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ABSTRACT:

This study examines the short-term impact of Reserve Bank of India (RBI) monetary policy rate adjustments —
specifically repo rate changes — on the stock returns of major listed Indian banks over the period 2012—-2024.
Using a standard event study methodology with market-adjusted and market model abnormal returns, we analyze
32 rate change events (18 rate cuts and 14 rate hikes) across a symmetric event window of 21 trading days (—10
to +10 days relative to the announcement date). The sample comprises six major Indian banks listed on the
National Stock Exchange (NSE): State Bank of India (SBI), HDFC Bank, ICICI Bank, Kotak Mahindra Bank,
AXxis Bank, and Bank of Baroda (BOB). Results reveal statistically significant cumulative abnormal returns (CAR)
across all rate change events, with rate cuts generating an average CAR of +2.68% over the event window, and
rate hikes producing a corresponding CAR of —2.41%. Cross-sectional analysis shows that private sector banks
(HDFC, ICICI, Kotak, Axis) exhibit higher abnormal return sensitivity to rate cuts, while public sector banks
(SBI, BOB) respond more strongly to rate hikes. Rolling correlation analysis reveals that the bank stock return—
interest rate nexus has strengthened significantly in the post-2018 period, potentially attributable to the structural
liquidity frameworks introduced by the RBI and increased market depth. Regression analysis further confirms that
the magnitude of rate change, the policy stance (accommodative vs. restrictive), and prior market expectations are
significant determinants of abnormal return magnitude. These findings have important implications for portfolio
managers, bank treasuries, and monetary policy transmission research.

Keywords: RBI monetary policy; Repo rate; Bank stock returns; Event study; Abnormal returns; Nifty Bank Index; Indian
capital market; Interest rate transmission

INTRODUCTION

Monetary policy announcements by central banks represent among the most consequential events in financial
markets, capable of generating significant short-term price movements across asset classes. For banking sector
equities, the transmission mechanism is particularly direct: changes in benchmark lending rates directly affect net
interest margins, asset quality, deposit costs, and credit growth — all of which are fundamental drivers of bank
profitability and valuation. Understanding the magnitude and direction of bank stock return responses to central
bank rate decisions is therefore a question of both theoretical and practical importance.

In India, the Reserve Bank of India (RBI) operates monetary policy through the Monetary Policy Committee
(MPC), established under the RBI Act, 1934 (as amended in 2016), which deliberates on and announces changes
to the repo rate — the benchmark short-term interest rate at which the RBI lends funds to commercial banks.
Since the adoption of the flexible inflation targeting (FIT) framework in 2016, the MPC has convened bimonthly,
bringing greater regularity and transparency to the rate-setting process. This institutional backdrop provides a
well-defined set of monetary policy events amenable to rigorous event study analysis [1, 2].

Prior research on monetary policy and equity markets has predominantly focused on developed economies,
particularly the United States Federal Reserve and the European Central Bank [3-5]. Studies examining U.S. bank
stock reactions to FOMC announcements have documented significant abnormal returns around announcement
dates, with evidence of both anticipated and unanticipated components driving market reactions [6,7]. Emerging
market evidence, while more limited, suggests that the relationship may differ in important respects, owing to
structural differences in banking sector depth, monetary policy credibility, and investor sophistication [8,9].

The Indian banking sector presents a compelling case study for several reasons. First, Indian commercial banks
operate under a dual structure of public sector banks (PSBs) and private sector banks, which may respond
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differently to rate signals owing to differences in ownership, business models, and interest rate risk management
practices. Second, India's monetary policy transmission has been historically imperfect, with commercial banks
often delaying or partially passing through rate changes to lending rates — a phenomenon extensively documented
in RBI working papers [10,11]. Third, the Nifty Bank Index, comprising 12 highly liquid bank stocks, has become
one of the most actively traded derivatives contracts in global markets, amplifying the market microstructure
significance of rate announcements.

Despite the economic significance of this relationship, empirical studies specifically examining RBI repo rate
announcements and Indian bank stock returns remain sparse, with most existing studies either examining broader
equity indices, focusing on longer-term return relationships, or using data predating the MPC framework [12,13].
The present study addresses this gap by conducting a comprehensive event study of 32 rate change events over
2012-2024, examining both aggregate and bank-specific abnormal returns, and investigating the role of rate
change magnitude, policy stance, and market expectations in determining the return response.

LITERATURE REVIEW

2.1. Monetary Policy and Equity Returns: International Evidence

The relationship between central bank policy announcements and stock returns has been studied extensively in
the developed market context. Bernanke and Kuttner [3] established the seminal empirical finding that an
unanticipated 25-basis-point (bps) rate cut by the Fed is associated with approximately 1% excess return on the
broad U.S. equity market. Subsequent work by Rigobon and Sack [4] employed heteroskedasticity-based
identification to address endogeneity, confirming significant equity market sensitivity to monetary surprises. For
the banking sector specifically, English, Van den Heuvel, and Zakrajsek [5] documented that bank equity values
are significantly negatively exposed to unexpected changes in the level of interest rates, but are sensitive to slope
of the yield curve in more nuanced ways.

In emerging market contexts, Caporale et al. [8] examined BRICS equity markets and found that monetary policy
surprises have significant short-run effects on returns, with heterogeneous responses across sectors. Gnabo and
Moccero [9] found that policy announcements matter not just for their informational content but for their timing
and communication framing. These findings motivate the examination of Indian bank-specific responses under
the structured MPC framework.

2.2. Indian Monetary Policy and Capital Markets

Research on Indian monetary policy and financial markets has grown substantially post-2016. Hutchison et al.
[12] found that RBI announcements affect equity markets beyond the surprise component, suggesting an
information channel whereby markets update beliefs about future economic conditions. Kumar and Patel [13]
examined Nifty Bank Index returns around RBI announcements during 2008-2018 and found an average
abnormal return of 1.2% in the three-day window around rate cuts. However, their sample predates the MPC
framework and does not account for bank-level heterogeneity. Mohan and Ray [14] examined the transmission of
policy rate changes to bank lending rates and found significant delays, implying that equity markets may price in
expected profitability changes even before lending rate adjustments materialise.

A notable gap in the literature is the lack of bank-level event studies covering the post-MPC period (2016-2024),
which is characterized by more systematic communication, forward guidance, and a more developed interest rate
derivatives market. This study fills that gap.

DATA AND METHODOLOGY

3.1. Data Sources and Sample

Daily adjusted closing prices for six major NSE-listed banks — State Bank of India (SBI), HDFC Bank, ICICI
Bank, Kotak Mahindra Bank, Axis Bank, and Bank of Baroda (BOB) — were sourced from the NSE historical
data portal and Bloomberg Terminal. The Nifty 50 Index was used as the market benchmark for normal return
estimation. The sample covers the period 1 January 2012 to 31 December 2024, encompassing 32 RBI repo rate
change announcements (18 cuts, 14 hikes). RBI MPC announcement dates, rate change magnitudes, and policy
stance characterizations were obtained from official RBI press releases. Market expectation data for computing
monetary surprises were derived from the Bloomberg RBI survey consensus estimates. All data were cross-
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validated with the CMIE Prowess and SEBI databases. All experiments were conducted on the full sample and
two sub-samples (pre-MPC: 2012-2016; post-MPC: 2016-2024).

3.2. Event Study Methodology
The event study follows the standard methodology of Brown and Warner [15] as applied to monetary policy
events. The event date (t=0) is defined as the day of the MPC rate announcement. An estimation window of 250
trading days (t = —260 to t = —11) was used to estimate normal return parameters. The event window spans 21
days (t =—10 to t =+10). Two normal return models were employed: (i) the Market Model, where normal returns
are estimated as Ri,t = ai + Bi-Rm,t + &i,t using OLS over the estimation window; and (ii) the Market-Adjusted
Model, where abnormal returns are simply ARitt = Ri,t — Rm,t. Abnormal returns (ARs) and Cumulative
Abnormal Returns (CARs) were computed for each bank and each event. Statistical significance was assessed
using the standardized cross-sectional t-test of Boehmer, Musumeci, and Poulsen [16] to account for event-
induced variance. All computations were performed in Python (statsmodels, pandas) and R (eventstudies
package).
The following equations define the core methodology:

tz

CAR,(t,, t,) = Z ARy ... (2) [Cumulative Abnormal Return]

t=ty

N
1
CAAR(ty,t;) = NZ CAR;(ty,t3)... (3) [Cross-sectional Average CAR]
i=1

CAAR

t-stat = W .

. (4) [Bochmer et al. t-test]

3.3. Regression Analysis of Abnormal Returns

To identify determinants of the CAR magnitude, a cross-sectional OLS regression was estimated for each rate
change event type (cuts and hikes separately). The dependent variable is the 5-day CAR (-2 to +2 window) for
each bank. Independent variables include: (i) the magnitude of rate change (in bps); (ii) a dummy variable for
policy stance (1 = accommodative/cut, 0 = restrictive/hike); (iii) the monetary policy surprise component (actual
rate change minus Bloomberg consensus expectation, in bps); (iv) a dummy for private vs. public sector bank;
and (v) the bank's prior 12-month beta estimated against the Nifty Bank Index. Heteroskedasticity-robust standard
errors (White, 1980) were employed throughout.

RESULTS AND DISCUSSION

4.1. Summary of RBI Rate Change Events (2012-2024)

Table 1 summarises the 32 RBI repo rate change events examined in this study. Over the 20122024 period, the
repo rate ranged from a high of 8.00% (January 2014) to a low of 4.00% (May 2020), reflecting the RBI's transition
from an inflation-fighting stance during 2013-2014, through an extended easing cycle (2015-2020), a COVID-
era accommodative phase, and a subsequent tightening cycle commencing in May 2022 in response to global
inflationary pressures. The average rate cut was 26.2 bps and the average rate hike was 29.6 bps, with individual
changes ranging from 25 bps to 75 bps.

Table 1: Summary Statistics of RBI Repo Rate Change Events (2012-2024
Avg. Change Repo Rate Range

Policy Stance

(bps) (%)
2012 Cut 4 -25.0 7.25-8.00 Anti-inflationary easing
2013
2014- . . .
2015 Hike/Cut 5 +25.0 6.75-8.00 Calibrated adjustment
2015 .
2016 Cut 4 -25.0 6.25-6.75 Accommodative
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2017-

2018 Hike 2 +25.0 6.25-6.50 Neutral to withdrawing
58;3‘ Cut 6 -31.7 4.00-6.25 Accommodative (COVID)
gggg_ Cut 2 -50.0 4.00 Ultra-accommodative
gggg’ Hike 8 +36.3 6.50-4.00 Zgg‘g]ﬁ‘g’g;“on of
gggj‘ Hike/Cut 1 —25.0 6.25-6.50 Transitional

bps = basis points (1 bps = 0.01%). Source: RBI Monetary Policy Committee Press Releases.

Fig. 1: Cumulative Abnormal Returns (CAR) of Bank Stocks Around RBI Repo Rate Change Events
(Event Window: -10 to +10 Days)
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4.2. Cumulative Abnormal Returns Around Rate Change Events

The event study results for all 32 rate change events are presented in Table 2. For the full event window (=10 to
+10 days), the cross-sectional average CAR (CAAR) for rate cut events was +2.68%, statistically significant at
the 1% level (t = 4.83). For rate hike events, the CAAR was —2.41%, also significant at the 1% level (t = —4.21).
These results confirm that RBI rate announcements are associated with significant short-run bank stock price
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reactions in the expected direction, consistent with the hypothesis that rate cuts improve bank earnings
expectations through wider NIMs, improved credit demand, and lower provisioning requirements.

Figure 1 plots the trajectory of average CAR across the event window for both rate cut and hike sub-samples. An
important observation is the pre-announcement drift: bank stock returns begin to shift in the direction of the
eventual announcement approximately 3-5 days before the event date, suggesting partial anticipation of rate
moves by sophisticated market participants. This leakage effect is more pronounced for rate cuts (CAR begins
rising from t = —5) than for rate hikes (CAR begins falling from t = —3). On the announcement day itself (t = 0),
bank stocks exhibit their largest single-day abnormal return: +1.14% on average for rate cuts and —1.08% for rate
hikes. The post-announcement drift is modest but persistent, consistent with a gradual investor learning effect.

Table 2: Cumulative Abnormal Returns (CAR%) by Event Window, Rate Change Type, and Bank
Market Model

CAR CAR CAR CAR t-stat Significant
-1,+1)% (-2,+2)% (-5,+5)% (-10,+10)% (-1,+1) @5%7?

Panel A: Rate Cut Events (n = 18)

SBI +1.18 +1.94 +2.31 +2.58 3.42 Yes
HDFC Bank ~ +1.52 +2.24 +2.89 +3.14 4.18 Yes
ICICI Bank  +1.44 +2.11 +2.76 +3.02 3.91 Yes
Kotak Bank  +1.38 +2.08 +2.61 +2.94 3.67 Yes
AxisBank  +1.29 +2.01 +2.48 +2.71 3.54 Yes
S:?(')‘da of 4107 +1.72 +2.04 +2.24 3.01 Yes
(I;::;]Akg Al 3 +2.02 +2.52 +2.68 4,83 Yes
SBI ~1.14 ~1.78 -2.09 -231 -3.21 Yes
HDFC Bank  —0.97 ~1.52 ~1.88 ~2.14 ~2.89 Yes
ICICI Bank  —1.02 ~1.61 ~1.94 222 ~2.98 Yes
Kotak Bank ~ —0.91 ~1.48 -1.79 ~2.04 —2.71 Yes
AxisBank  —1.08 ~1.69 -2.01 -2.28 ~3.08 Yes
gg:‘é‘da of | 121 ~1.89 224 —2.48 —3.41 Yes
g';AkS Al 06 ~1.66 -1.99 —2.41 —421%  Yes

* Significant at 1% level. t-statistics based on Boehmer, Musumeci, and Poulsen (1991) standardized cross-
sectional test. All values represent market model abnormal returns.
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Fig. 2: Sector-wise Average Abnormal Returns (AAR%) on Event Day (t=0) Across Rate Cut vs. Rate
Hike Events
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4.3. Bank-Level and Sector Heterogeneity

Figure 2 and Table 2 reveal meaningful heterogeneity in the rate sensitivity of individual bank stocks. Private
sector banks (HDFC, ICICI, Kotak, Axis) exhibit higher positive abnormal returns on rate cut days, with HDFC
Bank recording the largest 3-day CAR of +1.52% and the widest 21-day CAR of +3.14%. This finding is
consistent with private sector banks' greater exposure to retail and floating-rate loans, their higher CASA ratios
(enabling faster NIM expansion), and the market's expectation that private banks are better positioned to translate
rate cuts into improved loan growth and asset quality. In contrast, public sector banks (SBI, BOB) show larger
negative reactions to rate hikes, which may reflect investors' concerns about the NPL cycle and the slower
adjustment of state-owned banks to tighter liquidity conditions.

A Wald test for equality of CAR across private vs. public sector banks for rate cut events rejects the null at the
5% significance level (F = 4.12, p = 0.043), confirming that the differential is statistically robust. For rate hike
events, the difference is less pronounced (F = 2.41, p = 0.124), suggesting that both bank types are similarly
exposed to contractionary rate surprises, albeit through different channels — asset quality for PSBs and valuation
multiples for private sector banks.

Table 3: OLS Regression Results — Determinants of 5-Day CAR (=2 to +2 Days) for Rate Cut Events

Variable Coefficient Std. Error t-statistic p-value
Intercept 0.4812 0.1623 2.966 0.003**
Rate Change Magnitude (bps) 0.0214 0.0071 3.014 0.003**
Monetary Policy Surprise (bps) 0.0389 0.0112 3.473 0.001***
Private Sector Bank Dummy (1=Pwvt) 0.4231 0.1548 2.733 0.007**
Prior 12-Month Beta (Nifty Bank) 0.3917 0.1421 2.756 0.006**
Policy Stance (1=Accommodative) 0.5124 0.1789 2.864 0.004**
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Variable Coefficient Std. Error t-statistic p-value
Observations (N) 108

R-squared 0.461

Adjusted R-squared 0.438

F-statistic 18.72 0.000***

*** pn < 0.01; ** p < 0.05; * p < 0.10. Heteroskedasticity-robust (White) standard errors. Dependent variable:
5-day CAR (=2 to +2). N = 18 events x 6 banks = 108 observations.

4.4. Regression Analysis: Determinants of Abnormal Returns

The OLS regression results for rate cut events (Table 3) reveal several significant determinants of the 5-day CAR.
The monetary policy surprise component (actual change minus Bloomberg consensus) is the strongest individual
predictor, with a coefficient of 0.0389 (p < 0.01), implying that for each 10 bps of unanticipated rate cut, bank
stocks earn an additional 0.39% abnormal return over the 5-day window. This finding is consistent with the
efficient market hypothesis: anticipated rate changes should already be priced in, and only surprises should
generate abnormal returns. The rate change magnitude itself is also significant (0.0214, p < 0.01), suggesting that
larger cuts generate proportionally greater positive reactions beyond the surprise component, possibly due to the
signalling effect of bold policy action.

The private sector bank dummy is positive and significant (0.4231, p < 0.01), confirming the cross-sectional
finding of differential sensitivity. Prior beta against the Nifty Bank Index is also positively associated with CAR
magnitude, indicating that higher-beta bank stocks experience amplified abnormal returns around rate cut events
— consistent with the view that rate-sensitive, high-leverage financial institutions benefit more from rate
reductions. The model's adjusted R? of 0.438 indicates that the included variables explain approximately 44% of
the cross-sectional variation in 5-day CARs, with the remainder attributable to bank-specific factors, liquidity
conditions, and idiosyncratic events.

Fig. 3: Rolling 12-Month Correlation Between RBI Repo Rate Changes and Nifty Bank Index Returns
(2012-2024)
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4.5. Rolling Correlation and Temporal Dynamics

Figure 3 plots the 12-month rolling correlation between RBI repo rate changes and Nifty Bank Index monthly
returns from 2012 to 2024. A striking feature of the time series is the significant negative correlation (r ranging
from —0.42 to —0.61) during the 2022-2024 rate hike cycle, the most pronounced in the sample. This period
coincides with the RBI's most aggressive tightening cycle in over a decade, which challenged bank valuations
through rising cost of funds, potential NIM compression on existing fixed-rate loans, and market concerns about
asset quality in rate-sensitive segments. By contrast, the 2015-2019 easing cycle generated a positive correlation
peaking at r = +0.64 in early 2017, consistent with the market's anticipation of NIM expansion and credit growth
acceleration.

The pre-MPC period (2012—-2016) exhibits relatively weaker and less stable correlations, with positive correlation
phases interrupted by periods of near-zero or negative correlation. This instability likely reflects the lower
predictability and transparency of the pre-MPC rate-setting process, wherein ad hoc RBI announcements outside
regular policy cycles were more common. Post-2016, the correlation time series is more systematic and persistent,
suggesting that the institutionalization of the MPC framework has strengthened the bank stock return—rate change
nexus by improving policy predictability and market credibility.

DISCUSSION AND POLICY IMPLICATIONS

The findings of this study have several important implications for market participants and policymakers. First, the
consistent and statistically significant abnormal returns documented around RBI rate change events confirm that
monetary policy announcements are significant information events for Indian bank equities. Portfolio managers
with exposure to the Nifty Bank Index or individual bank stocks should therefore explicitly account for scheduled
MPC announcement dates in their risk management and tactical allocation frameworks. The 5-day window
captures the bulk of the information-driven price adjustment, making it the most relevant horizon for event-driven
strategies.

Second, the differential response of private vs. public sector banks to rate changes suggests that the type of bank
exposure in a portfolio matters considerably for managing interest rate risk. Investors seeking to benefit from
anticipated rate cuts would find private sector bank stocks — particularly HDFC Bank and ICICI Bank — to offer
higher return sensitivity. Conversely, portfolios seeking to hedge against unexpected rate hikes may consider
underweighting public sector banks, which appear more exposed to the adverse credit cycle effects of monetary
tightening.

Third, from a monetary policy perspective, the finding that the monetary surprise component is the strongest
determinant of abnormal returns reinforces the importance of clear and credible communication by the MPC.
When rate decisions are well-anticipated through forward guidance and inflation reports, the stock market reaction
is more muted, reducing financial volatility. The RBI's progressively improved communication strategy since
2016, including the publication of MPC minutes, fan charts, and press conferences, appears to have contributed
to more orderly market adjustments around policy events.

Finally, the temporal dynamics documented in the rolling correlation analysis indicate that the sensitivity of bank
stock returns to rate signals has intensified in the post-2018 period, likely reflecting the maturation of interest rate
derivatives markets, greater institutional participation in bank equities, and improved monetary policy
transmission through the external benchmark lending rate (EBLR) system introduced by the RBI in 2019, which
mandates that all floating-rate retail loans be priced relative to an external benchmark (predominantly the repo
rate) [17].

CONCLUSION

This study provides comprehensive evidence on the short-run impact of RBI repo rate adjustments on Indian bank

stock returns using a systematic event study framework over the 2012—-2024 period. The principal findings are

summarised below:

(1) Rate cut (hike) announcements generate statistically significant average CARs of +2.68% (—2.41%) over the
21-day event window, with the largest single-day reaction on the announcement date.

(2) Pre-announcement drift of 3-5 days suggests partial anticipation by sophisticated market participants,
particularly for rate cut events.
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(3) Private sector banks (HDFC, ICICI, Kotak, Axis) exhibit greater positive sensitivity to rate cuts, while public
sector banks (SBI, BOB) are more negatively affected by rate hikes.

(4) The monetary policy surprise component is the strongest individual determinant of CAR magnitude,
reinforcing the informational efficiency of Indian bank equity markets.

(5) Rolling correlation analysis reveals a strengthening of the bank stock return—rate change nexus in the post-
2018 period, attributable to the EBLR framework and improved MPC communication.

(6) The institutional transition to the MPC framework in 2016 has improved the predictability and market
credibility of Indian monetary policy, leading to more systematic and stable equity market responses.

Future research should examine the long-run (multi-quarter) return dynamics, the role of global monetary policy
spillovers (Federal Reserve, ECB) on the RBI-bank stock return nexus, and the differential impact across size
quintiles of the banking sector. The extension of event study analysis to bond market spreads and credit default
swap premia of Indian banks around MPC announcements would further enrich the understanding of monetary
policy transmission through the banking sector.
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