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Abstract
The loan recovery strategy model for banks in India is based on a two-pronged strat-
egy with dual dimensions: (1) preventive strategy and (2) curative strategy. This 
paper presents a conceptual two-pronged loan recovery model for Indian banks. 
The study has proposed a novel model for the analysis of the recovery efforts and 
recovery strategy of the banks and empirically tested the model through panel 
GLS regression, a GMM-SYS model, and further through structural equation mod-
els (SEM). The objective of the study is to discern if the two-pronged strategic 
responses (preventive and curative loan recovery strategies) of the bank groups in 
India have any significant difference, i.e., do the loan recovery strategies of the bank 
groups have discerning or divergent effects on bad loan management? Through the 
lens of the proposed model, the study provides a comparative insight into the loan 
recovery efforts of various bank groups in the Indian banking sector. The insights 
gained from this study have important implications for bank groups in the evalua-
tion, formulation, and execution of an effective loan recovery strategy. The paper 
also uses structural equation models to demonstrate the dynamics of the novel 
model. We empirically determine that gross slippage ratio, cost of funds, return on 
equity, and return on assets have significant effects on gross non-performing assets, 
with higher slippage ratios and costs of funds associated with increased non-per-
forming assets and higher return on equity and assets associated with decreased non-
performing assets. The research has a future orientation in the sense that it provides 
the necessary pedestal for banks to analyse and find out what they can do better and 
how they can formulate loan recovery strategies based on their strengths and com-
petitive advantages. Our proposed model is a significant addition to the scholarship 
of loan recovery and NPA management globally.
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Introduction

Recovery of loans is central to the management of non-performing assets in com-
mercial banks. Effective management of loan recovery has a twofold character. 
One is ex-ante management, which deals with the resolution and recovery of assets 
under stress and with the possibility of default, and another is ex-post management 
of NPAs, which deals with the resolution and recovery of assets that are already in 
default. Ex-ante management relates to controlling and arresting new loan defaults, 
while ex-post management relates to the management of loan delinquencies and 
NPAs in a manner so as to maximise recovery. Ex-ante management deals with for-
mulating, building, and finally implementing strategies and policies to prevent the 
credit risk from culminating beforehand. Any strategy for good recovery should be 
considered, taking into account the effectiveness of loan appraisal and credit deliv-
ery systems (Pati 2010). Ex-post NPA management is concerned with strategizing 
ways and means to handle NPAs effectively and efficiently recover defaulted loans. 
Individual banks may have bank-specific goals and objectives to manage problem 
loans, and in general, banks make efforts to keep NPAs in check. A low level of 
NPA is desirable for banks, as good asset quality is an indicator of the bank’s health. 
Weak asset quality may not go very well with customers and shareholders.

This paper proposes a novel loan recovery model for banks in India that has dual 
dimensions of preventive and curative strategies. The highlight of this paper is the 
development of this model, which is empirically tested through panel GLS regres-
sion and structural equation models. The objective of this study is to evaluate if the 
two-pronged strategic responses of bank groups in India have significant differences 
in their effects on bad loan management. The study provides a comparative analy-
sis of the loan recovery efforts of various bank groups in the Indian banking sector 
and offers insights for the evaluation, formulation, and execution of an effective loan 
recovery strategy. The paper also highlights the significant effects of gross slippage 
ratio, cost of funds, return on equity, and return on assets on gross non-performing 
assets. The remainder of the paper is organised as follows: Section 2 is the Literature 
Review and Conceptual Framework. Section 3 covers research gaps and methodol-
ogy. Section 4 is Analysis and Discussion of Results. Section 5 concludes with rec-
ommendations and policy implications.

Literature review

Berger and Humphrey (1992), in their seminal work on efficiency measurement 
in commercial banking, define banking efficiency in the light of banks’ financial 
intermediation functions. Banks work as intermediaries between savers and inves-
tors. Banks provide intermediation services through the collection of deposits and 
other liabilities and their application to interest-earning assets such as loans. This 
approach includes both operating and interest expenses as inputs, whereas earnings 
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from loans and other major assets count as outputs. Thus, if an asset is not generat-
ing returns for a bank and becomes non-performing, it results in reduced efficiency 
for that particular bank. A bank’s asset quality therefore does not only character-
ise the performance of a bank’s asset portfolio but also defines the efficiency with 
which a bank is performing.

The determinants of the performance of a bank’s asset portfolio should not be 
sought exclusively in macroeconomic factors, which are viewed as exogenous forces 
influencing the banking industry. On the contrary, the distinctive features of the 
banking sector and the strategic and policy choices of each particular bank with 
respect to their efforts for maximum efficiency and improvements in their risk man-
agement are expected to exert a decisive influence on the performance of their asset 
portfolio and the evolution of NPAs in their balance sheets. A strand in the literature 
has examined the connection between bank-specific factors and asset portfolio per-
formance. The synthesis of the aforementioned discussion on the literature, which 
focuses on the connection between bank-specific factors and asset portfolio per-
formance, strengthens the premise that ‘bad management’ leads to bad loans (non-
performing loans) and reduced efficiency in a bank. The gist of the above discus-
sion therefore solicits an understanding of what constitutes ‘good management’ with 
regard to maintaining and improving the quality of an asset portfolio for a bank. The 
next section attempts to explain the bank-specific reasons for poor asset quality in 
banks.

Mora (2012) argues that an important component of a strong risk management 
system is a bank’s ability to assess the potential losses on its investments. One fac-
tor that determines the extent of losses is the recovery of assets that are in default. 
Loan recovery measures the extent to which the creditor recovers the principal and 
accrued interest due on a defaulted debt. Building on the premise suggested by Mora 
(2012), Misra and Rajmal (2016) describe that there are two dimensions to loan 
recovery. One measures the extent to which a creditor recovers the principal and 
accrued interest on a loan. Another dimension of loan recovery measures the extent 
to which the creditor recovers the principal and accrued interest due on a defaulted 
debt. The authors further argue that a proper assessment of both of these dimen-
sions of loan recovery is a crucial part of the overall risk management strategy of 
banks. Mora (2012) underscores the premise that the goal of risk management is 
to reduce the risk of loan losses and increase a bank’s resilience to loan losses. The 
first dimension of loan recovery, as argued by Misra and Rajmal (2016), analyses 
the extent to which the loan portfolio of a bank is performing and the reasons why a 
performing asset converts into a non-performing asset. This dimension has therefore 
led to studies that have focused on the determinants of non-performing assets and 
methods to deal with the problem of non-performing assets.

Gandhi (2015) discusses the preventive and curative loan recovery and NPA 
management strategies in detail in his lecture titled ‘Asset Reconstruction and 
NPA Management in India’. Discussing preventive strategies, the author discourses 
that the strategy should encompass: (1) measurement of risk through credit rat-
ing and scoring; (2) quantification of risk through estimating expected and unex-
pected loan losses; (3) risk pricing on a scientific basis; and (4) controlling the risk 
through effective loan review mechanisms and portfolio management. Discussing 
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the curative and remedial loan recovery strategies, the author suggests that despite 
proper credit appraisal and proper structuring of loans, slippages in asset quality 
may not be unavoidable, especially when the economic cycles turn worse.

Batrancea (2021) analyses the performance of banks in Europe, Israel, the United 
States, and Canada and examines the relationship between bank performance, their 
assets, and liabilities. The results show that bank performance is positively associ-
ated with bank assets and negatively associated with bank liabilities. The authors 
suggest that banks should maintain a balanced portfolio of assets and liabilities to 
improve their performance. In another study, Batrancea et al. (2022) used panel data 
analysis to investigate the factors that influence economic growth in seven non-Basel 
Committee on Banking Supervision (BCBS) countries. The study finds that human 
capital, financial development, and trade openness have a positive impact on eco-
nomic growth, while corruption has a negative impact. The authors also suggest that 
policymakers should focus on increasing human capital, financial development, and 
trade openness to promote economic growth.

In the US, a study by Bodenhorn et al. (2016) found that banks with better credit 
risk management practises tend to have lower non-performing loan ratios. They 
argued that credit risk management practises, such as rigorous credit analysis and 
monitoring, can help banks identify potential defaulters and take proactive measures 
to recover loans before they become non-performing assets.

Similarly, a study by Vithessonthi and Tongurai (2018) examined the impact of 
bank-specific and macroeconomic factors on the loan recovery rates of banks in 
Europe. They found that bank-specific factors, such as capital adequacy and asset 
quality, have a significant impact on loan recovery rates. They also observed that 
macroeconomic factors, such as GDP growth and inflation, can affect the loan recov-
ery rates of banks in Europe.

Moreover, a study by Beltratti and Stulz (2015) examined the role of loan loss 
provisions in loan recovery. They found that banks with higher levels of loan loss 
provisions tend to have better loan recovery rates. They argued that loan loss provi-
sions act as a signal to borrowers that banks are serious about recovering their loans.

Identification of variables

A. Loan Recovery Strategy of Banks (Presumed Cause).
B. Gross Non Performing Assets Ratio, Slippage Ratio and Slippage to Recovery 

Ratio (Presumed Effects).

According to the glossary of important terms on the RBI website, "slippages" 
(gross slippage ratio) refer to the fresh accretion of NPAs during the year divided 
by the total standard assets at the beginning of the year. This ratio is a better met-
ric for assessing the credit management and credit administration systems in banks 
(Chakrabarty 2013). Several previous studies have extensively used this ratio to 
evaluate credit administration and credit appraisal in banks (Chakrabarty 2013; 
Ghosh 2014). A lower ratio indicates better loan recovery (preventive) efforts by 
banks.
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The effectiveness of the recovery efforts made by banks is often measured by 
the ratio of slippages to recovery. This ratio indicates the extent to which banks 
have been successful in reducing their NPAs through recovery efforts (Chakra-
barty 2013). Many previous studies have extensively used this ratio as an indica-
tor of the effectiveness of NPA management efforts by banks (Chakrabarty 2013; 
Ghosh 2014). A lower ratio indicates better recovery (curative) efforts by banks 
(see Fig. 1).

The banking sector’s curative loan recovery strategy refers to the process of 
recovering non-performing loans. This process involves taking legal action 
against the borrower, selling the collateral put up against the loan, and negoti-
ating with the borrower to reach a settlement. On the other hand, a preventive 
loan recovery strategy aims to prevent loans from becoming non-performing in 
the first place. This involves conducting thorough due diligence on the borrower 
before granting the loan, implementing robust risk management processes, moni-
toring the borrower’s financial health throughout the loan period, and proactively 
addressing any issues that may arise. Adekunle and Adesina (2015) define the two 
strategies. Curative loan recovery strategies include litigation, loan restructuring, 
and loan write-offs, as well as negotiations with clients for a settlement. Con-
versely, preventive strategies comprise enhanced credit risk assessment, credit 
monitoring, and loan portfolio diversification to reduce the likelihood of default.

1. Gross NPA Ratio

2. Slippage Ratio

Preventive 

Strategy (Ex-

Ante Measures)

Loan Recovery 

Strategy

1. Gross NPA Ratio

2. Ratio of Slippages to 

Recovery

Curative Strategy 

(Ex-Post 

Measures)

DEPENDENT VARIABLESINDEPENDENT VARIABLE

Fig. 1  Conceptual relationship between loan recovery strategy with measures of asset quality. Source: 
Chakrabarty (2013), Ghosh (2014)
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Research gaps

This study’s review of related literature and conceptual framework for Loan 
Recovery Strategy and Measures of Bank Asset Quality proposes a model to 
scrutinize and attribute differences in Banks’ Asset Quality indicators to the Loan 
Recovery Strategy adopted by the banks. Additionally, a model to compare the 
effectiveness of Loan Recovery Strategy amongst bank groups is necessary. To 
address these gaps, this study adopts a novel approach and model to test the dif-
ferences in asset quality indicators among banks and attribute them to their recov-
ery strategies. Therefore, the objective of this study is to compare the effective-
ness of loan recovery strategies among bank groups in India.

Methodology

The Indian banking sector categorizes scheduled commercial banks into four 
groups for comparison purposes, namely: (1) SBI & Associates, (2) Public Sec-
tor Banks (PSBs), (3) Private Sector Banks, and (4) Foreign Banks operating in 
India. The classification of Indian banks into these groups is based on owner-
ship and control. Misra and Varma (2018) provide a definition of this classifi-
cation. The State Bank of India (SBI) is the largest commercial bank in India, 
and its associates were merged with it over time. These banks are owned by the 
Indian government and offer various banking products and services. PSBs are 
also owned by the Indian government and have a significant presence in rural 
and semi-urban areas, providing a broad range of banking services. Private Sec-
tor Banks are owned and controlled by private shareholders, known for their 
customer-centric approach and innovative products and services. Foreign Banks 
operating in India are owned by foreign entities and offer banking products and 
services to both retail and corporate customers.

To determine which bank group’s loan recovery strategy is more effective, a 
comparison of the Slippage Ratio and Slippage to Recovery Ratio has been con-
ducted among the various bank groups. The data used for comparison is com-
puted from data collected from the Reserve Bank of India website for the period 
2005–06 to 2017–18. The study uses Panel GLS Regression to empirically ana-
lyze the effectiveness of the loan recovery strategy of the four bank groups in 
the Indian banking sector, using time dummies (Certo and Semadeni 2006). The 
paper also uses SEM tools (Structural Equation Models) to graphically demon-
strate the dynamics between the variables used in the study. In addition to the 
Panel GLS Regression, the current study has also employed a Dynamic Panel 
Data Model Using Generalized Method of Moments (GMM) to model Gross 
NPA. The one-step panel System GMM (GMM-SYS) includes several explana-
tory variables such as the Slippage Ratio, Slippage to Recovery Ratio, Net Interest 
Margin (NIM), Return on Assets (ROA), Return on Equity (ROE), Cost of Funds, 
bank groups, and time dummies. The GMM approach is particularly suitable for 
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handling endogeneity issues and dynamic panel data models. The model allows 
for the estimation of the long-run and short-run effects of the explanatory vari-
ables on the Gross NPA of the four bank groups in the Indian Banking sector.

Panel GLS model

The study uses the panel data random effects generalized least square model, which 
regresses the dependent variable (Model 01: Gross NPA Ratio; Model 02: Gross 
Slippage Ratio; Model 03: Slippages to Recovery Ratio) upon the independent Vari-
ables- The Bank Groups and the Time Dummies.

where i = 0–4, for four bank groups and t = 1–13 for the financial years from 2006 
to 2018 and e represents the random error.

The table above summarizes the descriptive statistics for four categories of banks, 
namely Foreign Banks (FBS), Public Sector Banks (PSB), Private Banks (PVT), and 
State Bank of India (SBI), across three variables—Gross Non-Performing Assets 
(GNPA), Gross Advances (GSR), and Slippage Ratio (Slip_to_Recov). For each cat-
egory of banks, the table presents the mean, standard deviation (SD), standard error 
of the mean (SE), skewness, kurtosis, and median (p50) of the three variables. On 
average, PSBs have the highest GNPA (5.66), followed by FBS (3.32), SBI (4.75), 
and PVT (2.68). In terms of gross advances, FBS has the lowest average (2.79), 
while PSBs have the highest (4.06). The slippage ratio is the highest for PVT (2.49) 
and FBS (2.34) and the lowest for SBI (2.23). The measures of skewness and kur-
tosis suggest that the distributions of the three variables for each category of banks 
are not perfectly symmetrical and have varying degrees of peakedness. The standard 
errors of the mean are relatively small, indicating that the sample means are fairly 
precise estimates of the true population means.

The overlapping graph Fig. 2 shows the movement of the Gross Non-Performing 
Assets Ratio for the four bank groups in India for the time frame starting from FY 
2006 to FY 2018. A period of 13 years. The graph shows the elevated levels of the 
GNPA Ratio for the PSBs and SBI Group for the latter period of the time frame.

The results of the Panel Random Effects GLS Regression with GNPA as the 
dependent variable and Bank Groups (categorical dummies) and the Time in 
Year (time dummies) as the independent variables is presented in Table 1. The 

(1)Gross NPA Ratio = �0 + �0i

n
∑

i=1

BankGroup + �0t

n
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Coefficient for SBI Group is significant at p < 0.1 level, while for PBSs the coef-
ficient is significant at p < 0.05 level. The regressions coefficients for PVTS is 
not significant. The time dummies have significant negative coefficients from FY 
2006 until FY 2015, afterwards i.e. from FY 2016 the time dummies cease to 
have a significant coefficient. The regression results for the SBI Group and Public 
Sector Banks are significant with strong positive coefficients suggesting that the 
SBI Group and the Public Sector Banks are blemished with the high non-per-
forming assets particularly in the latter period of the time-frame under study. The 
use of time dummies serves dual purposes of factoring in and negating exogenous 
externalities thus making the model more robust. The time dummies’ coefficients 
are negatively significant with higher magnitude in the former period of the time-
frame under study and subsequently begin to shrink and turns to be non-signifi-
cant at the tail period of the time-frame under study suggesting that the impact 
of the exogenous externalities in the latter period of the study has shrank rapidly 
and that the GNPA Ratio represented is attributable to much of the efforts/inter-
nalities of the Bank Groups. Evidence of heteroscedasticity is found in the model 
following the Breusch-Pagan test for heteroscedasticity (chi2 = 38.58; p = 0.000).

The overlapping graph Fig.  3 shows the movement of the Gross Slippages 
Ratio for the four bank groups in India for the time frame starting from FY 2006 
to FY 2018.. The graph shows the elevated levels of the ratio for the PSBs and 
SBI Group for the latter period of the time frame while the Slippages were higher 
for the Private Banks and the Foreign Banks in the former period of the time 
frame.
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Fig. 2  Gross Non Performing Assets Ratio by Bank Group
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Table 1  Panel-wise Descriptive Statistics

SBI State Bank of India Group, PSB Public Sector Banks in India, PVT Private Banks in India, FBS 
Foreign Banks Operating in India. GNPA Gross Nonperforming Assets, GSR Gross Slippage Ratio, Slip_
to_Recov Slippages to Recovery Ratio, NIM Net Interest Margin, ROA Return on Assets, ROE Return on 
Equity, COF Cost of Funds

Bank Variable Mean SD SE Skewness Kurtosis

SBI GNPA 4.747 2.616 0.726 1.345 3.659
GSR 3.515 1.549 0.430 0.424 1.798
Slip_to_Recov 2.226 1.139 0.316 0.669 2.229
NIM 2.750 0.310 0.089 0.225 1.897
ROA 0.744 0.293 0.084 – 1.607 4.795
ROE 13.015 5.489 1.584 – 1.446 4.177
COF 5.800 0.499 0.144 – 0.380 1.540

PSB GNPA 5.663 4.893 1.412 1.247 3.043
GSR 4.061 3.140 0.906 1.538 4.290
Slip_to_Recov 2.624 1.435 0.414 0.655 3.563
NIM 2.394 0.298 0.086 2.071 2.394
ROA 0.658 0.467 0.135 2.820 0.658
ROE 11.045 8.793 2.538 3.215 11.045
COF 6.036 0.609 0.176 2.066 6.036

PVT GNPA 2.677 0.838 0.232 1.196 3.533
GSR 2.303 0.932 0.259 1.069 2.803
Slip_to_Recov 2.493 1.428 0.396 2.297 8.078
NIM 3.050 0.303 0.087 1.730 3.050
ROA 1.363 0.239 0.069 1.523 1.363
ROE 13.905 1.709 0.493 1.854 13.905
COF 4.192 0.544 0.187 2.995 4.192

FBS GNPA 3.321 0.931 0.249 0.312 1.614
GSR 2.795 1.557 0.416 1.249 3.081
Slip_to_Recov 2.344 1.055 0.282 0.470 2.225
NIM 3.888 0.334 0.096 1.815 3.888
ROA 1.798 0.297 0.086 2.224 1.798
ROE 11.356 2.978 0.860 1.866 11.356
COF 4.192 0.544 0.157 2.995 4.192

Total GNPA 4.057 2.919 0.405 2.558 9.553
GSR 3.144 1.990 0.276 2.163 8.877
Slip_to_Recov 2.417 1.239 0.172 1.287 5.430
NIM 3.021 0.634 0.092 2.344 3.021
ROA 1.141 0.572 0.083 3.029 1.141
ROE 12.330 5.415 0.782 7.120 12.330
COF 5.553 0.981 0.142 2.619 5.553
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The regression results with Gross Slippage Ratio as the dependent vari-
able with the time dummies and Bank Groups are presented in Table  2. The 
coefficients of the Bank Groups are not significant for any of the bank groups 
while that for the time dummies are significant in the former part of the time-
frame, while the latter years towards the end of the time period show insignifi-
cant results. Evidence of heteroscedasticity is found in the model following the 
Breusch-Pagan test for heteroscedasticity (chi2 = 15.20; p = 0.000).

The overlapping graph Fig. 4 shows the movement of the Slippages to Recov-
ery Ratio for the four bank groups in India for the time frame starting from FY 
2006 to FY 2018.. The graph shows the elevated levels of the ratio for the PSBs 
and SBI Group for the latter period of the time frame whereas for the majority of 
the time frame the ratio has been non-discerningly overlapping implying that the 
efforts of recovery across the bank groups have been homogeneous.

The regression results with Slippage to Recovery Ratio as the dependent 
variable and Time dummies and Bank Groups are presented in Table  3. The 
coefficients of the Bank Groups are not significant for any of the bank groups 
while that for the time dummies are significant in the former part of the time-
frame, while the latter years towards the end of the time period show insignifi-
cant results. Evidence of heteroscedasticity is found in the model following the 
Breusch-Pagan test for heteroscedasticity (chi2 = 20.19; p = 0.000) (see Table 4).
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Analysis through structural equation modelling

The equations for the specified structural equation model (SEM) with coefficients 
are:

1. For Group 1: SBI

2. For Group 2:PSB

GNPA = 0.8001782 ∗ SlipTRecov + 0.9403622 ∗ GSR
− 0.3393256 + e.GNPA (e1 = 1.3)

GNPA = −0.8101571 ∗ SlipTRecov + 1.813739 ∗ GSR
+ 0.425432 + e.GNPA (e2 = 1.6)

Table 2  Random Effects GLS Regression: GNPA Ratio

BankGroup1—SBI Group, BankGroup2—PSBS, BankGroup3—PVTS, BankGroup4—FBS
Time_Var 1 through Time_Var 13—FY 2006 to FY 2018
***p < 0.01, ** p < 0.05, *p < 0.1

GNPA Ratio Coef St.Err t-value p-value Sig

BankGroup1 1.507 0.833 1.81 0.070 *
BankGroup2 2.210 0.833 2.65 0.008 ***
BankGroup3 – 0.450 0.833 – 0.54 0.589
o.BankGroup4 0.000
Time_Var1 – 5.983 1.502 – 3.98 0.000 ***
Time_Var2 – 6.583 1.502 – 4.38 0.000 ***
Time_Var3 – 6.658 1.502 – 4.43 0.000 ***
Time_Var4 – 5.378 1.502 – 3.58 0.000 ***
Time_Var5 – 5.898 1.502 – 3.93 0.000 ***
Time_Var6 – 6.386 1.502 – 4.25 0.000 ***
Time_Var7 – 5.948 1.502 – 3.96 0.000 ***
Time_Var8 – 5.828 1.502 – 3.88 0.000 ***
Time_Var9 – 5.248 1.502 – 3.49 0.000 ***
Time_Var10 – 5.213 1.502 – 3.47 0.001 ***
Time_Var11 – 2.908 1.502 – 1.94 0.053 *
Time_Var12 – 1.418 1.502 – 0.94 0.345
o.Time_Var13 0.000
Constant 8.121 1.178 6.89 0.000 ***

Overall r-squared 0.626 Number of obs 52

Chi-square 60.333 Prob > chi2 0.000
R-squared within 0.565 R-squared between 1.000
Mean VIF 1.76
Kao test for cointegration 0.000***
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3. For Group 3:PVT

4. For Group 4:FBS

5. For Entire Sector-

where GNPA is the endogenous variable, SlipTRecov and GSR are the exogenous 
variables, and e.GNPA is the error term. SBI-State Bank of India Group, PSB-Pub-
lic Sector Banks in India, PVT-Private Banks in India, FBS-Foreign Banks Operat-
ing in India. GNPA-Gross Nonperforming Assets,GSR-Gross Slippage Ratio, Slip-
TRecov-Slippages to Recovery Ratio (see Table 5).

The results in table above show the coefficients and standard errors of the SEM 
analysis with GNPA as the dependent variable and SlipTRecov and GSR as the 
independent variables. The data is also broken down into four groups: SBI, PSB, 
PVT, and FBS. For each group, the coefficients and standard errors of the inde-
pendent variables are presented. In Group 1 (SBI), both SlipTRecov and GSR 
have positive coefficients, with GSR having a statistically significant coefficient at 

GNPA = −0.106638 ∗ SlipTRecov + 0.7794748 ∗ GSR
+ 1.103219 + e.GNPA (e3 = .1)

GNPA = 0.4260624 ∗ SlipTRecov + 0.1813277 ∗ GSR
+ 1.785469 + e.GNPA (e4 = .39)

GNPA = −0.0879SlipTRecov + 1.3430GSR + 0.0469 + e.GNPA (e = 1.7)
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the 5% level. In Group 2 (PSB), SlipTRecov has a negative coefficient and GSR 
has a positive coefficient, with GSR having a statistically significant coefficient at 
the 1% level. In Group 3 (PVT), SlipTRecov has a negative coefficient and GSR 
has a positive coefficient, with both coefficients statistically significant at the 1% 
level. In Group 4 (FBS), SlipTRecov has a positive coefficient that is statistically 
significant at the 5% level, while GSR has a non-statistically significant positive 
coefficient. For the entire sector, the coefficient for SlipTRecov is negative but 
not statistically significant, while the coefficient for GSR is positive and statisti-
cally significant at the 1% level. The results suggest that GSR has a positive and 
statistically significant association with GNPA, while the association between 

Table 3  Random effects GLS regression: Gross Slippage Ratio

BankGroup1—SBI Group, BankGroup2—PSBS, BankGroup3—PVTS, BankGroup4—FBS
.Time_Var 1 through Time_Var 13—FY 2006 to FY 2018
***p < 0.01, **p < 0.05, *p < 0.1

GSR Coef St.Err t-value p-value [95% Conf Interval] Sig

BankGroup1 0.903 0.675 1.34 0.181 – 0.419 2.225
BankGroup2 1.328 0.675 1.57 0.059 0.006 2.650
BankGroup3 – 0.103 0.675 – 0.15 0.878 – 1.425 1.219
o.BankGroup4 0.000
Time_Var1 – 4.001 1.216 – 3.29 0.001 – 6.385 – 1.618 ***
Time_Var2 – 4.129 1.216 – 3.40 0.001 – 6.512 – 1.746 ***
Time_Var3 – 3.804 1.216 – 3.13 0.002 – 6.187 – 1.421 ***
Time_Var4 – 2.051 1.216 – 1.69 0.092 – 4.435 0.332 *
Time_Var5 – 2.576 1.216 – 2.12 0.034 – 4.960 – 0.193 **
Time_Var6 – 3.589 1.216 – 2.95 0.003 – 5.972 – 1.206 ***
Time_Var7 – 3.204 1.216 – 2.63 0.008 – 5.587 – 0.821 ***
Time_Var8 – 3.074 1.216 – 2.53 0.011 – 5.457 – 0.691 **
Time_Var9 – 2.764 1.216 – 2.27 0.023 – 5.147 – 0.381 **
Time_Var10 – 3.261 1.216 – 2.68 0.007 – 5.645 – 0.878 ***
Time_Var11 – 1.059 1.216 – 0.87 0.384 – 3.442 1.324
Time_Var12 – 1.191 1.216 – 0.98 0.327 – 3.575 1.192
o.Time_Var13 0.000
Constant 5.282 0.954 5.54 0.000 3.412 7.152 ***

Mean dependent var 3.144 SD dependent var 1.990

Overall r-squared 0.473 Number of obs 52.000
Chi-square 32.295 Prob > chi2 0.006
R-squared within 0.418 R-squared between 1.000
Mean VIF 1.76
Kao test for cointegration 0.000***
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SlipTRecov and GNPA varies by group and is not statistically significant for the 
entire sector (see Fig. 5).

The SEM Model as represented in Fig. 1 shows the ungrouped model for the 
variables GNPA (Gross Non Performing Assets Ratio), GSR (Gross Slippage 
Ratio) and Slippage to Recovery Ratio. The model shows the dynamics between 
these three variables. The models shows that that higher the GSR, higher will be 
the GNPA. In the instant case the coefficient of GSR is 1.3 and that of Slippages 
to Recovery is -0.88. The inverse relationship between GNPA and Slippage to 
Recovery Ratio has been established. The Covariance between the GSR and Slip-
pages to Recovery Ratio for the model is computed as 1.6; inferring that there is 
propensity for the two variables to move together (see Fig. 6).

Table 4  Random effects GLS Regression: Slippage to Recovery Ratio

BankGroup1—SBI Group, BankGroup2—PSBS, BankGroup3—PVTS, BankGroup4—FBS
Time_Var 1 through Time_Var 13—FY 2006 to FY 2018
***p < 0.01, **p < 0.05, *p < 0.1

Slippage to recovery ratio Coef St.Err t-value p-value [95% Conf Interval] Sig

BankGroup1 – 0.077 0.345 – 0.22 0.823 – 0.752 0.598
BankGroup2 0.315 0.345 0.92 0.360 – 0.360 0.991
BankGroup3 0.215 0.345 0.62 0.532 – 0.460 0.890
o.BankGroup4 0.000
Time_Var1 – 2.736 0.621 – 4.41 0.000 – 3.953 – 1.519 ***
Time_Var2 – 2.283 0.621 – 3.68 0.000 – 3.501 – 1.066 ***
Time_Var3 – 1.943 0.621 – 3.13 0.002 – 3.161 – 0.726 ***
Time_Var4 – 1.103 0.621 – 1.78 0.076 – 2.321 0.114 *
Time_Var5 – 0.886 0.621 – 1.43 0.154 – 2.103 0.331
Time_Var6 – 1.583 0.621 – 2.55 0.011 – 2.801 – 0.366 **
Time_Var7 – 1.148 0.621 – 1.85 0.064 – 2.366 0.069 *
Time_Var8 – 1.066 0.621 – 1.72 0.086 – 2.283 0.151 *
Time_Var9 – 0.898 0.621 – 1.45 0.148 – 2.116 0.319
Time_Var10 – 1.398 0.621 – 2.25 0.024 – 2.616 – 0.181 **
Time_Var11 1.239 0.621 2.00 0.046 0.022 2.456 **
Time_Var12 – 0.451 0.621 – 0.73 0.468 – 1.668 0.766
o.Time_Var13 0.000
Constant 3.400 0.487 6.98 0.000 2.445 4.355 ***

Mean dependent var 2.417 SD dependent var 1.239

Overall r-squared 0.645 Number of obs 52.000
Chi-square 65.461 Prob > chi2 0.000
R-squared within 0.639 R-squared between 1.000
Mean VIF 1.76
Kao test for cointegration 0.000***
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The SEM Model as represented in Fig.  2 shows the model for Group 1 i.e. 
State Bank of India Group for the variables GNPA (Gross Non Performing 
Assets Ratio), GSR (Gross Slippage Ratio) and Slippage to Recovery Ratio. The 
Covariance between the GSR and Slippages to Recovery Ratio for the model is 
computed as 1.5; inferring that there is propensity for the two variables to move 
together, although this propensity is marginally lower than the ungrouped model. 
The coefficients for the GSR and Slippages to Recovery are near to 01 and 0.8 
respectively, suggesting that the both the variables are contributing positively in 
the computation of the GNPA (see Fig. 7).

Table 5  SEM results

Standard errors in parentheses
***p < 0.01, **p < 0.05, *p < 0.1

Variables Dependent variable-GNPA

Group 1:SBI
 SlipTRecov 0.800 (0.742)
 GSR 0.940* (0.545)

Group 2: PSB
 SlipTRecov – 0.810 (0.547)
 GSR 1.814*** (0.247)

Group 3:PVT
 SlipTRecov – 0.107 (0.0714)
 GSR 0.779*** (0.0834)

Group 4:FBS
 SlipTRecov 0.426** (0.198)
 GSR 0.181 (0.148)

Entire Sector
 SlipTRecov – 0.087929

0.1991461
 GSR 1.344*** (0.1234)

Observations
 52

Fig. 5  SEM-UNGROUPED MODEL 1 (Representing the entire sector). Source:Author Computations
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The SEM Model as represented in Fig. 3 shows the model for Group 2 i.e. Public 
Sector Banks for the variables GNPA (Gross Non Performing Assets Ratio), GSR 
(Gross Slippage Ratio) and Slippage to Recovery Ratio. The Covariance between 
the GSR and Slippages to Recovery Ratio for the model is computed as 3.4; infer-
ring that there is propensity for the two variables to move together, this propensity 
is markedly higher than the ungrouped model. The coefficients for the GSR and 
Slippages to Recovery are 1.8 and -0.81 respectively, suggesting that the GSR is 

Fig. 6  SEM-GROUP 1-MODEL 2—SBI. Source:Author Computations

Fig. 7  SEM-GROUP 2-MODEL 3—PSBS. Source: Author Computations

Fig. 8  SEM-GROUP 3-MODEL 4—PVTs. Source: Author Computations
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contributing positively in the computation of the GNPA while Slippages to Recov-
ery Ratio is pulling the GNPA downwards (see Fig. 8).

The SEM Model as represented in Fig. 4 shows the model for Group 3 i.e. Private 
Sector Banks for the variables GNPA (Gross Non Performing Assets Ratio), GSR 
(Gross Slippage Ratio) and Slippage to Recovery Ratio. The Covariance between 
the GSR and Slippages to Recovery Ratio for the model is computed as 0.7; infer-
ring that there is propensity for the two variables to move together, this propensity 
is almost half as compared to the ungrouped model. The coefficients for the GSR 
and Slippages to Recovery are 0.8 and -0.11 respectively, suggesting that the GSR is 
contributing positively in the computation of the GNPA while Slippages to Recov-
ery Ratio is pulling the GNPA downwards; however these coefficients are markedly 
lower than the Public Sector Banks; suggesting that though the PSBs may be having 
higher slippages but there recovery efforts are higher than those of Private peers (see 
Fig. 9).

The SEM Model as represented in Fig. 5 shows the model for Group 4 i.e. For-
eign Banks for the variables GNPA (Gross Non Performing Assets Ratio), GSR 
(Gross Slippage Ratio) and Slippage to Recovery Ratio. The Covariance between 
the GSR and Slippages to Recovery Ratio for the model is computed as 0.8; infer-
ring that there is propensity for the two variables to move together, this propensity is 
almost half as compared to the ungrouped model. The coefficients for the GSR and 
Slippages to Recovery are 0.18 and 0.43 respectively, suggesting that the GSR and 
the Slippages to Recovery Ratio both are contributing positively in the computation 
of the GNPA.

Dynamic panel data model using generalized method of moments 
(GMM) (System GMM Model)

A dynamic panel data model with one-step lags (System GMM) is run to control 
for unobserved heterogeneity and endogeneity in panel data analysis. In panel data 
analysis, we observe the same individuals (e.g., firms or individuals) over time, 
which may lead to unobserved heterogeneity that affects the relationship between 
variables of interest. Additionally, endogeneity arises when variables of interest are 

Fig. 9  SEM-GROUP 4-MODEL 5 – FBS. Source: Author Computations
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correlated with error terms in the regression model. Both unobserved heterogeneity 
and endogeneity can lead to biased and inconsistent estimates in panel data analysis. 
Subsequently we develop the econometric model as under:-

where, ΔGNPAit: Gross Non-Performing Assets (GNPA) of bank i in time period 
t, α: Coefficient of lagged dependent variable (GNPA) i.e. speed of adjustment 
towards equilibrium, ΔGNPAit-1: GNPA of bank i in the previous time period t-1, β, 
γ, δ, ε, η, κ, λ, θ: Coefficients of the explanatory variables SlipTRecov, GSR, COF, 
ROE, ROA, NIM, BnkGrp and Year respectively and C is the constant, εt : Error 
term for the individual bank i in time period t, GNPA Gross Nonperforming Assets, 
GSR Gross Slippage Ratio, Slip_to_Recov Slippages to Recovery Ratio, NIM Net 
Interest Margin, ROA Return on Assets, ROE Return on Equity, COF-Cost of Funds.

The lagged values of the variables "SlipTRecov", "GSR", "COF", "ROE", 
"ROA", "NIM", and the group variables "BnkGrp1", "BnkGrp2", "BnkGrp3", and 
"yr*" are included in the instrument matrix. The model includes one lag of each 
endogenous variable in the instrument matrix. The instruments are in levels rather 
than differences. A system GMM approach is opted to account for the dynamic 
nature of the data and to address potential endogeneity and autocorrelation issues 
(Vota 2022) (see Fig. 10) (see Table 6).

The table above shows the regression results of model, investigating the rela-
tionship between Gross Non-Performing Assets (GNPA) and the independent 

ΔGNPAit = C + �ΔGNPAit − 1 + �SlipTRecovt + �GSRt + �COFt + �ROEt
+ �ROAt + �NIMt + �BnkGrpjt + �yrjt + �t (GMM − SYS Model)

Fig. 10  Correlation Heatmap. Correlation plot. GNPA Gross Nonperforming Assets, GSR Gross Slippage 
Ratio, Slip_to_Recov Slippages to Recovery Ratio, NIM Net Interest Margin, ROA Return on Assets, 
ROE Return on Equity, COF Cost of Funds
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variables. We employ a one-step system GMM (GMM-SYS) model to estimate 
the empirical model, using two lags of the GNPA as dependent variables to cap-
ture the dynamic effects of the dependent variable. System GMM is particularly 
suitable for capturing these dynamic effects by including lagged variables in the 
model (Vota 2022). The coefficient of the first lagged value (L1.GNPA) is positive 
and significant at the 1% level, implying that past levels of GNPA have a strong 
and positive impact on current levels of GNPA. The coefficient of the second 
lagged value (L2.GNPA) is negative and insignificant, indicating that the impact 
of two periods ago GNPA levels is not statistically significant in explaining cur-
rent GNPA levels. Although the coefficient estimate for the variable L2.GNPA is 

Table 6  GMM Estimations (System GMM Model)

GNPA Gross Nonperforming Assets, GSR Gross Slippage Ratio, Slip_to_Recov Slippages to Recovery 
Ratio, NIM Net Interest Margin, ROA Return on Assets, ROE Return on Equity, COF Cost of Funds
& p < 0.01
BankGroup1—SBI Group, BankGroup2—PSBS, BankGroup3—PVTS, BankGroup4—FBS
Time_Var 1 (yr1) through Time_Var 12 (yr12)—FY 2006 to FY 2017

Dependent Var.—GNPA Ceof Std.Err Z p value 95% Conf. Interval

L1.GNPA 0.713713 0.104265 6.85 0& 0.509357 0.918069
L2.GNPA – 0.1078 0.161916 – 0.67 0.506 – 0.42515 0.209545
SlipTRecov 0.165935 0.120875 1.37 0.17 – 0.07098 0.402847
GSR 0.550334 0.165202 3.33 0.001& 0.226544 0.874124
COF 0.888502 0.409577 2.17 0.03& 0.085746 1.691257
ROE – 0.24136 0.063611 – 3.79 0.000& – 0.36604 – 0.11669
ROA 2.925233 0.944381 3.1 0.002& 1.07428 4.776186
NIM – 0.72359 0.653377 – 1.11 0.268 – 2.00418 0.557009
BnkGrp1 – 1.29825 1.246262 – 1.04 0.298 – 3.74088 1.144378
BnkGrp2 – 0.37261 0.252696 – 1.47 0.14 – 0.86788 0.122665
BnkGrp3 – 1.98766 0.625943 – 3.18 0.001& – 3.21448 – 0.76083
yr1 0 (omitted)
yr2 0 (omitted)
yr3 – 0.11195 0.500859 – 0.22 0.823 – 1.09361 0.869719
yr4 – 0.22408 0.502275 – 0.45 0.656 – 1.20852 0.76036
yr5 0.173215 0.628965 0.28 0.783 – 1.05953 1.405964
yr6 0.485279 0.689299 0.7 0.481 – 0.86572 1.836281
yr7 0.10358 0.430624 0.24 0.81 – 0.74043 0.947588
yr8 – 0.71554 0.449214 – 1.59 0.111 – 1.59599 0.164903
yr9 – 0.42485 0.403894 – 1.05 0.293 – 1.21647 0.366771
yr10 – 0.61646 0.455951 – 1.35 0.176 – 1.51011 0.277186
yr11 0 (omitted)
yr12 0.493983 0.480447 1.03 0.304 – 0.44768 1.43564
_cons – 2.64753 3.398498 – 0.78 0.436 – 9.30847 4.0134



 SN Bus Econ (2023) 3:174174 Page 20 of 23

not statistically significant, our supposition that the lagged effect of GNPA on the 
dependent variable is better captured by including two lags rather than just one 
requires us to display the output with two lags.

In the given regression results, the independent variables GSR, COF, ROE, 
and ROA have significant effects on the dependent variable GNPA. Specifically, 
GSR has a positive effect on GNPA with a coefficient of 0.550334, which means 
that an increase in GSR is associated with an increase in GNPA. COF also has 
a positive effect on GNPA, with a coefficient of 0.888502, suggesting that an 
increase in COF is associated with an increase in GNPA. On the other hand, both 
ROE and ROA have negative effects on GNPA, with coefficients of -0.24136 and 
2.925233, respectively, implying that an increase in ROE and ROA is associated 
with a decrease in GNPA.

In the given output, BnkGrp1, BnkGrp2, and BnkGrp3 are categorical predictor 
variables representing three different banking groups. The coefficients associated with 
each variable indicate the impact on the dependent variable (GNPA) compared to the 
baseline group (BnkGrp4 which omitted due to collinearity). The coefficient for Bnk-
Grp1 is – 1.29825 with a p-value of 0.298, indicating that this group is not statistically 
significantly different from the baseline group with respect to their effect on GNPA. 
The coefficient for BnkGrp2 is – 0.37261 with a p-value of 0.14, indicating that this 
group is also not statistically significantly different from the baseline group with respect 
to their effect on GNPA. The coefficient for BnkGrp3 is – 1.98766 with a p-value of 
0.001, indicating that this group is statistically significantly different from the baseline 
group in terms of their effect on GNPA. Specifically, the negative coefficient suggests 
that being part of BnkGrp3 is associated with a decrease in GNPA compared to the 
baseline group. The confidence interval for BnkGrp3 does not include zero, indicating 
that this result is statistically significant at a 95% confidence level.

We perform post-hoc diagnostic tests for robustness of the GMM Estimators. The 
study conducted Arellano-Bond tests for autocorrelation of order 1 and 2 in the first 
differences of the data. The results suggest that there is no significant evidence of auto-
correlation of order 2, but there is evidence of autocorrelation of order 1 in the first 
differences of the data. These tests are commonly used in the context of system GMM 
estimation to check for the presence of serial correlation in the differenced data. Moreo-
ver, the Sargan test indicates that the regression test is not weakened by the presence of 
many instruments (see Table 7).

Subsequently, the results of the Difference-in-Sargan tests are discussed, which eval-
uate the exogeneity of various instrument subsets. The initial subset employs GMM 
instruments for levels, with a Sargan test excluding group exhibiting a statistically sig-
nificant chi-square statistic of 38.09 and a probability less than 0.000, indicating rejec-
tion of the null hypothesis of no over-identifying restrictions. Nonetheless, the Differ-
ence test for this subset indicates an insignificant chi-square statistic of -0.00 with a 

Table 7  Arellano-Bond Test

Arellano-Bond test for AR(1) in first differences z = – 2.31 Pr > z = 0.021
Arellano-Bond test for AR(2) in first differences z = – 0.95 Pr > z = 0.342
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probability greater than 1.000, failing to reject the null hypothesis of exogeneity. The 
second subset consists of various instrumental variables and bank group dummies for 
years 1–12. The Sargan test excluding group indicates a statistically significant chi-
square statistic of 38.09 with a probability less than 0.000, demonstrating rejection of 
the null hypothesis of no over-identifying restrictions. However, the Difference test for 
this subset reveals an insignificant chi-square statistic of -0.00 with a probability greater 
than 1.000, failing to reject the null hypothesis of exogeneity. The results provided sug-
gest that the data does not suffer from weak instrument bias (see Fig. 11).

Conclusion

The study proposes a novel and robust model for analyzing the recovery efforts and 
strategies of banks and empirically tests the model using panel GLS regression, 
panel GMM model and SEM models. The GLS regression model confirms the aca-
demic and regulatory literature that Public Banks in India have been plagued with 

Fig. 11  Coeff. Plot for GMM Estimators
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the problem of bad loans for the time period under study. However, the objective of 
the study is not to underline the already known occurrence of a higher degree of bad 
loans in Public Banks in India or to describe the structural reasons for its existence. 
Instead, the objective is to determine if there are any significant differences in the 
two-pronged strategic responses (preventive and curative loan recovery strategies) 
of bank groups in India, i.e., whether the loan recovery strategies of bank groups 
have discerning or divergent effects on bad loan management. To that end, the study 
concludes that for the time period under study, there is no conclusive evidence from 
the econometric model deployed in this study that any of the four bank groups in 
the Indian Banking sector has a superior (inferior) or better ex-ante (preventive) and 
ex-post (curative) strategy than any other bank group. Implicit in this conclusion is 
the view that since no bank group has a superior strategy than another, and given the 
higher magnitude of bad loans on the books of public banks, it is discernible that the 
magnitude of bad loan recovery is leaning in favor of public banks. Any perception 
or policy decisions made solely on the basis of the magnitude of bad loans do not 
provide a complete picture of the effectiveness of bad loan management and loan 
recovery in the banking space.

Based on the results of the panel GMM regression analysis, we conclude that 
Gross Slippage Ratio and Cost of Funds have a positive relationship with Gross 
Non-Performing Assets, while Return on Equity and Return on Assets have a nega-
tive relationship with Gross Non-Performing Assets. This suggests that an increase 
in Gross Slippage Ratio and Cost of Funds is associated with an increase in Gross 
Non-Performing Assets, while an increase in Return on Equity and Return on Assets 
is associated with a decrease in Gross Non-Performing Assets. While it is clear that 
an increase in slippages will directly impact the level of bad loans, we conjecture 
that a rise in the cost of funds could also contribute to this issue. Our reasoning is 
that when the cost of funds increases, lending rates are likely to rise as well. This 
could put additional strain on already strained assets, potentially leading to an exac-
erbation of slippages.

This study contributes to the existing literature on bad loan management and 
recovery in the banking sector. The novel model introduced in this research could 
serve as a useful tool for future studies on this topic. Additionally, the findings of 
this study could inform future research and help academics develop a deeper under-
standing of the factors that influence bad loan management and recovery.
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