non-normality. However, 

compared with direct modification approaches, 

resampling-based methods tend to be computationally 

intensive and may introduce additional variability 

depending on the resampling scheme and the number 

of iterations used. Although they offer flexibility and 

broad applicability, their scalability remains a key 

limitation in large-scale or real-time applications. 

An important insight emerging from this review is 

that robustness in multivariate testing is inherently 

multifaceted rather than singular. Some methods 

provide strong protection against high dimensionality 

but remain sensitive to contamination, whereas others 

are highly robust to outliers but require substantial 

computation. This pattern highlights a fundamental 

trade-off between robustness, efficiency, and 

computational cost across different methodological 

approaches. Therefore, the selection of an appropriate 

robust Hotelling-type test should be guided by the 

specific characteristics of the data and the objectives 

of the statistical inference. From this perspective, the 

literature shows that no single method uniformly 

dominates across all scenarios, reinforcing the 

importance of simulation-based benchmarking in 

methodological development [28]. 

Finally, this review distinguishes between direct 

and indirect robustness strategies. Direct strategies 

explicitly modify the test statistic or covariance 

structure through techniques such as regularization or 

robust estimation. Indirect strategies, by contrast, 

improve the reliability of inference through 

resampling, calibration, or adjustment procedures 

without changing the underlying statistic. Direct 

methods often provide more interpretable and 

computationally efficient solutions, whereas indirect 

methods offer greater flexibility in handling complex 

data conditions. These approaches should therefore be 

regarded as complementary rather than competing 

strategies in modern robust multivariate inference. 

Overall, the findings of this systematic review 

demonstrate a clear shift in the literature toward a 

robustness-oriented framework for multivariate 

testing. Although significant progress has been made, 

future simulation studies should integrate multiple 

sources of data complexity within unified 

experimental designs, adopt standardized 

benchmarking practices, and report computational 

considerations more transparently. Such 

improvements would further advance the 

methodological maturity and practical applicability of 

robust extensions of Hotelling’s T² test. 
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5. Future Research Directions
One of the primary objectives of conducting a

systematic literature review is to identify prevailing 

research patterns and, importantly, to highlight areas 

where further investigation is needed. Although this 

review identified a growing number of simulation-based 

studies on robust extensions of Hotelling’s T² test and 

related multivariate tests, the overall volume of high-

quality empirical evidence remains limited relative to 

the complexity of modern data environments. The 

systematic search and screening process resulted in a 

final set of 35 eligible studies, suggesting that 

considerable scope exists for expanding research in this 

field, particularly through comprehensive and 

comparative simulation designs. 

A key direction for future research involves the 

evaluation of robustness under more realistic and 

compounded data conditions. Most existing simulation 

studies focus on isolated challenges, such as high 

dimensionality, distributional deviations, or outlier 

contamination, while relatively few examine their 

combined effects. Given that real-world datasets often 

exhibit multiple sources of complexity simultaneously, 

future studies should assess whether currently proposed 

robust Hotelling-type tests remain effective under such 

conditions. Additionally, greater attention should be 

paid to issues of computational scalability and 

efficiency, especially for resampling-based and 

adaptively calibrated procedures, which may become 

impractical as dimensionality and sample size increase. 

Finally, future research should broaden the scope of 

performance evaluation and methodological 

development. Beyond empirical size and power, 

simulation studies should consider robustness to tuning 

parameter choices, sensitivity to covariance structures, 

and stability under model misspecification. There is also 

potential for developing hybrid and adaptive testing 

frameworks that integrate multiple robustness strategies, 

such as regularisation, robust estimation, and 

resampling-based calibration. Addressing these 

directions will help avoid methodological “specialisation 

traps” and contribute to the development of more 

versatile and practically applicable robust extensions of 

Hotelling’s T² test. 

6. Conclusion

Hotelling’s T² test remains one of the most 

influential multivariate statistical procedures and 

continues to serve as a benchmark for testing mean 

vectors across a wide range of scientific disciplines. 

However, like many classical statistical methods, its 

traditional formulation faces significant challenges in 

contemporary data environments characterized by high 

dimensionality, deviations from normality, and the 

presence of outliers. As a result, the development of 

robust extensions and related multivariate tests has 

become increasingly important for ensuring valid and 

reliable inference in modern applications. 

The findings of this study are drawn from a 

systematic synthesis of simulation-based evidence 

examining robust extensions of Hotelling’s T² test and 

related multivariate tests. The review identifies three 

dominant robustness-oriented themes: high-dimensional 

robustness, distributional and outlier robustness, and 

resampling and calibration robustness. Collectively, 

these themes reflect the major directions of 

methodological development in this field. These robust 

testing strategies offer practical guidance to researchers 

and applied statisticians by highlighting alternative 

approaches that consistently outperform the classical 

Hotelling’s T² test under assumption violations, 

particularly in high-dimensional and contaminated data 

settings. 

However, the relative performance of these 

methods varies depending on the underlying data 

conditions. Methods designed for high-dimensional 

settings tend to improve stability and power but may 

rely on tuning parameters and structural assumptions. 

Robust estimators for outlier resistance enhance 

reliability under contamination but may reduce 

efficiency when classical assumptions hold. Similarly, 

resampling-based approaches offer flexibility and 

improved finite-sample inference, yet they often involve 

substantial computational costs and scalability 

limitations. These observations highlight inherent trade-

offs between robustness, efficiency, and computational 

feasibility across different methodological approaches. 

Despite progress in simulation-based research, 

several challenges remain. These include the limited 

number of studies that jointly consider multiple sources 

of data complexity, such as high dimensionality 

combined with heavy-tailed distributions and outliers, as 

well as the lack of standardized simulation benchmarks 

and transparent reporting of computational costs and 

tuning procedures. In addition, many simulation designs 

rely on simplified or idealized data-generating 

mechanisms, which may limit the generalizability of 

findings to real-world applications where multiple 

complexities coexist. 

Therefore, future research should develop 

simulation designs that incorporate more realistic data-

generating mechanisms, examine the scalability of 

robust procedures, and evaluate their performance across 

multiple application domains. Addressing these gaps is 

essential for advancing the practical applicability and 

methodological maturity of robust Hotelling-type 

multivariate testing methodologies. 
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