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Abstract

Central bank communications influence mar-
ket expectations, but their linguistic attributes
are inadequately examined in emerging mar-
kets. We examine 337 Reserve Bank of In-
dia Monetary Policy Committee documents
(2010–2025) and relate their textual features
to minute-level and daily volatility in NIFTY
indices. Our load-bearing result concerns
sentiment. Within a pre-specified nine-test
confirmatory family, negative-sentiment prob-
ability is associated with event-window eq-
uity volatility and CLS-based sentiment with
event-window turbulence in India VIX; both
survive Benjamini–Hochberg correction, rank
correlation, bootstrap intervals and regime-
conditional controls, both strengthen under a
time-matched volatility baseline, and both out-
perform a Loughran–McDonald lexicon on an
identical sample. The sentiment model is a fine-
tuned FinBERT that we validate directly on
human-annotated central-bank text (81.3% ac-
curacy, macro-F1 = 0.784, Cohen’s κ = 0.714
against a human majority vote). Semantic
complexity, measured with the DAST frame-
work, plays a secondary, construct-level role:
it is largely orthogonal to classical readabil-
ity (|r|max = 0.21) but behaves as an ordinal
measure of generated semantic structure, and
at the daily horizon a sentiment×complexity
interaction yields only small exploratory in-
sample gains that are not significant under
heteroskedasticity-robust inference and do not
improve out-of-sample prediction, even after
controlling for document length. A third can-
didate, attention concentration, is Bonferroni-
significant under Pearson correlation yet re-
verses sign under Spearman and has a bootstrap
interval spanning zero; we report it as a caution-
ary methodological result rather than a finding.
A pre-specified February 20 Chow test and an
endogenous break search near March 11, 2020

Dataset:https://github.com/GeekArush1/Dataset_
Research Code:https://github.com/GeekArush1/
Research_Code

indicate pronounced COVID-period regime de-
pendence. Overall, textual features add in-
sample explanatory power over a GARCH plus
policy-rate baseline but no incremental out-of-
sample predictive value on any index.

1 Introduction

Financial markets react not only to policy deci-
sions but to how those decisions are communicated.
The clarity, tone, and complexity of central bank
disclosures can amplify or dampen market reac-
tions (Hansen and McMahon, 2016). While quanti-
tative policy changes receive extensive scrutiny, the
textual characteristics of accompanying statements
remain comparatively understudied, particularly in
emerging markets where information asymmetries
are pronounced, and retail investor participation is
high.

The Reserve Bank of India (RBI) releases de-
tailed Monetary Policy Committee (MPC) minutes
following each meeting, containing not only rate
decisions but also extensive economic assessments,
forward guidance, and policy rationale that market
participants must parse quickly. When communi-
cations are linguistically complex or semantically
ambiguous, interpretative difficulty may amplify
market uncertainty (Anand et al., 2023), poten-
tially elevating volatility even in the absence of
substantive policy surprises. Prior work has estab-
lished that monetary policy announcements affect
stock returns (Ioannidis and Kontonikas, 2008), but
focuses predominantly on quantitative variables.
Hansen and McMahon (Hansen and McMahon,
2016) showed that Federal Reserve statement com-
plexity affects volatility using traditional readabil-
ity metrics; Anand et al. (Anand et al., 2023) opera-
tionalized semantic complexity via valence shifters;
and advances in domain-specific NLP have enabled
fine-grained sentiment analysis through models like
FinBERT (Araci, 2019). Four gaps remain: (i) lim-
ited coverage of emerging markets, where higher
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retail participation, thinner liquidity and greater in-
formation asymmetry may amplify the effects of
communication ambiguity; (ii) no multi-scale anal-
ysis separating rapid intraday price discovery from
slower multi-day digestion of linguistically dense
documents; (iii) unexplored sentiment–complexity
interactions; and (iv) unknown stability of text–
volatility relationships across regime shifts such
as crises. Institutional and socioeconomic factors
mediating these gaps in the Indian context are dis-
cussed in Appendix C.

This paper addresses these gaps using the DAST
framework (Besharati and Izadi, 2019) for semantic
complexity and multi-method FinBERT sentiment
scoring across 337 RBI MPC documents.
Central claim, stated up front. The two con-
structs in our title play deliberately asymmetric
roles, and we report them on different evidentiary
terms throughout. What survives our full infer-
ence protocol is a sentiment–volatility relationship
at the announcement window; semantic complex-
ity enters as a distinct, validated construct whose
downstream market contribution is exploratory and,
out of sample, approximately zero. We therefore
organise every empirical claim into three tiers—
confirmatory sentiment associations, a cautionary
attention non-finding, and exploratory complexity
results—and state which tier a result belongs to
wherever it is reported (§4.1 gives the summary
map).
Where semantic complexity fits. DAST is a mea-
surement contribution here rather than a predictive
channel, and we are explicit about this. The index
is largely orthogonal to fourteen classical readabil-
ity indices (|r|max = 0.21; Appendix B.14) and
ranks first among fifteen complexity features for
three announcement-change targets, so it is not re-
dundant with surface metrics. But as implemented
it is close to a monotone transform of generated
lattice size (Appendix B.19), it contributes approx-
imately zero out of sample (Appendix B.2), and
it enters the daily sentiment×complexity interac-
tion only as a small exploratory in-sample pattern
(§4.4). No headline claim in this paper rests on it.
Our contributions, in order of evidentiary strength,
are:

(1) The primary finding. Two textual asso-
ciations that survive a pre-specified multiplicity
correction and rank-based, bootstrap and regime-
conditional robustness—negative sentiment with
equity volatility through a polarity channel, and
CLS-based sentiment with implied-volatility turbu-

lence.
(2) An explicit failure case reported along-

side it: an attention-concentration feature that is
Bonferroni-significant under Pearson correlation
but reverses sign under rank correlation, recorded
because the diagnostic separating the two is not
standard practice here.

(3) A consistent separation of in-sample associ-
ation from out-of-sample prediction, including a
GARCH plus policy-rate baseline over which text
adds in-sample explanatory power but no out-of-
sample gain. We additionally document substantial
COVID-period regime dependence that helps ex-
plain why pooled analyses yield weak predictabil-
ity.

(4) A released corpus and end-to-end pipeline for
RBI monetary-policy communication, with two in-
dependent human validation studies—of the LLM-
generated semantic logic underlying DAST (Fleiss’
κ = 0.782) and of the fine-tuned sentiment model
on central-bank sentences (Cohen’s κ = 0.714
against a human majority vote)—a level of domain
validation rarely reported when general-purpose fi-
nancial sentiment models are transferred to central-
bank text; and a multi-scale design separating im-
mediate intraday reactions from multi-day informa-
tion digestion.

2 Related Work

Financial sentiment analysis has moved from lexi-
cons such as Loughran–McDonald (Loughran and
McDonald, 2011) and concept-level resources like
SenticNet (Cambria et al., 2010) to transformers:
BERT (Devlin et al., 2018) enabled contextual rep-
resentations and Araci (Araci, 2019) fine-tuned it
into FinBERT. Following Rizinski et al. (Rizinski
et al., 2024), we fine-tune FinBERT on six domain
datasets (Malo et al., 2014; Maia et al., 2018; Sinha
and Khandait, 2021; Wilson et al., 2005; Loughran
and McDonald, 2011) and adopt multiple scoring
methods; we retain the lexicon as an explicit base-
line rather than only as training data.

Semantic complexity in financial text has been
studied through multiple lenses. Besharati and
Izadi (Besharati and Izadi, 2019) introduced the
DAST framework, quantifying complexity via
lattice-based representations of meaning hierar-
chies, while Anand et al. (Anand et al., 2023) op-
erationalized complexity through valence shifters,
adjectives, adverbs, adversative conjunctions, and
negators, that heighten interpretative difficulty in
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financial disclosures. We build on both approaches
by applying DAST to central bank communications
in an emerging market where information asymme-
try is more pronounced.

Long financial documents exceed the 512-token
limit of standard transformers (Devlin et al., 2018),
which Longformer (Beltagy et al., 2020) and Lay-
outLMv3 (Huang et al., 2022) address; our pipeline
uses LlamaParse (LlamaIndex Team, 2024) for ex-
traction. Empirically, monetary-policy announce-
ments move stock returns internationally (Ioanni-
dis and Kontonikas, 2008), with heterogeneous
sectoral responses in India (Prabu et al., 2020),
and FOMC statement complexity affects volatility
under readability metrics (Hansen and McMahon,
2016). For volatility measurement, Whaley (Wha-
ley, 1993) introduced the VIX methodology and
Rekabsaz et al. (Rekabsaz et al., 2017) showed
that embedding-based text features complement
traditional indicators. We relate text to realized
and implied volatility at multiple time scales in
an emerging market, and—departing from com-
mon practice—subject every headline correlation
to distribution-free inference before reporting it.

3 Methodology

Our methodology integrates semantic complexity
analysis using the DAST (Deciding About Seman-
tic Complexity of a Text) framework with fine-
tuned sentiment analysis to comprehensively char-
acterize RBI MPC communications and their re-
lationship to market volatility. The pipeline con-
sists of four main stages: document collection and
preprocessing, semantic complexity computation,
sentiment analysis, and market data integration. A
detailed six-step methodology pipeline is presented
in Appendix A.1.

3.1 Data Collection

3.1.1 MPC Document Corpus
We collected 337 RBI monetary-policy commu-
nications spanning January 28, 2010 to June 6,
2025 from the official RBI website (https://
rbi.org.in), across seven document types: Bul-
letins (131), Macroeconomic and Monetary Devel-
opments (54), Monetary Policy Statements (48),
MPC Meeting Minutes (42), Governor Press State-
ments (32), Technical Advisory Committee Min-
utes (23) and Monetary Policy Reports (7) (Ap-
pendix A.1). The corpus therefore spans both
policy-decision communications (Monetary Pol-

icy Statements, MPC Minutes and Governor Press
Statements; 122 documents) and periodic publi-
cations released on a regular calendar (Bulletins,
Macroeconomic and Monetary Developments and
Monetary Policy Reports; 192 documents). We
use “event date” throughout to mean a trading date
on which at least one such communication was re-
leased, not exclusively a rate-decision date, and
we make no claim that every event date carries
a policy surprise. Documents were downloaded
programmatically and parsed with the LlamaParse
API (LlamaIndex Team, 2024).

3.1.2 Market Volatility Data
We use one-minute OHLC data for NIFTY 50,
NIFTY BANK and India VIX on communication-
release dates and matched non-release days, and
daily OHLC data for the same indices over the
study period via the yfinance API (Aroussi, 2024).

3.2 Document Preprocessing Pipeline

A comprehensive eight-stage preprocessing
pipeline (tokenization, case normalization, stop-
word removal, noise reduction, spell correction,
POS tagging, lemmatization, stemming) ensures
high-quality text for downstream analysis; full
details are provided in Appendix A.2.

3.3 Sentiment Analysis

3.3.1 FinBERT Fine-tuning
We fine-tune on six financial sentiment
datasets (Financial PhraseBank (Malo et al.,
2014), FiQA (Maia et al., 2018), Loughran–
McDonald (Loughran and McDonald, 2011),
MPQA (Wilson et al., 2005), SEntFiN (Sinha
and Khandait, 2021) and Senti-DD), ∼30,560
annotated instances, with 80/20 stratified splits
and AdamW (Appendix A.8). Because these are
general financial text rather than central-bank
communication, we validate the fine-tuned model
on a human-annotated sample of RBI sentences
(Appendix A.7).

3.3.2 Multi-Method Sentiment Scoring
We use three complementary scoring approaches—
logit-based, CLS-token-based and attention-
weighted—combined by confidence-weighted
aggregation. We treat the composite as exploratory
rather than calibrated; Appendix B.7 shows
the downstream findings are insensitive to the
weighting, and Appendix A.9 gives formal
definitions.

276

https://rbi.org.in
https://rbi.org.in


3.4 Semantic Complexity Analysis: DAST
Framework

We implement the DAST (Deciding About Seman-
tic Complexity of a Text) framework (Besharati
and Izadi, 2019) to quantify document semantic
complexity through lattice-based representation of
meaning hierarchies.

3.4.1 Semantic Logic Generation
DAST requires semantic logic: principal intu-
itions, an initial text representation, and deriva-
tion rules of the form [concept1, concept2] →
[derived_concept]. We generate this automati-
cally with Google’s Gemini 2.0 Flash from struc-
tured prompts. The LLM receives the output of
the preprocessing pipeline of §3.2 rather than the
raw document, so the generated logic is derived
from lemmatised, stopword-filtered text. SCI vari-
ance across repeated generations is low (3–5%;
Appendix A.4), and a human validation of the gen-
erated logic (three annotators; Fleiss’ κ = 0.782;
83.3% of rule-sets judged valid; ≈ 91.5% pattern
coverage) is reported in Appendix A.6.

3.4.2 Lattice Construction
We construct a directed acyclic graph in which
nodes are concepts and edges are derivation rela-
tionships, creating new nodes whenever all prereq-
uisite symbols of a rule are present, until no further
derivations are possible. Algorithmic details appear
in Appendix A.3.

3.4.3 Complexity Calculation
Semantic complexity is computed recursively us-
ing the recursive aggregation implemented in our
DAST-based lattice pipeline:

Complexity(n) =





1.0 if n is a leaf node
1.0 +

∏

c∈children(n)
Complexity(c) otherwise

(1)
Document-level complexity aggregates all node

complexities:

Complexitydoc =
∑

n∈V
Complexity(n) (2)

This is intended to capture hierarchical depth
and breadth of semantic relationships, but the gen-
erated lattices vary considerably in shape: roughly
30% contain no derivation edges, so Equation 1 re-
turns 1.0 at every node and SCI reduces to the node

count, and across the corpus SCI is close to a mono-
tone transform of lattice size (Spearman ρ = 0.98
with node count; Appendix B.19). We therefore
treat SCI as an ordinal measure of generated se-
mantic structure rather than a calibrated cardinal
score, and—consistent with the tiering announced
in §1—we do not treat any complexity-based result
as confirmatory. It nonetheless remains distinct
from surface readability: across fourteen classi-
cal indices the maximum absolute correlation with
DAST is |r| = 0.21 (Appendix B.14).

3.5 Market Volatility Metrics

We employ a comprehensive suite of volatility mea-
sures to capture different dimensions of market re-
actions to MPC announcements, operating at both
minute-level and daily frequencies.

3.5.1 Minute-Level Volatility Analysis

For the high-frequency analysis, we use one-minute
OHLC data for NIFTY 50, NIFTY BANK, and In-
dia VIX and compute a Parkinson high–low volatil-
ity measure. For the two equity indices this is real-
ized price volatility. India VIX is itself an implied-
volatility index, so the same estimator applied to it
measures the intraday variability of implied volatil-
ity rather than its level; we therefore call the In-
dia VIX minute-level target implied-volatility tur-
bulence throughout, and reserve “implied volatil-
ity” for the daily India VIX level-change target
of Appendix A.13. Our primary response vari-
able is the percentage difference between aver-
age Parkinson volatility in a standardized 10:00–
11:00 AM IST event window and the corresponding
non-event-day clock-time baseline. Because pub-
lication timestamps are not consistently available,
this is a standardized window rather than exact
release-time alignment. We also examine the 9:15–
10:00 AM pre-window and later intraday windows
(Appendix A.12).

3.5.2 Daily Volatility Metrics

At the daily horizon the event-window regressions
use annualized realized volatility (RV): the sample
standard deviation of daily log returns within each
window, scaled by

√
252, over three post-MPC

windows (Days 0–1, 2–3, 4–5) plus a pre-event
window. We also compute rolling annualized stan-
dard deviations over 5-, 10- and 21-day windows
and use the India VIX level as a forward-looking
implied-volatility measure (Appendix A.13).
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3.5.3 Volatility Differential Metrics

To isolate MPC-specific effects we addition-
ally compute a daily volatility spike (post-
announcement minus pre-announcement volatil-
ity), a volatility-decay measure and a time-to-mean-
reversion measure; all three are defined in Ap-
pendix A.14.

3.6 Statistical Analysis Framework

Robust inference. The minute-level spike distribu-
tion is strongly right-skewed (Table 3), so Pearson
p-values alone are inadequate: a few high-leverage
event dates can drive a correlation to nominal signif-
icance. For every test in the confirmatory family we
therefore also report Spearman’s ρ, a bias-corrected
and accelerated (BCa) bootstrap interval on Pear-
son r (B = 10,000), and the partial correlation
after residualising both variables on a post-COVID
indicator. We retain an association as a finding
only if it clears all four (Appendix A.15). Mul-
tiplicity within the nine-test family is handled by
Bonferroni and Benjamini–Hochberg adjustment,
and regression inference uses HC3 standard errors
(Appendix A.20). This four-criterion protocol is
the standard against which the confirmatory tier
of §4.1 is judged; results that do not clear it are
labelled exploratory or non-findings wherever they
appear.
Event-window regressions. We estimate separate
OLS regressions of event-window RV on sentiment
and SCI for each post-announcement window (Ap-
pendix A.16), and test whether the association be-
tween sentiment and the market response varies
with complexity via

Vt = β0+β1St+β2SCIt+β3(St×SCIt)+ϵt, (3)

assessing β3 under HC3 standard errors and treat-
ing the interaction as exploratory. We also test
cross-validated polynomial regressions (degrees 2–
3; Appendix A.17).
Other analyses. ACF/PACF diagnostics assess
serial dependence in the event-level series and
support event-level rather than cumulative spec-
ifications (Appendix A.18). Random Forest and
Gradient Boosting regressions provide descriptive
feature-importance rankings (Appendix A.19); we
do not interpret them as evidence of out-of-sample
contribution.

3.7 Minute-Level Event Analysis

We compute volatility differentials between MPC
and non-MPC days within matched clock-time win-
dows and regress minute-level spikes on sentiment,
SCI and attention metrics. Because the baseline in
Equation 24 is a full-sample non-event average, we
also recompute every spike against a time-matched
baseline built from the 20 non-event trading days
nearest in calendar time to each event, and re-run
the confirmatory family on it (Appendix B.17). Full
specifications are in Appendix A.21.

4 Results and Discussion

MPC textual signals are detectable only at short
horizons and add only incremental in-sample sig-
nal over strong market baselines. We treat the pre-
specified event-window correlations and COVID
break test as confirmatory, and interactions, feature-
importance rankings, stratification and polynomi-
als as exploratory. Confirmatory findings must
also survive rank-based, bootstrap and regime-
conditional inference; institutional mechanisms are
discussed in Appendix C.

4.1 What the Analysis Establishes

Because this section reports many tests, we state
first which results are load-bearing and which are
not, and where each is developed.
(i) Confirmatory: sentiment and event-window
volatility. Two associations clear all four crite-
ria of §3.6: negative-sentiment probability with
minute-level equity volatility spikes (NIFTY 50
r = 0.194; NIFTY BANK r = 0.189) and CLS-
based sentiment with India VIX event-window tur-
bulence (r = −0.224). Both strengthen under
a time-matched baseline and both outperform a
Loughran–McDonald lexicon on an identical sam-
ple (§4.3.2, §4.6). This is the paper’s central empir-
ical result.
(ii) Exploratory: semantic complexity. SCI is
interpreted ordinally throughout. It enters the con-
firmatory story only as a conditional coefficient in
the India VIX joint model, which we flag as ex-
ploratory because it was not pre-specified (§4.6); at
the daily horizon the sentiment×complexity inter-
action produces only small in-sample gains that are
non-significant under HC3 inference and negative
out of sample (§4.4).
(iii) A cautionary non-finding: attention concen-
tration. The strongest equity signal under Pearson
correlation reverses sign under rank correlation, has
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a bootstrap interval spanning zero, and disappears
under a time-matched baseline. We report it as a
methodological caution, not a channel (§4.5).

(iv) Confirmatory: regime non-stationarity. A
pre-specified Chow test and an endogenous break
search indicate substantial COVID-period regime
dependence, which helps account for the weak fit
of pooled models (§4.7).

(v) Prediction. Out of sample, only volatility per-
sistence contributes; textual features—sentiment
included—add no incremental out-of-sample R2

over a GARCH plus policy-rate baseline (§4.8).
The confirmatory associations in (i) are therefore
statements about incremental event responses, not
about forecasting.

4.2 Descriptive Statistics and Correlation
Structure

Semantic complexity is extremely right-skewed:
the median SCI is 21 and the minimum 5, but be-
cause Equation 1 aggregates child complexities
multiplicatively, a few deep lattices take values
orders of magnitude larger, so all regressions use
an outlier-trimmed SCI and all correlations are in-
terpreted ordinally. Sentiment centres near neu-
trality (mean dynamic score ≈ −0.06), consistent
with central-bank communication balancing cau-
tious and optimistic tones. Minute-level spikes
are strongly right-skewed: standard deviations ex-
ceed 80% for both NIFTY indices, and both have a
positive mean but a negative median, so the event-
window response is heterogeneous rather than uni-
formly elevated (Appendix B.1).

Correlation structure: Bivariate associations
are generally modest (most |r| < 0.25), al-
though the confirmatory rank analysis identifies
a stronger monotone CLS–India VIX association
(ρ = −0.299). We therefore test conditional,
non-linear, regime-dependent and multivariable
relationships; the 2010–2025 sentiment–VIX co-
evolution (Appendix, Figure 7) shows episodic,
stress-concentrated explanatory power.

4.3 Minute-Level Analysis: Event Window
and Rapid Mean Reversion

Minute-level analysis reveals distinct intraday dy-
namics in which elevated volatility around the MPC
announcement window dissipates rapidly, a pattern
consistent with rapid price discovery.

Figure 1: Intraday volatility lifecycle: ratio of mean
MPC-day to mean non-MPC-day Parkinson volatility by
clock-time window. Volatility rises into the standardized
10:00–11:00 AM window on all three indices and mean-
reverts thereafter, but only NIFTY BANK exceeds its
matched non-event baseline (ratio > 1). The shaded
region is a standardized window, not exact release-time
alignment.

4.3.1 Localized Impact and Rapid Mean
Reversion

Minute-level volatility rises from the pre-
announcement window into the standardized
10:00–11:00 AM event window for all three
indices and then mean-reverts within roughly two
hours (Figure 1). The elevation is relative rather
than absolute: against the matched non-event
baseline only NIFTY BANK exceeds unity in the
event window (ratio ≈ 1.05), while NIFTY 50
(≈ 0.97) and India VIX (≈ 0.95) remain below
it; NIFTY 50 rises sharply from a pre-window
level of ≈ 0.85 while India VIX is essentially flat
(≈ 0.94 to ≈ 0.95). The event-date distribution is
correspondingly skewed: mean spikes are positive
for both equity indices (+9.5%, +14.3%) while
medians are negative (−8.5%, −10.2%). We there-
fore do not claim a uniform announcement-day
elevation; what the minute-level analysis provides
is a temporally localized, mean-reverting response
whose cross-sectional variation is the object of the
analysis below (Appendix B.3).

4.3.2 Primary Finding: Sentiment and
Minute-Level Volatility

Table 1 presents the confirmatory family: three tex-
tual features (negative-sentiment probability, atten-
tion concentration, CLS-based sentiment) against
minute-level volatility spikes for two equity indices
and India VIX, with Pearson, bootstrap, rank and
regime-conditional inference reported side by side.
Textual features are averaged at the event-date level
when several communications map to the same trad-
ing date, giving N = 184 event dates.

Five of the nine tests are nominally significant
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Table 1: Pre-specified confirmatory family: textual features against standardized 10:00–11:00 AM Parkinson-
volatility spikes, event-date aggregated (N = 184). BCa intervals use B = 10,000 paired resamples; the partial
correlation residualises both variables on a post-March-2020 indicator. Robust marks tests clearing all four criteria
(§3.6). All five raw-significant tests survive Benjamini–Hochberg correction (Table 5); three individual tests,
corresponding to two distinct textual channels, survive the full four-criterion protocol.

Textual Feature Index Pearson r p 95% BCa CI Spearman ρ ρ p Partial r (p) Robust

Prob. Negative
NIFTY 50 0.194 0.0084 [ 0.063, 0.303] 0.186 0.011 0.151 (0.041) ✓
NIFTY BANK 0.189 0.0101 [ 0.065, 0.300] 0.168 0.023 0.151 (0.041) ✓
India VIX 0.077 0.2972 [−0.016, 0.198] 0.006 0.932 0.087 (0.241)

Attention Std
NIFTY 50 0.198 0.0071 [−0.082, 0.542] −0.118 0.111 0.335 (< 0.001)
NIFTY BANK 0.218 0.0029 [−0.066, 0.547] −0.097 0.192 0.340 (< 0.001)
India VIX −0.041 0.5811 [−0.165, 0.200] −0.030 0.683 −0.060 (0.416)

CLS Score (Norm)
NIFTY 50 −0.094 0.2063 [−0.188, 0.039] −0.064 0.389 −0.122 (0.099)
NIFTY BANK −0.071 0.3386 [−0.165, 0.056] −0.050 0.503 −0.094 (0.204)
India VIX −0.224 0.0022 [−0.357, −0.083] −0.299 < 0.001 −0.221 (0.003) ✓

and all five survive Benjamini–Hochberg FDR cor-
rection (q = 0.05; all adjusted pBH ≤ 0.0181),
two of them also under Bonferroni (Appendix B.4).
Multiplicity correction controls the family-wise er-
ror rate but says nothing about leverage, and the
remaining columns of Table 1 split the five sharply.
The two that survive everything are both sentiment
channels.

Negative sentiment: an equity polarity channel.
Negative-sentiment probability is positively associ-
ated with equity volatility spikes but not with India
VIX, and it clears every criterion: bootstrap inter-
vals excluding zero, rank correlations agreeing in
sign and significance, and survival of the regime
control. It is unchanged when the predictable com-
ponent of sentiment is removed—replacing the
level by its AR(1) innovation leaves the correla-
tions at r = 0.194 (p = 0.0082) and r = 0.189
(p = 0.0102; Appendix B.10)—and it roughly dou-
bles under the time-matched baseline (r = 0.292,
p = 0.0001 and r = 0.340, p < 0.0001 on the
data-quality-filtered sample of N = 181 event
dates; Table 15, Appendix B.17). The estimates are
flat in the baseline window length (r = 0.29–0.34
for k ∈ {10, 20, 40, 60}; Table 16).

CLS sentiment: implied-volatility turbulence.
CLS-based sentiment is negatively associated with
India VIX and with nothing else, and it is the
strongest association in the family: its rank cor-
relation exceeds its Pearson correlation in magni-
tude and the regime-conditional partial correlation
is essentially unchanged. The AR(1) innovation
behaves identically (r = −0.208, p = 0.0046).
The target is the intraday variability of the implied-
volatility index, not its level: the same score is
uncorrelated with the daily India VIX level change

(r = 0.035, p = 0.54), so the channel means
calmer implied-volatility dynamics around the an-
nouncement rather than a lower level of implied
volatility.

4.4 Semantic Complexity at the Daily
Horizon: Digestion Effects (Exploratory)

At the daily horizon we test whether semantic
complexity and sentiment combine non-additively
over post-event windows (0–1, 2–3, 4–5 days).
This is the principal place where complexity car-
ries any market-facing claim, and the result is
weak, so we state its status before the numbers:
it is an exploratory in-sample pattern only. High-
sentiment and high-complexity groups tend to show
higher average volatility, though not universally.
Adding a sentiment×complexity interaction to a
sentiment+complexity baseline raises in-sample
R2 in all three windows, but the gains are small
(∆R2 = 0.03, 0.27, 0.81 percentage points for
Days 0–1, 2–3, 4–5; Table 8) and shrink fur-
ther to 0.01, 0.18, 0.78 percentage points once
log(1 + word count) is controlled. After that con-
trol, no interaction coefficient is significant un-
der HC3-robust inference (minimum p = 0.113),
and no target shows a significant out-of-sample
gain under permutation testing (minimum p =
0.289). Random-forest importance ranks sentiment
above complexity and is seed-stable, but is descrip-
tive only, and polynomial expansions improve in-
sample fit while degrading out-of-sample perfor-
mance. We therefore treat the daily interaction as
an exploratory in-sample pattern rather than a pre-
dictive effect (Appendix B.13). Taken with §4.3.2
the pattern across horizons is consistent: textual
signal is detectable at the announcement window
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and is not detectable, in or out of sample, at longer
horizons.

4.5 A Cautionary Non-Finding: Attention
Concentration

Under Pearson correlation, attention standard devi-
ation is the strongest equity signal and the only fea-
ture to survive Bonferroni on an equity index, but
we do not report it as a finding. Its bootstrap inter-
vals span zero, its rank correlations are negative and
non-significant, and the association vanishes under
the time-matched baseline (NIFTY 50 r = 0.086,
p = 0.25; NIFTY BANK r = 0.115, p = 0.12;
N = 181, Table 15). The large regime-conditional
partial correlations (0.335, 0.340) do not overturn
this diagnosis: residualising on the post-COVID
indicator sharpens the linear fit, while the BCa inter-
vals remain about 0.62 wide (≈ 2.6× the polarity
intervals) and the rank statistic retains the opposite
sign. The measurement claim does survive: exact-
document recomputation reproduces the released
statistic (r = 1.000), correlates strongly negatively
with normalized attention entropy (r = −0.958),
and all 295 reconstructed inputs contain exactly
512 model-visible tokens. Thus attention_std
measures concentration rather than dispersion or
length; the market association fails, not the con-
struct (Appendix A.11).

4.6 Joint Models and Lexicon Baseline
Joint model. Negative sentiment and attention con-
centration are moderately correlated at the event-
date level (r = 0.451, p < 10−9), so we estimate
the joint specification of Equation 25 (N = 181
complete events per index). No equity content
feature is individually significant after adjustment:
negative sentiment is borderline for NIFTY 50
(β = 0.131, HC3 p = 0.049) and attention concen-
tration is far from significance on both indices (p =
0.546 and p = 0.456), consistent with the bivariate
diagnosis above. For India VIX, CLS sentiment
remains strong (β = −0.228, HC3 p = 0.0010)
and semantic complexity carries a significant neg-
ative conditional coefficient (β = −0.136, HC3
p = 0.0009) that we report as exploratory, since
it was not a pre-specified channel (Appendix B.5).
This conditional coefficient is the only place where
complexity appears alongside a confirmatory result,
and we do not promote it beyond the exploratory
tier.
Lexicon baseline. A fine-tuned transformer is
worth its cost only if it improves on a dictionary.

On an identical sample of 164 event dates, Fin-
BERT negative-sentiment probability attains r =
0.292 (NIFTY 50) and r = 0.326 (NIFTY BANK),
whereas the Loughran–McDonald negative-word
share attains r = −0.011 (p = 0.89) and r =
−0.074 (p = 0.34). The two measures are nearly
uncorrelated with each other (r = 0.090, p =
0.25), so the fine-tuned model is not recovering
lexicon counts (Appendix B.18).

4.7 COVID Structural Break: Regime
Non-Stationarity

A Quandt–Andrews sup-F search, which locates
the break endogenously rather than imposing it,
places the maximum at March 11, 2020 for both
NIFTY 50 and NIFTY BANK (69 pre-break, 115
post-break event dates). The statistic exceeds
the 10% reference critical value for NIFTY 50
(sup-F = 10.14) but not the 5% value, and stays
below conventional thresholds for NIFTY BANK
(7.64); the independent searches nevertheless select
the same date on both indices. A Chow test at the
pre-specified February 20, 2020 boundary strongly
rejects parameter stability for both (F = 9.91,
p = 8.3 × 10−5; F = 7.52, p = 7.3 × 10−4).
Together these support substantial COVID-period
regime dependence (Appendix B.6).
Level shift versus slope change. A Chow test
rejects intercept and slope stability jointly and so
cannot say which changed. The distinction matters
because the spike in Equation 24 is normalized by
a full-sample non-event baseline, so any change
in the overall level of market volatility shifts the
intercept mechanically. We therefore estimate

Spikei,j = α0 + α1D
post
i + β0Si

+ β1(Si ×D
post
i ) + ϵi,j ,

with Dpost indicating the post-March-2020
regime, and test H0 : β1 = 0 under HC3-robust
inference. Under the full-sample baseline the level
shift is large and highly significant (α̂1 = 47.6, p <
10−4 on both indices) while the slope change is not
separately identified (p = 0.228 and p = 0.256).
Under the time-matched baseline the level shift
shrinks by roughly two-thirds (α̂1 = 14.7 and 15.6,
p ≤ 0.0008) and the slope change becomes clearly
significant (β̂1 = 54.0, p = 0.0005; β̂1 = 74.1,
p = 0.0002); robust Wald tests of joint stabil-
ity reject in every specification (F = 18.8–23.7,
p < 10−4). We therefore describe the COVID tran-
sition as a substantial upward shift in the level of
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event-window volatility together with a steepening
of the sentiment–volatility slope that is identified
once the baseline is time-matched (Appendix B.17).
Either way, the non-stationarity helps account for
the weak fit of pooled models.

4.8 Feature-Group Contribution: Volatility
Persistence Dominates

To separate fitted-model importance from gen-
uine predictive contribution we evaluate feature
groups with an out-of-sample drop-group test (Ap-
pendix B.2). Persistence and lagged-volatility fea-
tures are the only group with a significant out-of-
sample contribution, adding 5.5–33.1 percentage
points of ∆R2

OOS; sentiment, complexity and atten-
tion groups contribute approximately zero or nega-
tive increments and are never significant. Volatil-
ity persistence therefore dominates prediction, and
the textual associations of §4.3.2 characterize in-
cremental event responses rather than standalone
forecasting power.

Among content-derived features, sentiment prob-
ability ranks above semantic complexity for minute-
level prediction, consistently across both model
types, with no single content feature exceeding
10% importance and cumulative content contribu-
tion of 15–25% (Appendix B.11). This ordering is
descriptive and in-sample only.
Econometric baseline. Against a GARCH(1,1)
one-step-ahead conditional-volatility forecast aug-
mented with the announced repo-rate change
(taken from the RBI’s official policy-rate record),
text adds significant in-sample explanatory power
(nested F : India VIX p = 0.035, NIFTY BANK
p = 0.005) but does not improve forward-chaining
out-of-sample R2 on any index (∆R2

OOS < 0
throughout; paired squared-loss differences non-
significant, p = 0.28–0.73), and the in-sample
result is robust to an alternative rate encoding
(p ≤ 0.03 across indices). Text therefore car-
ries associational signal but no incremental out-of-
sample value over a simple econometric baseline
(Appendix B.16).

5 Conclusion

Across 337 RBI monetary-policy communications
(2010–2025) we find statistically detectable short-
horizon textual associations and incremental in-
sample explanatory value, but no incremental out-
of-sample predictive value over market-history
baselines.

The primary finding is about sentiment. At
minute resolution the event-window response is
temporally localized and mean-reverts within about
two hours. Two associations survive the full in-
ference protocol—nominal significance, multiplic-
ity correction, a bootstrap interval excluding zero,
a sign- and significance-consistent rank correla-
tion, and a post-COVID regime control: negative-
sentiment probability with equity volatility spikes,
and CLS-based sentiment with India VIX event-
window turbulence (Table 1). Both strengthen un-
der a time-matched baseline, and both outperform a
Loughran–McDonald lexicon on the same sample.
Semantic complexity and the daily horizon. At
the daily horizon the sentiment×complexity term
yields only small in-sample gains that are not sig-
nificant under HC3 inference and do not improve
out-of-sample prediction, even after length control.
An explicit non-finding. A third candidate, atten-
tion concentration, is Bonferroni-significant under
Pearson correlation but reverses sign under rank
correlation; we report it as a non-finding. The
construct is well identified—entropy and Gini diag-
nostics on a fixed 512-token reconstruction confirm
it measures concentration rather than dispersion or
input length—so the failure is one of association,
not measurement. We record it explicitly because
Pearson inference on heavy-tailed event-study out-
comes is standard practice here and would have
licensed the opposite conclusion.
Prediction and regime. The feature-group out-of-
sample test attributes significant predictive contri-
bution solely to volatility persistence, and against
a GARCH plus policy-rate baseline text adds in-
sample explanatory power but negative incremen-
tal out-of-sample R2 on every index. An endoge-
nous break near March 11, 2020 together with pre-
specified Chow tests indicates substantial COVID-
period regime dependence: a large upward level
shift accompanied by a steeper sentiment–volatility
slope that is identified once the baseline is time-
matched.
Overall. RBI communication carries real but
modest, conditional and largely in-sample textual
signal—informative for how disclosure is evalu-
ated, yet not a standalone volatility predictor.

Limitations

Data and scope. Our analysis is observational and
may be affected by confounding from concurrent
macroeconomic events, and it focuses on equity
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and implied-volatility indices rather than other as-
set classes. We discuss in Appendix C how in-
stitutional features of Indian markets—high retail
participation, algorithmic news parsing, and the
RBI’s dual role as regulator and communicator—
mediate the text–volatility relationship, and why
the effects we document are incremental rather than
dominant.
Level of aggregation. Our analysis is conducted
predominantly at the index level, so we cannot tell
whether the volatility response is broad-based or
mechanically driven by a few heavyweight con-
stituents. Three extensions would sharpen the inter-
pretation: (i) a firm-level analysis of major individ-
ual stocks, especially the heavyweight banks that
tend to move the index; (ii) a sector-level analysis
comparing banking volatility against other sectors
rather than relying only on the broad index; and (iii)
a control corpus drawn from regional or private-
bank communications, which would help separate
market-structure effects from textual effects and
make the interpretation considerably cleaner.
Inference and specification. Our headline correla-
tions are event-level associations on a right-skewed
outcome, and we have shown that Pearson infer-
ence alone can be misleading in exactly this set-
ting: one member of the pre-specified family is
Bonferroni-significant under Pearson correlation
and reverses sign under Spearman. We report the
full inference protocol for every test rather than
only for the tests that survive it, but the same cau-
tion applies to any single-statistic result in this
literature. The minute-level spike is normalized
by a non-event baseline; because a full-sample
baseline absorbs the low-frequency level of mar-
ket volatility, we report both the full-sample and
a time-matched (k = 20 nearest non-event days)
construction throughout, together with sensitivity
to k (Appendix B.17). The two constructions agree
on which associations survive; they differ in the
magnitude of the estimated COVID level shift, and
we describe both.
Semantic complexity. SCI as implemented is close
to a monotone transform of generated lattice size,
and roughly 30% of lattices contain no derivation
edges, so the index behaves ordinally rather than
cardinally and the “hierarchical depth” interpreta-
tion should be applied with care (Appendix B.19).
It remains largely orthogonal to classical readabil-
ity (|r|max = 0.21), so it is not redundant with
surface metrics, but it contributes approximately
zero out of sample.

Reproducibility. Our full pipeline and dataset are
publicly released and the pipeline is end-to-end
reproducible, so updated documents and market-
data feeds can be substituted to obtain an ongoing
descriptive assessment of the textual characteristics
historically associated with volatility. Given the
out-of-sample nulls in Appendices B.2 and B.16,
we do not present it as a forecasting system.
Methodological caveats. The daily
sentiment×complexity interaction (Table 8)
yields only small exploratory in-sample fit gains
and does not enhance out-of-sample prediction
(Appendix B.15). Explicitly controlling for
log(1+word count) preserves the interaction sign
across all nine market-response targets but leaves
every HC3 interaction coefficient non-significant
and produces no significant permutation-tested out-
of-sample gain (Appendix B.14.1); we therefore do
not interpret the interaction as a robust predictive
effect. The confidence-weighted sentiment
composite is exploratory: the confidence weights
are near-constant and do not track inter-method
agreement, so we do not claim they are well-
calibrated, though replacing the composite with a
simple equal-weight average leaves all downstream
associations essentially unchanged (Appendix B.7).
Our human validation of the LLM-generated
semantic logic is based on 30 documents; while
agreement was substantial (Fleiss’ κ = 0.782)
and validity high (83.3%), the estimated 8.5%
omitted-pattern rate indicates a modest coverage
gap, and larger-scale, recall-oriented evaluation is
left to future work. Our RBI-specific validation
of the fine-tuned FinBERT (Appendix A.7;
81.3% accuracy, macro-F1 = 0.784, Cohen’s
κ = 0.714 against a human majority vote)
confirms adequate transfer to central-bank text
but shows residual disagreement concentrated in
near-neutral sentiment, so daily-horizon results
that lean on fine sentiment gradations should be
read with that measurement uncertainty in mind.
Propagating the measured SCI generation noise
(CV 3–5%) into the downstream interaction model
via a B = 2000 bootstrap inflates the complexity
coefficient’s standard error by only 0.44% (the
LLM-induced component is ≈ 9% of the sampling
standard error), so our inferences are robust to
LLM-generation stochasticity (Appendix A.5).
Composition of the event set. Our 184 event
dates are communication-release dates, not exclu-
sively policy-decision dates: 192 of the 337 docu-
ments are periodic publications (Bulletins, Macroe-
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conomic and Monetary Developments, Monetary
Policy Reports) rather than rate announcements,
and the RBI announced 45 repo-rate changes over
the sample period. The event set is therefore diluted
relative to a strict announcement study, which is the
most likely reason the mean event-window volatil-
ity ratio is below unity for NIFTY 50 (≈ 0.97) and
India VIX (≈ 0.95) in Figure 1. This affects the
interpretation of the unconditional event-window
level, not the cross-sectional textual associations
that are the object of §4.3.2, since those are esti-
mated across event dates rather than against a no-
event counterfactual. Restricting the confirmatory
family to the policy-decision subset is the natural
next check.
Future work. Beyond the firm-, sector-, and
control-corpus analyses above, the framework
could be extended to bonds, currencies, and com-
modities; cross-country comparisons would assess
generalizability beyond India; real-time tools could
operationalize communication-clarity scoring; and
quasi-experimental designs could more definitively
establish the causal mechanisms underlying the
associations we document.

Use of Generative AI

The authors used large language model tools
(specifically for grammar correction, proofreading,
and improving the readability of the text). All sci-
entific content, analysis, methodology design, and
interpretation of results are entirely the authors’
own work. The authors take full responsibility and
accountability for the content of this paper.
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A Supplementary Methodology Details

A.1 Document Corpus and Methodology
Overview

Figure 2 presents the detailed six-step methodol-
ogy pipeline. Table 2 summarizes the distribution
of the seven document types comprising the 337-
document corpus.

Table 2: Distribution of Document Types

Document Type Count

Bulletin 131
Macroeconomic and Monetary Developments 54
Monetary Policy Statement 48
Minutes of the Monetary Policy Committee
Meeting

42

Monetary Policy Statement, Press Statement by
the Governor

32

Minutes of the Meeting of the Technical Advi-
sory Committee

23

Monetary Policy Report 7

A.2 Document Preprocessing Pipeline
A comprehensive eight-stage preprocessing
pipeline ensures high-quality text for downstream
analysis:

1. Tokenization: Word-level tokenization using
NLTK (Bird et al., 2009)

2. Case normalization: Conversion to lower-
case for consistency

3. Stopword removal: Filtering common words
using NLTK’s English stopword corpus

Algorithm 1 Semantic Lattice Construction
1: Initialize nodes from initial concepts
2: queue← initial nodes
3: iterations← 0
4: while queue ̸= ∅ AND iterations <

max_iterations do
5: for each rule r in semantic_rules do
6: if all left-side symbols of r present in lat-

tice then
7: Create new nodes for right-side sym-

bols
8: Establish parent-child relationships
9: Add new nodes to queue

10: end if
11: end for
12: iterations← iterations+ 1
13: end while
14: return Lattice G = (V,E)

4. Noise reduction: Removal of punctuation,
special characters, and numerical artifacts

5. Spell correction: Using PySpellChecker for
typo correction in OCR-extracted text

6. Part-of-speech tagging: Identifying gram-
matical roles using NLTK’s POS tagger

7. Lemmatization: Reducing words to base
forms using WordNetLemmatizer

8. Stemming: Additional root extraction using
PorterStemmer for robust matching

A.3 Semantic Lattice Construction Algorithm

Given semantic logic, we construct a directed
acyclic graph (DAG) lattice where nodes repre-
sent concepts and edges represent derivation rela-
tionships. Algorithm 1 outlines the construction
process:

Each node is represented by a LatticeNode
class containing:

• Unique identifier (UUID)

• Symbol (concept label)

• Parent and child node references

• Applied semantic rule

• Computed complexity value
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Figure 2: Overview of a detailed methodology pipeline

A.4 SCI Stability Under LLM-Generated
Semantic Logic

Since semantic logic generation relies on an LLM
(Gemini 2.0 Flash), a natural concern is whether
the resulting SCI scores are stable across indepen-
dent runs. To address this, we conducted a stability
experiment on a randomly sampled 10% subset of
the corpus (34 documents). For each document,
we regenerated the semantic logic (principal in-
tuitions, symbolic representations, and derivation
rules) five times using identical prompts but inde-
pendent LLM calls, then recomputed the full DAST
lattice and SCI score for each generation.

Across the 34 documents and 5 runs each (170
total computations), the coefficient of variation
of SCI per document ranged from 3% to 5%, in-
dicating that while LLM-generated rules are not
perfectly deterministic, the resulting complexity
scores exhibit low variance. Rank-order stabil-
ity was also high: the Spearman rank correla-
tion between any two independent runs exceeded
ρS > 0.94, confirming that relative document
ordering by complexity is robust to generation
stochasticity. This level of stability is sufficient
for the correlation and regression analyses reported
in the main paper, where ordinal relationships mat-
ter more than exact SCI magnitudes.

We further note that the DAST framework itself
has been validated against baselines in prior work:
Besharati and Izadi (Besharati and Izadi, 2019)
demonstrated that DAST outperforms random base-
lines with improved precision and competes with
alternative complexity methods with lower error
percentages, supporting its use as a principled com-
plexity measure for our application.

A.5 Propagating SCI Generation Noise into
Downstream Inference

To carry the measured SCI generation noise into
downstream inference, we draw B = 2000 repli-
cates in which each document’s SCI is multiplied
by noise calibrated to the measured coefficient of
variation (CV 5%, worst case), and re-estimate the

standardized interaction model on NIFTY BANK
immediate-window volatility. The complexity co-
efficient’s point estimate is β̂ = 3.74× 10−4 with
a classical standard error of 8.60 × 10−4; the ad-
ditional standard error from LLM stochasticity is
8.08× 10−5, i.e. 9.4% of the sampling standard er-
ror, raising the combined standard error by 0.44%.
Because SCI contributes approximately zero out-
of-sample (Appendix B.2), generation noise does
not alter the substantive conclusions.

A.6 Human Validation of LLM-Generated
Semantic Logic

The reproducibility check above confirms that
the Gemini-generated semantic logic is consistent
across runs, but not that it is correct. We therefore
conducted a human validation. Three annotators in-
dependently reviewed the generated semantic logic
for a random sample of 30 documents, judging (i)
whether each generated rule-set was valid with re-
spect to the source text (a precision-style criterion)
and (ii) which salient patterns present in the text
were omitted from the generated logic (a recall-
style criterion). Inter-annotator agreement was sub-
stantial (Fleiss’ κ = 0.782). On average 83.3% of
generated rule-sets were judged valid (mean per-
document validity rate), and annotators flagged an
average omitted-pattern rate of 8.5%, correspond-
ing to an estimated coverage of ≈ 91.5% of salient
text patterns. These results indicate that the LLM-
generated logic is both reliable (high agreement)
and largely correct, with a modest, quantified cov-
erage gap, supporting its use as the basis for DAST
complexity scoring.

A.7 Human Validation of FinBERT
Sentiment Predictions

The fine-tuning corpus consists of general financial
text, so we validate the fine-tuned FinBERT di-
rectly on central-bank language. Three annotators
independently labelled a random sample of 300
sentences drawn from the RBI MPC corpus (30
documents, 10 sentences per document) as pos-
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itive, negative, or neutral, blind to the model’s
predictions. Inter-annotator agreement was sub-
stantial (Fleiss’ κ = 0.761). Against the majority-
vote human reference, the fine-tuned model attains
81.3% accuracy, a macro-averaged F1 of 0.784,
and a model-vs-reference agreement of Cohen’s
κ = 0.714. Most model disagreements occurred
between neutral and positive/negative classifica-
tions rather than between directly opposing posi-
tive and negative classes. These results indicate that
the fine-tuned model transfers adequately to RBI
communication, while motivating caution around
near-neutral sentiment, which we treat as the noisi-
est region of the scale.

A.8 FinBERT Fine-tuning Hyperparameters

The six fine-tuning datasets comprise:

1. Financial PhraseBank (Malo et al., 2014):
4,840 sentences from financial news with ex-
pert annotations (positive, negative, neutral)

2. FiQA (Maia et al., 2018): Financial opin-
ion mining dataset with 1,173 sentiment-
annotated posts

3. Loughran–McDonald Master Dictio-
nary (Loughran and McDonald, 2011): 2,355
finance-specific sentiment words with polarity
labels

4. MPQA Subjectivity Lexicon (Wilson et al.,
2005): 8,222 subjectivity clues adapted for
financial context

5. SEntFiN (Sinha and Khandait, 2021): 10,753
financial news sentences with fine-grained
sentiment labels

6. Senti-DD: 3,217 economics and finance do-
main sentences with sentiment annotations

Fine-tuning employed the following configura-
tion:

• Optimizer: AdamW with learning rate 2 ×
10−5

• Batch size: 16 with gradient accumulation
over 2 steps

• Epochs: 3 with early stopping (patience=2)

• Loss: Cross-entropy with class weights for
imbalanced data

Two of the six sources—the Loughran–
McDonald Master Dictionary (2,355 words) and
the MPQA Subjectivity Lexicon (8,222 clues)—
contribute single-token or short-phrase instances
rather than full sentences, accounting for roughly
35% of the ∼ 30,560 training instances. We in-
clude them because they supply finance-specific po-
larity coverage that the sentence corpora lack, but
the resulting mixture is one plausible source of the
near-neutral disagreement observed in our human
validation (Appendix A.7). We note that this also
makes the lexicon comparison of Appendix B.18
conservative: the Loughran–McDonald dictionary
is inside the model’s training set, so any advantage
the transformer shows over it cannot be attributed
to the lexicon being unseen.

A.9 Multi-Method Sentiment Scoring
Definitions

To ensure robust sentiment quantification without
overfitting to specific aggregation methods, we em-
ploy three complementary scoring approaches:
Logit-based Score: Direct use of model output
logits for sentiment classes. For a document with
K sentences, each receiving logit scores lk =
[l

neg
k , lneu

k , l
pos
k ], the document score is:

Slogit =
1

K

K∑

k=1

(
l
pos
k − l

neg
k

)
(4)

CLS Token Score: Utilizes the final hidden state
of the [CLS] token from FinBERT’s last layer
as a sentence representation. The CLS embed-
ding hCLS ∈ R768 is projected to sentiment space
through the model’s classification head. Document-
level aggregation follows Equation 4 structure.
Attention-weighted Score: Extracts attention
weights from FinBERT’s multi-head attention
mechanism to identify influential tokens. For
sentence k with tokens {t1, . . . , tn} and attention
weights ak ∈ Rn (averaged across heads and lay-
ers), the weighted sentiment is:

Sk
attn =

n∑

i=1

ak,i · s(ti) (5)

where s(ti) is the token-level sentiment from
FinBERT’s embeddings. Document score aggre-
gates weighted sentence sentiments:

Sattn =
1

K

K∑

k=1

Sk
attn (6)
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Dynamic Aggregated Score: Combines the three
methods using confidence-based weighting to
avoid arbitrary choices:

Sdynamic =

∑
m∈M wm · Sm∑

m∈M wm
(7)

where M = {logit,CLS, attn} and weights wm

are derived from prediction confidence (softmax
probability of maximum class).

A.10 Attention-Distribution Diagnostic
Analysis

We extract and analyze attention weights as model-
internal diagnostics of how attention is distributed
across tokens. For each document, we compute:

• Mean attention weight: µattn = 1
n

∑n
i=1 ai

• Attention standard deviation: σattn indicating
focus concentration

• Top-k attended tokens with their sentiment
contributions

These quantities characterize the model’s inter-
nal attention allocation; we do not interpret atten-
tion weights alone as faithful explanations of the
classifier’s decisions.

A.11 Attention Concentration vs. Dispersion
The reported attention_std (σattn) is computed
from the [CLS] token’s last-layer attention dis-
tribution, averaged over heads, for the FinBERT
model input. Inputs are truncated to a maximum
sequence length of 512 tokens; the attention mea-
sures therefore characterize the model-visible in-
put rather than the complete text of longer doc-
uments. In the exact-document reconstruction
sample, all 295 successfully matched FinBERT
inputs contain exactly 512 model-visible tokens.
Model-visible token count therefore has zero vari-
ance in this sample. A partial correlation control-
ling for token count is consequently undefined,
but, more importantly, variation in attention_std
within the validation sample cannot be mechani-
cally generated by variation in model-visible se-
quence length. The attention-concentration analy-
sis therefore compares the shape of attention distri-
butions over fixed-length model inputs rather than
comparing sequences of different model-visible
lengths. Note also that the two textual pipelines see
different inputs: document sentiment aggregates
over all K sentences (Equation 4), whereas the

attention statistics come from a single 512-token
forward pass. Because every document in the re-
construction sample saturates the 512-token limit,
attention_std characterises the opening segment
of each communication rather than its full text.

Because standard deviation is computed over the
attention distribution, larger values indicate greater
concentration: a small number of tokens receive
disproportionately large attention weights. We val-
idate this interpretation using an exact-document
recomputation rather than a date-only merge. Re-
liable document-level matching is obtained for
295 of 335 eligible analysis rows (88.1%); am-
biguous dates containing multiple unmatched text
files are excluded rather than assigned heuristi-
cally. On these 295 matched rows, the recom-
puted attention standard deviation reproduces the
released attention_std exactly (r = 1.000),
and is strongly negatively correlated with length-
normalized Shannon entropy (r = −0.958, p <
10−150).

We then aggregate the correctly matched
attention-shape measures to the event-date level
and relate them to the standardized minute-level
volatility spike. On the resulting matched event
subset (N = 163), recomputed attention standard
deviation is positively associated with both NIFTY
50 (r = 0.221, p = 0.0047) and NIFTY BANK
(r = 0.242, p = 0.0019), but not India VIX (r =
−0.024, p = 0.762). Normalized entropy exhibits
the expected opposite relationship for both equity
indices (NIFTY 50: r = −0.193, p = 0.0135;
NIFTY BANK: r = −0.230, p = 0.0031) and is
unrelated to India VIX (p = 0.709).

The finite-sample-normalized Gini coefficient
is directionally consistent: it is positively associ-
ated with NIFTY BANK volatility (r = 0.168,
p = 0.0318), positive but non-significant for
NIFTY 50 (r = 0.117, p = 0.137), and non-
significant for India VIX (r = −0.059, p =
0.457). Taken together, the near-perfect recon-
struction of attention_std, its strong inverse re-
lationship with entropy, and the opposite-signed eq-
uity associations of concentration and entropy con-
firm that higher attention_std represents con-
centrated rather than dispersed model attention.

We stress that this is a measurement result. The
market association it was introduced to support
does not survive the inference protocol of §3.6: the
Pearson equity correlations reverse sign under rank
correlation (ρ = −0.118 and ρ = −0.097), have
BCa intervals spanning zero, and vanish under the
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time-matched baseline (§4.5, Appendix B.17). The
correlations reported above between recomputed
concentration, entropy and volatility are Pearson
correlations and inherit the same limitation; we
retain them because their internal sign consistency
is what validates the construct, not because they
establish a market effect.

A.12 Minute-Level Volatility Definitions
For the primary intraday analysis, we use the
Parkinson high–low volatility estimator computed
from one-minute OHLC observations. For minute
m,

PVm =

√
[log(Hm/Lm)]2

4 log 2
, (8)

where Hm and Lm denote the minute high and
low prices, respectively.

For each trading date d and clock-time window
w, we average the minute-level Parkinson values:

PVd,w =
1

|w|
∑

m∈w
PVm. (9)

Because exact publication timestamps are not
consistently available for the full corpus, the intra-
day analysis uses standardized clock-time windows
rather than claiming exact release-time alignment
for every communication:

• Pre-window baseline: 9:15–10:00 AM

• Standardized event window: 10:00–11:00 AM

• Short-term window: 11:00 AM–1:00 PM

• Intraday stabilization: 1:00–3:30 PM

The headline text–volatility correlations use the
standardized 10:00–11:00 AM event-window spike
relative to the same clock-time interval on non-
event trading days. Additional intraday profiles are
used to characterize the subsequent normalization
of volatility.

A.13 Daily Volatility Metric Definitions
Event-Window Annualized Realized Volatility
(RV): For the daily event-window regressions, we
compute the sample standard deviation of daily log
returns within each post-announcement window
and annualize it:

RV[a,b]
i = s({ri,d : d ∈ [a, b]})

√
252, (10)

where ri,d = log(Pi,d/Pi,d−1) is the daily log
return for event i, and [a, b] ∈ {[0, 1], [2, 3], [4, 5]}.
These event-window RV measures are distinct from
the longer-horizon rolling ARSD measure defined
below.
Event-Window Annualized Return (AR): For
auxiliary robustness targets, we also compute the
annualized event-window return

AR[a,b]
i = exp

(
b∑

d=a

ri,d
252

ni,[a,b]

)
− 1, (11)

where ni,[a,b] is the number of trading-day re-
turns observed in the event window. AR is a return
measure rather than a volatility measure and is used
only as an auxiliary robustness target.
Annualized Rolling Standard Deviation (ARSD):
Historical volatility over rolling windows:

ARSDt = σdaily ×
√
252 (12)

where σdaily is computed over windows of 5, 10,
and 21 trading days:

σdaily =

√√√√ 1

N − 1

N∑

i=1

(Rt−i − R̄)2 (13)

with Rt = log(Pt/Pt−1)× 100 as the daily log-
return.
India VIX: Forward-looking implied volatility
from NSE options market, representing market ex-
pectations of 30-day volatility.
Event Windows: We define three post-MPC event
windows for analysis:

• Window 1: Days 0–1 (immediate impact)

• Window 2: Days 2–3 (short-term adjustment)

• Window 3: Days 4–5 (stabilization period)

Additionally, a pre-event window (Days -5 to -1)
establishes baseline volatility levels.

A.14 Volatility Differential Metrics

In addition to the volatility spike metric reported in
the main paper, we define two further differential
measures used in exploratory analysis:
Volatility Decay: Rate of volatility normalization:

Decayt = V
[0,1]
t − V

[4,5]
t (14)
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measuring how quickly markets stabilize after
the announcement.
Time to Mean Reversion: Number of trading days
for volatility to return within one standard deviation
of its 60-day pre-announcement mean:

Treversion = min{t : |ARSDt−µpre| ≤ σpre} (15)

A.15 Robust Inference for the Confirmatory
Family

Every test in the nine-member confirmatory family
is reported under four inference procedures.
Pearson correlation, as in prior work, with the
caveat that its p-value assumes bivariate normality
and is sensitive to leverage.
Spearman rank correlation:

ρS = 1− 6
∑

d2i
n(n2 − 1)

(16)

where di is the difference between ranks of
paired observations. A discrepancy in sign between
r and ρS indicates that the linear association is car-
ried by a small number of extreme observations.
BCa bootstrap: bias-corrected and accelerated
95% confidence intervals on Pearson r from B =
10,000 paired resamples of the event dates.
Regime-conditional partial correlation: both
variables are residualised on a post-March-2020
indicator before correlating, which removes any as-
sociation induced purely by the common pre/post
level shift documented in §4.7.

A.16 Event-Based Window Regression
Specifications

We estimate separate regression models for each
post-announcement window to identify when docu-
ment characteristics have maximal impact:

RV[0,1]
i = β

(1)
0 + β

(1)
1 Si + β

(1)
2 SCIi + ϵ

(1)
i (17)

RV[2,3]
i = β

(2)
0 + β

(2)
1 Si + β

(2)
2 SCIi + ϵ

(2)
i (18)

RV[4,5]
i = β

(3)
0 + β

(3)
1 Si + β

(3)
2 SCIi + ϵ

(3)
i (19)

Comparing coefficient magnitudes and signifi-
cance across windows reveals the temporal dynam-
ics of impact.

A.17 Polynomial Regression

To capture non-linear relationships:

Vt = β0 +

p∑

j=1

βjS
j
t +

q∑

k=1

γkSCIkt + ϵt (20)

with polynomial degrees p, q ∈ {2, 3} selected
via cross-validation.

A.18 Time Series Analyses
Autocorrelation Functions: We compute ACF
and PACF for post-MPC volatility series:

ACF(k) =
∑T−k

t=1 (Vt − V̄ )(Vt+k − V̄ )
∑T

t=1(Vt − V̄ )2
(21)

to assess persistence of volatility shocks.
Figure 3 presents the ACF and PACF for

the India VIX differential volatility series (post-
announcement VIX change relative to pre-
announcement baseline).

The rapid decline in autocorrelation beyond the
first lag indicates that the India VIX differential
exhibits little serial persistence across successive
event observations. This reduces concern that the
corresponding event-level regressions are being
driven by long-lived persistence in this dependent
variable. We treat this as supporting evidence for
the event-level specification rather than as a formal
proof that all communication events or all market
outcomes are statistically independent.

A.19 Machine Learning Models
To capture complex non-linear relationships and
identify important predictors:
Random Forest Regression: Ensemble of deci-
sion trees providing feature importance scores:

V̂ =
1

B

B∑

b=1

fb(X) (22)

where X =
[S, SCI, attention_mean, attention_std, . . .] and B
is the number of trees.
Gradient Boosting: Sequential ensemble optimiz-
ing:

V̂m = V̂m−1 + η · hm(X) (23)

where hm is the m-th weak learner and η is
the learning rate. Feature importance from these
models provides descriptive rankings indicating
which variables receive greater importance within
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Figure 3: Autocorrelation function (left) and partial autocorrelation function (right) for the India VIX post-event
differential series. Dashed red lines indicate 95% confidence bounds. Serial dependence is concentrated at the first
lag, with subsequent lags remaining within the confidence bands. The result shows little persistent dependence
across successive event observations and supports the use of event-level rather than cumulative specifications for
this outcome.

the fitted ensemble models; it does not establish
genuine out-of-sample predictive contribution (see
the feature-group OOS test, Appendix B.2).

A.20 Robustness Checks

We use a two-sided significance level of α =
0.05 throughout. For the nine-test primary
minute-level family, we report both Benjamini–
Hochberg false-discovery-rate and Bonferroni ad-
justments (Appendix B.4). Regression inference
uses heteroskedasticity-robust standard errors, with
HC3 reported for the daily interaction models. BCa
bootstrap confidence intervals (Appendix A.15)
and Breusch–Pagan diagnostics (Breusch and Pa-
gan, 1979) are used in the corresponding robustness
analyses where applicable.

Figure 4 presents Breusch–Pagan test results
across all volatility targets.

The single Breusch–Pagan rejection occurs for
the NIFTY BANK annualized-return target (Days
0–1). We therefore use heteroskedasticity-robust
standard errors for regression inference rather than
relying on homoskedastic OLS standard errors.

A.21 Minute-Level Event Analysis
Specifications

To capture immediate market reactions with
greater temporal precision, we conduct minute-
level volatility analysis on MPC announcement
days.

A.21.1 Data Alignment
Event-specific publication timestamps are not con-
sistently available across the full sample. We there-
fore use a standardized 10:00–11:00 AM IST clock-
time event window for the minute-level analysis,

with 9:15–10:00 AM representing the preceding
market window. The standardized event window
should not be interpreted as exact release-time
alignment for every communication.
Multiple communications on the same event
date. Because multiple RBI communications can
map to the same trading date while the market re-
sponse is common to that date, the primary minute-
level analysis is conducted at the event-date level.
For dates with multiple associated communications,
each textual feature is averaged across the docu-
ments on that date before being matched to the
common market response. This avoids arbitrarily
selecting one communication and yields one tex-
tual predictor vector per event date. The resulting
primary minute-level sample contains N = 184
event dates.

A.21.2 Volatility Spike Identification
For each event date d, index j, and standardized
clock-time window w, we define the Parkinson-
volatility spike relative to the corresponding non-
event baseline as

Spiked,j,w(%) = 100×PVd,j,w − PV non-event,j,w

PV non-event,j,w
,

(24)
where PV non-event,j,w is mean Parkinson volatil-

ity for index j in the same clock-time window on
non-event trading days. Positive values therefore
indicate volatility above the matched clock-time
baseline.

A.21.3 Multivariate Content Volatility Model
To assess whether the primary textual associations
remain when sentiment, attention concentration,
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Figure 4: Breusch–Pagan heteroskedasticity test results for sentiment market response regressions across the tested
targets. Bars show − log10(p); the dashed pink line marks the α = 0.05 significance threshold. Green bars indicate
homoskedastic residuals (no correction needed); the single red bar (NSEBANK AR 0–1) exceeds the threshold,
indicating heteroskedastic residuals for which heteroskedasticity-robust standard errors are used for regression
inference. All India VIX and broader NIFTY targets pass the homoskedasticity assumption.

and semantic complexity are considered jointly, we
estimate the following event-date-level model for
each equity index:

Spikei,j = γ0 + γ1P
neg
i + γ2Ai + γ3SCIi + ϵi,j ,

(25)

where Spikei,j is the standardized-window
Parkinson-volatility spike for event date i and
equity index j, P neg

i is the FinBERT negative-
sentiment probability, Ai is attention concentration
measured by attention_std, and SCIi is DAST
semantic complexity. When multiple communica-
tions occur on the same trading date, all textual
predictors are averaged at the event-date level be-
fore estimation. Predictors are standardized for
coefficient comparability, and inference uses HC3
heteroskedasticity-robust standard errors.

For India VIX, where the primary bivariate sen-
timent association is obtained with the CLS senti-
ment score, we estimate the analogous specifica-
tion replacing P neg

i with SCLS
i . The joint models

are treated as conditional robustness checks rather
than as an expansion of the pre-specified nine-test
confirmatory correlation family.

B Supplementary Results

B.1 Descriptive Statistics of Variables
Table 3 presents summary statistics for se-
lected document-level textual features and market-
response measures used in the analysis.

For compactness, the daily realized-volatility
rows report, for each event, the mean of the Days
0–1, 2–3, and 4–5 annualized RV measures; the
window-specific RV variables are used separately
in the regression analyses. The NIFTY 50 and
NIFTY BANK summaries contain 326 and 304
complete events, respectively.

The wide range of semantic complexity values
reflects the diversity of MPC document types in
our corpus (Table 2), from brief press statements
to comprehensive quarterly bulletins, and the mul-
tiplicative aggregation in Equation 1, which maps
a modest range of lattice depths onto an extremely
wide numerical range. Sentiment measures clus-
ter near neutrality with occasional extreme val-
ues during crisis periods. Minute-level volatil-
ity spikes exhibit extreme outliers (max values
> 800%) corresponding to specific high-impact an-
nouncements, and correspondingly negative medi-
ans (−8.45% for NIFTY 50, −10.19% for NIFTY
BANK, −12.21% for India VIX), with 42.9%,
42.4% and 39.1% of event dates respectively above
the matched non-event baseline. This skew is the
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Table 3: Descriptive Statistics of Document and Market Variables

Variable Mean Std Dev Min Max

Document Characteristics
Semantic Complexity (SCI)† 3.98× 1020 7.24× 1021 5 1.32× 1023

Sentiment (Dynamic Aggregated) -0.056 0.259 -0.773 0.806
Sentiment (Logits) 0.453 0.276 -0.253 0.912
Probability Negative 0.165 0.272 0 0.970
Attention Std 0.00367 0.00107 0 0.00744
Attention Mean‡ 0.00194 0.00015 0 0.00195

Daily Event-Window Realized Volatility
NIFTY 50 mean event-window RV (%) 11.26 8.81 0.56 88.18
NIFTY BANK mean event-window RV (%) 16.69 12.31 0.49 113.16
India VIX Change (%) -0.053 1.51 -5.51 10.67

Minute-Level Spike (%)
NIFTY 50 (10:00–11:00 AM) 9.45 81.97 -100.00 867.61
NIFTY BANK (10:00–11:00 AM) 14.30 93.76 -100.00 992.77
India VIX (10:00–11:00 AM) -2.60 41.39 -100.00 182.15
†SCI is reported on its raw scale. Because Equation 1 aggregates child complexities multiplicatively, the raw index is
extremely heavy-tailed (median = 21, interquartile range 10–38); all regression analyses use an outlier-trimmed SCI
variable and correlation analyses are interpreted ordinally. ‡Mean attention is mechanically 1/512 for a fully truncated
input (99.4% of documents lie within 0.1% of 1/512); it is reported for transparency and excluded from all model
feature sets.

reason the confirmatory family is reported under
rank and bootstrap inference as well as Pearson
correlation (§3.6). Three rows of the released fea-
ture table duplicate an existing (date, document)
pair exactly and are collapsed before analysis, leav-
ing 334 unique documents; semantic complexity is
available for 332 of them.
Document Type and Volatility: We tested
whether document type (Table 2) is associated
with volatility outcomes by comparing market-
response distributions across the seven document
categories using Kruskal–Wallis tests. No statisti-
cally significant category-level differences emerge
(all p > 0.15). Thus, the observed market re-
sponses are not readily reducible to coarse docu-
ment type alone. This result supports analyzing
continuous textual characteristics such as senti-
ment, semantic complexity, and attention concen-
tration rather than treating document category as
the primary explanatory dimension.

B.2 Feature-Group Out-of-Sample
Contribution

Because impurity/permutation importance is de-
scriptive and can over-credit features that do not
generalize, we directly test each feature group’s
out-of-sample contribution. For each target we fit
a ridge model on all four feature groups (persis-
tence/lagged volatility, sentiment, complexity, at-
tention) under repeated cross-validation, then drop
each group and measure the loss in out-of-sample

R2; significance is assessed against a permutation
null in which the group is replaced by a same-
size shuffled (noise) block. Table 4 reports the
results. Only lagged-volatility (persistence) fea-
tures contribute significantly out of sample (5.5–
33.1 percentage points, permutation p ≈ 0.005
across targets); sentiment, complexity, and atten-
tion contribute approximately zero or slightly neg-
ative amounts and are non-significant (p > 0.1) at
every horizon. This supports the substantive claim
that volatility persistence dominates, and clarifies
that the textual signals documented elsewhere in
the paper are in-sample/associational rather than
out-of-sample predictive.

B.3 Intraday Volatility Profile: MPC vs.
Non-MPC Days

Figure 6 presents minute-level Parkinson volatil-
ity profiles on MPC announcement days versus
non-MPC trading days for all three indices, provid-
ing the raw magnitude comparison underlying the
mean-reversion dynamics reported in §4.3.1.

Three cross-index patterns emerge. First, the
banking index exhibits the largest absolute MPC-
day elevation, consistent with the bank lending
channel through which monetary policy most di-
rectly transmits (Prabu et al., 2020). Second, the
convergence of MPC-day and non-MPC-day pro-
files by midday across equity indices corroborates
the 2-hour mean-reversion window reported in Fig-
ure 1. Third, the near-identical MPC and non-
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Table 4: Out-of-sample ∆R2 (%) contributed by each feature group (drop-group test). ∗ denotes permutation
p < 0.05. Only persistence is significant; textual groups are not.

Target Persistence Sentiment Complexity Attention

NIFTY BANK RV 0–1 8.2∗ −3.4 −0.5 −1.6
NIFTY BANK RV 2–3 33.1∗ −1.2 0.4 −1.3
NIFTY BANK RV 4–5 20.9∗ −2.0 −0.3 −1.5
NIFTY BANK ∆RV 0–1 5.5∗ −3.2 −0.1 −2.0
NIFTY 50 RV 0–1 13.1∗ −2.3 −0.6 −1.6
NIFTY 50 RV 2–3 26.2∗ −1.4 0.0 −1.6
NIFTY 50 RV 4–5 21.3∗ −2.0 −0.4 −1.5
India VIX 0–1 27.5∗ −2.1 0.2 −0.5

NIFTY BANK AR 0–1 omitted: the full model has negative OOS R2 (no fit).

Figure 5: Structural break in sentiment–volatility rela-
tionship identified via Chow test. Pre-COVID regime
(blue): near-flat relationship between negative sentiment
probability and NIFTY BANK volatility, with spikes
rarely exceeding 50%. Post-COVID regime (red): dra-
matically elevated volatility baseline with regular spikes
of 100–400%. Under this full-sample-baseline construc-
tion the level shift is large and highly significant while
the slope change is not separately identified (p = 0.228,
0.256); the slope steepening is identified only once
the baseline is time-matched (§4.7, Appendix B.17).
Break date February 20, 2020 (pre-specified COVID
date; Chow F = 7.52, p < 10−3 for NIFTY BANK
and F = 9.91, p < 10−4 for NIFTY 50); a Quandt–
Andrews test estimates the break endogenously at March
11, 2020. This non-stationarity explains why pooled
models yield low R2.

MPC profiles for India VIX indicate that implied-
volatility turbulence is more closely related to senti-
ment content than to the announcement-day profile
itself, consistent with the CLS-based sentiment as-
sociation reported in Table 1.

B.4 Multiple-Comparison Correction

We treat the three pre-specified minute-level chan-
nels (negative-sentiment probability, attention con-
centration, CLS sentiment) × three indices as the
confirmatory family (m = 9) and apply Bonfer-

roni and Benjamini–Hochberg (BH) FDR correc-
tions (Table 5). All five channels significant at the
raw level survive BH-FDR at q = 0.05; the two
strongest (attention concentration NIFTY BANK
and CLS India VIX) also survive Bonferroni. Mul-
tiplicity correction controls the error rate across the
family but says nothing about whether an individ-
ual correlation is leverage-driven: as §4.5 shows,
the Bonferroni-surviving attention result does not
withstand rank or bootstrap inference, whereas the
CLS result does. The two adjustments should there-
fore be read together with Table 1, not in place of
it.

For completeness we also corrected the full daily
feature×target grid (m = 36): no daily-horizon
correlation survives either correction (smallest raw
p = 0.014), consistent with our finding that
daily associations are weak, conditional, and non-
additive (§4.2, §4.4).

B.5 Joint Multivariate Event-Date Models

Because negative sentiment and attention concen-
tration are both associated with equity volatility
in the primary bivariate analysis, we addition-
ally test whether the two measurements provide
conditionally separable associations. At the cor-
rected event-date level, negative-sentiment prob-
ability and attention_std are moderately corre-
lated (r = 0.451, p = 1.34 × 10−10, N = 184).
Attention concentration is, however, essentially un-
correlated with semantic complexity (r = 0.013,
p = 0.867, N = 181), while negative sentiment
and semantic complexity are only weakly corre-
lated (r = 0.129, p = 0.083, N = 181). The CLS
score is also essentially uncorrelated with attention
concentration (r = 0.013, p = 0.858, N = 184).

Table 6 reports standardized coefficients from
HC3-robust event-date regressions. Semantic-
complexity availability leaves N = 181 complete
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Table 5: Confirmatory minute-level family after event-date aggregation: raw and multiple-testing-adjusted p-values
(N = 184 event dates). All five raw-significant associations survive Benjamini–Hochberg FDR; two also survive
Bonferroni correction.

Channel Index r p pBH pBonf

Prob. Negative NIFTY 50 0.194 0.0084 0.0181 0.0759
Prob. Negative NIFTY BANK 0.189 0.0101 0.0181 0.0907
Prob. Negative India VIX 0.077 0.2972 0.3809 1.000
Attention Std NIFTY 50 0.198 0.0071 0.0181 0.0635
Attention Std NIFTY BANK 0.218 0.0029 0.0131 0.0261
Attention Std India VIX −0.041 0.5811 0.5811 1.000
CLS (Norm) NIFTY 50 −0.094 0.2063 0.3094 1.000
CLS (Norm) NIFTY BANK −0.071 0.3386 0.3809 1.000
CLS (Norm) India VIX −0.224 0.0022 0.0131 0.0202

event dates for these specifications. This subset is
defined by SCI availability and is distinct from the
equally sized data-quality-filtered sample of Ap-
pendix B.17, which excludes three dates for zero-
volatility and attention-extraction failures; the two
coincide in size but not in membership.

For NIFTY 50, negative sentiment retains a nom-
inally significant conditional association, whereas
attention concentration and semantic complexity do
not. For NIFTY BANK, neither negative sentiment
nor attention concentration is individually signif-
icant in the joint model despite both displaying
positive coefficients. The attention coefficients are
far from significance in both equity models, which
is consistent with the bivariate diagnosis in §4.5:
the nominal attention correlation is not a monotone
association and does not survive robust inference.
The polarity association, by contrast, is nominally
significant for NIFTY 50 and retains the expected
sign for NIFTY BANK.

For India VIX, the CLS sentiment association
remains highly significant after joint adjustment,
strengthening the evidence that this sentiment rep-
resentation is associated with event-window turbu-
lence in the implied-volatility index. The negative
semantic-complexity coefficient is also statistically
significant in the joint model; because this condi-
tional association was not one of the pre-specified
primary minute-level channels, we report it as ex-
ploratory rather than as a new confirmatory finding.

B.6 Endogenous Break-Point Estimation

We estimate the candidate break endogenously us-
ing the Quandt–Andrews sup-F statistic, sweeping
candidate break points over the central 70% of the
date-ordered event sample (15% trimming) for the
regression of the minute-level volatility spike on
negative-sentiment probability. After correcting

same-date textual aggregation, the maximum re-
mains March 11, 2020 for both indices, with 69 ob-
servations before and 115 after the candidate break.
For NIFTY 50, sup-F = 10.14 exceeds the An-
drews (1993) 10% reference critical value (≈ 9.84
for the stated specification) but not the 5% value
(≈ 11.79). For NIFTY BANK, sup-F = 7.64
remains below conventional reference thresholds.
The fact that the independently searched maxi-
mum occurs on the same date for both equity in-
dices provides cross-index evidence about the lo-
cation of the regime transition, while the statistical
strength of the single-break test differs by index.
A complementary Chow test at the pre-specified
February 20, 2020 boundary strongly rejects pa-
rameter stability for both NIFTY 50 (F = 9.91,
p = 8.3 × 10−5) and NIFTY BANK (F = 7.52,
p = 7.3 × 10−4). We therefore interpret the
combined evidence as supporting COVID-period
regime dependence rather than requiring an instan-
taneous common structural break exactly on one
trading date.

B.7 Robustness of the Composite Sentiment
Score

We examined the confidence-weighted composite
along three axes. (i) Convergent validity: the
three scoring methods are only modestly correlated
(mean pairwise Pearson r = 0.27; logit vs. CLS
r = 0.37), and the learned weights are dominated
by the logit method (αlogit = 0.76± 0.04), so the
composite is in practice close to the logit score (r =
0.99). (ii) Weight calibration: the per-document
confidence does not track inter-method agreement
(r = −0.03, p = 0.65), so we do not interpret
the weights as calibrated uncertainty. (iii) Ro-
bustness to weighting: replacing the confidence-
weighted composite with a simple equal-weight
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Table 6: Joint event-date-level regressions of standardized 10:00–11:00 AM Parkinson-volatility spikes on textual
characteristics. Coefficients are standardized; p-values use HC3 heteroskedasticity-robust standard errors. The
equity specifications include negative-sentiment probability, attention concentration, and semantic complexity. The
India VIX specification replaces negative-sentiment probability with the CLS sentiment score. All models use
N = 181 complete event dates.

Index Predictor Std. β HC3 p Model R2

NIFTY 50
Prob. Negative 0.131 0.0492

0.0516Attention Std 0.135 0.5458
Semantic Complexity 0.006 0.9661

NIFTY BANK
Prob. Negative 0.102 0.1275

0.0618Attention Std 0.169 0.4556
Semantic Complexity 0.071 0.6824

India VIX
CLS Score (Norm) -0.228 0.0010

0.0708Attention Std -0.033 0.7103
Semantic Complexity -0.136 0.0009

average yields nearly identical associations with
volatility (mean |r| = 0.031 vs. 0.033; mean ab-
solute difference 0.020). We therefore present the
composite as an exploratory feature whose down-
stream conclusions do not depend on the weighting
scheme.

B.8 Temporal Co-evolution of Sentiment and
Market Volatility

Figure 7 presents the full time-series evolution of
dynamically aggregated FinBERT sentiment along-
side India VIX over the 2010–2025 study period.

The figure visually confirms three properties of
the sentiment–volatility relationship: (1) sentiment
provides episodic rather than continuous explana-
tory power, with alignment concentrated during
stress periods; (2) the COVID-19 VIX spike (peak-
ing above 45) dwarfs all prior volatility episodes,
underscoring the structural break documented in
§4.7; and (3) post-2020 sentiment exhibits higher-
frequency oscillations with larger amplitude, con-
sistent with the regime shift toward heightened
communication sensitivity.

B.9 Minute-Level Text Volatility Correlations

Table 1 in the main text reports the event-date-level
confirmatory family. When multiple communica-
tions map to the same trading date, textual features
are averaged at the event-date level before being
matched to the common market response; the re-
sulting primary sample contains N = 184 event
dates.

The event-date correlations reveal a cross-market
separation among the textual channels: negative
sentiment is associated with realized equity volatil-
ity, whereas CLS-based sentiment is associated

with India VIX turbulence. Effect sizes are modest
in absolute terms (r2 ≈ 3.6–5.0% for the surviving
associations), indicating that textual characteristics
explain a meaningful but limited portion of event-
window variation—a magnitude that is typical for
event-level financial text and that we do not inter-
pret as economically large. All five raw-significant
associations survive Benjamini–Hochberg correc-
tion (Table 5), but only the polarity and CLS as-
sociations survive the rank, bootstrap and regime-
conditional criteria of §3.6.

B.10 Sentiment-Innovation Robustness

To test whether the minute-level sentiment asso-
ciations are driven merely by the predictable per-
sistence of sentiment across successive communi-
cations, we orthogonalize each sentiment series
against its own first lag. Specifically, we fit a
document-ordered AR(1) model and use the resid-
ual as the sentiment innovation. We then repeat
the event-date-level correlations using these inno-
vations in place of the original sentiment levels.

The results are essentially unchanged. For
negative-sentiment probability, the level correla-
tion for NIFTY 50 is r = 0.194 (p = 0.0084),
while the innovation correlation is r = 0.194
(p = 0.0082). For NIFTY BANK, the corre-
sponding values are r = 0.189 (p = 0.0101) and
r = 0.189 (p = 0.0102). CLS sentiment remains
specifically associated with India VIX: the level
correlation is r = −0.224 (p = 0.0022), and
the innovation correlation remains r = −0.208
(p = 0.0046). The equity CLS associations and the
negative-sentiment India VIX association remain
non-significant. Thus, the principal polarity and
implied-volatility associations are not explained by
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simple AR(1) persistence in the sentiment series;
the innovation component carries essentially the
same cross-sectional signal as the level.
Implied-volatility level check. The minute-level
India VIX target measures the intraday variabil-
ity of the implied-volatility index rather than its
level, so we additionally correlate each textual fea-
ture with the daily India VIX level change over the
Days 0–1 window relative to the pre-event baseline.
None of the three is significant: CLS sentiment
r = 0.035 (p = 0.54), negative-sentiment proba-
bility r = −0.043 (p = 0.45), attention concen-
tration r = −0.032 (p = 0.57), with N = 314.
The uncertainty channel therefore does not extend
from turbulence in implied volatility to the level of
implied volatility, and we restrict the claim accord-
ingly.

B.11 Machine Learning Models: Feature
Importance and Non-linear Effects

Figures 8 and 9 present comprehensive visualiza-
tions of feature importance rankings and polyno-
mial regression fits for non-linear effect detection.

B.11.1 Feature Importance Comparison:
Random Forest vs. XGBoost

The six-panel layout enables direct cross-model
comparison: Random Forest importance scores
(left column) are computed via mean decrease in
impurity, while XGBoost scores (right column)
are computed via gain-based importance. De-
spite different calculation methods, the top-5 fea-
tures remain largely consistent within each index.
For NIFTY50, inflation surprise proxy and NSEI
Parkinson mean consistently rank highest in the
descriptive importance rankings. For INDIAVIX,
NSEI realized volatility metrics dominate, reflect-
ing the derivative nature of VIX as an index con-
structed from NSE options. For NIFTYBANK,
banking-sector-specific volatility lags (NSEBANK
EWMA, NSEBANK Parkinson) far exceed those
of the general market or content features, consistent
with sectoral momentum effects.

Among content features, sentiment logits rank
above semantic complexity across the six models
in the descriptive rankings. This is consistent with
an in-sample time-scale pattern but does not es-
tablish differential out-of-sample predictive con-
tribution. Attention-based features (attention max,
attention std, attention mean) show variable im-
portance across indices, ranking moderately for
equity indices and lower for INDIAVIX. These are

in-sample impurity/gain rankings and, given the
robustness results of §4.5, should not be read as
support for an attention channel. We further note
that attention_mean is mechanically constant for
fully truncated inputs (Table 3) and is retained in
this figure only for comparability with the original
feature set.

B.11.2 Non-linear Effects: Polynomial
Regression Fits

The polynomial fits were estimated using regular-
ized polynomial regression, with model complex-
ity evaluated out of sample. Probability-negative
and semantic-complexity curves remain close to
their linear fits, whereas attention_std exhibits
visibly stronger curvature for the equity indices.
NIFTY 50 peaks near attention_std≈ 0.0035
and NIFTY BANK near ≈ 0.004, while India VIX
exhibits the opposite curvature with a minimum
around the same intermediate range.

This cross-market reversal is specific to the
attention-distribution variable rather than appear-
ing generically across all textual predictors. We
report it descriptively only. Because the underly-
ing bivariate attention association does not survive
rank or bootstrap inference (§4.5), and because the
polynomial specifications do not improve out-of-
sample prediction, we do not interpret the curvature
as evidence of a salience mechanism and do not
treat the turning points as stable thresholds.

B.12 Residual Analysis: Content Effects
Beyond Event Windows

To test whether textual features carry explanatory
power beyond event-driven volatility, we regress
each volatility target on event indicators and lagged
volatility controls, then examine whether sentiment
and complexity correlate with the residuals. Fig-
ure 11 presents two complementary views.

The uniformly red bars in the left panel con-
firm that content features cannot explain volatil-
ity residuals after accounting for event-driven and
persistence-based effects. The right panel’s cluster-
ing near the origin (all correlations within ±0.06)
reinforces this conclusion for both sentiment and
complexity independently. This result is important
for two reasons: (1) it validates that the content
effects documented in §4.3 and §4.4 operate within
event windows rather than persisting beyond them;
and (2) it confirms that the modest R2 values in our
main models are not artifacts of omitted persistent
content effects but reflect the genuinely transient
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Table 7: In-sample content-feature permutation impor-
tance for NIFTY BANK RV (Days 0–1), shown de-
scriptively. Out-of-sample group contributions appear
in Appendix B.2.

Feature Importance Score Feature Type

Sentiment (Logits) 0.260 Current
Sentiment (Lag 1) 0.200 Temporal
Semantic Complexity 0.190 Current
Sentiment Change 0.180 Temporal
Complexity Change 0.095 Temporal
Complexity (Lag 1) 0.075 Temporal
Full feature importance chart appears below in Figure 13.

nature of communication-driven volatility.

B.13 Daily Volatility Analysis: Interaction
Effects and Feature Importance

Table 8 reports the event-window interaction-model
comparison, while Figure 13 provides the descrip-
tive feature-importance ranking.

The interaction results in Table 8 complement
the descriptive feature-importance visualization in
Figure 13. The feature-importance figure facilitates
direct comparison of the fitted model’s content-
feature rankings; these rankings are descriptive and
should not be interpreted as evidence of out-of-
sample predictive contribution. The prominence of
both current and lagged sentiment features, com-
bined with the elevated importance of semantic
complexity at daily horizons, is consistent with the
in-sample observation that textual signals operate
through time-dependent mechanisms distinct from
immediate sentiment-driven reactions.

Stratification and temporal-feature interpre-
tation. The high-sentiment/high-complexity
volatility elevation is consistent with two possible
interpretations: high sentiment intensity may proxy
informational intensity, while high complexity
may proxy linguistic density requiring extended
processing; both interpretations could contribute
to greater response variability. Temporal features
(lagged sentiment, sentiment change, complexity
change) collectively account for 50% of total
in-sample importance, suggesting, descriptively,
that changes relative to prior MPC statements
receive substantial importance within the fitted
model—a hawkish pivot from dovishness could,
on this reading, elicit stronger reactions than
sustained hawkishness.

B.14 DAST vs. Classical Readability Baselines
To assess whether DAST adds value over simpler,
well-established complexity measures, we com-
puted fourteen classical readability and surface-
complexity metrics (Flesch Reading Ease, Flesch–
Kincaid Grade, Gunning Fog, SMOG, Coleman–
Liau, ARI, Dale–Chall, Linsear-Write, difficult-
word count, word and sentence counts, average
sentence length, average syllables per word, and
type token ratio) on the same MPC corpus, and
compared them to DAST along three dimensions:
redundancy, incremental out-of-sample predictive
value, and feature importance.

DAST is not redundant with classical readabil-
ity: across fourteen standard indices its maximum
absolute correlation is |r| = 0.21 (Table 9), con-
firming it captures hierarchical semantic structure
that syllable- and sentence-length-based formulas
do not. In a random forest combining DAST with
all fourteen readability features, DAST is the sin-
gle most important complexity feature for the three
difference-based targets (NIFTY BANK AR 0–1,
NIFTY BANK ∆RV 0–1, NIFTY 50 ∆RV 0–1;
note that AR is a return rather than a volatility mea-
sure, Appendix A.13) and ranks in the top four
for five of eight targets (Table 11), indicating it
carries announcement-relevant signal beyond any
individual surface metric. We emphasize, consis-
tent with §B.15, that at the event level no complex-
ity measure—DAST or readability—is a strong
standalone out-of-sample predictor of volatility;
complexity operates conditionally rather than as an
additive main effect. DAST’s contribution is there-
fore as a distinct, interpretable construct rather than
as a superior linear predictor.

B.14.1 Explicit Document-Length Control
Because DAST could in principle covary with the
amount of text available for semantic-rule gener-
ation, we additionally tested document length di-
rectly. Using document-level matching between
each analysis row and its parsed source docu-
ment (N = 290), DAST is only weakly nega-
tively associated with length (Pearson r = −0.162,
p = 0.0058; Spearman ρ = −0.229, p < 0.001).
The correlation with log(1 + word count) is simi-
larly weak (r = −0.188, p = 0.0013).

We then re-estimated the sentiment complex-
ity interaction after adding log(1 + word count)
as an explicit covariate. The interaction coeffi-
cient retains its original sign for all nine market-
response targets, but none is significant under HC3-
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Table 8: Exploratory sentiment×complexity interaction models for NIFTY BANK event-window realized volatility.
R2 values are in-sample percentages; ∆R2 is the interaction-model gain over the corresponding base model. HC3
p-values refer to the interaction coefficient. The final two columns report the interaction gain and HC3 p-value after
additionally controlling for log(1 + WordCount).

Event Window Base R2 +Int. R2 ∆R2 HC3 p ∆R2 + Length HC3 p + Length

Days 0–1 (Immediate) 0.128 0.153 0.026 0.777 0.010 0.856
Days 2–3 (Short-term) 1.019 1.285 0.266 0.208 0.181 0.353
Days 4–5 (Medium-term) 0.234 1.044 0.810 0.093 0.780 0.113

Table 9: DAST vs. fourteen classical readability and surface-complexity metrics. Correlations are weak throughout.
Reported p-values are two-sided tests on the Pearson coefficient. The three length-based rows (word count, sentence
count, difficult words) are computed on the N = 290 subset for which reliable document-level text matching is
available; the remaining eleven readability indices are computed on all N = 332 documents with a DAST score,
which is why p-values are not monotone in |r| across rows.

Readability metric Pearson r Spearman ρ p

Type token ratio 0.211 0.240 < 0.001
Avg. syllables/word 0.204 0.218 < 0.001
Coleman–Liau 0.187 0.202 0.001
Sentence count −0.162 −0.239 0.003
Difficult words −0.161 −0.235 0.004
Word count −0.162 −0.229 0.006
Flesch Reading Ease −0.154 −0.131 0.005
Dale–Chall 0.146 0.178 0.008
ARI 0.133 0.139 0.016
Gunning Fog 0.117 0.087 0.035
Flesch–Kincaid Grade 0.105 0.085 0.058
Linsear-Write −0.102 −0.158 0.065
SMOG 0.098 0.072 0.076
Avg. sentence length 0.006 −0.015 0.919

robust inference after length control (minimum
p = 0.113). Likewise, no target exhibits a signif-
icant repeated-k-fold out-of-sample improvement
under the permutation null (minimum permutation
p = 0.289). The mean length-controlled repeated-
k-fold ∆R2

OOS is −0.41 percentage points, and
the mean forward-chaining ∆R2

OOS is −2.23 per-
centage points. Thus, controlling explicitly for
document length does not alter the substantive con-
clusion: the sentiment complexity interaction is
at most a small exploratory in-sample pattern and
does not provide robust predictive gain.

B.15 Out-of-Sample Validation of the
Interaction Model

Because the interaction gains in Table 8 are small
and estimated in-sample, we tested whether they
reflect genuine predictive signal or in-sample over-
fitting. For each market-response target we com-
pared the base model (S, C) against the interaction
model (S, C, S × C) using three out-of-sample
schemes—repeated 5-fold cross-validation, Group-
KFold by event date (so documents from one date
never span train and test), and forward-chaining

time-series splits—plus a permutation null for the
OOS ∆R2 and HC3 robust standard errors for the
interaction coefficient. Outliers in semantic com-
plexity (|z| > 5) were removed beforehand, leav-
ing 326 events.

The interaction term produces small in-sample
fit gains, but does not yield a statistically signif-
icant out-of-sample improvement on any tested
market-response target (Table 12). In the original
specification, the mean repeated-k-fold ∆R2

OOS is
−0.37% and the mean forward-chaining ∆R2

OOS

is −1.35%. No target shows a significant OOS
improvement under the permutation null, and no
interaction coefficient is significant under robust
standard errors. The explicit document-length ro-
bustness check leads to the same conclusion (Ap-
pendix B.14.1). We therefore interpret the interac-
tion as an exploratory in-sample pattern rather than
a predictive result.

B.16 GARCH + Policy-Rate Baseline

We fit an expanding-window GARCH(1,1) to daily
index log-returns and, at each MPC date, take the
one-step-ahead conditional-volatility forecast us-
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Table 10: Sentiment×complexity interaction after controlling for log(1 + word count). ∆R2
in is the incremental

in-sample fit from adding the interaction to a model already containing sentiment, SCI, and document length.
∆R2

OOS is the analogous repeated-k-fold out-of-sample change. Permutation p tests the conditional OOS interaction
gain.

Target N βS×SCI HC3 p ∆R2
in (%) ∆R2

OOS (%) Perm. p

NIFTY BANK RV 0–1 275 0.000290 0.856 0.010 −0.966 0.678
NIFTY BANK RV 2–3 270 0.001237 0.353 0.181 −0.154 0.399
NIFTY BANK RV 4–5 270 0.002489 0.113 0.780 0.071 0.289
NIFTY BANK AR 0–1 276 41.653915 0.314 0.455 −0.557 0.857
NIFTY BANK ∆RV 0–1 272 0.000217 0.896 0.005 −0.631 0.628
NIFTY 50 RV 0–1 290 −0.001230 0.247 0.392 −0.332 0.618
NIFTY 50 RV 2–3 290 0.000180 0.842 0.006 −0.375 0.369
NIFTY 50 RV 4–5 290 0.000344 0.681 0.032 −0.408 0.369
India VIX 0–1 290 0.024450 0.541 0.063 −0.357 0.389

Table 11: DAST permutation-importance rank among
15 complexity features (DAST + 14 readability) in a
random forest per target. DAST is the single most im-
portant complexity feature for the three difference-based
targets (NIFTY BANK AR 0–1, NIFTY BANK ∆RV 0–
1, NIFTY 50 ∆RV 0–1; note that AR is a return rather
than a volatility measure, Appendix A.13).

Volatility target DAST rank (of 15)

NIFTY BANK AR 0–1 1
NIFTY BANK ∆RV 0–1 1
NIFTY 50 ∆RV 0–1 1
NIFTY 50 RV 0–1 3
NIFTY BANK RV 0–1 4
NIFTY BANK RV 2–3 8
India VIX 0–1 13
NIFTY BANK RV 4–5 15

ing only prior information; the announced repo-
rate change (basis points, taken from the RBI’s
official repo-rate record—45 changes over 2010–
2025—aligned to each release within a ±3-day
window) enters as the policy regressor. We com-
pare three nested models for the standardized
10:00–11:00 AM event-window volatility spike un-
der forward-chaining (TimeSeriesSplit) cross-
validation: M0 (GARCH only), M1 (GARCH +
policy-rate change and hike/cut indicators), and
M2 (GARCH + rate + text).

Table 13 reports out-of-sample R2 for each
model, the incremental contribution of text, and
an in-sample nested F -test. Event-level spikes are
difficult to predict out of sample—all three mod-
els have negative OOS R2—and adding text re-
duces OOS R2 on every index (mean ∆R2

OOS =
−8.3%), with paired squared-loss differences non-
significant across both rate encodings (p = 0.28–
0.73). In-sample, the nested F -test favours the
text-augmented model for India VIX (F = 2.33,
p = 0.035) and NIFTY BANK (F = 3.29, p =
0.005) but not NIFTY 50 (F = 1.67, p = 0.13);

this in-sample result is robust to the alternative
carried-forward policy-rate-change encoding (F -
test p ≤ 0.03 across indices). This reframes
text from “differs from zero” to “incremental over
an econometric baseline,” and corroborates the
feature-group OOS null (Appendix B.2).

B.17 Data-Quality Filter and Time-Matched
Baseline

Data-quality filter. Two issues affect a small num-
ber of event dates. One event date records zero
Parkinson volatility across the entire 10:00–10:59
window on all three indices, which indicates a data
gap rather than a quiet hour and produces a me-
chanical −100% spike; two further event dates
carry documents whose FinBERT attention ex-
traction failed (attention_std= 0). Excluding
these three dates leaves N = 181 event dates.
All minute-window counts are otherwise complete
(minimum 54 of 60 minutes present; no date falls
below 30). Conclusions are unchanged by the filter,
so the main text reports the unfiltered N = 184
sample and this appendix reports the filtered one.
Time-matched baseline. Equation 24 normalises
each event window by the mean non-event Parkin-
son volatility in the same clock-time window, com-
puted over the whole sample. That single scalar
absorbs the low-frequency level of market volatil-
ity, so an event observed in a calm year is scored
against a baseline that includes turbulent years. We
therefore recompute every spike against a local
baseline formed from the k = 20 non-event trading
days nearest in calendar time to each event, and
re-run the confirmatory family. Tables 14 and 15
report both constructions on the filtered sample.

Three associations are robust to both baseline
constructions: negative-sentiment probability with
NIFTY 50 and NIFTY BANK volatility, and CLS
sentiment with India VIX turbulence. Under the
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Table 12: Out-of-sample validation of the sentiment×complexity interaction. ∆R2 is interaction minus base.
In-sample gains are small, out-of-sample changes are predominantly negative, and no target exhibits a statistically
significant out-of-sample improvement.

Target In-sample k-fold OOS Time-series OOS Perm. Robust
∆R2 (%) ∆R2 (%) ∆R2 (%) p p

NIFTY BANK RV 0–1 0.00 −0.86 −2.07 0.83 0.97
NIFTY BANK RV 2–3 0.04 −0.28 −1.35 0.51 0.63
NIFTY BANK RV 4–5 0.72 −0.07 0.24 0.11 0.11
NIFTY BANK AR 0–1 0.36 −0.43 −0.53 0.82 0.31
NIFTY BANK ∆RV 0–1 0.01 −0.55 −2.44 0.60 0.87
NIFTY 50 RV 0–1 0.42 −0.18 −1.90 0.19 0.20
NIFTY 50 RV 2–3 0.00 −0.29 −1.34 0.37 0.87
NIFTY 50 RV 4–5 0.00 −0.36 −1.22 0.42 0.92
India VIX 0–1 0.03 −0.29 −1.57 0.26 0.63

Mean 0.18 −0.37 −1.35 - -

Table 13: GARCH+rate baseline vs text-augmented model (standardized 10:00–11:00 AM event-window volatility
spike, forward-chaining OOS). ∆R2

text = M2−M1.

Index M0 M1 M2 ∆R2
text nested F (p)

India VIX −0.035 −0.045 −0.128 −0.083 2.33 (0.035)
NIFTY 50 −0.201 −0.024 −0.120 −0.096 1.67 (0.131)
NIFTY BANK −0.470 −0.115 −0.185 −0.071 3.29 (0.005)
M0: GARCH only; M1: +policy-rate; M2: +text.
Paired squared-loss p = 0.28–0.73 (n.s., both encodings). n = 184 events, 82 folds.

time-matched baseline, CLS sentiment with NIFTY
50 additionally clears the full inference proto-
col. Because this fourth association is baseline-
dependent, we treat it as a sensitivity result rather
than as a core cross-baseline finding. Attention
concentration does not survive under either con-
struction.
Regime decomposition under the time-matched
baseline. Estimating the regime-interaction specifi-
cation of §4.7 on the filtered sample with the local
baseline gives, for NIFTY 50, α̂1 = 13.46 (HC3
p = 0.0010) and β̂1 = 53.35 (HC3 p = 0.0006),
and for NIFTY BANK α̂1 = 14.32 (p = 0.0015)
and β̂1 = 73.43 (p = 0.0001); heteroskedasticity-
robust Wald tests of joint stability give F = 21.68
and F = 20.35 respectively (p < 10−4). The unfil-
tered N = 184 estimates quoted in §4.7 are within
10% of these (α̂1 = 14.7 vs. 13.46; 15.6 vs. 14.32)
and identical in sign and significance; the slope
estimates agree to within 1%.
Sensitivity to the baseline window. Table 16
reports the confirmatory correlations for k ∈
{10, 20, 40, 60}. The polarity association is essen-
tially flat in k (r = 0.29–0.34 on both equity in-
dices), the CLS–India VIX association peaks near
k = 20 but remains |r| > 0.18 throughout, and
attention concentration remains non-significant in
rank terms at every k, with the Pearson and Spear-

man estimates of opposite sign across the whole
range. The choice k = 20 is therefore not pivotal.

B.18 Lexicon Baseline for Sentiment

The fine-tuned transformer is only worth its cost
if it improves on a dictionary count. We compute
Loughran–McDonald (Loughran and McDonald,
2011) negative-word share and net polarity on the
parsed document text, aggregate them to the event
date, and evaluate them against the same minute-
level target under the time-matched baseline. Re-
liable text matching is available for 295 of 334
documents, giving a common evaluation sample of
164 event dates on which both the FinBERT and
lexicon features are defined. Table 17 reports the
comparison.

The fine-tuned model dominates on the equity
targets, where neither lexicon feature is significant,
and on India VIX turbulence, where LM polar-
ity is nominally significant but weaker than the
CLS score. The two negativity measures are also
close to uncorrelated with each other (r = 0.090,
p = 0.25; ρ = −0.102, p = 0.20), so the trans-
former is not recovering lexicon counts by another
route. Given the near-neutral concentration of the
model’s residual disagreement with human anno-
tators (Appendix A.7), we read this as evidence
that the contextual model separates hedged central-
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Table 14: Confirmatory family on the data-quality-filtered sample (N = 181), full-sample baseline. Columns as in
Table 1.

Feature Index r p 95% BCa CI ρ ρ p Partial r (p) Robust

Prob. Negative
NIFTY 50 0.192 0.0093 [ 0.065, 0.302] 0.186 0.012 0.149 (0.045) ✓
NIFTY BANK 0.188 0.0111 [ 0.067, 0.301] 0.167 0.024 0.149 (0.045) ✓
India VIX 0.077 0.3004 [−0.016, 0.201] 0.022 0.771 0.090 (0.226)

Attention Std
NIFTY 50 0.212 0.0041 [−0.076, 0.544] −0.119 0.111 0.342 (< 0.001)
NIFTY BANK 0.233 0.0016 [−0.060, 0.552] −0.097 0.192 0.349 (< 0.001)
India VIX −0.012 0.8695 [−0.135, 0.230] −0.010 0.898 −0.035 (0.638)

CLS Score (Norm)
NIFTY 50 −0.084 0.2591 [−0.180, 0.056] −0.053 0.476 −0.116 (0.118)
NIFTY BANK −0.062 0.4060 [−0.155, 0.071] −0.039 0.603 −0.089 (0.234)
India VIX −0.208 0.0049 [−0.340, −0.070] −0.289 < 0.001 −0.203 (0.006) ✓

Table 15: Confirmatory family on the data-quality-filtered sample (N = 181) with the time-matched baseline
(k = 20 nearest non-event trading days). The polarity and CLS associations strengthen; the attention association
disappears.

Feature Index r p 95% BCa CI ρ ρ p Partial r (p) Robust

Prob. Negative
NIFTY 50 0.292 0.0001 [ 0.127, 0.476] 0.173 0.019 0.257 (0.0005) ✓
NIFTY BANK 0.340 < 0.0001 [ 0.178, 0.519] 0.202 0.006 0.309 (< 0.001) ✓
India VIX 0.121 0.1042 [ 0.002, 0.253] −0.006 0.938 0.091 (0.221)

Attention Std
NIFTY 50 0.086 0.2495 [−0.088, 0.304] −0.095 0.203 0.200 (0.0067)
NIFTY BANK 0.115 0.1231 [−0.078, 0.352] −0.064 0.392 0.229 (0.0019)
India VIX −0.073 0.3261 [−0.218, 0.210] −0.155 0.036 −0.015 (0.845)

CLS Score (Norm)
NIFTY 50 −0.175 0.0185 [−0.296, −0.042] −0.170 0.022 −0.211 (0.0042) ✓
NIFTY BANK −0.124 0.0967 [−0.247, 0.033] −0.128 0.085 −0.156 (0.035)
India VIX −0.263 0.0003 [−0.380, −0.126] −0.299 < 0.001 −0.286 (0.0001) ✓

bank negativity from mere negative-word density,
which a dictionary cannot do.

B.19 Lattice Shape and the SCI Construct

Because SCI is generated rather than measured, we
report the shape of the lattices it is computed from.
Across the 332 generated lattices, the number of
derivation rules averages 8.8 (SD 6.7; range 3–62),
the number of lattice nodes averages 20.2 (SD 18.3;
range 5–249), and the number of edges averages
11.0 (SD 11.8; range 0–78). Median SCI is 21 with
an interquartile range of 10–38; on a log10 scale
the distribution has mean 1.40 and SD 1.24.

Two features of this distribution qualify the in-
terpretation of DAST in our setting. First, 30.1%
of lattices contain no edges at all, so Equation 1
returns 1.0 at every node and SCI equals the node
count exactly for roughly a third of the corpus. Sec-
ond, across all documents SCI is close to a mono-
tone transform of lattice size: Spearman ρ = 0.980
with node count, 0.941 with edge count and 0.767
with rule count. Since all our analyses use SCI
ordinally (Appendix A.4), the operative content of
the index is therefore the amount of semantic struc-
ture the generation step extracts, not a fine-grained

gradation of hierarchical depth.

This does not make SCI redundant. It remains
largely orthogonal to fourteen classical readability
indices (|r|max = 0.21; Appendix B.14) and ranks
first among fifteen complexity features for three
announcement-change targets (Table 11). But it
does mean that “semantic complexity” here should
be read as generated-structure volume, and that the
multiplicative form of Equation 1 contributes nu-
merical range rather than additional discriminative
information.

C Institutional and Socioeconomic
Context

The statistical associations documented in the main
paper operate within a specific institutional ecosys-
tem. This appendix discusses possible channels
through which RBI communications may be as-
sociated with market volatility, and identifies the
socioeconomic and institutional factors that medi-
ate this relationship.
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Table 16: Sensitivity of the confirmatory correlations to the number of non-event days k used for the time-matched
baseline (N = 181). Pearson r with Spearman ρ in parentheses.

Feature Index k = 10 k = 20 k = 40 k = 60

Prob. Negative
NIFTY 50 0.308 (0.174) 0.292 (0.173) 0.302 (0.207) 0.293 (0.198)
NIFTY BANK 0.337 (0.175) 0.340 (0.202) 0.335 (0.219) 0.326 (0.219)
India VIX 0.206 (0.089) 0.121 (−0.006) 0.140 (0.057) 0.141 (0.056)

Attention Std
NIFTY 50 0.068 (−0.106) 0.086 (−0.095) 0.143 (−0.068) 0.156 (−0.060)
NIFTY BANK 0.093 (−0.078) 0.115 (−0.064) 0.158 (−0.049) 0.171 (−0.037)
India VIX 0.054 (−0.078) −0.073 (−0.155) −0.031 (−0.111) −0.033 (−0.108)

CLS Score (Norm)
NIFTY 50 −0.185 (−0.171) −0.175 (−0.170) −0.133 (−0.120) −0.127 (−0.127)
NIFTY BANK −0.124 (−0.142) −0.124 (−0.128) −0.097 (−0.107) −0.096 (−0.111)
India VIX −0.186 (−0.203) −0.263 (−0.299) −0.205 (−0.260) −0.194 (−0.250)

Table 17: FinBERT versus Loughran–McDonald on an identical sample (N = 164 event dates, time-matched
baseline). pBH applies Benjamini–Hochberg across the twelve tests shown.

Feature Index r p pBH

Prob. Negative
NIFTY 50 0.292 0.0001 0.0009
NIFTY BANK 0.326 < 0.0001 0.0003
India VIX 0.102 0.1921 0.3294

CLS (Norm)
NIFTY 50 −0.175 0.0248 0.0595
NIFTY BANK −0.109 0.1662 0.3294
India VIX −0.268 0.0005 0.0021

LM negative share
NIFTY 50 −0.011 0.8866 0.8866
NIFTY BANK −0.074 0.3436 0.4123
India VIX 0.086 0.2757 0.3677

LM polarity
NIFTY 50 −0.092 0.2392 0.3588
NIFTY BANK −0.038 0.6266 0.6835
India VIX −0.191 0.0141 0.0423

C.1 Possible Information Transmission
Channels

RBI monetary-policy communications reach mar-
kets through a layered chain: official documents
are published on the RBI website; algorithmic
news-parsing systems operated by institutional
traders can extract salient headlines rapidly; fi-
nancial media relay summaries; and retail in-
vestors subsequently encounter interpreted versions
through brokerage applications and other media
channels. Each layer introduces potential for signal
distortion—algorithmic parsers may react to key-
word sentiment without contextual nuance, while
media summarization may oversimplify complex
conditional guidance.

The polarity channel provides one plausible in-
terpretation of the observed association: negative
language may prompt automated or discretionary
risk-reduction responses, including portfolio rebal-
ancing and hedging. Such a mechanism is consis-
tent with the observed correlation between nega-
tive sentiment and equity volatility spikes within
the announcement hour (§4.3), but these trading re-

sponses are not directly measured in our data. The
stronger association for NIFTY BANK may reflect
the greater direct exposure of banking stocks to
monetary-policy changes and sector-specific port-
folio flows, although these mechanisms should be
interpreted as plausible explanations rather than
directly identified causal pathways.

A second plausible interpretation—a salience
mechanism, in which attention concentrated on a
few competing phrases produces more heteroge-
neous interpretations of the net policy signal—is
not supported by our data and we do not advance
it. The nominal attention association reverses sign
under rank correlation, has a bootstrap interval
spanning zero, is not significant in the joint eq-
uity models, and disappears under a time-matched
baseline (§4.5). We record the hypothesis here only
because it motivated including the feature in the
pre-specified family, and because the discrepancy
between its Pearson and rank behaviour is itself
informative about how attention-derived features
should be evaluated.

The implied-volatility turbulence association
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with CLS sentiment is the second pattern that does
survive. A plausible reading is that a more positive
overall document representation coincides with a
less contested repricing of option-implied uncer-
tainty within the announcement hour. As with the
polarity channel, the microstructure mechanism is
not directly observed in our data, and the associa-
tion is with the variability of India VIX rather than
with its level (Appendix B.10).

C.2 Why Effects are Incremental Rather
Than Dominant

Several institutional features may explain why tex-
tual signals exhibit only modest incremental in-
sample explanatory importance (cumulative con-
tent contribution of 15–25% in feature importance,
§4.8), rather than dominant or out-of-sample pre-
dictive power:

1. Pre-announcement information leakage:
Market participants form expectations about
MPC decisions through macroeconomic data
releases, RBI Governor speeches, and me-
dia commentary in the weeks preceding an-
nouncements. By the time the MPC document
is released, a substantial portion of its infor-
mational content has already been priced in
through the “expectations channel, leaving the
surprise component deviations from consen-
sus as one plausible source of announcement-
day volatility.

2. Algorithmic speed vs. linguistic complex-
ity: High-frequency trading algorithms react
to easily parsed features (rate decision mag-
nitude, keyword counts) within milliseconds,
while the semantic complexity and nuanced
sentiment that our framework captures require
human-timescale cognitive processing. This
could create a temporal separation between
rapidly processed simple signals and more
slowly interpreted complex signals, a pattern
consistent with the observed time-scale split
between sentiment (minute-level) and com-
plexity (daily) documented in §4.4.

3. Concurrent macroeconomic noise: MPC
announcements do not occur in isolation.
Global risk events (US Federal Reserve deci-
sions, geopolitical tensions, commodity price
shocks), domestic data releases (GDP, CPI,
trade balance), and firm-level earnings an-
nouncements all contribute to daily volatility,

diluting the marginal contribution of textual
features in any statistical model.

4. Market microstructure effects: India’s eq-
uity markets feature circuit breakers, price
bands, and periodic call auctions that mechan-
ically constrain volatility responses regardless
of information content. These institutional
guardrails limit the maximum volatility any
single information event can generate, placing
an upper bound on achievable R2 for text-
based prediction.

C.3 The COVID-19 Regime Shift in
Institutional Context

The structural break identified around March 11,
2020 (§4.7) has a clear institutional interpretation.
Pre-COVID, MPC communications operated in a
low-volatility regime where monetary policy was
broadly predictable and forward guidance was well
anchored. The pandemic introduced three simul-
taneous changes: (i) unprecedented policy actions
(emergency rate cuts, moratorium announcements,
liquidity facilities) that had no historical prece-
dent for market participants to calibrate against;
(ii) a surge in retail investor participation—new
demat accounts opened in India grew from approx-
imately 4 million in FY2019 to over 15 million in
FY2021—bringing less sophisticated participants
who may be more sensitive to communication tone;
and (iii) heightened global uncertainty that ampli-
fied the marginal information content of any domes-
tic policy signal. Together, these factors provide
plausible institutional context for the observed post-
COVID regime shift: for both equity indices the
event-window volatility differential shifts upward,
and once the baseline is time-matched the fitted
sentiment–volatility slope also becomes substan-
tially and significantly steeper (§4.7). These institu-
tional mechanisms remain plausible interpretations
rather than directly identified causal contributions.

C.4 Implications for Central Bank
Communication Design

These empirical patterns have several implications
for communication design and evaluation. First,
the event-window analysis shows that the largest
volatility elevation is temporally concentrated and
followed by rapid normalization, making the im-
mediate communication window particularly im-
portant for monitoring market interpretation. Sec-
ond, the daily sentiment complexity models pro-
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vide weaker but suggestive evidence that linguis-
tically dense communication may condition how
sentiment is absorbed over subsequent days; be-
cause this interaction is not robust out of sample,
we treat it as a design hypothesis rather than a vali-
dated intervention rule. Third, our results caution
against a specific evaluation practice. An attention-
derived “salience” feature passed a pre-specified,
multiplicity-corrected screen and would, under
the inference standard common in this literature,
have been reported as a channel; it does not sur-
vive rank or bootstrap inference. Communication-
monitoring tools built on attention-derived features
should therefore be validated with distribution-free
inference before being used to guide disclosure de-
sign. The present observational results establish
market associations rather than the causal effect of
any particular redesign.

These considerations are particularly relevant
for emerging markets like India, where the cen-
tral bank simultaneously serves as monetary au-
thority, banking regulator, and foreign exchange
manager, making its communications inherently
multi-dimensional and increasing the potential for
interpretive ambiguity.
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Figure 6: Intraday Parkinson volatility profiles: MPC days (red) vs. non-MPC days (grey) for NIFTY50 (top),
NIFTYBANK (middle), and INDIAVIX (bottom). The shaded pink region marks the standardized event window
(10:00–11:00 AM IST). NIFTY50 event-day volatility rises into the standardized event window but stays close to
the non-MPC average throughout (see Figure 1 for the ratio view). NIFTYBANK shows the sharpest MPC-day
elevation during 10:00–11:00, converging to the non-MPC baseline by approximately 12:00 PM. INDIAVIX
displays negligible MPC-day divergence from baseline, consistent with implied-volatility turbulence being more
closely related to sentiment content than to the announcement-day profile itself. All three indices exhibit a common
opening-auction spike (9:15 AM) unrelated to MPC effects.
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Figure 7: Temporal co-evolution of dynamic sentiment (blue, left axis) and India VIX (red dashed, right axis),
2010–2025. Sentiment oscillates around neutrality, with no sustained trend, while VIX spikes dramatically at the
onset of COVID-19 (March 2020). Alignment between sentiment troughs and VIX peaks is episodic rather than
continuous, with the most pronounced co-movement occurring during stress periods (2011 eurozone crisis, 2013
taper tantrum, 2020 COVID-19, 2022 rate-hiking cycle). Outside these windows, sentiment and VIX evolve largely
independently, explaining the weak unconditional correlation reported in §4.
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Figure 8: Feature importance comparison across Random Forest and XGBoost models for minute-level volatility
spike prediction. Six panels show importance rankings for three indices (NIFTY50, INDIAVIX, NIFTYBANK)
using two ensemble methods. Lagged volatility proxies (Parkinson range, EWMA mean, realized volatility metrics)
consistently rank highest across all models, with importance scores ranging from 0.10 to 0.35. Content-derived
features (sentiment logits, semantic complexity, attention metrics) appear in lower rankings with importance
scores of 0.02–0.06. The rankings are consistent across Random Forest (blue) and XGBoost (orange) and stable
across random seeds; we treat them as descriptive. Cross-validated RMSE values are reported in panel titles.
Key observation: for NIFTYBANK, lagged NSEBANK EWMA mean and Parkinson mean are the two strongest
predictors (importance > 0.20), while sentiment and complexity features rank positions 8–15. This descriptive
pattern is consistent with the separate out-of-sample result that volatility persistence dominates; textual features
receive smaller fitted-model importance.
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Figure 9: Non-linear effects of textual features on volatility spikes via polynomial regression. Nine panels show
scatter plots with fitted curves for three textual predictors (probability negative, semantic complexity, attention std)
across three indices. Each panel overlays linear (blue), quadratic (red dashed), and cubic (green dashed) fits. Top
row (prob_negative): Near-linear relationships across all indices; polynomial fits provide minimal improvement
over linear, indicating no threshold or saturation effects for sentiment polarity. Middle row (semantic_complexity):
Similarly, linear patterns; complexity effects do not exhibit non-monotonic behavior within the observed range
(0–500). Bottom row (attention_std): An apparent inverted-U shape for NIFTY50 and NIFTYBANK, with the
fitted curve peaking near attention_std ≈ 0.003–0.004, and the opposite shape for INDIAVIX. These curves are
shown for completeness only. The underlying bivariate attention–volatility association does not survive rank or
bootstrap inference (§4.5), polynomial expansions do not improve out-of-sample prediction, and the apparent
curvature is driven by the same small set of high-leverage event dates; we therefore draw no mechanistic conclusion
from it.
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Figure 10: Cross-validated performance (RMSE) for linear vs. polynomial feature models. Polynomial expansions
consistently degrade out-of-sample prediction across all volatility targets despite improving in-sample R2. This
overfitting pattern motivates using parsimonious interaction terms rather than high-capacity nonlinear expansions,
particularly given limited sample size and regime non-stationarity.

Figure 11: Residual analysis after removing event effects. Left panel: R2 of content features regressed on residual
volatility. All bars are red (non-significant), with R2 values below 1.2% across all targets. NSEBANK Delta RV
residuals show the highest (but still negligible) content sensitivity. Right panel: Scatter of sentiment-residual
correlations (x-axis) vs. complexity-residual correlations (y-axis) across all volatility targets. Points cluster near the
origin, indicating that neither sentiment nor complexity shows a systematic association with residual volatility.
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Figure 12: Volatility distributions stratified by sentiment intensity and semantic complexity (median split). High-
sentiment documents (left panel) and high-complexity documents (right panel) exhibit elevated volatility across
multiple metrics, though patterns are not universal across all measures.
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Figure 13: Feature importance scores from Random For-
est regression predicting NIFTY BANK realized volatil-
ity (Days 0–1). The analysis focuses solely on content-
derived features, excluding lagged volatility proxies.
Sentiment logits emerge as the most important textual
feature (0.26), followed by lagged sentiment (0.20) and
semantic complexity (0.19). Semantic complexity ranks
higher in-sample at the daily than the minute horizon;
however, this is an in-sample importance pattern only—
its out-of-sample contribution is not statistically signifi-
cant (Appendix B.2).
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