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Abstract

This study evaluates the dynamic financial performance of 23 Turkish banks over
the 2002—-2024 period using a hybrid LOPCOW-TOPSIS-Tensor TOPSIS model.
The methodology comprises three stages: (1) 46 financial ratios under seven
CAMELS-aligned main criteria are objectively weighted using LOPCOW; (2)
within-group TOPSIS generates seven main criterion scores for each bank-year; (3)
Tensor TOPSIS extracts trend, mean, and standard deviation from the 23-year
panel to produce a final dynamic ranking. Robustness is tested via Borda count.
Results show that Asset Quality and Balance Sheet Structure are the most
differentiating dimensions, while Capital Adequacy has the lowest weight.
Foreign-owned niche banks (Deutsche Bank, Citibank) rank first and second,
followed by private (Akbank, QNB) and state-owned banks (T.C. Ziraat Bank).
Public banks improve their relative performance during crisis periods, consistent
with international evidence on the counter-cyclical role of state-owned banks. The
high Spearman correlation between Tensor TOPSIS and Borda rankings confirms
model robustness. Regulators can use the proposed dynamic framework to monitor
structural risks and design early-warning systems that capture both performance
levels and temporal stability.

Oz

Bu ¢alisma, 23 Tirk bankasinin 2002-2024 donemindeki dinamik finansal
performansin1  hibrit bir LOPCOW-TOPSIS-Tensér TOPSIS modeliyle
degerlendirmektedir. Yontem; CAMELS uyumlu yedi ana kriter altindaki 46
finansal rasyonun LOPCOW ile agirliklandirilmasi, grup i¢i TOPSIS ile her
banka-yil igin yedi ana kriter skorunun tiretilmesi ve Tensér TOPSIS ile 23 yillik
panelden trend, ortalama ve standart sapma Ozniteliklerinin ¢ikarilarak nihai
dinamik siralamanin elde edilmesi olmak iizere ii¢ asamadan olusmaktadir.
Modelin saglamligi Borda saymmu ile test edilmistir. Bulgular, aktif kalitesi ve
bilango yapisinin en belirleyici boyutlar oldugunu, sermaye yeterliliginin ise en
diisik agirhga sahip oldugunu gostermistir. Yabanct sermayeli uzmanlagmis
bankalar (Deutsche Bank, Citibank), ilk iki sirada yer alirken bunlar1 6zel (Akbank,
QNB) ve kamu bankalar1 (T.C. Ziraat Bankasi) izlemistir. Kamu bankalarinin Kriz
doénemlerinde performansinin iyilesmesi, devlet bankalarinin konjonktiir karsiti
roltine iligkin uluslararasi1 bulgularla ortiismektedir. Tensor TOPSIS ile Borda
siralamalart arasindaki yiiksek Spearman korelasyonu modelin giivenilirligini teyit
etmektedir. Diizenleyici otoriteler, 6nerilen dinamik cerceveyi yapisal riskleri
izlemek, performans diizeyini ve zamansal istikrar1 dikkate alan erken uyari
sistemleri tasarlamak i¢in kullanabilmektedir.
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1. Introduction

The banking sector, which provides a structure for the transfer of resources from surplus
units to deficit units, is a cornerstone of economic growth, financial stability, and efficiency in
the allocation of resources. Accurate, reliable, and holistic measurement of the financial
performance of banks is strategically important for regulatory and supervisory authorities,
investors, depositors, rating agencies, and bank executives. However, bank performance is
fundamentally a multi-dimensional problem that necessitates the simultaneous evaluation of
many potentially conflicting criteria. This is why it is not enough to evaluate the performance of
banks by using one or another indicator (e.g., profitability ratios). It implies the joint consideration
of such complementary dimensions as capital adequacy, asset quality, liquidity, balance sheet
structure, income-expense composition and management effectiveness. Indeed, the multi-
dimensional structure of the CAMELS rating system (Capital adequacy, Asset quality,
Management quality, Earnings, Liquidity, Sensitivity to market risk) developed by the US Federal
Reserve (FED) and the Federal Deposit Insurance Corporation (FDIC) confirms the
institutionalization of bank performance evaluation in six basic dimensions (Cole and Gunther,
1998; Dincer et al., 2011). Berger and Mester (1997) showed that efficiency, profitability, and
risk dimensions should be separated in measuring bank performance; otherwise, misleading
results may be obtained.

In solving multidimensional decision problems, Multi-Criteria Decision-Making (MCDM)
methods have become widely used in banking performance analysis in the last twenty years.
MCDM approaches integrate criteria with different units of measurement and aspects within the
same analytical framework, offering the decision-maker a holistic evaluation opportunity.
Although numerous MCDM methods such as TOPSIS, VIKOR, PROMETHEE, COPRAS, and
ELECTRE have been applied to banking performance in the literature, the vast majority of these
studies have a static framework; that is, banks are evaluated only with data from the average of a
specific year or a few years. However, the Turkish banking sector has undergone numerous
structural breaks and shocks, including the comprehensive restructuring program after the 2001
crisis, the compliance process with Basel 11 and Basel Il regulations, the 2008 global financial
crisis, the 2018 exchange rate shock, and the 2020 COVID-19 pandemic. In such a dynamic
period, static analyses of bank performance that are confined to a particular year may be
incomplete and potentially misleading. Over a long horizon, the average performance of a bank
as well as its trend and volatility, contains vital information for decision-makers. For instance, a
bank that was highly profitable before the 2008 crisis, but suffered a sharp decline in performance
during the crisis, cannot be distinguished from a bank that had stable, but modest, performance
throughout the crisis by looking at average values alone. Therefore, it is clear that dynamic
methods that take into account time series attributes such as mean, trend, and standard deviation
are required in the decision-making process.

There is no comprehensive framework in the literature that deals with two different
methodological gaps together, although this need is evident. Firstly, traditional static banking
MCDM, either subjectively (AHP, SWARA) or objectively (Entropy, CRITIC) weighted, reduces
multi-year data into single cross-sectional snapshots, thereby discarding the temporal dimension
that is essential to distinguish structurally sound banks from those with transient performance
spikes or persistent volatility. Even when static methods are applied annually, they treat each
period in isolation and cannot differentiate between a bank with a consistently improving
trajectory and one with erratic, volatile performance—even if their period averages are
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remarkably similar. Second, existing dynamic extensions of MCDM, e.g., Li et al. (2018),
consider time only implicitly, as pooled normalization, rather than as an explicit attribute of the
decision matrix. This poses a practical problem for regulators and supervisory authorities that
need not only a snapshot ranking but an understanding of the evolution of a bank’s performance,
its time stability, and its behavior during systemic shocks — information that is not available from
static rankings and has direct implications for the design of early-warning systems. Closing this
gap requires a methodological contribution that (i) derives objective, data-driven criterion weights
without relying on subjective judgment, and (ii) formally incorporates trend, mean, and volatility
of each criterion in the ranking process.

To meet these two requirements, in this study, the hybrid LOPCOW-TOPSIS-Tensor
TOPSIS framework is proposed. The proposed framework is based on three complementary
methodological pillars: (i) LOPCOW, an objective weighting method that handles negative values
and outliers, typical features of financial ratio data, to ensure robust sub-criterion prioritization
(Ecer and Pamucar, 2022); (ii) within-group TOPSIS (Hwang and Yoon, 1981), which reduces
the dimensionality of 46 ratios into seven main criteria scores consistent with CAMELS and
grounded on theory, thus preserving the richness of the original data while enhancing the
parsimony of the model; and (iii) Tensor TOPSIS (Campello et al., 2023), which explicitly models
trend, mean and standard deviation of the 23-year panel, thus capturing not only the level but also
the direction and stability of bank performance in time. A major advantage of this three-stage
structure over conventional static MCDM applications is that it delivers a single, intelligible final
score summarizing the long-term dynamic performance, thus allowing regulators and bank
executives to identify systemic risks and monitor structural vulnerabilities in a way not possible
with static, period-by-period analyzes. The integration of objective weighting, dimensionality
reduction, and holistic analysis of time series in a single framework offers a new, practically
relevant tool for the dynamic assessment of banking performance.

The rest of the paper is structured as follows: Section two gives the literature review of the
applications of MCDM, dynamic methods, and specific technigques used in banking performance.
The third section deals with the dataset, main and sub-criteria, and the proposed LOPCOW-
TOPSIS-Tensor TOPSIS methodology. The fourth section reports the empirical results and the
fifth and last section discusses the results and provides policy recommendations.

2. Literature Review

This section summarizes the literature review of the applications of MCDM, dynamic
methods, and specific techniques used in banking performance.

2.1. Criterion Weighting Methods

Criteria weighting constitutes one of the most critical stages of the MCDM process and is
divided into two types: subjective and objective. Subjective weighting methods determine the
relative importance of criteria based on the judgments of decision-makers or experts. The most
common subjective method, the Analytical Hierarchy Process (AHP), was developed by Saaty
(1980) and calculates weights through pairwise comparisons. In the banking sector, Wu et al.
(2009) applied AHP using 19 criteria (such as customer satisfaction, market share, internal
processes, learning and growth) based on Balanced Scorecard dimensions. Peci et al. (2025)
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weighted 7 criteria such as pre-tax profit, return on equity, liquidity, and asset quality in Albanian
banks using Fuzzy AHP. The SWARA method proposed by Ker$uliene et al. (2010) produces
weights by making a ranked evaluation based on expert opinions. Simsek (2022) weighted 10
criteria, including capital adequacy ratio, return on assets, non-performing loans, and liquidity
ratio, using SWARA when evaluating the performance of Turkish banks.

Objective weighting methods are derived from the statistical properties of the data in the
decision matrix and provide repeatable results independently of the decision-maker. Entropy,
developed by Shannon (1948), measures the degree of differentiation between alternatives based
on information theory; it is widely used for objective weighting purposes in multi-criteria
decision-making problems (Shemshadi et al., 2011). Yilmaz and Yakut (2021) weighted 8 criteria,
including loan-to-deposit ratio, non-performing loans, capital adequacy, and net interest margin,
using Entropy when evaluating the performance of 12 Turkish deposit banks between 2015 and
2019. The CRITIC method (Diakoulaki et al., 1995) generates weights by considering both the
correlation and standard deviation between criteria. Karabulut and Akkaynak (2023) weighted the
performance of 21 deposit banks in the 2016-2020 period using the CRITIC method with 8 criteria
such as return on assets, return on equity, liquidity ratio, and capital adequacy; Kat1 (2026)
evaluated 8 privately owned deposit banks with CRITIC using 10 criteria such as liquid
assets/short-term liabilities, return on equity, and non-performing loans.

A more recent objective approach is LOPCOW, which applies the logarithmic
transformation to compare the percentage standard deviation and the mean of each criterion and
has the advantages of being able to treat negative values and to be robust to outliers. LOPCOW
has been applied in various fields, including healthcare (Meral, 2025), energy (Goniillii et al.,
2026), and finance (Ecer and Pamucar, 2022; Tekgiin, 2025). Chinh et al. (2025) employed
LOPCOW in a banking performance evaluation of 19 banks and comparatively tested it alongside
other objective weighting methods such as MEREC (Keshavarz-Ghorabaee et al., 2021) and SPC;
their results revealed that the choice of weighting technique significantly influenced the rankings,
particularly for middle-performing banks. Biswas et al. (2022) used LOPCOW to evaluate the
dividend-paying capacity of Indian firms, further demonstrating the method's applicability in
financial decision-making contexts.

2.2. Applications of MCDM in Banking Performance

The evaluation of banking performance using MCDM methods is a research area that has
gained momentum and become increasingly rich since the 2000s. Wu et al. (2009) evaluated 17
Taiwanese banks with 19 criteria based on Balanced Scorecard dimensions. In the study, criterion
weights were first determined using the Fuzzy AHP method; then, bank performances were
ranked using three different MCDM ranking tools, namely SAW, TOPSIS, and VIKOR, and
analyses were carried out to improve performance gaps. The findings revealed that customer
satisfaction and market share criteria determined the rankings. Peci et al. (2025) examined the
2020-2022 performance of 11 banks in Albania using 8 financial criteria weighted with Fuzzy
AHP and ranked using the TOPSIS method; they showed that pre-tax profit and return on equity
were the most important criteria, while the relative weight of the liquidity criterion increased
during crisis periods. Yang et al. (2025) analyzed 6 commercial banks in China with 4 criteria;
they reported that the non-interest income/assets and operating expenses/assets criteria explained
more than 60% of the variance in the rankings with an enhanced scenario fuzzy sets and Hamming
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distance-based TOPSIS approach. Kumar and Sharma (2023) evaluated the 2016-2021
performance of 10 Indian banks with 10 financial criteria and the Fuzzy AHP-TOPSIS approach;
they found that return on equity received the highest weight and that private banks performed
significantly better than public banks. More recently, Isik et al. (2025a) proposed a hybrid Fuzzy
LBWA-LMAW-MARCOS framework to evaluate 15 Pakistani commercial banks,
demonstrating that combining fuzzy weighting with compromise-ranking techniques improves
robustness under criteria uncertainty.

In the literature, not only are different criteria and weighting preferences important, but the
simultaneous use of multiple ranking algorithms and the comparison of the rankings produced by
these algorithms are also gaining increasing importance. Hien et al. (2025) evaluated 30
commercial banks in Vietnam with 6 criteria using four different ranking methods: RAM,
MOORA, FUCA, and CURLLI; they reported that FUCA and CURLI showed the highest
correlation with the CAMELS rating system, while RAM and MOORA rankings showed
significantly lower agreement with CAMELS. Chinh et al. (2025) comparatively examined the
financial performance of 19 banks using five different weighting and three different ranking
techniques; they revealed that the rankings showed strong agreement at the extremes (best and
worst banks) regardless of method and weighting preference, but for banks in the middle ranks,
both the weighting and ranking method choices significantly altered the results. Muhammad
Ghazali et al. (2022) evaluated the pre- and COVID-19 performance of 8 commercial banks in
Malaysia using AHP-based TOPSIS, VIKOR, and PROMETHEE Il methods; they found that the
VIKOR and PROMETHEE Il rankings largely overlapped, but TOPSIS produced different
rankings in some years.

A growing stream of research has extended MCDM-based bank performance evaluation
into the sustainability and ESG domain. Isik et al. (2025¢) applied a spherical fuzzy SPC—
SWARA-AROMAN model to Islamic banks’ efficiency, productivity, and sustainability
performance, and Karki et al. (2025) combined rough SWARA with CoCoSo to evaluate ESG
sustainability across major commercial banks, finding governance to be the most influential ESG
pillar. Collectively, these studies confirm the growing relevance of hybrid and grey-based MCDM
frameworks for banking sustainability assessment, but—consistent with the broader literature
discussed above—they remain static or short-panel in design and do not incorporate the temporal
(trend, mean, volatility) dimension addressed by the Tensor TOPSIS approach adopted in this
study.

2.3. Performance Studies in the Turkish Banking Sector

There is also a wide variety and diversity in the studies on the Turkish banking sector.
Omiirbek et al. (2017) examined the sustainability performance of large-scale Turkish banks by
using ARAS, MOOSRA, and COPRAS methods, weighting them with entropy. They found that
environmental criteria (scope 1 and scope 2 emissions) were the most effective criteria in the
rankings. Moreover, operational criteria (number of branches, customers, employees) had a
significant effect on performance. Yilmaz and Yakut (2021) evaluated the performance of 12
deposit banks from 2015-2019 with 8 criteria; they found that the loan/deposit ratio and non-
performing loans had the highest weight, and the Spearman correlation between the TOPSIS and
VIKOR rankings was 0.91. Karahan and Kizkapan (2022), on the other hand, analyzed 5 banks
for the four quarters of 2020 with 9 criteria using entropy-based TOPSIS and PROMETHEE
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methods; by identifying significant ranking differences among methods, the importance of
method diversification has been emphasized. Simsek (2022) evaluated 10 banks with 10 criteria
covering the period 2010-2020 using SWARA-COPRAS-MARCOS integration; it showed that
the capital adequacy ratio was the most critical criterion and that public banks exhibited more
stable performance. Akbulut (2023), on the other hand, analyzed the performance of 6
participation banks with 7 criteria using CRITIC-COPRAS for the period 2019-2022; it reported
that non-performing loans and liquidity ratio received the highest importance and that the rankings
fluctuated over the years.

Karabulut and Akkaynak (2023) ranked 21 deposit banks with 8 criteria using CRITIC-
COPRAS for the period 2016-2020; they determined that privately owned banks were the most
successful group. Paksoy and Kiiciiker (2024) analyzed 9 banks in the BIST Banking Index using
TOPSIS with 7 criteria covering 2021-2023; they determined that Vakifbank was at the top in
2021 and Yapi1 ve Kredi Bank in 2022—2023. Kirbasl (2025) comparatively analyzed the financial
performance of public and private deposit banks in Tiirkiye over the 2018-2023 period using
TOPSIS, revealing periodically varying performance levels between public and private banks.
Yurttadur and Tasc1 (2025) employed an integrated PSI-CRADIS model to evaluate the financial
performance of banks listed in the BIST Corporate Governance Index, finding that the capital
adequacy ratio was the most influential criterion and that Tiirkiye Garanti Bank exhibited the
highest performance during 2018-2023. Tutar et al. (2025) analyzed the financial performance of
deposit banks in Tirkiye using multiple MCDM methods, providing a comparative assessment of
bank rankings across different methodological frameworks. Kat1 (2024) ranked 3 state-owned
deposit banks using the SV-TOPSIS method with 7 criteria covering the period 2016-2021; they
reported that T.C. Ziraat Bank showed the highest performance in all years. Siiziilmiis and Yakut
(2024) evaluated 15 banks using CRITIC-based PROMETHEE and EDAS techniques with 9
criteria during the 2014-2021 period, and determined that both methods exhibited high agreement
(Spearman p = 0.88), with non-performing loans being the most critical criterion.

In studies conducted specifically on bank groups, privately owned banks, participation
banks, and public-private comparisons were examined separately. Kat1 (2026) analyzed 8
privately owned deposit banks with 10 criteria covering the 2012-2022 period using the CRITIC-
MARCOS approach; they found that the liquid assets/short-term liabilities criterion had the
highest weight, with Sekerbank exhibiting the highest and Akbank the lowest financial
performance. Hatunoglu et al. (2019) evaluated the corporate social responsibility performance
of 5 participation banks covering the 2013-2017 period using the Entropy-TOPSIS method; it was
reported that Albaraka Tiirk showed the highest performance. Bozdogan et al. (2018) analyzed
the five-quarter data of 5 participation banks under CAMELS components using the TOPSIS
method and revealed the rankings of the banks' individual financial performance.

Isik et al. (2026) developed a data-driven grey decision-support framework, using
text-mining-based content analysis of sustainability reports to assess nine BIST-listed banks. Isik
et al. (2025b) proposed a grey-based hybrid model combining SPC, MSD, and SRP procedures
to evaluate the ESG performance of seven Turkish deposit banks, while Tekgiin (2025) applied a
Grey LOPCOW-MSD-PIV approach to rank nine BIST banks on ESG indicators. Akbulut and
Aydin (2024) similarly applied an MSD-MPSI-RAWEC framework to assess the
multidimensional sustainability performance of Turkish deposit banks, highlighting the role of
employee training as the most influential criterion. Akbulut and Akgiil (2026) developed a grey
CAMELS-ESG framework that integrated financial soundness indicators with ESG risk to rank

e
989



Journal of Research in Economics, Politics & Finance, 2026, 11(3): 984-1009

eight deposit banks, identifying ESG risk and asset-quality indicators as the most influential
criteria. Demir (2025) used MPSI and RAWEC methods to assess the sustainability performance
of Turkish commercial banks. Unlii and Citak (2025) assessed the sustainability performance of
Tirkiye’s seven largest banks during the COVID-19 crisis and recovery period using WASPAS
and ARAS methods combined with MEREC, CILOS, and CCSD weighting, revealing that
commercial banks consistently outperformed public banks due to stronger governance structures
and investor pressure.

2.4. Dynamic MCDM and Tensor TOPSIS

The vast majority of studies summarized above address bank performance within a static
framework or by evaluating each year separately. However, financial performance is affected by
macroeconomic conditions that change over time and bank-specific dynamics. Therefore,
dynamic MCDM approaches based on panel data have developed in recent years. Li et al. (2018)
proposed the Dynamic TOPSIS method, which uses global min-max normalization and global
entropy weights to evaluate the sustainability of cities; thus, they obtained comparable scores
between years. However, this method does not directly include the time series features (trend,
fluctuation, etc.) of the criteria in the decision model. To address this deficiency, Campello et al.
(2023) developed the Tensor TOPSIS method, which evaluates time series features in MCDM
problems within a tensor structure. This method extracts features such as trend, mean, and
standard deviation from the time series of each alternative-criterion pair; the resulting three-
dimensional tensor is transformed into a two-dimensional decision matrix that can be processed
by classical TOPSIS using mode-1 unfolding. The method combines the time series features in a
single framework, generating a final performance score summarizing the entire period for each
alternative, thus enabling long-term comparisons between alternatives. The tensorial approach
has subsequently been extended to incorporate adaptive prediction for decision-making contexts
requiring long-term foresight (Campello and Duarte, 2025). While tensor TOPSIS has the
potential for application in various fields, particularly supplier selection and energy sector
performance evaluation, no studies in the literature have yet shown its application to the banking
sector.

Another recent contribution to the tensor TOPSIS paradigm is the Fractional Fuzzy Tensor
(FFT) based TOPSIS method proposed by Bilal (2025). Bilal (2025) integrated Campello, Duarte
and Romano's (2023) tensor approach with fuzzy logic and Caputo fractional calculus to develop
a new dynamic model that goes beyond time series features (mean, trend, standard deviation). In
the proposed FFT-TOPSIS approach, fuzzy membership values of alternative-criterion pairs are
directly stored in the time domain of the tensor, and the evolution of these values is modeled using
fractional derivative equations. This allows the "memory effect” to be included in the decision-
making process, accounting for the changing preferences of decision-makers and information
distortions over time. However, the reliance of FFT-TOPSIS on advanced mathematical tools
such as fuzzy logic and fractional calculus increases the complexity of the method's application
and significantly increases the computational load, especially in large panel datasets where
numerous alternatives and long time series are evaluated together, such as in banking. In contrast,
the original Tensor TOPSIS proposed by Campello et al. (2023), with its simple, transparent, and
easily applicable structure based only on basic time series features (trend, mean, standard
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deviation), offers decision-makers a highly interpretable framework, thus providing a practical
advantage in numerous applications such as financial performance evaluation.

2.5. Research Gap and the Study's Position

The current literature contains three main gaps. Firstly, MCDM studies focusing on the
Turkish banking sector have largely been limited to a single year or short periods (Y1lmaz and
Yakut, 2021; Karahan and Kizkapan, 2022); there is no study that addresses a continuous 23-year
panel, extending from the post-2001 crisis restructuring to COVID-19, with a comprehensive set
of criteria compatible with CAMELS. Secondly, while CRITIC and Entropy are commonly used
in sub-criterion weighting, a banking application combining the LOPCOW method, which can
work with negative values and is resistant to outliers, with within-group TOPSIS has not been
encountered. Thirdly, Tensor TOPSIS, developed by Campello et al. (2023) and incorporating
time series attributes into the decision-making process, has not yet been adapted to the banking
sector; furthermore, an application testing the robustness of this method with annual TOPSIS and
Borda counts has not been found in the literature.

This study aims to fill these three gaps simultaneously. This study analyzes 23 banks for
the period 2002-2024 using 46 ratios under seven CAMELS-compliant key indicators, providing
comprehensive coverage and a rich set of criteria. LOPCOW objective weighting is combined
with within-group TOPSIS to offer a fully data-driven transition from sub-criteria to key criterion
scores. Tensor TOPSIS is adapted to the banking sector for the first time, incorporating not only
the level of performance but also its direction and stability into the decision-making process
through trend, mean, and standard deviation attributes. Finally, the internal consistency of the
model is empirically validated using Borda counts derived from annual LOPCOW-TOPSIS
rankings.

3. Data and Method
3.1. Data Set and Variables

The data set of the study consists of the annual financial ratios of 23 banks operating in the
Turkish banking sector for the period 2002-2024. The data were compiled from selected ratios
announced by the Banks Association of Tiirkiye (TBB, 2025). The banks included in the analysis
include state-owned, privately owned, and foreign-owned deposit banks. A total of 46 ratios (sub-
criteria) belonging to seven main indicators, which were calculated completely in the selected
ratios for the period 2002-2024, were evaluated. These seven main indicator groups largely
coincide with the CAMELS rating system, one of the most widely used frameworks in
performance evaluation in the banking literature.

Table 1 summarizes the main indicator groups, sub-criteria for each group, and criterion
directions. All sub-criteria were classified as either benefit (B; high value desired) or cost (C; low
value desired) based on economic expectations and banking literature. Cost-oriented sub-criteria
were converted to benefit-oriented sub-criteria using the appropriate formula during min-max
normalization before the within-group TOPSIS stage, thus ensuring a "higher = better" directional
consensus for all criteria. There are both benefits and constraints in the application of 46 sub-
criteria that are worth discussing. The benefit of this granularity is that it reduces omitted-variable
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bias and permits the CAMELS-aligned dimensions to be captured by multiple, complementary
ratios rather than one proxy per category — e.g., capital adequacy is captured by balance-sheet-
based and regulatory-ratio-based measures. This breadth is particularly valuable in a dynamic
setting, as ratios that seem redundant in one year can diverge considerably over a 23-year panel
that encompasses several crisis episodes. On the negative side, a broad criterion set increases the
risk of multicollinearity among ratios taken from the same financial statements and can dilute the
influence of any one criterion once objective weights are calculated. This risk can be mitigated in
this study since the two-stage aggregation structure is followed, i.e., LOPCOW weighting and
then within-group TOPSIS. The correlated sub-criteria are first aggregated to seven interpretable
main-criterion scores, before the dynamic ranking stage, instead of directly inputting all 46 ratios
into Tensor TOPSIS. This preserves the informational richness that a smaller, hand-picked ratio
set would sacrifice, while still reducing dimensionality before the final ranking stage.

Table 1. Main Indicator Groups and Number of Sub-Criteria
Main Criterion Sub-criterion
Consumer

Fixed Assets / Net Financial Total Loans / Total Loans /
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Total . o FX Assets / F?( -
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©

(Personnel Exp. I(Elj(ers:)_nnel Severance gegratin Personnel
Activity + Severance) / Se\F/)érance) / Provision / Pr%fit (Lgss) Expense / Other 3 3
Ratios No. of T No. of Op. Expenses
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Income- ’I:IIEL-In terest Other Op. Net Interest Interest
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Total Net Interest Income
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Expenditure ~ Expense / Total Total Assets  Total Assets Total Specific Prov./ Specific - -
Structure 2/2  Expenses (C) © © Expenses  Total Operating Prov. /
(B) Income (B) Total
Assets (B)

Net Profit Pre-Tax Profit Average Average
Profitability =~ (Loss) / Paid-in / Total Assets Return on Returnon — - - -

Capital (B) (B) Assets (B) Equity (B)

I(‘Ila(lglgsﬁ‘s?ts, Liquid Assets Liquid Assets ;ls‘sle‘tlsqfld FX Liquid
Liquidity ../ Short-Term / Total Assets Assets / FX - - -

Non-Deposit | ;aijities (B) (B) Total Assets | iopiities (B)

Funds) (B) (B)

(Net B/S . .

o, (Equity — On-Balance  Net Balance Equity / . .

Capital Position + Net Fixed Assets) Sheet FX Sheet (Deposits + Equity / Capital

Off-B/S o o . Total Adequacy -
Adequacy Position) / |/ Total Assets P05|'t|0n/ P05|'t|0n/ Non-Deposit Assets (B) Ratio (B)

Equity (C) (B) Equity (C) Equity (C) Funds) (B)

3.2. Method

This study proposes a three-stage hybrid MCDM framework to dynamically and
holistically evaluate the financial performance of Turkish banks during the 2002—-2024 period. In
the first stage, sub-criteria for each main indicator group are objectively weighted using the
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LOPCOW method; in the second stage, within-group TOPSIS is applied using these weights, and
seven main criterion scores are generated for each bank-year. In the third stage, Tensor TOPSIS,
which holistically incorporates time series attributes (trend, mean, standard deviation) into the
decision-making process, is applied to the obtained 23-year panel data to obtain a final
performance score summarizing the entire period for each bank. To test the robustness of the
model, LOPCOW-based TOPSIS is also applied for each year using the main criterion scores,
and the resulting annual rankings are combined with Borda counts to perform sensitivity analysis.

3.2.1. Weighting Sub-criteria with the LOPCOW Method

LOPCOW is adopted here rather than Entropy, CRITIC, or MEREC due to its ability to
handle negative ratio values and its non-iterative, computationally tractable structure across the
panel. Unlike CRITIC, which relies solely on correlation and standard deviation, LOPCOW
captures percentage-change-driven variation through a logarithmic transformation, providing
more stable weights in the presence of outliers. In this study, the LOPCOW method is applied
independently for each main indicator group as an objective weighting approach based on the
percentage change coefficient of the criteria.

Step 1: Normalization of the decision matrix.

For each main indicator group, the decision matrix X = [%; ;] consisting of the relevant sub-
criteria is considered. Here, i = 1, ..., m represents the bank-year observations, and j = 1, ...,n
represents the sub-criteria in that group. The matrix is normalized using Equation (1) for benefit
and cost criteria. This sub-criterion weighting is performed once on the pooled bank-year panel
rather than separately by year, since sub-criteria weights are held fixed across years within the
Within-Group TOPSIS stage; only the resulting main-criterion weights are subsequently
recomputed on a year-by-year basis, as described in Section 3.2.2.

iij - miin iU

— ———, j € Benefit
maxxij - m_lnxl-j
=1 e s 1)
J max ¥;; — X;;
L

— —_, Jj € Cost
maxxij - m_lnxl-j
i i

Step 2: Calculating the percentage change value.

For each criterion j, the percentage change value PV; is calculated as in Equation (2) using
the standard deviation of the normalized values (g;) and the root mean square (RMS). Here, g; =

1 m _ _ . . . .
\/E Zi:l(rij — 77)%, where 7; is the average of the normalized values of the relevant criterion.

1
PV; = [In| —X
j

)

Step 3: Obtaining the final weights.
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The objective weight of each criterion is found by linear normalization of the PV; values
as in Equation (3). This process is repeated for each of the seven main indicator groups to obtain
the weight set for each sub-criterion.

PV,

ST Py @)
j=1PVj

3.2.2. Calculation of Main Criterion Scores with Within-Group TOPSIS

TOPSIS is employed for the within-group aggregation stage because of its well-established
interpretability, computational simplicity, and widespread acceptance in banking performance
studies. Unlike outranking methods such as PROMETHEE or ELECTRE, TOPSIS provides a
clear and intuitive ranking based on geometric distances to ideal and anti-ideal solutions, which
facilitates communication of results to regulatory audiences. Its additive logic also aligns
naturally with the LOPCOW-derived weights, enabling a straightforward and transparent
transition from sub-criteria to main criterion scores. Accordingly, using the sub-criterion weights
determined by LOPCOW, the TOPSIS method is applied for each main indicator group, where
each group is treated as a separate MCDM problem.

Step 1: Creating the weighted normalized decision matrix.

The normalized decision matrix R = [r;;] is created with Equation (1), and the weights w;
obtained with Equation (3) are used to create the weighted matrix as in Equation (4).

Vij = Wj - Ty 4)
Step 2: Determining the ideal and anti-ideal solutions.

For each criterion j, the positive ideal solution (4*) and the negative ideal solution (A7)
are determined from all bank year observations as in Equation (5).
Af = max vy, A = min vy (5)
Step 3: Calculation of distances.

For each alternative i (bank year), the Euclidean distance d; to the positive ideal solution
and the Euclidean distance d; to the negative ideal solution are calculated as in Equation (6).

(6)

Step 4: Calculation of the closeness coefficient.

For each alternative, the relative closeness coefficient C; is calculated as in Equation (7).
This value is recorded as the bank's annual main criterion score for that main indicator group.
di

Ci=-—F—,
bodi+df

0<(C <1 (7)

When this process is repeated separately for the seven main indicator groups, seven main
criterion scores are obtained for each bank year. Thus, the original 46 ratios are reduced to a
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seven-dimensional panel dataset. In addition to the seven main-criterion scores obtained above,
the same seven-dimensional bank-year panel is also used to derive the main-criterion weights.
For each year t (t = 2002, ..., 2024) separately, the 23 bank x 7 main-Criterion score matrix is
treated as a decision matrix and the LOPCOW procedure (Equations (1) — (3)) is applied to it,
yielding a year-specific vector of seven main-criterion weights. This procedure is repeated
independently for each of the 23 years, and the resulting annual weight vectors are averaged over
the 2002-2024 period to obtain the final main-criterion weights w;. These weights are
subsequently used in the Tensor TOPSIS stage, where each main criterion's weight is distributed
equally across its three temporal features (trend, mean, and standard deviation). A year-by-year
application is preferred over pooling the full panel into a single matrix because the discriminatory
power of each main criterion — and hence its LOPCOW weight — varies with the differing
macroeconomic conditions of each year; pooling the panel into one matrix would flatten this
temporal variation and would be inconsistent with the dynamic framework proposed in this study.

3.2.3. Final Dynamic Performance Ranking with Tensor TOPSIS

For the final dynamic ranking stage, Tensor TOPSIS was preferred over other dynamic
MCDM approaches—including CRISUS, SITDE, and LOGSTA—because these methods are
primarily cross-sectional weighting procedures that require ad hoc aggregation across years and
do not inherently model the temporal dimension. Tensor TOPSIS, by contrast, embeds trend,
mean, and standard deviation directly into the decision matrix, making it the only reviewed
method natively suited to a 23-year panel. It captures not only performance levels but also their
direction and stability over time—a critical requirement for long-term banking performance
assessment that static or purely weighting-focused methods cannot fulfil. In this study, the Tensor
TOPSIS method developed by Campello et al. (2023) is applied to the 23 bank x 23 year panel
dataset consisting of seven main criterion scores, producing a single final score by evaluating the
time series performance of each bank holistically.

Step 1: Organizing the data in tensor form.

The panel data structure of the study is represented by a three-dimensional tensor as in
Equation (8). Here, L = 23 years, m = 23 banks, and n = 7 are the number of main criteria. x ; ;
shows the score of bank i in the j main criterion in year t.

xt,i,j = ]RLmen (8)
Step 2: Standardization.

The z-score is standardized as in Equation (9) such that the mean of each criterion is zero
and the standard deviation is one. Here, u; is the mean of criterion j calculated from all bank year
observations.

X0 — U
Ztij = %m 9)
Step 3: Extraction of Time Series Features.

For each bank i and each main criterion j, K = 3 features are extracted from the 23-year
time series: linear trend, mean, and standard deviation. The trend feature, shown in Equation (10),
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is the slope coefficient of the linear regression model fitted to the time series. The mean feature
is calculated in Equation (11); the standard deviation feature is calculated in Equation (12).

L
(1) L Z%=1 t'Zt,i,j_(Zézl t)(zt=1 Zt'i'j) (10)
fii’ = LY (ko)
1 L
2 _
fij” = ZZ L -
t=1
L
1 2
@) ()
8 s (o= )
t=1

Step 4: Creating the Feature Matrix (Unfolding).

The 21 (n X K) features extracted for each bank are aggregated into a two-dimensional
decision matrix F = [F; ] as in Equation (13). The columns of the matrix correspond to the trend,
mean, and standard deviation values of each main criterion, respectively.

F € R™*(mK) (13)
Step 5: Vector normalization.
In order to eliminate scale differences between features, vector normalization in Equation

(14) is applied.

F;
- =12,..,n-K

l,C
—,C
f m 14
Z Fi,zc ( )
i=1

Step 6: TOPSIS application.

Tic =

Since each main criterion is represented in the tensor by three temporal features (trend,
mean, and standard deviation), the 21 (n x K) column weights used in Equations (15) — (16) are
derived directly from the seven main-criterion LOPCOW weights w;. Specifically, the LOPCOW
weight of each main criterion j is distributed equally across its three associated temporal-feature
columns, i.e., w, = w;/3 for each of the three temporal features of criterion j. This ensures that
the trend, mean, and standard deviation columns of a given criterion receive an equal share of that
criterion’s LOPCOW weight, the relative importance across the seven main criteria established
by LOPCOW is preserved, and the resulting 21 weights sum to one.

A weighted normalized matrix V = [v; .| = [w, - ;] is created using criterion weights.
The global ideal solution (A = max;v;.) and the anti-ideal solution (4; = min;v; ) are
determined from all banks. The trend and mean columns are treated as benefit-type criteria, for
which higher values indicate better performance, so A} and A7 retain the maximum/minimum
definitions given above for these columns. By contrast, the standard-deviation columns are treated
as cost-type criteria, since higher volatility must not improve a bank'’s score; for these columns,
the ideal solution is instead defined as the minimum across banks and the anti-ideal solution as
the maximum across banks. This reversal ensures that lower volatility increases a bank’s closeness
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coefficient, consistent with the interpretation that stable performance over time is a desirable
characteristic. Euclidean distances (Equation (15)) and closeness coefficients (Equation (16)) are
calculated for each bank. ¢ score represents the dynamic financial performance of bank i
throughout the period. A score closer to 1 indicates that the bank is closer to the ideal in terms of
time series attributes; a score closer to 0 indicates weaker performance. Banks are ranked from

largest to smallest according to their ¢/ score to obtain the final dynamic performance

ranking.
df = \/Z(vi’c —ADH?,d; = \/Z(m —Ap)? (15)
c Cc

CTensor — dl— (16)
¢ df +d;

To test the robustness of the final ranking produced by the proposed Tensor TOPSIS model,
the Borda count method was applied based on the annual TOPSIS scores. The Borda method is a
widely used approach in the MCDM literature that combines rankings from multiple periods into
a single consensus ranking (Biswas et al., 2022). In this study, Borda was considered as a
reference ranking reflecting the majority trend of annual performance evaluations, and its
agreement with Tensor TOPSIS was evaluated as an indicator of the internal consistency of the
model. First, banks are ranked according to performance by applying TOPSIS separately for each
year using the seven main criteria scores obtained in Section 3.2.2. Then, the rank numbers
obtained by each bank throughout all years are converted into Borda scores as in Equation (17).
Here, Rank;; represents the ranking of bank i in year t. This scoring is based on the principle of
giving m points to the first-ranked bank and 1 point to the last-ranked bank. Banks are ranked in
descending order according to their B; scores to obtain the Borda ranking.

L
B; = z(m —Rank;; + 1) 17)
t=1

Finally, the consistency between the final ranking produced by the proposed Tensor
TOPSIS and the Borda ranking is measured by the Spearman rank correlation coefficient (p). A
high and statistically significant p value indicates that Tensor TOPSIS, which takes into account
the time series features in a holistic way, shows an overall trend that matches the majority
preference of annual performances. The differences between the two rankings show the distinctive
aspect of the method in that Tensor TOPSIS is sensitive not only to the average performance but
also to additional information such as trends and fluctuations.

4. Findings

The empirical results of the proposed hybrid model, LOPCOW-TOPSIS-Tensor TOPSIS,
are presented in this section. First, the weights of the main and sub-criteria gained by the
LOPCOW method are given. Then, the temporal performance dynamics of banks are studied by
using the annual TOPSIS rankings. Finally, the results of Borda count and Tensor TOPSIS
ranking are compared.
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4.1. Main and Sub-Criteria Weights

The LOPCOW weights of the seven main criteria, averaged annually over the 2002-2024
period, together with the pooled-panel LOPCOW weights of the sub-criteria under each main
criterion, are presented in Table 2. The table's second column (avg.) indicates the average weight
of the respective main criterion averaged across all years. These values indicate which main
dimension is more distinctive in differentiating interbank performance. Asset Quality was the
highest weighted average with 17.3%, followed by Balance Sheet Structure, Activity Ratios, and
Income-Expenditure Structure. Profitability and Liquidity were of moderate importance, and
Capital Adequacy received the lowest weight. The result indicates that the variation in
performance among the Turkish banks in the period under investigation was mainly driven by
asset composition, balance sheet structure, operational efficiency and income-expense
composition, while the capital adequacy ratios were relatively more homogeneous among the
banks.

The weights need to be read by considering the underlying logic of LOPCOW: the method
gives more weight to sub-criteria with larger cross-bank dispersion (as measured by the
percentage-change coefficient), not to sub-criteria that are considered more important a priori. A
high weight therefore signals that banks differ substantially on that ratio — i.e., it has strong
discriminatory power — while a low weight signals convergence across banks, regardless of the
ratio's theoretical significance.

Table 2. Main Criterion LOPCOW Weights (2002-2024 Annual Average) and Sub-Criterion
LOPCOW Weights (Pooled 2002—-2024 Panel)

Main Criterion Avg. CIL C2 C3 C4 C5 C6 C7 C8 C9 Cl0 Cll CI2
Asset Quality 01730404 0.123 0.181 0.217 0.076 — - - - — — _
Balance Sheet St.  0.163 0.144 0.141 0.110 0.106 0.147 0.141 0.106 0.106 — - —  —
Activity Ratios 0.161 0.216 0.201 0.265 0.158 0.161 - — - — — —  _
Is‘icome'E"pe“d”“re 0.158 0.130 0.060 0.035 0.038 0.083 0.039 0.043 0.113 0.121 0.056 0.166 0.119
Profitability 0.142 0.007 0.3230.3750.295 — - — — - _
Liquidity 0.1250.030 0.241 0.291 0.187 0.250 - — - — — - _

Capital Adequacy 0.077 0.308 0.115 0.277 0.205 0.026 0.005 0.064 — — - — —

Columns C1-C12 in Table 2 present the LOPCOW weights of the sub-criteria for each
main criterion. The codes starting from C1 are the relevant sub-criteria for each main criterion;
for example, in the Asset Quality group, C1 refers to Fixed Assets/Total Assets (0.404), and C2
refers to Financial Assets (Net)/Total Assets (0.123). When looking at the sub-criterion weights,
it can be seen that certain ratios are considerably outstanding within each main group. The Asset
Quality group has C1 (Fixed Assets/Total Assets) with the highest weight at 40.4%, followed by
C4 (Consumer Loans / Total Loans) at 21.7%. The high dispersion in C1 is attributable to
structural differences in branch-network scale — foreign-owned banks operate with minimal
physical infrastructure, whereas state-owned banks maintain extensive branch networks,
producing a wide cross-bank spread in fixed-asset intensity. C3 (Severance Pay/Number of
Employees) was the most important sub-criterion in the Activity Ratios group at 26.5%. In the
Income-Expenditure Structure group, C11 (Net Interest Income After Provisions/Total Operating
Income) received the highest weight with 16.6%, followed by C1 (Net Non-Interest Income /
Other Op. Expenses) with 13.0% and C9 (Loan Provisions/Total Assets) with 12.1%.
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In the Profitability group, C3 (Average Return on Assets) had the highest weight with
37.5% and C2 (Pre-Tax Profit / Total Assets) with 32.3%. In the Liquidity group, C3 (Liquid
Assets/Total Assets) stood out with 29.1% and C5 (Foreign Currency Liquid Assets/Foreign
Currency Liabilities) with 25.0%. The low weight of C1 (Net Profit / Paid-in Capital) is due to
LOPCOW's reliance on the degree of differentiation among banks, indicating that this ratio
exhibited relatively low variation across banks compared to other profitability sub-criteria.
Conversely, ROE and ROA exhibit high dispersion because differences in capital structure and
asset base among large, mid-sized, and foreign banks translate directly into divergent profitability
outcomes, giving these ratios strong discriminatory value under LOPCOW. In the Capital
Adequacy group, the fact that ratios related to foreign exchange positions have the highest
weighting, with C1 (Net Balance Sheet Position + Net Off-Balance Sheet Position/Equity) at
30.8% and C3 (On-Balance Sheet Foreign Currency Position/Equity) at 27.7%, confirms the
critical role of exchange rate risk in the performance differentiation of the Turkish banking sector.
This dispersion stems from banks' divergent FX funding strategies: foreign-owned banks typically
maintain near-balanced FX positions as a matter of policy, while some domestic banks carry
sizable open positions to fund TL lending, producing the wide cross-bank variation that
LOPCOW rewards with higher weight.

4.2. Annual Performance Rankings and Temporal Trends

The annual TOPSIS rankings for each bank for the period 2002-2024 are presented in
Table 3. The rankings show that the performance of banks has fluctuated significantly over time,
and that there have been significant shifts in rankings, especially during periods of
macroeconomic shocks. During the 2008 global financial crisis (2007-2009), a significant
improvement was observed in the relative performance of state-owned banks. T.C. Ziraat Bank
rose to first place in 2007 and 2008, while Tiirkiye Halk Bank was among the top three in 2007
and 2008. In the period following the 2018 currency shock, it is observed that foreign-owned
banks (especially Citibank A.S., Deutsche Bank A.S.) have taken the top positions. Citibank has
continuously held the top two positions between 2015-2021. The high performance of these banks
can be explained by their low operational cost structures, limited branch networks, and values
well below the sector average in certain ratios (especially personnel expenses and interest expense
burden). Among the large privately owned deposit banks, Akbank was ranked high, especially in
the period 2002-2008, but slightly weakened its relative position in the subsequent years. Tiirkiye
Garanti Bank, however, showed a recovery and returned to the top three in 2022 and 2024.

Table 3. Annual TOPSIS Rankings of Banks (2002—-2024)

Bank 02* 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Akbank 1 1 1132412341142 3188%541¢6 8
Alternatifbank 22 2118 1516 16 14 18 17 19 20 19 19 19 22 22 20 16 18 19 17 16 16
Anadolubank 11 3 11 8 121017 6 7 13 6 15151212 14 19 17 19 18 16 20 20
Arap Tiirk Bank 21 22 22 21 22 23 22 20 21 22 23 20 20 15 16 15 22 21 23 23 23 23 23
Burgan Bank 2 9171613 18 18 21 22 20 21 23 22 21 20 21 16 18 21 21 20 18 17
Citibank 5119 6148 6 8 81810135 1 1 112 1172121
Denizbank 6 141313 9 12121013 6 11 14 14 16 15 16 18 22 20 20 14 14 14
Deutsche Bank 9 12 3 221022191420151 17103 3 4 2 7 3 3 3 1 4
Fibabank 23 23231923212123232322211711141314131214 5 9 11
HSBC Bank 4 6 4 5 7 71312 9 8 121821232317 1010 10 16 13 15 15
ICBC Turkey 13 17191719 1523 17 16 16 17 10 16 20 21 18 21 19 22 22 22 22 22
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Table 3. Continued

ING Bank 16 135 3 8 9 8 915127 1212148 6 3 1 2 2 9129
QNB 7 157121 6 7 2 112 449 91055676 21
Turkish Bank 3 51218181916 22 18 21 18 22 23 22 18 20 15 14 16 13 21 13 12
Turkland Bank 8 2107 212020161917 1516 1317 1723232315 8 18 3 5
Tiirk Ekonomi B. 10 1015101113151311108 8 3 5 6 9 6 4 4 5 8 5 2
T.C. Ziraat Bank 14 4 2 2 2 113 445 222 42 43710108 6
Tiirkiye Garanti B. 19 1816115 4 2 5 5 7137 8 7 5576 96 2 7 3
Tiirkiye Halk Bank 18 7 8 96 334323 36 6107 12111315151113
VakifBank 15166 4 45576599 91018 9 9 81111107
Tiirkiye Is Bank 20 1920141511 9 15141116 6 7 8 7 1113151412 121718
Yap1 ve Kredi B. 17 2021 231717111912 9 19 5 11131312111211 9 4 4 10
Sekerbank 12 8 14202014 1011101414 111818191917 2017 171919 19

Note: * Years are abbreviated as 02 for 2002, 03 for 2003, ..., 24 for 2024.

4.3. Comparison of Tensor TOPSIS and Borda Count Rankings

The final Tensor TOPSIS ranking obtained from the proposed hybrid model is compared
with the Borda count ranking obtained from the annual TOPSIS results in Table 4. For each bank,
The table shows its rank in the Tensor TOPSIS analysis, its closeness coefficient (which measures
how close the bank's time-series profile is to the ideal one), and its Borda rank. The closeness
coefficients provide a direct measure of the relative dynamic efficiency of each bank, and the
Borda rankings are a complementary sensitivity indicator. The Spearman rank correlation
coefficient between the two rankings was p = 0.877 (p < 0.001). The value shows a high and
statistically significant concordance between the final ranking obtained through Tensor TOPSIS
and the majority preferences (Borda) of the annual performances. In other words, Tensor TOPSIS,
which holistically evaluates time series attributes (trend, mean, standard deviation), reflects the
long-term dynamic performance of banks in a way that largely coincides with the overall trend of
annual evaluations. The closeness coefficient for banks is shown in Table 4, which varies from
0.680 for Deutsche Bank to 0.325 for Fibabank, indicating a large variation in dynamic
performance for banks.

Table 4. Comparison of Tensor TOPSIS and Borda Rankings
Closeness Closeness

Bank T-TOPSIS Borda Bank T-TOPSIS Borda
Coeff. Coeff.

Deutsche Bank 1 0.680 10 Turkish Bank 13 0.495 18
Citibank 2 0.666 5 Denizbank 14 0.492 15
Akbank 3 0.663 1 Tiirkiye Is Bank 15 0.485 14
T.C. Ziraat Bank 4 0.602 2 Sekerbank 16 0.454 17
QONB 5 0.601 3 Yap1 ve Kredi B. 17 0.447 12
Tirkiye Garanti B. 6 0.582 4 Turkland Bank 18 0.435 16
HSBC Bank 7 0.580 11 Arap Tiirk Bank 19 0.428 23
Tirk Ekonomi B. 8 0.573 7 Alternatifbank 20 0.417 21
ING Bank 9 0.568 9 ICBC Turkey 21 0.412 22
VakifBank 10 0.545 8 Burgan Bank 22 0.412 20
Tiirkiye Halk B. 11 0.533 6 Fibabank 23 0.325 19
Anadolubank 12 0.526 13

The first point that stands out in Table 4 is that Deutsche Bank ranks first in Tensor TOPSIS
but tenth in Borda. Similarly, Turkish Bank dropped from 13th in Tensor TOPSIS to 18th in
Borda; conversely, Yapi ve Kredi Bank ranked 17th in Tensor TOPSIS but 12th in Borda. Such
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differences stem from the fact that Tensor TOPSIS is sensitive not only to average performance
but also to additional information such as trends and volatility. Therefore, it is understood that the
method incorporates a richer information set into the decision-making process than simply relying
on the annual average or majority preference. On the other hand, the high ranking of large-scale
banks such as Akbank, T.C. Ziraat Bank, QNB, and Tiirkiye Garanti Bank in both rankings
indicates that these banks have stable annual performance and positive long-term dynamics.

Appendix Table Al displays the extracted values of the trend, mean, and standard deviation
for each bank and for each main criterion, and their means across all criteria. The “Average”
columns in Appendix Table Al are the weighted average of these features across the seven main
criteria, using the annual average LOPCOW main-criterion weights from Table 2. This ensures
that the totals will consider the relative importance of each main criterion in the overall
performance assessment. Deutsche Bank and Citibank have the same average trends (0.03), but
the slightly lower average mean of Deutsche Bank (0.37 vs. 0.39) is more than compensated by
significantly higher trends in a number of individual criteria (e.g., Asset Quality and
Income-Expenditure Structure). This explains the top ranking of Deutsche Bank in spite of its
higher average standard deviation (1.59 vs. 1.11). Despite its average mean being significantly
negative (—0.46) and its volatility being high (1.39), Fibabank ranks last, showing one of the
strongest upward trajectories in the panel and the highest average trend (0.09). This counter-
intuitive result shows that Tensor TOPSIS doesn't just reward the trend alone, but a good trend
has to be coupled with a sufficient performance level and stability to turn into a higher rank.

Another related counter-intuitive case to flag explicitly is Citibank, which is second overall
in Tensor TOPSIS, even as it has fallen to 21st place in both 2023 and 2024 (Table 3). As in the
case of Fibabank above, this pattern is a direct consequence of the construction of the trend
feature. Because the trend in Equation (10) is a single ordinary least squares slope fitted to the
entire 2002-2024 series, it captures a bank’s overall trajectory rather than reacting
disproportionately to its two most recent observations. Citibank was either first or second in the
2015-2021 period, so its trend and mean characteristics are still very favorable after the sudden
2023-2024 downturn, as two data points have little leverage on a 23-year regression slope. The
Fibabank result, in conjunction with the general property of any linear-trend, full-window feature,
suggests that long-term, multi-year performance is the main driver of the Tensor TOPSIS score,
while a short, recent reversal, however large, is only partially reflected. This is a considered design
choice that is suitable for judging long-term dynamic performance rather than a bug to be fixed,
but it means that Tensor TOPSIS should not be used as a real-time tracking tool; readers who
want to know a bank’s latest position should refer straight to its annual TOPSIS position in
conjunction with the Tensor TOPSIS score.

When banks are grouped according to their ownership structure as public, private, and
foreign, significant differences were observed between the groups in terms of Tensor TOPSIS
scores. The top five include two foreign banks (Deutsche Bank, Citibank), two private banks
(Akbank, QNB), and one public bank (T.C. Ziraat Bank). However, the foreign bank group itself
exhibits a rather heterogeneous structure; It is observed that, in addition to top-ranked banks such
as Deutsche Bank (1.) and Citibank (2.), there are also lower-ranked banks such as Turkish Bank
(13.), Arap Tiirk Bank (19.), and Burgan Bank (22.). This shows that the foreign-capital bank
category contains different business models and performance levels within itself. The two public
banks (Vakifbank 10, Tiirkiye Halk Bank 11) are generally positioned in the middle ranks.
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4.4. Sensitivity Analysis: Alternative Weighting Methods

To evaluate the robustness of the Tensor TOPSIS ranking to the choice of objective
weighting method, we ran the entire pipeline using three alternative weighting techniques:
Entropy, CRITIC, and MEREC in place of LOPCOW. For each alternative method, the within-
group sub-criterion weights were recalculated, the main-criterion scores were obtained, and the
Tensor TOPSIS was applied to get a new final ranking. Table 5 shows the Spearman rank
correlation coefficients between the LOPCOW-based ranking and each alternative ranking,
together with the top five banks under each method.

Table 5. Tensor TOPSIS Rankings under Alternative Weighting Methods

Weighting Spearman p (vs. 15t ond 3rd 4th 5th
Method LOPCOW)

CRITIC 0.96 Citibank Tiirk Ekonomi B. Tirkiye Garanti B.  Akbank QNB
MEREC 0.94 Citibank Deutsche Bank  Tiirkiye Garanti B.  Tiirk Ekonomi B.  Akbank
Entropy 0.55 Citibank Deutsche Bank ~ HSBC Bank Arap Tiirk B. Turkish B.

The rankings obtained by CRITIC and MEREC are highly consistent with the ranking
based on LOPCOW (p = 0.96 and 0.94, respectively), confirming that the primary findings are
robust. The lower correlation with Entropy (p = 0.55) is unsurprising: Entropy is a function only
of data dispersion and is affected by outliers and negative values, which are common in financial
ratio datasets. Conversely, LOPCOW can handle negative values directly and is robust to outliers,
which makes it a good choice for the primary weighting scheme. A more detailed analysis of the
top-five banks across the alternative methods shows that Citibank is always ranked first,
irrespective of the weighting scheme. The top five sets from CRITIC and MEREC are quite
similar and close to the LOPCOW-based ranking. Large private and foreign banks (e.g., Citibank,
Deutsche Bank, Akbank, Garanti Bank, QNB). However, it substitutes other banks with lower
average performance but high dispersion (e.g., Arap Tiirk Bank, Turkish Bank). This also shows
that entropy is more sensitive to variability in the data than to overall performance. This contrast
demonstrates that the balanced treatment of level and differentiation provided by LOPCOW
yields a more stable and interpretable ranking. The high agreement between CRITIC, MEREC
and LOPCOW indicates the robustness of the proposed framework for different objective
weighting schemes, and the Entropy result supports the methodological justification for selecting
LOPCOW.

5. Conclusion and Evaluation

In this study, the financial performance of 23 banks operating in the Turkish banking sector
for the period 20022024 was dynamically evaluated using a hybrid LOPCOW-TOPSIS-Tensor
TOPSIS model. The methodology is presented in three stages, where 46 financial ratios were
weighted by LOPCOW, reduced into seven main criterion scores by within-group TOPSIS, and
then the 23-year time series attributes (trend, mean, standard deviation) of these scores were
holistically analyzed by Tensor TOPSIS to obtain the final ranking of dynamic performance. The
robustness of the model was tested using Borda counts obtained from annual LOPCOW-TOPSIS
rankings. The results of the main and sub-criteria weights indicated that the performance
differentiation in the Turkish banking sector was realized most intensely in the Asset Quality and
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Balance Sheet Structure dimensions. The high total weight of these two main criteria indicates
that the asset composition and the balance sheet structure play an important role in the
determination of the competitive advantage among banks. The main criterion of Capital Adequacy
has the lowest weight, which shows that capital adequacy ratios were relatively similarly
distributed among banks during the period considered. This is considered to be a result of the fact
that the Turkish banking sector was subject to strict capital regulations after the 2001 crisis. At
the sub-criterion level, the highest weights of the ratios related to foreign exchange positions (Net
Balance Sheet Position + Net Offset Position / Equity, On-Balance Sheet Foreign Currency
Position / Equity) under the Capital Adequacy group empirically prove the crucial role of
exchange rate risk in the performance differentiation of Turkish banks. This pattern of
concentrated differentiation in Asset Quality and Balance Sheet Structure parallels Siiziilmiis and
Yakut's (2024) finding that non-performing loans were the most critical criterion in Turkish bank
rankings, and extends it by showing the dimension's relative weight has persisted across a much
longer, crisis-inclusive panel.

The final dynamic performance ranking revealed that foreign-owned banks (Deutsche
Bank, Citibank) ranked first and second, followed by large privately held (Akbank, QNB) and
state-owned banks (T.C. Ziraat Bank). This ranking partially coincides with some studies in the
literature (e.g., Kumar and Sharma's finding of the dominance of private banks over state-owned
banks in India in 2023); However, the unique structure of the Turkish banking sector (the presence
of foreign banks, the asset size of public banks, and their credit policies) shows that the results
differ. Indeed, the rise of public banks to higher ranks in annual rankings during and after the
2008 global financial crisis confirms the stabilizing role of public banks during crisis periods, as
emphasized by Simsek (2022). Similarly, in a large-scale analysis covering 48 countries and the
period 1990-2010 by Bertay et al. (2015), it was empirically shown that state-owned banks
exhibited higher credit growth rates than private banks during global financial crises and played
a stabilizing role in economic fluctuations. The results of this study on the relative performance
improvement of public banks during crisis periods are consistent with this international evidence
and suggest that state-owned banks can contribute to financial stability in periods of systemic risk.

The high agreement of the Tensor TOPSIS with the Borda count was formally tested using
the Spearman rank correlation coefficient, which was calculated as p = 0.877 (p < 0.001). This
statistically significant and strong correlation testifies to the reliability and internal consistency
of the suggested hybrid model. Such a high correlation means that Tensor TOPSIS, considering
the time series attributes as a whole, has found an overall trend that is largely consistent with the
majority preference on the annual performance. However, the differing rankings of the two
methods (e.g., Deutsche Bank being ranked 1. in Tensor TOPSIS and 10th in Borda) demonstrate
that Tensor TOPSIS is sensitive not only to average performance but also to other information
like trends and volatility, thereby confirming that the method uses a richer set of information in
the decision-making process than just annual averages or majority preferences.

The findings offer several specific and actionable insights for regulatory authorities and
bank executives in the Turkish banking sector. First, since Asset Quality and Balance Sheet
Structure jointly explain the largest share of ranking variance, the Banking Regulation and
Supervision Agency's (BDDK) off-site surveillance models could assign these dimensions higher
weight in early-warning scorecards than the current CAMELS-equal-weighting practice implies.
Second, the counter-cyclical rise of state-owned banks during 2008—2009 in the annual rankings
suggests these banks could be explicitly designated as counter-cyclical lending channels in
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macroprudential stress-testing scenarios, rather than treated as ordinary CAMELS-rated entities.
Third, the Tensor TOPSIS trend/volatility decomposition flags banks with deteriorating trend
despite stable point-in-time scores—for instance, Yapr ve Kredi Bank ranks 17" in Tensor
TOPSIS yet 12" in Borda, indicating that its time-series trajectory and volatility are weaker than
its annual average performance would suggest; such banks could be prioritized for enhanced
supervisory review even when their annual CAMELS composite remains acceptable. Fourth, the
dominant sub-criterion loadings on FX position ratios indicate that banks with high
foreign-currency funding reliance should face differentiated liquidity buffer requirements under
BDDK's currency risk framework, not uniform sector-wide limits. Finally, the significant weight
of operational efficiency indicators—especially personnel and severance expenses per
employee—suggests that bank executives should focus on cost-to-income optimization as a
strategic lever for long-term performance improvement. Adopting such dynamic,
multi-dimensional assessment models can strengthen financial surveillance and support more
timely, evidence-based interventions in an increasingly volatile macroeconomic environment.

The limitations of the study need to be considered as well. First, the analysis is done only
on the basis of financial ratios and does not take into account qualitative factors such as quality
of management, corporate governance structure, or market sentiment. Second, the sample is
subject to survivorship bias, as it includes only banks that remained active throughout the 2002—
2024 period; banks that failed, merged, or were acquired during this period are excluded. This
may result in an overestimation of average performance, since the sample reflects only the
surviving institutions. Third, subjective weighting methods based on expert opinion (AHP, BWM,
etc.) were not considered, as the study adopts a fully objective data-driven approach. Future
research could be directed towards adapting Tensor TOPSIS to different sectors and country
groups, testing different feature combinations (seasonality, skewness, kurtosis, etc.) and
hybridizing feature weights with expert opinion. Additionally, examining the relationship
between the proposed model and CAMELS ratings or market-based performance indicators
(stock returns, CDS premiums) would further strengthen the practical validity of the method.
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APPENDIX

Table Al. Temporal Features of Main Criteria

Asset Quality

Balance Sheet St.

Activity Ratios

Income-Expenditure St.

Trend Mean Std. Trend Mean Std. Trend Mean Std. Trend Mean Std.
Akbank 0.02 038 041 003 -0.06 048 -0.06 066 054 -0.03 0.37 0.53
Alternatifbank 0.03 0.38 050 -0.07 -0.44 0.73 -0.04 0.00 040 0.04 -0.39 0.57
Anadolubank -0.04 -0.05 059 0.08 057 064 -007 -027 072 0.00 0.11 0.39
Arap Tiirk B. 0.03 -091 074 004 -258 0.89 -0.14 -123 156 0.05 1.32 0.65
Burgan Bank 0.09 -0.08 0.76 -0.09 -0.28 091 -0.05 -0.25 0.64 0.00 -0.36  0.40
Citibank 0.00 -0.24 027 001 059 054 -0.14 -050 281 0.14 0.84 1.09
Denizbank 0.00 -0.09 0.62 002 -0.10 0.44 -0.03 020 0.26 -0.01 -0.11 043
Deutsche Bank 0.16 -036 159 -0.06 -0.78 091 -0.13 051 117 0.28 0.33 2.22
Fibabank 020 -024 251 0.01 028 045 0.09 -071 149 0.08 -0.51 0.98
HSBC Bank -0.01 033 040 -002 -022 045 -006 -0.09 066 -0.01 0.27 0.62
ICBC Turkey 0.05 032 060 -0.16 -126 157 -0.08 -041 0.85 0.04 -0.04 0.39
ING Bank 0.03 064 061 -0.02 031 046 -001 013 036 0.02 -0.12 051
QNB 0.05 049 061 0.02 009 070 -004 035 037 -001 0.02 0.36
Turkish Bank 0.12 -0.62 0.88 0.00 -0.24 0.47 -0.03 0.06 0.27 0.01 0.14 0.20
Turkland Bank 0.02 011 053 004 069 051 -0.07 -047 0.77 -0.07 -0.71  2.48
Turk Ekonomi B. 006 040 061 006 025 063 -0.04 0.03 043 -0.01 0.13 0.32
T.C. Ziraat B. 0.08 011 0.63 -0.08 109 062 -0.02 051 024 0.01 -0.03 0.55
Tirkiye Garanti B. 0.08 011 0.94 0.05 -010 052 -002 051 0.31 0.00 0.16 0.49
Tirkiye Halk B. 0.06 015 058 -0.03 0.96 0.38 -0.05 0.33 047 0.00 -0.33  0.87
VakifBank 0.09 023 089 -001 046 036 -003 040 031 0.00 -0.26  0.48
Tirkiye 15 Bank 0.14 -063 143 -0.01 0.07 0.39 -004 021 044 0.02 0.01 0.53
Yap1 ve Kredi B. 015 -030 141 -0.01 -0.03 0.29 -0.01 026 051 0.06 -0.29 1.05
Sekerbank 0.02 -0.15 047 -0.02 0.71 047 -0.04 -024 0.74 0.07 -0.55 0.80

Profitability Liquidity Capital Adequacy Average

Trend Mean Std. Trend Mean Std. Trend Mean Std. Trend Mean Std.
Akbank 0.00 033 051 -013 0.13 0.99 0.01 040 023 -0.01 0.32 0.49
Alternatifbank 0.00 -022 039 -0.01 -073 037 0.18 -111 212 0.02 -0.33  0.77
Anadolubank 0.03 028 053 -0.03 -039 0.62 0.01 0.01 074 0.00 0.07 0.61
Arap Tiirk B. 0.01 -011 025 0.00 0.60 0.75 -0.02 043 044 -0.01 -0.52  0.77
Burgan Bank 0.02 -032 059 -0.11 -0.26 0.84 -0.01 -0.28 0.34 -0.02 -0.26 0.64
Citibank 014 079 149 0.00 161 046 0.07 038 081 0.03 0.39 1.11
Denizbank 0.02 010 043 -0.09 -0.19 080 -0.05 -0.34 174 -0.01 -0.07 0.68
Deutsche Bank -002 139 179 -015 183 113 0.09 061 230 0.03 0.37 1.59
Fibabank 019 -0.78 152 -0.07 -0.31 0.72 0.08 -0.98 1.71 0.09 -0.46  1.39
HSBC Bank 0.01 -0.04 0.67 005 034 058 -0.03 030 048 -0.02 0.10 0.54
ICBC Turkey -0.01 -0.35 060 -0.02 -0.35 044 -0.01 -037 0.73 -0.03 -0.38  0.79
ING Bank 0.01 -0.16 033 -0.02 -0.33 032 0.02 030 033 0.01 0.16 0.42
QNB 0.00 0.27 048 -0.05 -052 049 0.03 046 037 0.00 0.22 0.49
Turkish Bank 0.01 -050 031 -0.15 127 130 -0.04 012 046 0.00 -0.07 051
Turkland Bank -0.03 -088 183 -0.02 -001 036 -001 006 042 -0.02 -0.14 0.96
Tirk Ekonomi B. 0.03 -0.02 046 -0.08 -0.13 0.61 0.05 014 040 0.02 0.14 0.49
T.C. Ziraat B. -0.02 024 039 -010 -0.13 091 0.02 007 023 -0.01 0.32 0.48
Tirkiye Garanti B. 0.04 028 054 -006 -0.24 056 0.02 0.05 026 0.02 0.13 0.51
Tiirkiye Halk B. -0.05 008 042 -0.02 -0.90 046 000 005 023 -0.01 0.15 0.47
VakifBank -0.02 001 028 -014 -0.04 106 0.04 -023 052 0.00 0.11 0.52
Tiirkiye Is Bank 0.02 0.05 037 -011 -0.06 0.85 0.04 -0.01 036 0.02 -0.05 0.61
Yapi1 ve Kredi B. 0.09 -028 193 -0.02 -0.75 0.44 0.05 -0.06 041 0.05 -0.15 0.86
Sekerbank -0.01 -0.18 062 -0.08 -043 0.77 -0.04 000 062 -0.01 -0.07 0.62
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