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Abstract 

This study presents a methodology for cross-ranking analysis to evaluate the consistency 

of universities’ positions across the QS World University Rankings, Times Higher Educa-

tion (THE) World University Rankings, and Academic Ranking of World Universities 

(ARWU). Data for 2022–2025 were harmonized by university names, countries, years, and 

ranking positions, resulting in a unified dataset of 316 observations. Ranking agreement 

was assessed using the overlap of ranked lists, a Spearman distance–based similarity 

measure, and a normalized inverse-rank metric. QS rankings were treated as the response 

variable, while THE and ARWU positions served as predictors. Model performance was 

evaluated using leave-one-year-out cross-validation for a median baseline, the average of 

THE and ARWU ranks, linear regression, Random Forest, and XGBoost. Random Forest 

achieved the lowest mean absolute error (MAE = 24.80 ± 3.26 ranking positions), whereas 

linear regression best preserved relative ordering (Spearman’s ρ = 0.794 ± 0.062). Addi-

tional analyses of the TOP-50, TOP-100, and TOP-200 subsets showed that prediction ac-

curacy decreases as ranking depth increases. The findings demonstrate that QS, THE, and 

ARWU provide complementary rather than interchangeable assessments of university 

performance. The proposed framework is intended for comparative cross-ranking analy-

sis rather than forecasting future university rankings. 

Keywords: machine learning; university rankings; cross-ranking analysis; rank  

estimation; XGBoost; Random Forest; similarity metrics; ranked lists; QS; THE; ARWU 

 

1. Introduction 

Global university rankings have become one of the most influential instruments for 

evaluating higher education institutions. They are used not only by prospective students 

and parents, but also by university administrators, governmental agencies, international 

partners, and funding organizations. Although rankings cannot fully reflect the overall 

quality of a university, they significantly influence institutional reputation, international 

collaboration, student recruitment, and strategic planning. Consequently, understanding 
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the mechanisms underlying the formation of ranking positions has become not only a sci-

entific challenge but also an important practical task [1–3]. 

At the same time, university rankings cannot be considered neutral or uniform meas-

urement systems. QS, Times Higher Education (THE), ARWU, and other ranking frame-

works rely on different indicators, weighting schemes, data sources, and methodological 

assumptions. Some rankings place greater emphasis on reputation and international ac-

tivity, whereas others focus more strongly on research productivity, citation impact, or 

academic achievements [4–7]. Consequently, the same university may occupy substan-

tially different positions across ranking systems. This creates a significant challenge for 

universities, as ranking outcomes are actively used in managerial decision-making, while 

their interpretation is not always straightforward. 

Previous studies have examined university rankings from multiple perspectives. A 

number of studies focus on the influence of rankings on educational policy and institu-

tional behavior [1–4]. Other works compare ranking methodologies and demonstrate that 

differences in indicators, data coverage, and calculation principles may lead to substantial 

variations in final ranking positions [5–7]. A separate research direction is associated with 

bibliometric indicators, citation impact, and research performance, since these parameters 

constitute the foundation of many ranking systems [8–11]. In recent years, machine-learn-

ing and data-driven methods have also been applied to educational analytics and univer-

sity ranking problems [12–17]. 

Despite the significant number of studies devoted to global university rankings, the 

quantitative relationship between the rankings of the same university across different 

ranking systems has not yet been sufficiently explored. Most studies compare the meth-

odologies of QS, THE, and ARWU or examine the application of machine learning to spe-

cific indicators of university performance. At the same time, the task of cross-ranking as-

sessment—where a university’s position in one system is determined based on its posi-

tions in other systems—is encountered significantly less frequently. 

This paper proposes a unified analytical approach that combines the comparison of 

ranked lists with regression modeling. In the first stage, the similarity between the QS, 

THE, and ARWU rankings is assessed, taking into account the composition of the univer-

sities and differences in their positions. To do this, we use the overlap between the lists, 

Spearman’s distance, and the inverse rank metric. In the second stage, a university’s po-

sition in the QS rankings is treated as the target variable, while its positions in THE and 

ARWU are used as input features. 

It is important to note that this approach does not constitute a prediction of the uni-

versity’s future ranking. The data from QS, THE, and ARWU correspond to comparable 

ranking years, so this is an inter-ranking assessment and analysis of the relationships be-

tween different ranking systems. This approach allows us to determine the extent to which 

positions in THE and ARWU may be related to the position in QS, but it does not imply 

that one ranking system can completely replace another. 

This study addresses two interrelated questions. First, to what extent do the QS, THE, 

and ARWU rankings agree in terms of the composition and relative order of universities 

at different Top-k levels? Second, how accurately can a university’s position in the QS 

rankings be estimated based on its positions in the THE and ARWU rankings for the same 

ranking year? To answer the first question, we used pairwise similarity metrics OS, F, and 

M. The second question was addressed as an inter-ranking regression problem using ob-

servations for which rankings in all three rankings are available simultaneously. Predict-

ing publication citations was not included in the scope of this study. 

The main contributions of this study are as follows: 

• A consistent, multi-year dataset was compiled, combining university rankings from 

QS, THE, and ARWU for 2022–2025; 
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• A comparison of universities was conducted, taking into account variations in name 

spelling, country of origin, identical ranks, and rank intervals; 

• A unified framework for the problem of cross-ranking QS positions based on THE 

and ARWU rankings has been proposed; 

• An experimental design has been developed to compare simple baseline approaches, 

linear regression, Random Forest, and XGBoost; 

• The robustness of the results was tested for the TOP-50, TOP-100, and TOP-200 sam-

ples, as well as across different ranking years; 

• The limitations of the obtained estimates are discussed, taking into account differ-

ences in the methodologies, indicators, and calculation principles of QS, THE, and 

ARWU. 

The rest of the article is organized as follows. Section 2 reviews previous studies on 

university rankings, the comparison of ranked lists, and the application of machine learn-

ing in educational analytics. Section 3 describes the data sources, the procedure for har-

monizing them, similarity metrics, and the formulation of the inter-ranking regression 

problem. Section 4 presents the results of model comparisons, error analysis, and sensi-

tivity tests for the TOP-50, TOP-100, and TOP-200 samples. Section 5 discusses the results 

obtained and the main limitations of the study. Section 6 presents the conclusions and 

directions for further work. 

2. Related Work 

Global university rankings are widely discussed in higher education research, as they 

influence not only the external reputation of universities but also student choice, interna-

tional collaboration, and strategic planning. The works of Ellen Hazelkorn [1], David Dill 

and Maarja Soo [2], and Simon Marginson [3] show that rankings are more than just ref-

erence tables. Over time, they begin to influence the behavior of the universities them-

selves. At the same time, the authors note that ranking results should be interpreted with 

caution, since the complex activities of a university are reduced in these rankings to a 

limited set of indicators. 

The second group of studies focuses on the methodological structure of global rank-

ings. QS, THE, and ARWU use different sets of indicators, weighting coefficients, data 

sources, and methods for presenting final rankings [4–7,18–20]. These differences explain 

why the same university may occupy different positions in different ranking systems. 

These differences explain why the same university may rank differently in various rank-

ing systems. Therefore, a simple visual comparison of the lists is not sufficient. Additional 

metrics are needed that take into account not only the presence of the same universities 

but also the differences in their rankings [21–24]. 

Comparative studies show that a university’s final ranking depends on the method-

ological assumptions underlying the ranking, the set of indicators, and the weighting 

scheme used [5–7]. Therefore, the similarity of rankings cannot be assessed solely based 

on the overlap in the universities listed; their relative positions within the lists must also 

be taken into account [22,25]. This provides the basis for using the intersection of sets, 

Spearman’s distance, and the inverse rank metric in this study. 

A separate area of research focuses on bibliometric indicators. In the works of Ludo 

Waltman [8], Henk F. Moed [9], Lutz Bornmann and Loet Leydesdorff [10], as well as 

Cassidy R. Sugimoto and Vincent Larivière [11], it has been shown that publication activ-

ity and citation rates can be used to assess scientific performance, but they do not provide 

a complete and unambiguous picture of it. These metrics are influenced by the scientific 

field, the scope of the database, the age of the publication, and citation practices specific 

to a given discipline. This is particularly important for the present study because biblio-

metric indicators are incorporated into the methodology of global rankings. However, the 
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number of citations for individual publications is not considered an independent depend-

ent variable in this study. 

In recent years, machine learning (ML) methods have been increasingly used to ana-

lyze higher education data. In recent years, machine learning methods have been increas-

ingly used to analyze higher education data and university rankings [12,17]. Linear mod-

els are typically used as a simple and straightforward baseline. Random Forest allows for 

nonlinear relationships and interactions between features [13], while gradient boosting 

methods, including XGBoost, iteratively refine the model by adding new trees [14,16]. 

However, a more complex algorithm does not necessarily yield a more accurate or robust 

result; therefore, it must be compared with simple baseline approaches using identical 

data splits. 

This is particularly relevant when analyzing university rankings, as rankings are de-

termined based on different metrics, weightings, and methodological principles. At the 

same time, using a complex ML model does not in itself guarantee a more reliable result. 

Therefore, its quality must be compared with simple, basic approaches using identical 

data samples. 

This review shows that research on global university rankings is developing primar-

ily in two directions. The first involves comparing methodologies, indicators, and the final 

rankings of universities in the QS, THE, ARWU, and other ranking systems. The second 

direction examines the application of statistical methods and machine learning to higher 

education data. 

However, these approaches are not always combined within a single experiment. 

Studies comparing rankings are often limited to describing methodological differences, 

while research using machine learning frequently focuses solely on the values of quality 

metrics. At the same time, differences in the principles underlying the construction of the 

rankings themselves are not always taken into account. 

The work by Udupi et al. [12] is similar to the present study in terms of the general 

problem formulation, as it examines the application of machine learning and regression 

methods to evaluate global university rankings. In the present work, this approach is ex-

panded by combining several analytical procedures within a single experiment. In addi-

tion to the regression-based estimation of QS rankings based on THE and ARWU rank-

ings, a pairwise similarity analysis of the ranked lists from QS, THE, and ARWU is con-

ducted using a consistent multi-year dataset covering 2022–2025. The study by Udupi et 

al. is indeed devoted to the application of regression models to the task of evaluating uni-

versity rankings. 

The robustness of the results in this study was assessed using the “leave-one-year-

out” method, in which one ranking year was used for testing and the remaining years for 

training. The trained models were compared not only with each other but also with simple 

baseline approaches. Additionally, the sensitivity of the results was tested for the TOP-50, 

TOP-100, and TOP-200 samples. Thus, this study does not claim to offer a completely 

novel approach to the task of evaluating university rankings, but rather expands upon 

existing research by combining data harmonization, analysis of the similarity of ranked 

lists, inter-ranking regression, and inter-year validation. 

3. Materials and Methods 

Global university ranking data has a heterogeneous structure. QS, Times Higher Ed-

ucation, and ARWU use different methodologies, sets of indicators, and methods for pre-

senting final rankings. In addition, ranking tables may contain identical ranks, range-

based positions, and different spellings of the same university’s name. Therefore, directly 

combining such data without prior coordination can lead to errors and incorrect compar-

isons between institutions [18–21]. 

https://doi.org/10.3390/info17080758


Information 2026, 17, 758 5 of 33 
 

https://doi.org/10.3390/info17080758 

This study employs a sequential data preparation procedure. First, the ranking tables 

for the relevant years are standardized to a common structure. Next, the names of univer-

sities and countries are standardized, duplicates are removed, and rank values are con-

verted to a comparable numerical format. For ARWU, range-based rankings are processed 

separately, since some universities are represented not by an exact rank but by a range, 

such as 101–150. Afterward, a sample of observations is formed for which QS, THE, and 

ARWU rankings are all available for the same ranking year. 

The machine learning problem is formulated as a regression problem. A university’s 

numerical ranking in QS is used as the target variable, while its corresponding rankings 

in THE and ARWU are used as input features. This formulation allows us to assess the 

extent to which a university’s position in two ranking systems is related to its position in 

the third. However, the model is not intended as a tool for accurately predicting a univer-

sity’s future ranking, since the input and target rankings refer to the same ranking cycle. 

This study focuses specifically on cross-ranking assessment. 

3.1. Methodological Workflow 

The overall research workflow is shown in Figure 1. It includes collecting ranking 

data from QS, THE, and ARWU; harmonizing university names and ranking years; pro-

cessing related positions and rank intervals; forming a combined sample; calculating sim-

ilarity metrics; training regression models; and analyzing errors. 

 

Figure 1. Methodological workflow of the cross-ranking analysis: data collection, harmonization, 

similarity assessment, regression modeling, validation, and interpretation of results. The numbered 

boxes represent the sequential stages of the proposed workflow, the arrows indicate the direction 

of data processing, and the colors are used solely to visually distinguish the workflow stages. 

Similarity analysis and regression modeling were performed using a single, harmo-

nized dataset, but addressed different aspects of the overall research question. In the first 

stage, the extent to which the rankings coincided in terms of the composition of 
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universities and their relative order was determined. In the second stage, the numerical 

QS ranking was evaluated against the corresponding THE and ARWU rankings. 

The OS, F, and M values were not used as input variables for the regression models. 

Their role was to provide a preliminary characterization of inter-ranking consistency and 

to facilitate the subsequent interpretation of model errors. To analyze similarity, inde-

pendent pairwise Top-k lists were formed, whereas the regression analysis was conducted 

only on the triple intersection of QS, THE, and ARWU. Thus, the two stages are linked by 

a common data harmonization procedure and a common research objective, but they use 

different analytical subsets. 

3.2. Data Integration and Analytical Pipeline 

Data processing was carried out in stages. In the first stage, QS, THE, and ARWU 

ranking data for specific years were collected. Each source had its own structure, so the 

tables were standardized to a common format before being combined. During this same 

stage, column names, data types, and the presence of key ranking indicators were verified. 

Next, data cleaning was performed. Duplicate records were removed, university and 

country names were standardized, and ranking positions were converted to numerical 

format. Special attention was paid to variations in the spelling of the names of the same 

university. Abbreviated and full versions were merged only when a match could be es-

tablished unambiguously. Unrestricted automatic matching based on approximate simi-

larity of names was not used [21]. 

After cleaning, the data were aggregated by university, country, and ranking year. 

Both complete and incomplete records were retained in the overall dataset. However, the 

main experiment included only observations for which QS, THE, and ARWU rankings 

were all available. This approach reduces the size of the final sample but avoids replacing 

missing rankings with artificially calculated or average values. 

Special processing was applied to ARWU ranking intervals. If a university was rep-

resented by a range, such as 101–150, the lower and upper bounds of the range were re-

tained in the original dataset. For the regression analysis, the midpoint of the range was 

used. This simplifies numerical modeling but does not obscure the fact that the original 

ranking was an interval rather than an exact value. 

In the next step, similarity metrics for the ranked lists were calculated, and a sample 

was formed for regression analysis. Pairwise similarity between QS, THE, and ARWU 

was assessed separately for each ranking year and each TOP-k depth. Position metrics 

were calculated for universities included in the intersection of the corresponding pair of 

lists. For the regression analysis, the QS ranking was used as the target variable, while the 

THE and ARWU rankings were used as the two input features. We compared the median 

baseline model, the average of the THE and ARWU rankings, linear regression, Random 

Forest, and XGBoost. All approaches were evaluated on identical “leave-one-year-out” 

validation sets. 

Additionally, the sensitivity of the results was tested for three sample sets: TOP-50, 

TOP-100, and TOP-200. This allowed us to assess how absolute errors change as the range 

of considered ranking positions expands. 

The proposed framework is a sequential analytical process for preparing and analyz-

ing rating data. This paper does not conduct a separate experimental study of computa-

tional scalability, distributed data storage, or the performance of Big Data infrastructure. 

Therefore, the conclusions of the study pertain to the quality of data harmonization, cross-

rating comparisons, and the performance of regression models, rather than to the perfor-

mance of the software platform. 
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3.3. Ranking Similarity Metrics and Parameter Definitions 

To compare different global university rankings, this study employs similarity met-

rics that enable a more objective assessment of the degree of consistency between ranked 

lists. This is important because QS, THE, ARWU, and other ranking systems are based on 

different indicators, weighting schemes, data sources, and methodological assumptions. 

Consequently, the same institution may occupy different positions across rankings, even 

when broadly similar aspects of university performance are being evaluated. 

The study uses three metrics: overlap size (OS), a similarity measure based on Spear-

man’s distance (F), and a normalized inverse rank metric (M). These metrics characterize 

different aspects of similarity: OS reflects the commonality of the lists’ composition, F ac-

counts for differences in the order of shared universities, and M places greater weight on 

discrepancies at the top of the rankings. Overlap Size (OS) was used as a simple measure 

of the common composition of the two lists. The F measure is based on Spearman’s dis-

tance, which is defined as the sum of the absolute differences between the ranks of com-

mon elements [22]. The normalized metric M was applied as an additional indicator, more 

sensitive to discrepancies at the top of the ranking list; its calculation is provided below. 

These metrics characterize different aspects of similarity: OS reflects the commonality of 

the lists’ composition, F accounts for differences in the order of shared universities, and 

M places greater weight on discrepancies at the top of the ranking [26]. 

The OS overlap was used as a simple measure of the overall composition of the two 

lists. The F-measure is based on Spearman’s distance, which is defined as the sum of the 

absolute differences between the ranks of the common elements [27]. The normalized met-

ric M was used as an additional indicator, one that is more sensitive to differences at the 

top of the ranking list; its calculation is provided below. 

3.3.1. Definitions of Symbols and Parameters 

In the formulas below, A and B denote the two ranking lists being compared, and 𝑖 

denotes a specific university. The set 𝐶 = 𝐴 ∩ 𝐵  consists of universities that appear in 

both rankings. The value |𝐶| indicates the number of such universities. 

The functions 𝑟𝐴(𝑖) and 𝑟𝐵(𝑖) denote the position of university 𝑖 in rankings A and 

B, respectively. The lower the rank value, the higher the university’s position. The param-

eter 𝑘 specifies the depth of the list being compared, such as TOP-50, TOP-100, or TOP-

200. 

For universities tied for the same position, the average rank is used. If several uni-

versities are tied for a single position, each is assigned the same average value calculated 

for the corresponding range of ranks. This approach avoids artificially establishing an or-

der among the universities [28]. 

This paper uses three main metrics. The symbol OS denotes the size of the intersec-

tion of the ranking lists, F denotes a normalized similarity measure based on Spearman’s 

distance, and M denotes a normalized inverse-rank metric. The M metric places greater 

weight on discrepancies occurring at the top of the ranking list. 

If ARWU publishes a rank range rather than an exact rank, the midpoint of that range 

is used in the regression analysis: 

ARWU𝑖,𝑡 =
𝑟𝑖,𝑡

min + 𝑟𝑖,𝑡
max

2
 (1) 

where 𝑟𝑖,𝑡
min and 𝑟𝑖,𝑡

max denote the lower and upper bounds of the published rank range, 

respectively. Both bounds are retained in the original dataset. 

Similarity metrics are not used to construct a new composite ranking and do not re-

place the original QS, THE, or ARWU rankings. They are used to assess the degree of 

consistency among ranking systems and to interpret the results of the regression analysis. 
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3.3.2. Similarity Metrics for Ranked Lists 

Overlap Size, OS. The Overlap Size metric represents the number of common ele-

ments shared by two ranking lists. In the context of this study, these elements correspond 

to universities simultaneously present in both compared rankings. Formally, the metric 

can be expressed as follows: 

𝑂𝐶(𝐴, 𝐵) = |𝐴 ∩ 𝐵| (2) 

where 𝐴  and 𝐵  denote two ranking lists being compared, and |𝐴 ∩ 𝐵|  represents the 

number of universities included in both lists. 

Despite its simplicity, this metric is useful at the initial stage of analysis because it 

allows the degree of overlap between rankings in terms of university composition to be 

assessed. However, 𝑂𝑆 has an important limitation: it does not account for the ordering 

of universities within the ranking lists. For example, two rankings may contain the same 

universities while arranging them in entirely different sequences. Therefore, in the present 

study, 𝑂𝑆 is not used independently, but rather in combination with position-sensitive 

similarity metrics. 

Spearman’s Footrule, F. The Spearman distance-based similarity measure takes into 

account not only the presence of the same universities in both rankings, but also the dif-

ferences in their positions. First, the set of universities that appear in both lists being com-

pared is identified: 

𝐶 = 𝐴 ∩ 𝐵, 𝑛 = |𝐶| (3) 

Before calculating the distance, the universities in set C are re-ranked within the over-

all set from 1 to n. The resulting ranks are denoted as 𝑟𝐴
𝐶(𝑖) and 𝑟𝐵

𝐶(𝑖). If several univer-

sities have the same rank, their average rank is used. 

The Spearman absolute distance and its maximum possible value are defined as fol-

lows: 

𝐷𝐹(𝐴, 𝐵) = ∑|𝑟𝐴
𝐶(𝑖) − 𝑟𝐵

𝐶(𝑖)|

𝑖∈𝐶

𝐷𝐹
max = ⌊

𝑛2

2
⌋

 (4) 

here, ⌊⋅⌋ denotes rounding down to the nearest integer. The normalized distance is calcu-

lated as: 

𝐷𝐹
norm(𝐴, 𝐵) =

𝐷𝐹(𝐴, 𝐵)

𝐷𝐹
max   (5) 

The final similarity measure is defined as follows: 

𝐹(𝐴, 𝐵) = 1 − 𝐷𝐹
norm(𝐴, 𝐵)  (6) 

The value of 𝐹(𝐴, 𝐵) ranges from 0 to 1. The closer it is to 1, the smaller the difference 

in the rankings of the universities in question. A value close to 0 indicates a significant 

discrepancy between their rankings. 

Inverse Rank, 𝑀. The inverse-rank metric is used to give greater weight to differ-

ences at the top of the ranking list. After re-ranking the universities within the overall set 

C, the unnormalized value is calculated as follows: 

𝐼𝑅(𝐴, 𝐵) = ∑

1
𝑟𝐴

𝐶 (𝑖)
+

1
𝑟𝐵

𝐶(𝑖)

1 + |𝑟𝐴
𝐶(𝑖) − 𝑟𝐵

𝐶(𝑖)|
𝑖∈𝐶

   (7) 
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If a university’s ranking is the same on both lists, the denominator of the correspond-

ing term is equal to one. As the difference between the rankings increases, that university’s 

contribution decreases [29]. 

For a fixed number of general universities, 𝑛 = |𝐶|, the maximum possible value of 

IR is determined across all possible pairs of rankings of these n universities after they have 

been reordered within the set 𝐶. The maximum is reached when the positions coincide 

exactly, that is, when each rank 𝑗 in list 𝐴 corresponds to the same rank 𝑗 in list 𝐵: 

𝐼𝑅max(𝐴, 𝐵) = 2 ∑
1

𝑗

𝑛

𝑗=1

, 𝑛 = |𝐶|  (8) 

Thus, 𝐼𝑅max is an analytically defined normalizing value for a fixed intersection size 

n. It is not defined as the largest value among the observed pairs of ratings and does not 

depend on whether a rating is compared with itself. 

The normalized inverse rank metric is calculated using the following formula: 

𝑀(𝐴, 𝐵) =
𝐼𝑅(𝐴, 𝐵)

𝐼𝑅max(𝐴, 𝐵)
 (9) 

The value of 𝑀(𝐴, 𝐵) ranges from 0 to 1. The closer it is to 1, the higher the agreement 

between the two rankings, particularly at the top of the compared lists. Compared to the 

intersection size and the 𝐹-measure, the 𝑀 metric is more sensitive to changes in the or-

der of the top universities. The positional metrics 𝐹 and 𝑀 were calculated only for uni-

versities that are part of the intersection of the two TOP-k lists, that is, for the set C = A ∩ 

B. Before calculating the metrics, these universities were re-ranked within the overall set. 

Institutions appearing in only one of the two lists were not included in the calculation of 

the positional distance. 

Universities that were not included were accounted for via the OS metric, but they 

were not assigned a separate penalty position when calculating F and M. Therefore, when 

there is little overlap between the lists, the positional similarity values may slightly over-

estimate the overall degree of agreement: the metrics evaluate the order only among the 

universities common to both lists and do not penalize differences in the composition of 

the lists. For this reason, OS, F, and M were interpreted collectively, rather than as inter-

changeable metrics. A brief numerical example. 

Consider two hypothetical TOP-4 lists: 

𝐴 = (𝑈1, 𝑈2, 𝑈3, 𝑈4), 𝐵 = (𝑈2, 𝑈1, 𝑈5, 𝑈3). (10) 

The universities 𝑈1, 𝑈2 and 𝑈3 are common to both lists. Therefore, 

𝐶 = 𝐴 ∩ 𝐵 = {𝑈1, 𝑈2, 𝑈3},  𝑛 = |𝐶| = 3,  𝑂𝑆(𝐴, 𝐵) = 3. (11) 

After re-ranking the universities within the set C, their positions are as follows (Table 1): 

Table 1. Method of determining positions after revising the ranking of universities in the C set. 

University Position A Within C Position B Within C 

𝑈1 1 2 

𝑈2 2 1 

𝑈3 3 3 

Spearman’s absolute distance is: 

𝐷𝐹(𝐴, 𝐵) = |1 − 2| + |2 − 1| + |3 − 3| = 2. (12) 

For three general universities, the maximum possible distance is equal to: 
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𝐷𝐹
max = ⌊

𝑛2

2
⌋ = ⌊

32

2
⌋ = 4 (13) 

In that case, the normalized similarity measure is: 

𝐹(𝐴, 𝐵) = 1 −
𝐷𝐹(𝐴, 𝐵)

𝐷𝐹
max = 1 −

2

4
= 0.500. (14) 

The unnormalized value of the inverse rank metric is calculated as: 

𝐼𝑅(𝐴, 𝐵) =

1
1

+
1
2

1 + |1 − 2|
+

1
2

+
1
1

1 + |2 − 1|
+

1
3

+
1
3

1 + |3 − 3|
= 0.750 + 0.750 + 0.667
= 2.167.

 (15) 

The maximum possible value of the metric is 

𝐼𝑅max(𝐴, 𝐵) = 2 ∑
1

𝑗

3

𝑗=1

= 2 (1 +
1

2
+

1

3
) = 3.667 (16) 

Therefore, 

𝑀(𝐴, 𝐵) =
𝐼𝑅(𝐴, 𝐵)

𝐼𝑅max(𝐴, 𝐵)
=

2.167

3.667
≈ 0.591. (17) 

University 𝑈4 appears only in List A, while University 𝑈5 appears only in List B. 

They reduce the size of the intersection between the lists but do not incur a separate posi-

tional penalty when calculating F and M. This example illustrates why positional metrics 

must be considered in conjunction with the OS metric. 

3.3.3. Handling of Tied Positions 

Rankings may include tied positions, where multiple universities share the same 

rank. In such cases, each university is assigned the average rank of the corresponding 

range: 

𝑟tie =
𝑟min + 𝑟max

2
= 𝑟min +

𝑚 − 1

2
 (18) 

here, 𝑟min denotes the first position in a group of tied ranks, 𝑟max denotes the last posi-

tion, and m denotes the number of universities tied for that rank. This approach avoids 

the need to artificially establish an internal order among the universities. 

3.3.4. The Purpose of Cross-Rating Assessment 

After comparing the rankings, the machine learning problem is formulated as a re-

gression problem. For each university i and ranking year t, we need to estimate its QS 

ranking based on its corresponding rankings in THE and ARWU: 

QS𝑖,𝑡 = 𝑓(THE𝑖,𝑡 , ARWU𝑖,𝑡) + 𝜀𝑖,𝑡 ,

QŜ𝑖,𝑡 = 𝑓(THE𝑖,𝑡 , ARWU𝑖,𝑡).
 (19) 

here, QS𝑖,𝑡 denotes the actual ranking of university i in the QS rankings for ranking year 

t, and QŜ𝑖,𝑡  denotes the ranking estimated by the model. The variables THE𝑖,𝑡 and 

ARWU𝑖,𝑡 correspond to the rankings of the same university in the THE and ARWU rank-

ings for the comparable ranking year. 

For ARWU’s interval rankings, the midpoint of the published rank range is used. The 

function 𝑓 describes the inter-ranking relationship; 𝑓 denotes the relationship obtained 

after training the model; and 𝜀𝑖,𝑡 represents the residual error. 
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Since the target QS ranking and the input THE and ARWU rankings all pertain to the 

same ranking year, this problem is treated as an inter-ranking estimation. It does not pre-

dict a future value and does not determine what position a university will occupy in the 

next ranking issue. 

3.4. Data Collection and Preprocessing 

This study utilized data from three global university rankings: the QS World Univer-

sity Rankings, the Times Higher Education World University Rankings, and the Academic 

Ranking of World Universities. To form the overall sample, ranking data for 2022–2025 

were collected. This study was entirely computational and was based exclusively on dig-

ital university-ranking datasets. No chemicals, reagents, biological samples, commercial 

cell lines, laboratory materials, physical devices, or scientific instruments were used in this 

study. 

The working technical file was generated based on the World University Rankings 

2026 Dataset [23]. The 2022–2025 editions were used for the main analysis. Information on 

the ranking editions, publication dates, and source structure was additionally cross-

checked against the official websites of QS, THE, and ARWU [18–20]. 

The observation unit was the “university–ranking year” pair. For each observation, 

the university name, country, ranking year, and rankings in QS, THE, and ARWU were 

recorded. The country name and year were used to further verify the consistency of rec-

ords when merging data sources. Only the THE and ARWU rankings were used as input 

variables for the regression model, while the QS ranking served as the target variable. 

Preprocessing was performed separately for each source. Column names and data 

types were standardized to a common structure, and duplicate records and technical char-

acters were removed. University names were standardized, taking into account both full 

and abbreviated spellings. Records were merged only in cases where the university could 

be unambiguously identified. The country and ranking year were additionally verified, 

which helped reduce the risk of erroneous matching of institutions with similar names 

[21]. 

Ranking positions were converted to numerical values. For tied positions, infor-

mation on the associated rank was retained. If ARWU published a rank range rather than 

an exact position—for example, 101–150 the lower and upper bounds of that range were 

retained in the original dataset. For regression analysis, the midpoint of the published 

range was used. 

After standardization, the QS, THE, and ARWU data were merged by university name, 

country, and ranking year. The main experimental sample included only those observations 

for which positions in all three rankings were available simultaneously. Missing rankings 

were not replaced with averages, medians, or other artificially calculated values. 

Data sources, ranking editions, and the main stages of forming the analytical sample 

are presented in Table 2. The unit of analysis at all stages was a “university–ranking year” 

record. Before consolidation, the names of universities and countries, ranking years, nu-

merical rankings, duplicates, and technical designations were verified separately for each 

ranking. 

The complete technical file contained QS and THE data for 2022–2026 and ARWU 

data for 2022–2025. Since there was no comparable ARWU data for 2026, the main analysis 

was limited to the period 2022–2025. After this restriction, the combined table contained 

1206 entries: QS rankings were available for 803 observations, THE rankings for 637, and 

ARWU rankings for 770. Rankings in all three rankings were identified for 316 observa-

tions. 
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Table 2. Data sources, rating reports, and the process of forming the analytical sample. 

Source or 

Stage 

Top-Rated 

Episodes 

Publica-

tion Dates 

of the Is-

sues 

Date of 

Access 

and Verifi-

cation 

Number 

of En-

tries in 

the Com-

plete 

Tech-

nical File 

Unique 

Univer-

sities Af-

ter Har-

moniza-

tion 

Key Extracted Variables 

Number of Rec-

ords After Fil-

tering by the 

2022–2025 Pe-

riod and Clean-

ing 

Number 

of Rec-

ords Af-

ter the 

Merge 

QS World 

University 

Rankings 

2022–2026 in 

the technical 

document; 

2022–2025 in 

the analysis 

8 June 

2021; 8 

June 2022; 

27 June 

2023; 4 

June 2024 

27 July 

2026 
1003 227 

University, country/terri-

tory, ranking year, pub-

lished and numerical 

rankings, related ranking 

indicator, available QS 

metrics 

803 803 

Times 

Higher Ed-

ucation 

World 

University 

Rankings 

2022–2026 in 

the technical 

document; 

2022–2025 in 

the analysis 

2 Septem-

ber 2021; 

12 October 

2022; 27 

September 

2023; 9 Oc-

tober 2024 

27 July 

2026 
829 216 

University, country/terri-

tory, ranking year, pub-

lished and numerical 

rankings, related ranking 

indicator, THE overall 

and available component 

indicators 

637 637 

Academic 

Ranking of 

World 

Universi-

ties 

2022–2025 

15 August 

2022; 15 

August 

2023; 15 

August 

2024; 15 

August 

2025 

27 July 

2026 
770 218 

University, country/re-

gion, ranking year, pub-

lished rank or range, 

range limits and mid-

point, overall and availa-

ble ARWU component in-

dicators 

770 770 

Combined 

Table 

2022–2026; 

analysis for 

2022–2025 

– – 1466 340 

Standardized name, coun-

try, year of ranking, QS, 

THE, and ARWU rank-

ings, and indicators of 

source availability 

1206 1206 

Complete 

QS–THE–

ARWU 

Data Set 

2022–2025  – – – 

Observations with QS, 

THE, and ARWU rank-

ings all available at the 

same time 

– 316 

Note: The number of unique universities was determined based on the harmonized organization 

identifier after standardizing the names. The complete technical file contained 1466 “university–

year” records for 2022–2026: QS rankings were available for 1003 records, THE rankings for 829, and 

ARWU rankings for 770. Since comparable ARWU data for 2026 were unavailable, data for that year 

were excluded from the analytical sample. After restricting the period to 2022–2025, the consoli-

dated table contained 1206 records, of which 316 had QS, THE, and ARWU rankings available sim-

ultaneously. The date 27 July 2026 indicates that the sources were revisited and the data verified, 

rather than the date the working dataset was originally compiled. 

After selecting records with simultaneously available QS, THE, and ARWU rankings, 

a complete analytical sample of 316 observations for 2022–2025 was formed. Each obser-

vation corresponds to one university in a single ranking year. The distribution of this sam-

ple by year is presented in Table 3. 
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Table 3. Distribution of Complete QS–THE–ARWU Observations by Ranking Year. 

A Record-Breaking Year Number of Complete Observations 

2022 104 

2023 76 

2024 76 

2025 60 

Total 316 

As shown in Table 3, the number of complete observations varies by year. This is due 

to the varying coverage of universities in the source ranking tables, as well as the require-

ment that a university be ranked simultaneously in the QS, THE, and ARWU rankings. 

Consequently, the final dataset is unbalanced across years, a factor that is taken into ac-

count in the subsequent evaluation of the models. 

For the sensitivity analysis, additional TOP-50, TOP-100, and TOP-200 samples were 

formed. The study employed two different principles for forming TOP-k samples. To an-

alyze similarity for each pair of rankings and each year, two TOP-k lists were formed in-

dependently. For example, when comparing QS and THE, universities ranked in both sys-

tems were considered; an ARWU ranking was not required for such a comparison. The 

size of the pairwise intersection was used to calculate OS, F, and M. 

A stricter criterion was applied for the regression analysis. It included only those ob-

servations for which QS, THE, and ARWU rankings were all available simultaneously. 

When forming the TOP-50, TOP-100, and TOP-200 regression samples, a university had 

to fall within the corresponding threshold in all three rankings at the same time. There-

fore, the sizes of the regression samples do not match the pairwise intersection sizes used 

in the similarity analysis. For the sensitivity analysis, TOP-50, TOP-100, and TOP-200 sub-

samples were formed from the complete triple sample. An observation was included in 

the corresponding subsample only if the university’s ranking simultaneously fell within 

the specified thresholds in the QS, THE, and ARWU rankings. As a result, the TOP-50, 

TOP-100, and TOP-200 subsamples contained 60, 135, and 316 observations, respectively. 

3.5. Model Configuration and Validation Procedure 

To evaluate a university’s position across different rankings, five approaches were 

compared in the QS analysis: the median baseline model, the average of THE and ARWU 

rankings, linear regression, Random Forest (RF), and XGBoost. In all cases, the QS ranking 

was used as the target variable, while the THE and ARWU rankings served as the two 

input features. 

The median baseline model assigned the median QS ranking—calculated solely from 

the training sample—to all observations in the test year. The second baseline model esti-

mated the QS score as the arithmetic mean of the THE and ARWU rankings. These simple 

variants were used to verify whether the trained models provided a noticeable improve-

ment over elementary rules. Linear regression was applied without additional regulari-

zation or separate hyperparameter tuning. 

An 80/20 random split of the data was not used. The main evaluation procedure was 

year-over-year validation using the “leave-one-year-out” method. At each step, all obser-

vations from a single rating year formed the external test set, while data from the remain-

ing three years were used to train the model. The procedure was repeated sequentially for 

the years 2022, 2023, 2024, and 2025. 

As a result, four external splits were formed. When testing on the 2022 data, the train-

ing sample contained 212 observations, and the test sample contained 104. For 2023, 240 

training and 76 test observations were used. The same ratio was applied when testing on 
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the 2024 data. In the final step, the models were trained on 256 observations from 2022–

2024 and evaluated on 60 observations from 2025. 

The RF and XGBoost hyperparameters were tuned separately within each external 

training set. For internal validation, GroupKFold cross-validation (CV) was used, with 

observations grouped by rating year. Since the training set of each external split contained 

data from three rating years, the internal CV procedure included three group splits. Ob-

servations from the external test year were not used for either parameter selection or 

model training. Observations from the external test year were not used for either param-

eter selection or model training. 

Parameter tuning was performed using GridSearchCV. The selection criterion was 

the mean absolute error. In the scikit-learn implementation, the `neg_mean_absolute_er-

ror` metric was used; therefore, the combination of parameters with the lowest actual 

MAE value was considered the best. After internal validation, the model with the selected 

parameters was retrained on the entire external training set and then applied to the obser-

vations from the reserved test year [30]. 

The following hyperparameter values were tested for RF: 

• Number of trees n_estimators: 300 and 500; 

• Maximum tree depth max_depth: no limit, 6, and 12; 

• Minimum number of samples in a leaf node min_samples_leaf: 1, 2, and 3; 

• Number of features considered at each split, max_features: 1, 0, and “sqrt”. 

Since the model used only two input features, the option max_features = “sqrt” effec-

tively meant that a single randomly selected feature was considered when forming each 

tree split. 

The following values were tested for XGBoost: 

• Number of trees n_estimators: 200 and 400; 

• Maximum tree depth max_depth: 2 and 3; 

• Learning rate learning_rate: 0.03 and 0.07; 

• Minimum sum of observation weights in a child node min_child_weight: 1 and 5. 

The subsample and colsample_bytree parameters were set to 0.9. The objective = 

“reg:squarederror” function was used to solve the regression problem, and the trees were 

constructed using the tree_method = “hist” parameter. 

To ensure reproducibility, a fixed value of ‘random_state = 42’ was used in all sto-

chastic procedures. Parallel processing was performed with the parameter ‘n_jobs = −1’. 

Hyperparameter tuning was performed anew in each out-of-fold split, so the selected 

combinations could vary between individual test years. 

After generating the combined out-of-fold estimates, the validity of the calculated QS 

scores was additionally verified. Since the main regression experiment was conducted on 

the TOP-200 sample, the acceptable range was set from 1 to 200. The presence of zero and 

negative values, scores below 1, and values above 200 was checked separately. 

The metrics were calculated based on the models’ original continuous estimates with-

out rounding to integer positions. No forced value constraints, range clipping, or target 

variable transformations were applied. This approach made it possible to avoid artificially 

reducing errors through subsequent adjustment of the results. The actual values of the 

minimum and maximum estimated positions, as well as the results of the valid-range 

check, are presented in Section 4.4. 

The split, in which the models were trained on data from 2022–2024 and evaluated 

on observations from 2025, is one of four external steps in the leave-one-year-out valida-

tion. 

Its results are presented separately below for a more detailed examination of the 

models’ performance during the most recent ranking cycle, but are not considered an 
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additional or independent validation. Note that the starting positions for THE and ARWU 

and the target position for QS all refer to the same ranking year. Therefore, this breakdown 

characterizes the transferability of inter-ranking relationships across ranking cycles, ra-

ther than the model’s ability to predict a university’s future ranking. 

All computations were performed in the Google Colaboratory cloud environment 

(Google LLC, Mountain View, CA, USA) using Python 3.12.13 (Python Software Founda-

tion, Beaverton, OR, USA). NumPy 2.0.2 (NumPy Developers, open-source software) and 

pandas 2.2.2 (pandas development team, open-source software) were used for data pro-

cessing and transformation. Linear regression, Random Forest, GroupKFold cross-valida-

tion, GridSearchCV hyperparameter tuning, and performance-metric calculations were 

implemented using scikit-learn 1.6.1 (scikit-learn developers, open-source software). The 

gradient-boosting model was implemented using XGBoost 3.3.0 (XGBoost developers, 

open-source software). The experiments were executed using Linux kernel 6.6.122+ (Linux 

kernel developers, open-source software) on an x86_64 architecture with GNU C Library 

(glibc) 2.35 (GNU Project/Free Software Foundation, Boston, MA, USA). NumPy, pandas, 

scikit-learn, XGBoost, and Linux are community-developed open-source projects and do 

not have a single commercial manufacturer; therefore, a manufacturer’s city and country 

are not applicable to these software packages. The computational environment provided 

two logical CPU cores. All models were trained on the CPU without dedicated GPU ac-

celeration or distributed computing infrastructure. 

3.6. Evaluation Metrics 

Model quality was evaluated using the mean absolute error (MAE), the root mean 

square error (RMSE), the median absolute error (MedAE), and the coefficient of determi-

nation R2. MAE indicates the average absolute magnitude of the discrepancy between the 

actual and estimated positions. RMSE is more sensitive to large errors, whereas MedAE 

is less sensitive to individual observations with large deviations. 

Rankings are ordinal in nature. A lower numerical value corresponds to a higher 

university ranking; however, the same numerical distance does not necessarily have the 

same substantive meaning in different parts of the list. For example, a difference of ten 

positions among the leading universities and the same difference closer to the lower end 

of the TOP-200 are formally of equal magnitude but may be interpreted differently from 

a practical standpoint. 

Ordinary regression was used in this study as a practical method to estimate the nu-

merical magnitude of the discrepancy between the actual and calculated QS rankings. This 

use of regression does not imply that the ranking positions are treated as a full-fledged 

interval scale with equal distances between all adjacent positions [31]. 

For this reason, MAE, RMSE, MedAE, and R2 were not interpreted separately from 

the rank-based metrics. Additionally, Spearman’s ρ and Kendall’s τ correlation coeffi-

cients were calculated, which indicate the extent to which the model preserves the relative 

order of the universities. The combined use of these metrics allows for an assessment of 

both the numerical magnitude of the error and the quality of the reproduction of the se-

quence of universities in the ranking. For each method, the metrics were calculated sepa-

rately for four external test years. The final results are presented as the mean and standard 

deviation across these four splits. This format shows not only the average level of quality 

but also its variability across individual ranking cycles. 

4. Results 

This section presents the results of a pairwise similarity analysis of QS, THE, and 

ARWU; a comparison of models for inter-ranking assessment of QS positions; a sensitivity 

analysis regarding list depth; and the distribution of out-of-fold errors in the Random 
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Forest model. The main regression experiment was conducted on 316 observations from 

2022–2025. Each observation corresponds to a “university–ranking year” pair and con-

tains the simultaneously available QS, THE, and ARWU rankings. The target variable was 

the QS ranking, while the THE and ARWU rankings were used as input features. 

4.1. Ranking Similarity Results 

In the first stage, the similarity between the QS, THE, and ARWU rankings was as-

sessed. Calculations were performed separately for each ranking year from 2022 to 2025, 

as well as separately for the TOP-50, TOP-100, and TOP-200. This approach ensures that 

the rankings of universities from different ranking cycles are not mixed. 

For each pair of rankings, independent TOP-k lists were first generated. The overlap 

size indicated the number of universities appearing in both compared lists. A normalized 

measure based on Spearman’s F distance accounted for differences in the order of the uni-

versities overall. The inverse rank metric M, in turn, was more sensitive to discrepancies 

at the top of the list. 

For each combination of rankings and list depth, four annual values were calculated. 

Table 4 presents their mean values and standard deviations for 2022–2025. This format 

shows not only the overall level of similarity but also its stability across individual ranking 

editions. 

Table 4. Pairwise Similarity Between the QS, THE, and ARWU Rankings: Means and Standard De-

viations for the 2022–2025 Ranking Years. 

Sample Ranking Pair Overlap Size, Mean ± SD 
Spearman’s Footrule 

(F), Mean ± SD 

Inverse Rank (M), 

Mean ± SD 

TOP-50 QS–THE 21.00 ± 6.32 0.653 ± 0.082 0.365 ± 0.047 

TOP-50 QS–ARWU 33.25 ± 0.96 0.656 ± 0.036 0.261 ± 0.022 

TOP-50 THE–ARWU 19.50 ± 6.03 0.761 ± 0.044 0.367 ± 0.098 

TOP-100 QS–THE 46.75 ± 5.50 0.635 ± 0.051 0.326 ± 0.045 

TOP-100 QS–ARWU 55.50 ± 6.86 0.582 ± 0.009 0.233 ± 0.015 

TOP-100 THE–ARWU 43.75 ± 9.46 0.643 ± 0.061 0.326 ± 0.076 

TOP-200 QS–THE 105.75 ± 12.20 0.682 ± 0.024 0.293 ± 0.042 

TOP-200 QS–ARWU 122.75 ± 11.95 0.618 ± 0.023 0.207 ± 0.012 

TOP-200 THE–ARWU 101.50 ± 19.02 0.653 ± 0.020 0.289 ± 0.067 

As can be seen in Table 4, the results depend on the depth of the list under consider-

ation and the selected metric. For the Top-50 sample, the highest average F-score was ob-

tained for the THE–ARWU pair and amounts to 0.761. When moving to the TOP-200 sam-

ple, the highest value of this metric is observed for the QS–THE pair and amounts to 0.682. 

Therefore, it would not be entirely correct to identify a single most consistent pair of rank-

ings for all list depths at once. 

The largest average overlap size across all three samples was obtained for the QS–

ARWU pair. For the TOP-200 sample, it amounts to 122.75 universities. However, the size 

of the overlap primarily characterizes the commonality of the lists’ composition and does 

not in itself imply that the universities’ rankings are close. This is evident from the M 

values: despite the relatively large overlap, the QS–ARWU pair shows lower consistency 

at the top of the list—ranging from 0.261 for the TOP-50 to 0.207 for the TOP-200. 

The M values are generally lower than the F values. This result is to be expected, 

since the M metric takes greater account of the differences in the rankings of leading uni-

versities. In other words, two rankings may include a significant number of the same in-

stitutions but place them at the top of the list in markedly different orders. 
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Standard deviations also show that the similarity between the rankings varies from 

year to year. The annual variability in the overlap size is particularly noticeable for pairs 

that include THE. When interpreting these values, one should take into account not only 

actual changes in the rankings but also the varying coverage of the source tables. In the 

dataset used, the number of available THE and ARWU positions varies by year; therefore, 

the Overlap Size metric must be considered in conjunction with the results of the data 

completeness check. 

Overall, the results show that QS, THE, and ARWU partially overlap in the compo-

sition of universities, but the closeness of their rankings depends on the pair being com-

pared, the depth of the list, and the chosen metric. The obtained values do not allow these 

ranking systems to be considered interchangeable. The most noticeable differences remain 

at the top of the lists, reflected in comparatively lower values of the metric M. For a clearer 

presentation of the results, matrices of mean F and M values were constructed separately 

for the TOP-200 sample. Each cell shows the mean value of the corresponding metric for 

the ranking years 2022–2025. The TOP-200 sample was used for visualization as the broad-

est of the three samples considered. The results for the TOP-50 and TOP-100 are presented 

in full in Table 2 and are not duplicated in the figures. 

Figure 2 shows the matrix of mean similarity measures based on Spearman’s F dis-

tance. The diagonal values equal one, as they correspond to a comparison of each ranking 

with itself. The off-diagonal displays the results of pairwise comparisons of QS, THE and 

ARWU. 

 

Figure 2. Matrix of mean similarity measures based on Spearman’s footrule (F) for independent 

pairwise TOP–200 lists of the QS, THE, and ARWU rankings. The cell colors correspond to the scale 

shown on the right: dark purple indicates lower similarity values, green and blue-green shades in-

dicate intermediate values, and yellow indicates higher similarity values. The yellow diagonal cells 

with values of 1.000 represent comparisons of each ranking with itself. 

Values were calculated separately for the 2022–2025 ranking years and then averaged 

across four annual comparisons. The position metric was calculated only for universities 

that are included in the intersection of the corresponding pair of lists. Diagonal values 

equal one and correspond to comparisons of each ranking with itself. 
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As Figure 2 shows, the highest average F value for the TOP-200 sample was obtained 

when comparing QS and THE and is 0.682. For the THE–ARWU pair, the value is 0.653, 

and for QS–ARWU, it is 0.618. Thus, at this depth in the list, the closest arrangement of 

common universities is observed between the QS and THE rankings. However, these val-

ues do not indicate complete alignment of the rankings: differences in the order of univer-

sities persist in all three pairs. 

Figure 3 shows the matrix of mean values of the inverse rank metric M. Unlike the F 

measure, this metric places greater weight on discrepancies at the top of the ranking list. 

Therefore, it allows for a separate assessment of how closely leading universities are po-

sitioned in different ranking systems. 

 

Figure 3. Matrix of mean values of the normalized inverse-rank metric (M) for independent pairwise 

TOP–200 lists of the QS, THE, and ARWU rankings. The cell colors correspond to the scale shown 

on the right: dark purple indicates lower similarity values, blue and blue-green shades indicate in-

termediate values, and yellow indicates higher similarity values. The yellow diagonal cells with 

values of 1.000 represent comparisons of each ranking with itself. 

Values were calculated separately for the 2022–2025 ranking years and then averaged 

across four annual comparisons. The metric was calculated only for universities that in-

tersect the corresponding pair of lists and gave greater weight to discrepancies at the top 

of the ranking. Higher values correspond to greater consistency in the order of overall 

universities. 

As Figure 3 shows, the M values are significantly lower than the corresponding F 

values. For the QS–THE pair, the average M value is 0.293, for THE–ARWU it is 0.289, and 

for QS–ARWU it is 0.207. The lowest value was obtained for the QS–ARWU pair. This 

means that the relatively large overlap between these two rankings is not accompanied 

by similarly close positions of universities at the top of the lists. The same universities may 

be present in both QS and ARWU, but occupy significantly different positions. 

The results in Figures 2 and 3 complement the data in Table 2. The overlap size indi-

cates how closely the rankings are composed, while F and M characterize differences in 
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the ordering of universities. The M metric provides a more rigorous assessment, as it is 

more sensitive to changes among the top universities. 

4.2. Model Comparison 

The results of the comparison of the five approaches to inter-ranking QS ranking as-

sessment are presented in Table 4. For each metric, the mean and standard deviation are 

shown for four inter-year test splits, generated according to the procedure described in 

Section 3.5. 

At each step, data from one ranking year was used for testing, and data from the 

remaining three years were used for training. The validation results are presented in Table 

5. For each metric, the mean and standard deviation are shown for the four test years. This 

format allows us to evaluate not only the average error rate but also the model’s robust-

ness to changing rating cycles [32]. 

Table 5. Comparison of QS inter-rating position assessment models based on interannual validation 

results. 

Model MAE RMSE MedAE (R2) Spearman (ρ) Kendall (τ) 

Median baseline 44.19 ± 0.94 52.71 ± 1.30 40.50 ± 2.83 −0.029 ± 0.016 − − 

Mean of THE and ARWU 29.19 ± 3.25 37.98 ± 3.61 23.22 ± 4.11 0.462 ± 0.103 0.735 ± 0.088 0.542 ± 0.079 

Linear Regression 26.27 ± 2.10 33.01 ± 3.06 21.17 ± 2.96 0.593 ± 0.079 0.794 ± 0.062 0.600 ± 0.061 

Random Forest 24.80 ± 3.26 32.89 ± 4.15 18.44 ± 2.70 0.593 ± 0.113 0.779 ± 0.091 0.598 ± 0.091 

XGBoost 26.34 ± 3.48 33.28 ± 3.67 21.81 ± 4.17 0.585 ± 0.096 0.782 ± 0.088 0.594 ± 0.093 

Note: Bold values indicate the best performance for each metric: the lowest values for MAE, RMSE, 

and MedAE, and the highest values for R2, Spearman’s ρ, and Kendall’s τ. 

All MAE, RMSE, and MedAE values in Table 4 are expressed in QS ranking positions. 

They pertain only to the task of inter-ranking QS rankings for the corresponding THE and 

ARWU rankings. The number of publication citations was not used as a target variable in 

this study. 

As can be seen from Table 5, the median baseline model yielded the highest error 

values. Its mean absolute error was 44.19 positions, and the mean coefficient of determi-

nation was negative: 𝑅2 = −0.029 ± 0.016. This means that a constant estimate based on 

the median of the training set explained the variation in actual QS rankings less effectively 

than simply using the mean value of the target variable. Spearman’s and Kendall’s coeffi-

cients were not calculated for this model, as it assigned the same value to all observations 

within each test split. 

Using the average of THE and ARWU positions significantly improved the results 

compared to the median model. The average MAE decreased to 29.19 ± 3.25 positions, and 

the average 𝑅2 increased to 0.462 ± 0.103. However, this simple approach was inferior to 

the three trained models in terms of absolute errors. 

The lowest average values of the main errors were obtained for Random Forest. The 

average MAE was 24.80 ± 3.26 positions, RMSE was 32.89 ± 4.15, and MedAE was 18.44 ± 

2.70. In terms of absolute errors, Random Forest proved to be the most accurate of the 

approaches considered. Moreover, its average 𝑅2 for Random Forest was 0.593 ± 0.113, 

almost identical to the result of linear regression. 

Linear regression showed slightly higher absolute errors but better preserved the rel-

ative ordering of universities. It yielded the highest average values for the Spearman co-

efficient (ρ = 0.794 ± 0.062) and the Kendall coefficient (τ = 0.600 ± 0.061). Differences in 

rank correlations with Random Forest and XGBoost are small, so it is impossible to con-

clude that one model is superior across all criteria. 
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XGBoost also demonstrated consistent results, but did not outperform Random For-

est in MAE, RMSE, and MedAE. Its performance was close to that of linear regression and 

Random Forest. In the dataset under consideration, increasing the model complexity 

through gradient boosting did not yield a significant overall benefit. This does not mean 

that XGBoost is inferior overall, but for this sample, its superiority is not supported by the 

obtained results. 

For a more visual comparison of the models, Figure 4 presents the mean MAE values 

and their standard deviations across the four test years. The MAE was chosen for visuali-

zation because it directly shows the average error in rating positions and is easier to inter-

pret than indicators with other scales. 

 

Figure 4. Mean absolute error of the models in inter-ranking QS position estimation. The target 

variable was the university’s numerical position in QS, and the input features were the correspond-

ing positions in THE and ARWU. 

The results were obtained from out-of-fold estimates for n = 316 “university–ranking–

year” observations for 2022–2025 within four external splits (leave-one-year-out). The col-

umns show the mean MAE, and the vertical lines show the standard deviation between 

the four test years. 

As Figure 4 shows, the median baseline model exhibits the highest error. Switching 

to the THE and ARWU positions significantly reduces the MAE. Among the trained mod-

els, the lowest mean error was obtained for Random Forest. However, the standard devi-

ation intervals for linear regression, Random Forest, and XGBoost partially overlap. 

Therefore, the differences between these models should be interpreted with caution and 

not considered as evidence of statistically significant superiority without a separate statis-

tical test. 

The results of the split in which the models were trained on data from 2022–2024 and 

tested on 60 observations from 2025 are discussed separately. This split corresponds to 

one of the four leave-one-year-out validation steps and does not constitute an additional 

independent check. Presenting it separately allows for a more detailed look at the models’ 

performance during the latest rating cycle. 

For the 2025 split, Random Forest yielded an MAE of 21.19 positions, an RMSE of 

28.55, a MedAE of 15.13, and an R2 of 0.697. The Spearman coefficient was 0.867, and the 

Kendall coefficient was 0.686. XGBoost yielded an MAE of 22.02 positions, an RMSE of 

28.84, a MedAE of 16.03, and an R2 of 0.691. XGBoost was slightly better at preserving the 
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relative ordering of universities: the Spearman coefficient was 0.890, and the Kendall co-

efficient was 0.710. 

Thus, on the 2025 test data, Random Forest showed slightly lower absolute errors 

and a higher R2 value, while XGBoost had slightly higher rank correlations. Differences 

between models remained small and were generally consistent with the results averaged 

over four interannual splits. These values should be viewed as the results of a single step 

of the main validation, rather than as a standalone confirmation of the quality of the mod-

els. Overall, the results show that using the THE and ARWU positions allows for a more 

accurate estimate of the QS position compared to simple baseline approaches. Random 

Forest showed better average results in absolute errors and is therefore further considered 

as the baseline model for sensitivity and error analysis. Linear regression is retained as an 

important interpretable baseline model, as it showed a comparable R2 value and the high-

est average rank correlations [33,34]. 

The obtained values do not mean that QS’s ranking is entirely determined by the 

rankings of THE and ARWU. Even the best models retain errors due to differences in 

ranking methodologies, indicator composition, and university coverage. 

4.3. Sensitivity Analysis 

To test the dependence of the results on the depth of the ranking list, the analysis was 

repeated for the TOP-50, TOP-100, and TOP-200 samples. Each sample included only 

those observations in which the university’s position was simultaneously within the cor-

responding threshold in QS, THE, and ARWU. As a result, the TOP-50 sample contained 

60 observations, the TOP-100 contained 135, and the TOP-200 contained 316 observations. 

These samples are nested: the TOP-50 observations are included within the TOP-100, 

and the TOP-100 observations are included within the TOP-200. Therefore, they differ not 

only in the number of universities but also in the range of ranking positions considered. 

As the list expands, the diversity of universities increases, and, accordingly, the potential 

absolute error increases. 

In all three cases, the Random Forest model was used, which demonstrated the low-

est mean absolute error in the main experiment. The same interannual validation proce-

dure was applied for each depth: one rating year was used for testing, and the remaining 

years for training. Model parameter tuning was performed only on the training data. The 

results of the analysis are presented in Table 6 as the mean and standard deviation for the 

four test years. 

Table 6. Sensitivity analysis of the Random Forest model for TOP-50, TOP-100, and TOP-200 sam-

ples. 

Sample (N) MAE RMSE Spearman (ρ) 

TOP-50 60 6.06 ± 1.67 8.00 ± 2.07 0.843 ± 0.103 

TOP-100 135 12.39 ± 1.01 16.25 ± 1.34 0.717 ± 0.067 

TOP-200 316 24.70 ± 3.13 32.77 ± 3.96 0.780 ± 0.090 

As can be seen from Table 6, the lowest absolute error values were obtained for the 

TOP-50 sample. The average MAE was 6.06 ± 1.67 positions, and the RMSE was 8.00 ± 

2.07. For the Top-100 sample, these indicators increased to 12.39 ± 1.01 and 16.25 ± 1.34, 

respectively. For the TOP-200 sample, the average MAE was 24.70 ± 3.13, and the RMSE 

was 32.77 ± 3.96. 

An increase in absolute error with increasing list size should not be automatically 

interpreted as a deterioration in model performance. In the TOP-50 sample, positions are 

limited to a relatively narrow range, whereas in the TOP-200, the target variable range is 

significantly wider. Therefore, an error of comparable relative magnitude is expressed by 
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a larger number of ranking positions. For this reason, MAE and RMSE should be consid-

ered together with rank correlation. 

Spearman’s rank correlation coefficient remained positive and relatively high for all 

three samples. The highest mean value was obtained for the TOP-50, amounting to 0.843 

± 0.103. For the TOP-100, it decreased to 0.717 ± 0.067, and for the TOP-200, it increased to 

0.780 ± 0.090. Thus, the model generally preserves the relative order of universities at dif-

ferent list depths, although the relationship between list depth and rank correlation is not 

strictly monotonic. 

A further comparison of all models revealed that Random Forest had the lowest av-

erage MAE at each of the three depths. This confirms that its selection as the primary 

model is not solely due to the results of the full Top 200 sample. However, differences 

between samples should be interpreted with caution: the Top 50 contains only 60 obser-

vations, and the number of observations in individual test years varies from 10 to 20. 

Therefore, the results at the top of the ranking are more sensitive to individual universities 

and changes between years. 

To visualize the absolute errors, the average MAE and RMSE values of the Random 

Forest model are shown in Figure 5. The vertical lines correspond to the standard devia-

tions across the four inter-annual test splits. The Spearman coefficient was not included 

in this figure, as it has a different scale and, when combined with the errors, could com-

plicate interpretation. 

 

Figure 5. Average MAE and RMSE values of the Random Forest model for inter-ranking QS position 

estimation for nested triple samples of TOP-50 (N = 60), TOP-100 (N = 135) and TOP-200 (N = 316). 

One observation corresponds to the “university–ranking–year” relationship and con-

tains simultaneously available QS, THE, and ARWU rankings. The target variable was the 

QS ranking. For each list depth, the results are calculated using four outer splits (leave-

one-year-out); vertical lines show the standard deviation between test years. Lower values 

correspond to smaller errors. 

As Figure 5 shows, the MAE and RMSE values increase consistently from the TOP-

50 to the TOP-200. This trend is consistent with the expanding range of ranking positions 

and the increasing heterogeneity of the sample. However, the results in Table 6 indicate 

that the rank correlation remains relatively high even for the TOP-200. Therefore, the in-

crease in absolute error does not mean the model has completely lost its ability to repro-

duce the overall order of universities. 
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Overall, the sensitivity analysis shows that Random Forest remains effective at all 

three ranking depths. The lowest absolute errors were obtained among the TOP-50 uni-

versities, while the TOP-200 sample presents a more challenging task due to the wide 

range of positions. Therefore, the quality of the inter-ranking assessment depends not only 

on the chosen algorithm but also on the depth of the analyzed list. 

4.4. Prediction Error and Feature Importance Analysis 

For a more detailed analysis of the Random Forest model, the out-of-fold estimates 

obtained from four interannual test splits were combined. In each case, the model was 

trained on data from three ranking years and estimated the university rankings for the 

remaining test year. Thus, none of the 316 observations were estimated by a model previ-

ously trained on data from the corresponding ranking year. 

Figure 6 shows the actual and estimated rankings of universities in QS. The dotted 

line represents a complete match between the actual and estimated ranks. For universities 

at the top of the ranking, many points are located relatively close to this line. However, as 

the range of positions widens, the spread becomes noticeably wider. This is especially 

evident in the middle and lower parts of the sample. The model generally reproduces the 

main direction of the inter-ranking relationship, but does not always accurately convey 

individual large discrepancies between QS, THE, and ARWU. 

 

Figure 6. Actual and Random Forest-estimated QS ranking positions. Each dot represents one “uni-

versity–ranking-year” observation from the combined out-of-fold predictions obtained across the 

four leave-one-year-out validation splits. The dashed diagonal line represents perfect agreement, 

where the estimated QS position is equal to the actual QS position. The farther a point is located 

from the dashed line, the larger the estimation error. 

The target variable was the numerical QS ranking. The combined out-of-fold esti-

mates for N = 316 university–ranking–year observations for 2022–2025 are shown, ob-

tained in four external splits (leave-one-year-out). The dotted line corresponds to a com-

plete match between the actual and estimated rankings. 
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A check of all 316 combined out-of-fold estimates showed that the calculated posi-

tions were within the acceptable range of the main Top 200 sample. The minimum esti-

mated position was 1.62, and the maximum was 178.61. No zero or negative values, or 

scores below 1, were obtained. Values above the upper bound of 200 were also absent. 

Therefore, no forced constraints on forecasts to a range between 1 and 200, no trun-

cation of values, or target variable transformations were applied. Quality indicators were 

calculated from the original continuous model estimates without rounding to integers. 

Decimal values in this case represent the calculated university position estimates, not the 

official QS rankings. 

Moreover, the range of calculated values turned out to be narrower than the actual 

range of QS rankings. This indicates some compression of scores toward the center of the 

distribution: the model was less likely to produce values close to the sample boundaries. 

This behavior partially explains the large errors for individual universities, whose actual 

rankings differed significantly from the overall inter-ranking relationship [35]. 

The median absolute error for the pooled out-of-fold estimates was 19.05 positions. 

The first quartile of absolute error was 7.65, and the third quartile was 35.88 positions. 

Consequently, for half of the observations, the absolute error was approximately between 

7.65 and 35.88 positions. The 90th percentile was 58.58, and the 95th was 70.75 positions. 

This shows that the majority of errors were significantly smaller than the maximum val-

ues, but for a small group of universities, fairly large discrepancies were observed. 

The combined RMSE value was 33.54 positions. The normalized RMSE, calculated 

relative to the actual range of the target variable, was 0.169. In other words, the root mean 

square error was approximately 16.9% of the examined range of QS positions. This indi-

cator should be interpreted in conjunction with the MAE, MedAE, and rank correlations, 

as the university positions are ordinal values rather than a conventional continuous scale 

[36]. 

Summary indicators of the Random Forest error distribution for the pooled out-of-

fold estimates are presented in Table 7. In addition to the median absolute error, the table 

shows the quartiles and upper percentiles of the absolute error, the range of estimated QS 

positions, the pooled RMSE value, and its normalized value. 

Table 7. Summary statistics of Random Forest errors for pooled out-of-fold estimates, N = 316. 

Indicator Meaning 

Number of out-of-fold observations 316 

Median absolute error 19.05 

25th percentile of absolute error 7.65 

75th percentile of absolute error 35.88 

90th percentile of absolute error 58.58 

95th percentile of absolute error 70.75 

Minimum QS rated position 1.62 

Maximum QS rank 178.61 

Combined RMSE 33.54 

Normalized RMSE 0.169 

As Table 7 shows, the median absolute error was 19.05 positions. For half of the ob-

servations, the absolute error ranged from 7.65 to 35.88 positions. The 90th and 95th per-

centiles were 58.58 and 70.75 positions, respectively, indicating the presence of a small 

group of observations with significantly larger errors. The pooled RMSE was 33.54 posi-

tions, and the normalized RMSE was 0.169. 

The residual was calculated as the difference between the actual and estimated QS 

ranking. A positive residual means that the actual numerical rank was higher than the 
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estimated one, meaning the model calculated a higher ranking for the university than ob-

served in QS. A negative residual, on the other hand, means that the model calculated a 

lower ranking than the actual ranking. 

In Figure 7, the residuals are located on both sides of the zero line. No obvious one-

sided bias is observed in the graph, but the spread of errors increases in the middle of the 

range of estimated positions. For small rank values, the residuals are generally relatively 

small, while among universities in the middle and lower ranks, both significant positive 

and negative deviations are found. This distribution indicates that the model’s accuracy 

varies across the rankings. However, the graphical representation alone does not consti-

tute formal evidence of heteroscedasticity and is considered here as a descriptive analysis 

of the residuals. 

 

Figure 7. Distribution of the residuals of the Random Forest model by the pooled out-of-fold QS 

position estimates. 

The residual is calculated as the difference between the actual and estimated QS rank-

ings. The sample includes N = 316 “university–ranking–year” observations for 2022–2025 

and combines the results of four external splits (leave-one-year-out). The dashed horizon-

tal line corresponds to zero error. 

The largest absolute error was obtained for City University of Hong Kong in 2022. Its 

actual QS ranking was 53, while the model estimated it as 164.84; the absolute error 

reached 111.84 positions. Other large discrepancies included the University of Science and 

Technology of China in 2024, the University of New South Wales in 2024, City University 

of Hong Kong in 2023, and the University of Florida in 2023. 

The largest errors occurred in both directions. In some cases, the model estimated a 

university’s position significantly lower than its actual position, while in others, it was 

significantly higher. This means that the large errors cannot be explained by a single sys-

tematic bias. Rather, they are likely due to the fact that individual universities occupy 
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significantly different positions in QS, THE, and ARWU due to differences in the method-

ologies, metrics, and weights of these rankings. 

For a more detailed examination of individual cases, Table 8 presents the ten obser-

vations with the largest absolute Random Forest errors. The table lists the actual and esti-

mated QS positions, the direction of the residual, and the absolute value of the discrep-

ancy. 

Table 8. The ten largest absolute errors of Random Forest, based on combined out-of-fold estimates. 

University 
Country/Ter-

ritory 
Year 

Actual QS 

Position 

Esti-

mated 

QS Posi-

tion 

Residual 
Absolute 

Error 

City University of Hong Kong Hong Kong 2022 53 164.84 −111.84 111.84 

University of Science and Technology of China China 2024 137 45.77 91.23 91.23 

The University of New South Wales (UNSW Sydney) Australia 2024 19 109.63 −90.63 90.63 

City University of Hong Kong Hong Kong 2023 54 140.42 −86.42 86.42 

University of Florida United States 2023 188 103.41 84.59 84.59 

The Australian National University Australia 2025 30 112.79 −82.79 82.79 

Emory University United States 2025 196 113.55 82.45 82.45 

University of Maryland, College Park United States 2022 158 77.01 81.00 81.00 

University of California, Santa Barbara (UCSB) United States 2024 163 84.26 78.74 78.74 

Wuhan University China 2024 194 115.64 78.36 78.36 

As Table 8 shows, the largest errors were observed in both directions. In some cases, 

the model estimated a university’s position significantly lower than its actual position, 

while in others, it was significantly higher. The largest absolute error was obtained for 

City University of Hong Kong in 2022, amounting to 111.84 positions. The university’s 

actual QS position was 53, while the model estimated it as 164.84. 

Large deviations were also observed for the University of Science and Technology of 

China, the University of New South Wales, the University of Florida, and several other 

universities. These errors may be related to significant differences in the rankings of indi-

vidual institutions in QS, THE, and ARWU. However, without analyzing the underlying 

ranking indicators, it is impossible to definitively determine the cause of each discrepancy. 

The relative importance of THE and ARWU rankings was estimated using the per-

mutation importance method on test observations for each interannual split. This ap-

proach randomly shuffles the values of one feature, after which the change in model error 

is estimated. The greater the increase in MAE after shuffling a feature, the more dependent 

the model was on the information contained in it. 

Shuffling the THE position increased the MAE by an average of 26.80 positions, with 

a standard deviation of 4.16 between test years. For the ARWU position, the average in-

crease in MAE was significantly smaller, at 3.71 positions, with a standard deviation of 

1.34. Thus, within the Random Forest model, the THE position was significantly more 

actively used than the ARWU position. 

This result does not imply that THE causally influences QS rankings or that a change 

in a university’s ranking in THE automatically leads to a change in its ranking in QS. Per-

mutation importance only indicates how much the quality of a particular model deterio-

rates after perturbing the information contained in the corresponding input feature. The 

resulting values may also depend on the correlation between THE and ARWU, sample 

characteristics, and the chosen Random Forest configuration [36–39]. 
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To assess the extent to which the model utilized each of the two input features, a 

permutation importance analysis was conducted. The results, averaged over four interan-

nual test splits, are presented in Table 9. 

Table 9. Permutation importance of input features of Random Forest across four interannual test 

splits. 

Input Feature 
Average Increase in 

MAE 

Standard Deviation 

Between Years 

THE position 26.80 4.16 

Middle of the ARWU ranking position 3.71 1.34 

As Table 9 shows, shuffling the THE feature resulted in an average increase in MAE 

of 26.80 positions, while for the ARWU feature, the average increase was 3.71 positions. 

Therefore, within the trained Random Forest model, the THE feature contained more in-

formation used in evaluating the QS feature. 

However, permutation importance results should not be interpreted as proof of the 

causal influence of THE on QS. They only indicate how much the quality of a particular 

model changed after perturbing the information contained in the corresponding feature. 

Importance values may also depend on the relationship between THE and ARWU posi-

tions, the sample composition, and the Random Forest parameters. 

5. Discussion 

The results show that the QS, THE, and ARWU rankings partially overlap in terms 

of the composition of universities, but rank common institutions differently. This is gen-

erally consistent with previous studies, which view global rankings as related but not 

equivalent assessment systems [5–7,24,25]. Differences are expected, as each ranking uses 

its own set of indicators, weights, data sources, and rules for determining its final ranking. 

The similarity analysis also showed that the result depends on the chosen metric and 

the depth of the list. For example, for the TOP-50, the highest average F value was ob-

tained for the THE–ARWU pair, 0.761. For the TOP-200, the highest value was observed 

for the QS–THE pair, 0.682. Therefore, identifying a single, most consistent pair of rank-

ings across all list depths would be overly simplistic. 

The QS–ARWU pair had the largest average overlap across all three samples. How-

ever, the inverse rank metric values for this pair were lower than for the other compari-

sons. For the TOP-200, the M value was 0.207, while for QS–THE and THE–ARWU, the 

values were 0.293 and 0.289, respectively. This demonstrates that a large number of uni-

versities in common does not necessarily mean that these universities are closely located 

at the top of the rankings. 

The difference between the F and M results has significant implications. The F meas-

ure characterizes the overall ordering similarity among common elements, while M is 

more sensitive to permutations at the top of the list. Therefore, lower M values indicate 

that discrepancies between top universities remain noticeable even when the overall com-

position of the rankings is fairly close. 

The results of the regression experiment showed that the THE and ARWU rankings 

contain information related to the QS ranking, but this information is insufficient to fully 

reproduce the QS ranking. All trained models outperformed the median baseline ap-

proach. A simple average of the THE and ARWU rankings also yielded significant im-

provement, but was outperformed by linear regression, Random Forest, and XGBoost. 

The lowest mean absolute errors were obtained for Random Forest. The average 

MAE was 24.80 ± 3.26 positions, RMSE was 32.89 ± 4.15, and MedAE was 18.44 ± 2.70. 
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Linear regression, however, yielded a virtually identical mean coefficient of determina-

tion, R2 = 0.593, and the highest mean rank correlations: ρ = 0.794 and τ = 0.600. 

Thus, Random Forest performed slightly better in terms of absolute errors, while lin-

ear regression was slightly better at preserving the relative order of universities. XGBoost 

performed similarly, but did not consistently outperform all metrics. This is an important 

result, as a more complex model does not necessarily perform better on a relatively small 

tabular dataset. In this case, a simple linear relationship already explains a significant part 

of the inter-rating relationship, and nonlinear models provide an additional, but not dra-

matic, improvement. 

The results of the split with the 2025 test year were generally consistent with the pic-

ture obtained using the four leave-one-year-out validation steps. In this split, Random 

Forest showed slightly lower MAE, RMSE, and MedAE, as well as a slightly higher R2 

value. XGBoost, in turn, showed higher Spearman and Kendall coefficients. The differ-

ences between the models were small, so the results of a single test year should not be 

considered as evidence of a consistent advantage of any algorithm. They are used here 

only to provide a more detailed interpretation of one of the four outer splits. A sensitivity 

analysis showed that the absolute error increases as the sample is expanded from the TOP-

50 to the TOP-200. For Random Forest, the average MAE was 6.06 positions in the Top 50, 

12.39 in the TOP-100, and 24.70 in the TOP-200. However, this increase cannot be directly 

interpreted as a deterioration in model performance. As the list expands, the range of the 

target variable increases: an error of several dozen positions has a different meaning for 

the TOP-50 and TOP-200. 

The Spearman coefficient remained positive and quite high at all three levels: 0.843 

for the TOP-50, 0.717 for the TOP-100, and 0.780 for the TOP-200. The relationship is not 

strictly monotonic, but overall, the model maintains the relative order of universities as 

the list depth changes. However, the results for the TOP-50 should be viewed with cau-

tion, as this sample contains only 60 observations and is unevenly distributed across rank-

ing years. 

The practical value of the proposed approach does not lie in its exact replication or 

replacement of one ranking with another. It allows for a quantitative assessment of the 

relationship between the systems, identifying significant discrepancies, and obtaining an 

indicative assessment of QS’s ranking based on the available THE and ARWU rankings. 

This assessment can be used for preliminary analysis, but should not be considered an 

official ranking or a standalone basis for management decisions. 

It is also important to emphasize that the study does not predict the university’s fu-

ture ranking. The QS target ranking and the THE and ARWU entry rankings refer to the 

comparable ranking year. Even when tested on 2025 data, the model uses the THE and 

ARWU values from the same ranking cycle. Therefore, the results of the split with the 

2025 benchmark year characterize the stability of the inter-ranking relationship across 

ranking cycles, rather than the model’s ability to predict the next QS ranking. 

The study has several limitations. First, the final sample contains 316 observations 

over four ranking years, which limits the ability to train more complex models. Second, 

the regression section uses only two input variables—THE and ARWU rankings. These 

are aggregated results of proprietary ranking methodologies and do not reveal the contri-

bution of individual institutional indicators [40]. 

Third, some ARWU rankings are published as ranges. Using the midpoint of the 

range is necessary for numerical analysis, but it introduces additional uncertainty. Fur-

thermore, the number of available universities varies by year, and ranking methodologies 

are subject to change. These changes may affect the stability of the relationship between 

ranking cycles. Another limitation is related to the method for calculating positional sim-

ilarities. 
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The proposed procedure does not automatically handle structural changes in univer-

sities. Mergers, divisions, significant renaming, or changes in institutional status require 

re-checking its identifier and the comparability of observations before and after such 

events. Similarly, abrupt changes in government policy or ranking methodology may alter 

previously observed inter-ranking relationships. In such cases, the model must be re-

trained and validated in a new ranking cycle; carrying over previous ratings without ad-

ditional validation may be incorrect. 

Applying this approach to regional rankings will also require separate data harmo-

nization, as these rankings may differ in terms of composition, list depth, indicators, 

weights, and publication dates. In the current study, missing positions were not replaced 

with averages or other artificially calculated values. Observations were included in the 

regression analysis only if positions from QS, THE, and ARWU were simultaneously 

available for the comparable ranking year. Therefore, new universities with incomplete 

histories can only be included for years in which all three positions are available. The use 

of special methods for handling missing positions requires separate verification and is 

beyond the scope of this paper. 

The F and M metrics were applied only to universities present in both compared lists. 

Universities missing from one of the rankings were accounted for through the OS overlap 

size but were not penalized. Therefore, with small overlaps, the F and M values may 

slightly overestimate the overall consistency of the rankings. It would be useful to further 

compare these results with approaches based on combining the lists, such as assigning 

missing universities position k + 1 or using Rank-Biased Overlap [25]. 

A permutation importance analysis revealed that the Random Forest model made 

greater use of the THE ranking: after shuffling it, the MAE increased by an average of 

26.80 positions, while for ARWU the average increase was 3.71 positions. These results 

characterize the performance of a specific model on the sample and do not prove a causal 

influence of one ranking on the other. For the same reason, the identified inter-ranking 

dependencies should not be considered as a mechanism for determining the QS ranking. 

Future work could involve extending the time period, external validation on new ranking 

releases, and adding comparable institutional indicators. Of particular interest is an anal-

ysis of the robustness of the results to other methods of processing rank intervals and 

related rankings. However, including additional variables is only meaningful if they are 

available for the same universities and years and do not compromise data comparability. 

6. Conclusions 

This paper proposes a unified approach that combines the comparison of global uni-

versity rankings (QS, THE, and ARWU) with an inter-ranking assessment of a university’s 

position in QS based on its position in the other two systems. A matched dataset for the 

2022–2025 period was created for the experiment. The main sample contains 316 observa-

tions for which QS, THE, and ARWU rankings are simultaneously available. One obser-

vation corresponds to a “university–ranking–year” relationship. The QS ranking was used 

as the target variable, and the THE and ARWU rankings were used as input features in 

the regression models. 

A comparison of the rankings revealed that QS, THE, and ARWU partially overlap 

in the composition of their universities, but do not rank common institutions in the same 

order. The results depended on both the depth of the list and the chosen metric. Lower 

values for the inverse rank metric compared to the Spearman distance similarity measure 

indicate that the differences are particularly pronounced at the top of the rankings. 

In the regression experiment, all trained models outperformed the median baseline 

approach. The lowest mean absolute errors were obtained for Random Forest: MAE = 

24.80 ± 3.26, RMSE = 32.89 ± 4.15, and MedAE = 18.44 ± 2.70. Linear regression showed the 
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highest mean rank correlations: Spearman’s coefficient was p = 0.794 ± 0.062, and Kendall’s 

coefficient was τ = 0.600 ± 0.061. Therefore, the obtained results do not indicate an absolute 

advantage of one model across all criteria. 

A sensitivity analysis confirmed that the quality of the assessment depends on the 

depth of the ranking list under consideration. For Random Forest, the average MAE in-

creased from 6.06 positions in the TOP-50 sample to 24.70 positions in the TOP-200. How-

ever, this increase is due not only to the model’s performance but also to the expansion of 

the target range. The Spearman coefficient remained positive and quite high at all three 

levels, indicating that the overall order of the universities was maintained. 

The obtained results suggest a common structure between the ranking systems, but 

not their complete interchangeability. QS, THE, and ARWU rankings are based on differ-

ent methodologies, sets of indicators, and weights. Therefore, even a model with relatively 

stable results cannot fully reproduce the mechanism by which QS rankings are formed 

using only two input ranks. 

The proposed approach can be used for preliminary inter-rating analysis, identifying 

significant discrepancies, and developing analytical scenarios. However, the calculated 

position is not an official rating and should not be used as a standalone basis for manage-

ment decisions. 

It should also be emphasized that the model is not intended to predict a university’s 

future ranking. The QS target ranking and the THE and ARWU input rankings refer to 

the comparable ranking year. The split, in which the models were trained on 2022–2024 

data and tested on 2025 data, was one of four steps of the leave-one-year-out validation. 

It demonstrates the extent to which inter-ranking dependence persists in another ranking 

cycle, but does not predict the next QS release or constitute a separate independent veri-

fication. The main limitations of the study relate to the sample size, the availability of only 

four ranking years, and the use of two input features. The representation of some ARWU 

rankings as ranges introduces additional uncertainty. Future work could aim to extend 

the time period, add new ranking cycles, conduct external verification on previously un-

used data, and analyze other methods for processing interval rankings. New institutional 

indicators should be included only if comparable data are available for the same univer-

sities and years. 
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ML Machine Learning 

QS Quacquarelli Symonds World University Rankings 

THE Times Higher Education World University Rankings 

ARWU Academic Ranking of World Universities 

RF Random Forest 

XGBoost eXtreme Gradient Boosting 

LightGBM Light Gradient Boosting Machine 

MAE Mean Absolute Error 

RMSE Root Mean Squared Error 

MedAE Median Absolute Error 

R2 Coefficient of Determination 
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