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Abstract

This study examines whether financial technology firms transmit or absorb volatility between digital
financial assets and traditional retail banking. Existing research treats these domains separately, comparing
FinTech with incumbent banks or cryptocurrencies with equities, leaving the three-way structure
unexamined. Using 1,321 aligned daily returns from Coinbase's April 2021 listing to July 2026, a balanced
tripartite panel is constructed from two FinTech firms, two retail banks, and two digital assets,
benchmarked against the S&P 500. Bitcoin's 24-hour calendar is reconciled with equity trading through
log-return accumulation, folding 602 weekend sessions into the following trading day and preserving
realised variance that truncation would discard. Volatility connectedness is estimated on model-free
Garman-Klass realized volatility rather than on fitted GARCH variances, which avoids the generated-
regressor fragility that a proxy robustness check shows can otherwise reverse the headline results. Three
formal hypotheses were tested. The null of no structural trend in FinTech systematic risk is rejected, since
Newey-West trend regressions on rolling betas return probability values below .001 for both the platforms.
The null hypothesis of no volatility contagion into retail banking is rejected on a stationary panel, yielding
a total spillover index of 48.18 per cent, with banking drawing 20.33 per cent of its forecast error variance
through FinTech against 3.75 per cent directly from digital assets. The null hypothesis that the
intermediary role does not reverse across macro-financial regimes cannot be rejected because FinTech
remains a net transmitter in the boom, tightening cycle, and banking crisis alike. Therefore, FinTech
operates as a stable amplifying conduit rather than a cushion, transmitting structural repricing at horizons
that a daily monitoring dashboard is least able to observe. Risk-adjusted performance inverts the disruption
narrative: retail banking returned 15.83 percent annually against minus 23.18 percent for fintech.
Perimeter regulation should treat FinTech as a systemic-transmission node.

Keywords: FinTech Disruption, Retail Banking, Digital Financial Assets, Volatility Spillover, Diebold-
Yilmaz Connectedness, Realised Volatility, Conditional VValue at Risk, Frequency Decomposition

1. Introduction

1.1 Three Domains, One Balance Sheet

The retail financial system of the mid-2020s rests on three structures that scholarship has largely examined
in isolation: financial technology firms, intermediating payments, and credits outside the chartered
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banking perimeter. Retail banks retain deposit franchises, regulatory capital, and access to central bank
liquidity. Digital financial assets constitute a distinct class whose price formation occurs continuously and
largely outside the scope of prudential supervision. Each has generated substantial literature. However,
the manner in which volatility travels between them has not been established.

This question is important because the three are not independent. Gomber et al. (2018) [1] document how
FinTech reorganizes the functions of financial intermediation rather than merely adding channels, while
Thakor (2020) [2] surveys the resulting displacement of bank activities. Buchak et al. (2018) [3] show that
a substantial share of FinTech lending growth reflects regulatory arbitrage, meaning that risk migrates
outside the supervised perimeter rather than disappearing. Fuster et al. (2019) [4] find that technology-
driven lenders process applications faster without demonstrably better credit outcomes. If FinTech firms
are structurally positioned between digital assets and banks, holding crypto exposure on their balance
sheets while serving retail depositors who also bank with incumbents, then their position in the volatility
transmission network becomes a supervisory question rather than a competitive one.

Therefore, this study assigned equal analytical weight to all three domains. Two listed firms represent
each: PayPal and Block for FinTech disruption, JPMorgan Chase and Bank of America for retail banking,
and Coinbase and Bitcoin for digital financial assets. The S&P 500 index serves as the market benchmark.
No pillar was treated as the dependent variable, and no pillar was relegated to a control. Every table reports
results pillar by pillar so that the tripartite structure is visible rather than being asserted.

1.2 Why Directional Spillover Rather Than Correlation

Correlation cannot answer a directional question because two assets may co-move without either
transmitting to the other. The generalized variance decomposition of Diebold and Yilmaz (2012) [5]
resolves this by attributing each market's forecast error variance to shocks originating elsewhere,
producing transmitted and received measures that need not be symmetric. Applied to volatilities rather
than returns, it measures how risk propagates, which is the quantity a supervisor concerned with contagion
actually needs.

Nonetheless, a single connectedness index aggregates across horizons, conflating a liquidity panic that
dissipates within days with a structural repricing that persists for months. Barunik and Krehlik (2018) [6]
decompose connectedness in the frequency domain, which is essential here because a supervisor
concerned with a bank run needs the high-frequency measure, while one concerned with credit cycle
transmission needs the low-frequency measure, and these can point in opposite directions.

1.3 Research Gap

Three studies have addressed this problem, but none have resolved it. The FinTech literature establishes
that intermediation is being reorganized but does not measure risk transmission. Banking literature
establishes what makes incumbents resilient but predates the digital asset class. The cryptocurrency
literature thoroughly measures volatility but treats conventional finance as an external benchmark rather
than a connected counterparty. Connectedness methods have been applied to cryptocurrencies against
broad conventional aggregates but not to a balanced tripartite structure in which FinTech is positioned
explicitly between digital assets and banks. No study identified in the reviewed literature tests whether
FinTech transmits or absorbs volatility between the two, which is the question that a supervisor actually
faces. This study directly addresses this gap, and Section 3 formalizes it into a conceptual framework and
a set of testable hypotheses.

1.4 Research Questions and Objectives

Four research questions are posed, three of which are formal hypotheses.
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e RQ1: Has the systematic risk of FinTech platforms changed structurally over the sample period, or has
it merely fluctuated around a constant level?
e RQ2: Is volatility transmitted from digital financial assets to retail banking, and through which
transmission channels?
e RQ3: Is the intermediary role of FinTech stable across different macro-financial regimes, or does it
reverse under varying liquidity conditions?
e RQ4: How do the three pillars compare in terms of risk-adjusted performance over the sample period?
RQ1 to RQ3 are formalized as Hypothesis 1 to Hypothesis 3 in Section 3 and are decided statistically in
Section 5; RQ4 is answered descriptively, since it concerns relative performance rather than a directional
restriction.
Four objectives were used to operationalize these questions. The first is to construct a balanced tripartite
daily panel of FinTech, retail banking, and digital asset securities from 2021 to 2026, reconciling the
continuously traded cryptocurrency calendar with the equity calendar. The second is to test whether
FinTech systematic risk exhibits a significant time trend using Newey-West trend regressions on rolling
betas. Third, we estimate directional volatility connectedness on model-free realized volatility to establish
whether contagion reaches banking and classify the transmission route through explicit decision rules.
Fourth, we determine whether the classification is stable across forecast horizons, volatility proxies, and
macro-financial regimes, and benchmark the three pillars on risk-adjusted performance. Section 4 details
the data and methods, Section 5 reports the results, Section 6 discusses them, and Section 7 concludes.
1.5 Contribution and Principal Findings
This study makes three contributions to the literature. It assembles a balanced tripartite panel that places
FinTech between digital assets and banking rather than treating any domain as a control; it introduces two
decision statistics, the Conduit Ratio and Net Absorption, that classify a sector's transmission role rather
than merely describing its connectedness; and it estimates the system on model-free realized volatility, a
choice a robustness analysis shows to be material. Four findings were obtained, two of which were
contrary to expectations prior to estimation.
First, the tripartite performance ranking inverts the disruption narrative: retail banking returned 15.83 per
cent annually at 25.42 per cent volatility, against minus 23.18 % at 51.12 for FinTech and minus 4.97 %
at 70.11 for digital assets; thus, the incumbents outperformed the disruptors on every risk-adjusted
measure. Second, the total spillover index is 48.18 per cent, and its direction reverses the contagion
narrative: the two FinTech firms are the largest non-benchmark net transmitters, while both digital assets
and banks are net receivers, making FinTech, not crypto, the transmitting hub.
Third, and this is the headline, FinTech is a strong conduit, with a net directional position of 14.25 and a
Conduit Ratio of 5.425. The verdict is stable across forecast horizons from ten to one hundred days and
holds in all three macro-financial regimes. Because FinTech transmits more than it absorbs, it amplifies
rather than merely relaying. Fourth, and contrary to the prior stated in Section 3, the transmission is
structural rather than panic-driven: digital assets are net receivers at every frequency band, while FinTech's
transmitter role strengthens with the horizon, a pattern confirmed by a model-free volatility estimator
adopted after a GARCH-based proxy proved horizon-unstable.

2. Literature Review
2.1 FinTech Disruption and the Reorganisation of Intermediation
The FinTech literature has moved from describing new entrants to analyzing what they change about inter-
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mediation itself. Gomber et al. (2018) [1] provide an organizing framework, arguing that digital
technology alters the operations, business models, and service propositions of financial firms
simultaneously rather than sequentially. Lee and Shin (2018) [7] mapped the resulting ecosystem across
payments, wealth management, lending, crowdfunding, and capital markets, showing that FinTech is not
a single industry but a set of functional substitutions.

Whether these substitutions reduce systemic risk or relocate it is still contested. Buchak et al. (2018) [3]
find that shadow banks account for a large share of United States mortgage origination growth, with
roughly 60 per cent of it attributable to regulatory burden differentials rather than technology. Therefore,
much FinTech expansion reflects the arbitrage of the supervisory perimeter, moving credit risk to less-
monitored balance sheets. Fuster et al. (2019) [4] reinforce this finding, showing that technology-based
lenders process mortgages faster without evidence of superior screening. Speed without better selection
transforms risk rather than reducing it.

Haddad and Hornuf (2019) [8] find that a developed economy, available venture capital, and a fragile
existing banking sector all predict FinTech formation. This is important because it implies that FinTech
emerges where banks are already weak, creating a correlation between FinTech presence and banking
fragility that runs opposite to contagion narratives. Thakor (2020) [2] concludes that FinTech's competitive
effect on banks is real, while its stability consequences remain unresolved, which this study addresses.
The payments literature supplies the mechanism through which fintech reaches retail depositors. Dahlberg
et al. (2008) [9] reviewed the technological and social forces shaping mobile payment adoption. Suri and
Jack (2016) [10] demonstrate real economy consequences, showing that mobile money access in Kenya
lifted households out of poverty and shifted occupational choices, concentrated among female-headed
households. Ozili (2018) [11] links digital finance to inclusion and stability, arguing that the two
complement each other at moderate adoption but can diverge when providers accumulate exposures
without corresponding supervision.

2.2 Retail Banking Dynamics and Technological Response

The retail banking literature predates FinTech and supplies the counterfactual against which disruptions
should be measured. Beccalli (2007) [12] examines information technology investment across European
banks and finds that spending on IT services improves performance, while spending on hardware and
software does not, a distinction that anticipates the later observation that technology adoption alone does
not confer advantage. DeYoung et al. (2007) [13] study community banks adopting Internet channels and
find improved profitability driven by deposit mix shifts and higher non-interest income rather than cost
reduction. Both results suggest that incumbents can absorb technological change when they treat it as a
distribution question.

Bank capital is the other aspect of resilience. Beck et al. (2013) [14] compare business models across a
large international sample and find that capitalization and liquidity, rather than business orientation,
explain crisis performance in the banking sector. Cihak and Hesse (2010) [15] reach a compatible
conclusion with a size interaction, finding that small institutions are financially stronger than large ones
within the same model class. Johnes et al. (2014) [16] add efficiency to the frame, showing that default
risk and efficiency are related, but that the relationship differs across business models, implying that any
stability comparison omitting management quality is incomplete.

Three further studies caution against treating banks as a monolith. Abedifar et al. (2013) [17] find that risk
differences between bank types are concentrated among small, low-leverage institutions and are absent
among large ones; Bourkhis and Nabi (2013) [18] find no significant difference in crisis soundness across
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models; and Ariss (2010) [19] documents that market power itself acts as a stabilizer. These results warn
against attributing a business model to size, leverage, or competitive position; therefore, this study
interprets its two-bank pillar as large diversified United States retail banking rather than banking in
general.

2.3 Digital Financial Assets as an Emerging Class

The digital asset literature is divided on whether cryptocurrencies function as currencies, commodities, or
speculative instruments. Dwyer (2015) [20] provides an early economic treatment, establishing that
Bitcoin's supply schedule and decentralized validation give it properties unlike both fiat and commodity
money. Baur et al. (2018) [21] test the currency claim directly using transaction-level data and find that
Bitcoin is used predominantly as a speculative asset rather than a medium of exchange, a finding that
shapes how its volatility should be interpreted.

Volatility modelling of digital assets is well-developed. Katsiampa (2017) [22] compares GARCH
specifications for Bitcoin and finds that the model incorporating both short-run and long-run components
fits best, establishing that Bitcoin volatility is persistent rather than transient. Dyhrberg (2016a) [23]
applies GARCH to Bitcoin alongside gold and the dollar, finding hedging capabilities against equities,
and extends the analysis (Dyhrberg, 2016b [24]) to argue for a position between gold and the dollar. Bouri
et al. (2017) [25] qualify these conclusions substantially, finding that Bitcoin functions as a diversifier in
most cases and only rarely as a hedge or safe haven, with results sensitive to the horizon and the market
examined.

The findings on market efficiency bear directly on transmission. Urquhart (2016) [26] rejects weak-form
efficiency for Bitcoin while finding that efficiency increases over time, and Bariviera (2017) [27] confirms
this using a rolling approach. Makarov and Schoar (2020) [28] document large persistent arbitrage spreads
across exchanges and attribute them to capital controls rather than transaction costs. Pieters and Vivanco
(2017) [29] show that regulatory divergence generates price inconsistencies across venues. An inefficient
segmented market can generate spillovers that reflect microstructures rather than fundamentals.

The bubble dynamics complete this picture. Cheah and Fry (2015) [30] find substantial speculative
components in Bitcoin pricing and estimate a fundamental value that is close to zero. Fry and Cheah (2016)
[31] extend this to negative bubbles and cross-market shocks in the UK. Blau (2017) [32] finds that
speculative trading does not straightforwardly explain Bitcoin's volatility. Liu and Tsyvinski (2021) [33]
show that cryptocurrency returns respond to factors distinct from equity and currency markets, notably
momentum and investor attention, implying partial rather than full integration. Conlon and McGee (2020)
[34] tested safe haven properties during the pandemic crash and found that Bitcoin moved with the S&P
500 and increased portfolio downside risk, contradicting the digital gold thesis when it mattered most.
2.4 Volatility Spillover and Connectedness Methodology

The methodological foundation begins with the conditional heteroskedasticity. Engle (1982) [35]
introduced the autoregressive conditional heteroskedasticity model, and Bollerslev (1986) [36]
generalized it to the parsimonious form used throughout applied finance, as follows: The persistence
parameter from this specification, the sum of the autoregressive and moving average variance coefficients,
determines how long a volatility shock endures and supplies the absorption speed measure used in Section
5. For the connectedness input itself, this study relies on the model-free range estimator of Garman and
Klass (1980) [37], whose use of the daily open, high, low, and close yields realized volatility several times
more efficiently than the squared close-to-close return without requiring any model fitting.
Connectedness measurements are based on this. Diebold and Yilmaz (2009) [38] introduced a spillover

IJFMR260484420 Volume 8, Issue 4, July-August 2026 5



http://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)
LIFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

index based on forecast error variance decomposition, and Diebold and Yilmaz (2012) [5] refined it using
the generalized decomposition, which removes dependence on variable ordering, a material advantage
when no theoretical ordering of FinTech, banking, and crypto exists. Diebold and Yilmaz (2014) [39]
reformulated the framework in network terms, and Stiassny (1996) [40] supplied the spectral
decomposition that Barunik and Krehlik (2018) [6] later extended into frequency-domain connectedness.
Estimation requires the vector autoregression machinery, as implemented by Pfaff (2008). [41].
Applications of crypto-conventional linkages are directly relevant. Corbet et al. (2018) [42] applied both
frameworks to cryptocurrencies and conventional assets, finding that cryptocurrencies are relatively
isolated and transmit predominantly at high frequencies. Maghyereh et al. (2016) [43] established that
transmission intensifies during turbulence. Commodity financialization supplies the closest structural
analog: Tang and Xiong (2012) [44] document that index investment raises commodity-equity
correlations; Cheng and Xiong (2014) [45] survey the mechanisms; Buyuksahin and Robe (2014) [46]
link correlation increases to hedge fund participation; and Silvennoinen and Thorp (2013) [47] trace the
dynamics through crisis. If digital assets follow the same institutionalization path, their connectedness
should increase, which Section 5 tests directly.

2.5 Risk Measurement and Methodological Foundations

Performance measurement follows Sharpe (1966) [48] and Sharpe (1994) [49]. Because this measure
penalizes upside and downside variation identically, downside-sensitive alternatives are reported
alongside it. Tail risk follows Artzner et al. (1999) [50], whose axiomatic treatment established that value
at risk is not subadditive and, therefore, not coherent, motivating the conditional measure used in Section
5. Inference uses Newey and West (1987) [51], as implemented by Zeileis (2004) [52]. Diagnostics follow
Dickey and Fuller (1979) [53], Jarque and Bera (1980) [54], and Ljung and Box (1978) [55], with variance
tests from Brown and Forsythe (1974) [56] and mean comparisons from Welch (1947) [57]. Integration is
interpreted according to Fama (1970) [58], with the emerging market qualifications of Bekaert and Harvey
(1997) [59] and foreign participation of Bekaert and Harvey (2000) [60]. Dynamic correlation extensions
follow Engle (2002) [61], and Khan (2010) [62] cautions that the nominal categorization of financial
institutions may not match economic substance. These foundations are assembled in the conceptual
framework in Section 3.

3. Conceptual Framework and Hypothesis Development

3.1 The Conduit and Cushion Perspectives

The central proposition concerns the structural position of FinTech, and two accounts are possible that
carry opposite regulatory implications. Under the conduit account, fintech firms operate as contagion
bridges. Their balance sheets carry direct digital asset exposure, and their revenue depends on transaction
volumes that collapse when the crypto markets fall. Therefore, shocks originating in digital assets enter
FinTech and pass on to retail banking through shared retail customers, correspondent relationships, and
common institutional ownership. If this holds, then FinTech is a volatility amplifier, and supervisors
should treat it as a systemic transmission node.

Under the cushion account, the same shocks are absorbed and dissipated by FinTech firms. Diversified
payment revenues, which do not depend on asset prices, offset crypto-linked losses; thus, digital asset
volatility enters FinTech but is not passed onward, and the sector insulates banks rather than infecting
them. If this holds, FinTech is a shock absorber, and the supervisory priority shifts from containment to
preserving the diversification that produces the buffer. The distinction speaks directly to central banks
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calibrating perimeter regulation, neobanks defending their business models before supervisors, and
institutional investors deciding whether FinTech equity offers diversification against digital asset exposure
or merely repackages it.

3.2 Conceptual Framework

The three domains are modelled as a directed volatility-transmission network with three substantive nodes:
digital assets, FinTech, and retail banking, plus a market benchmark that captures common factor
exposure. FinTech is placed structurally between the other two nodes because its balance sheet carries
direct digital asset exposure, whereas its customer base and correspondent relationships connect it to
regulated banking. Volatility can therefore reach banking through two routes: the direct edge from digital
assets to banking and the indirect path from digital assets through FinTech to banking. The relative
strength of these routes distinguishes the two perspectives and is precisely what the analysis measures.
Three quantities, all derived from the generalized variance decomposition operationalized in Section 4,
characterize the position of FinTech. The first is its net directional connectedness, the variance transmitted
minus the variance received. The second is the Conduit Ratio, the indirect edge from FinTech to banking
scaled by the direct edge from digital assets to banking. The third is Net Absorption, the variance FinTech
receives from digital assets minus the variance it transmits onward to banking. A conduit is a net
transmitter with a Conduit Ratio above unity, and a cushion is a net receiver that absorbs more than it
emits. Two moderators complete the framework: the frequency band, separating short-run panic from
long-run structural repricing, and the macro-financial regime, which captures the prevailing liquidity state.
The hypotheses that follow state the predicted sign of each quantity, and Section 5 tests these.

3.3 Formal Hypotheses

Three hypotheses are proposed. Each is stated as a null and an alternative hypothesis, linked to a specific
statistical test, and evaluated empirically in Section 5.

Hypothesis 1 (Systemic Risk Drift).

This hypothesis examines whether the systematic risk of FinTech platforms has undergone a structural
change over the sample period.

e HO: The rolling market beta of FinTech platforms exhibits no systematic time trend (d = 0).

o Ha: The rolling market beta of FinTech platforms exhibits a statistically significant time trend (d # 0).
The hypothesis is tested using a Newey-West trend regression based on the 120-day rolling market beta,
with the results reported in Table 6.

Hypothesis 2 (Volatility Contagion).

This hypothesis examines whether volatility originating in digital financial assets is transmitted to the
retail banking sector.

« HO: No volatility spillovers exist from Digital Assets or FinTech to Banking.

« Ha: At least one directional volatility spillover exists from Digital Assets or FinTech to Banking.
The hypothesis is evaluated using the generalized forecast error variance decomposition (GFEVD)
reported in Table 7 and Table 8, conditional on the stationarity established by the augmented Dickey-
Fuller tests in Table 2.

Hypothesis 3 (Conduit versus Cushion Regime Shift).

This hypothesis examines whether the intermediary role of FinTech remains stable across macro-financial
regimes.

« HO: FinTech's net directional connectedness retains the same sign across all regimes.
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e Ha: FinTech's net directional connectedness changes sign across regimes, indicating a shift between
conduit and cushion roles.

The hypothesis is tested through regime-specific re-estimation of the connectedness model. The results

are reported in Table 11, supported by the horizon and proxy grids in Table 9.

4. Data and Methodology

4.1 Sample Construction and Symbol Resolution

The sample spans April 15, 2021, the date of Coinbase's direct listing and therefore the first date on which
all seven series exist, to July 21, 2026. Daily adjusted closing prices were retrieved from Yahoo Finance
using the quantmod package (Ryan & Ulrich, 2024 [63]) within R version 4.5.2 (R Core Team, 2025 [64]).
Adjusted rather than raw closes are used so that the series represents total returns, including dividends,
which matters materially for the banking pillar. The full daily open, high, low, and close are also retained
because the range-based volatility estimator described below requires them.

Symbol resolution requires documentation because one ticker changed during the sample period. Block,
Inc. migrated from SQ to XYZ, and the retrieval routine confirmed this at runtime: the request for SQ
returned HTTP status 404, and the fallback candidate XY Z was resolved with the full 1,322 observations.
The operative symbols are therefore PYPL, XYZ, JPM, BAC, COIN, BTC-USD and *"GSPC, as recorded
in Table 1. Researchers replicating this analysis should use XYZ rather than the SQ identifier that appears
in the pre-2025 literature.

4.2 Scope and External Validity of the Asset Universe

The seven series are United States listed, and the reason this is a strength rather than a parochial limitation
should be stated before the results are read. The three pillars are represented by venues where relevant
prices are discovered. Bitcoin trades continuously on global venues and is quoted in United States dollars;
therefore, its price is the reference against which digital asset risk is marked worldwide rather than a
domestic American quantity. Coinbase is the largest listed regulated exchange for asset classes. PayPal
and Block operate cross-border payment rails whose corridors terminate in emerging markets, and their
business models are the templates that domestically listed FinTech firms replicate in those markets.
JPMorgan Chase and Bank of America are globally systemically important banks whose funding
conditions propagate into correspondent banking networks well beyond the United States, and the S&P
500 is the reference portfolio against which global equity risk premia are benchmarked.

There is also a measurement argument to consider. Connectedness estimated by vector autoregression is
sensitive to thin trading, stale prices, and non-synchronous quotations, all of which are pronounced in
emerging market listings and bias variance decompositions toward spurious own-share dominance. The
chosen series are deeply traded and continuously audited; therefore, the estimated transmission reflects
information flow rather than microstructure noise. For an emerging digital economy, the practical question
is not how its own thinly traded FinTech listings co-move, but how much volatility arrives from the
upstream global system into which its payment rails, dollar-denominated crypto exposures, and
correspondent banking relationships are plugged. This panel measures the upstream system, making it the
appropriate empirical benchmark rather than a substitute for local evidence. What the panel cannot capture
is the local regulatory regime, currency mismatch, and capital control environment through which
imported shocks are finally filtered. Section 6 records this as a boundary for the findings.

4.3 Non-Synchronous Calendar Reconciliation

Bitcoin trades continuously, while equities observe a five-day calendar, and the treatment of this mismatch
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materially affects every subsequent estimate. Discarding weekend observations would remove roughly 31
per cent of Bitcoin's realized variance, including moves that cluster precisely when order books are thin.
This study applied log-return accumulation. Because continuously compounded returns are strictly
additive over time, weekend returns can be folded into the following trading days without loss:

r(Mon, accumulated) = r(Sat) + r(Sun) + r(Mon) = In P(Mon) - In P(Fri) (1)

The resulting series measures Bitcoin over the identical Friday-close to Monday-close interval across
which equities also move, so no mismatched rows are created, and no variance is discarded. Aligning
cryptocurrency series to equity calendars before estimating cross-asset transmission follows Bouri et al.
(2017) [25] and Corbet et al. (2018) [42], who address non-synchronous trading between continuous
crypto markets and scheduled equity markets.

The procedure was verified numerically rather than being asserted. Bitcoin's aligned series was
reconstructed by explicitly summing daily log returns within each inter-trading-day interval and compared
against the differenced log price series. The maximum absolute discrepancy across all 1,321 observations
was zero, confirming that the identity holds with machine precision. In total, 602 non-trading sessions,
representing 31.31 per cent of all 1,923 crypto sessions, were folded into subsequent trading days.

4.4 The Variance Additivity Property and Its Defence

Accumulation raises the measured variance of the affected observations, and this property should be stated
plainly rather than discovered by the referee. Under the independence of successive returns, the variance
of an accumulated three-day return is the sum of its components:

Var[r(Mon, accumulated)] = Var[r(Sat)] + Var[r(Sun)] + Var[r(Mon)] (2)

Approximately 31 per cent of the aligned Bitcoin series, therefore, spans three calendar days rather than
one, and the daily standard deviation rises accordingly. This is the correct consequence of preserving
weekend price discovery and not a distortion introduced by the method. The alternative, truncating
weekends, artificially suppresses measured cryptocurrency volatility by discarding roughly 31 per cent of
realized variance while leaving the equity series untouched, producing a comparison biased toward finding
crypto less volatile than it is. The same additivity is applied to Bitcoin's weekend range variances in the
volatility panel described below, so the volatility and return panels measure the identical interval.
Annualization must be consistently handled. All aligned series, including accumulated Bitcoin, are
annualized on 252 periods because they are observed on the equity calendar. The raw seven-day Bitcoin
series reported for robustness in Table 10 is annualized on 365. Therefore, the two rows are not directly
comparable, as stated in the table note.

4.5 Realised Volatility as the Connectedness Input

Connectedness in the Diebold-Yilmaz framework is properly estimated using model-free realized
volatility rather than fitted conditional variances. Therefore, the primary volatility measure is the range
estimator of Garman and Klass (1980) [37], computed for each trading day from the open, high, low, and
close:

sigma”2(GK) = 0.5 [In(High / Low)]"2 - (2 In 2 - 1) [In(Close / Open)]*2 (3)

The estimator requires no model to be fitted and is substantially more efficient than the squared close-to-
close return because it exploits the full intraday range of the data. It can turn slightly negative when the
close-to-open jump exceeds the intraday range; therefore, it is floored at zero. Bitcoin's weekend range
variances are accumulated into the following trading day by the same interval logic applied to its returns,
because variance is additive across independent sub-periods exactly as continuously compounded returns
are. Therefore, the resulting volatility and return panels describe the identical Friday-close to Monday-
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close intervals.

The alternative of feeding the estimated GARCH standard deviations into the vector autoregression was
rejected on methodological grounds. Fitted volatilities are generated regressors, and a connectedness
estimate built on them inherits the identification problems of each underlying model. This defect is not
hypothetical in this sample. PayPal's GARCH is unidentified, returning a near-integrated persistence of
0.9929, while its squared returns display no detectable autocorrelation. Section 5 shows that under a
GARCH-based proxy, the conduit versus cushion verdict is unstable across forecast horizons. The range
estimator removes the problem at the source. GARCH is retained only as a reported robustness comparator
and for persistence and half-life measures in Table 5.

4.6 GARCH Estimation and the Connectedness Estimator

Conditional volatility is estimated by fitting a generalized autoregressive conditional heteroskedasticity,
or GARCH(1,1), specification following Engle (1982) [35] and Bollerslev (1986) [36] to each series with
a first-order autoregressive mean equation and a Student t conditional distribution, the latter chosen
because diagnostics decisively reject normality for all seven series. The estimation uses the rugarch
package (Ghalanos, 2024 [65]). Persistence is the sum of the two variance parameters, and the implied
half-life, the natural logarithm of one-half divided by the logarithm of persistence, expresses the
absorption speed in trading days. These estimates are reported in their own right and serve as comparator
proxies in the robustness analysis.

Connectedness follows Diebold and Yilmaz (2012). [5]. A vector autoregression of order two is fitted to
the seven Garman-Klass volatility series, and generalized forecast error variance decomposition yields a
matrix in which element i,j gives the share of market i's variance attributable to shocks in market j. Row
sums, excluding the diagonal, give the variance received, column sums give the variance transmitted, and
the mean of the received shares is the total spillover index. The generalised decomposition is preferred to
the Cholesky alternative because no theoretical ordering of the three pillars exists. The forecast horizon is
set to one hundred steps: a ten-step horizon cannot identify a low-frequency band whose lower edge sits
at twenty days; therefore, the same horizon serves both the aggregate index and its frequency
decomposition, which Section 5 confirms exactly.

Frequency decomposition follows Barunik and Krehlik (2018). [6]. Connectedness is separated into three
bands with boundaries at pi, pi/5, pi/20, and zero, corresponding to horizons of one to five days, five to
twenty days, and beyond twenty days. The short band captures liquidity events and panic, while the long
band captures structural and macroeconomic repricing.

4.7 Operationalising the Hypotheses

Testing the hypotheses in Section 3 requires statistics that classify rather than describe. The seven-by-
seven asset matrix is first aggregated into a three-by-three pillar matrix by summing within-block entries
and renormalising rows to 100. Writing S(A to B) for the share of pillar B's variance attributable to pillar
A, the two decision statistics introduced in the framework are computed as follows: The Conduit Ratio
compares the indirect transmission path with the direct one:

Conduit Ratio = S(FinTech to Banking) / S(DigitalAssets to Banking) 4)

A value above unity indicates that more banking variance arrives through FinTech than directly from
digital assets, which is the signature of a transmission bridge and the condition stated in H1. The Net
Absorption metric compares what FinTech receives from digital assets against what it passes onward.
Net Absorption = S(DigitalAssets to FinTech) - S(FinTech to Banking)  (5)
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A positive value indicates that FinTech takes in more digital asset variance than it transmits, the signature
of a buffer; a negative value is the amplification condition in H2. Classification combines these with the
net directional position of FinTech. A positive net position together with a Conduit Ratio above unity
yields a strong conduit verdict; a non-positive net position together with positive absorption yields a strong
cushion verdict; the remaining combinations, in which the two components disagree, yield weak
classifications, which are reported as such.

It is noted explicitly that this decision rule was constructed for this study rather than being adopted from
prior work. The underlying connectedness components are standard, but the ratio, absorption metric, and
classification thresholds are novel and should be evaluated as such. To test Hypothesis 3, the full battery
IS re-estimated within each frequency band, within each regime, and across a grid of forecast horizons and
both volatility proxies, so that any dependence of the verdict on window, horizon, or proxy is reported as
a finding rather than concealed as instability.

5. Empirical Results

5.1 Sample Composition and Preliminary Diagnostics

Table 1 lists the asset universe and the symbols that were resolved. Table 2 reports the distributional
properties. The volatility ordering across pillars is stark and monotonic: retail banks occupy the 24 to 27
per cent annualized range, FinTech firms 43 to 59 per cent, and digital assets 56 to 84 per cent. Coinbase
at 84.36 per cent is roughly five times as volatile as the benchmark.

The Augmented Dickey-Fuller statistics reject the unit root null for all seven series at the one per cent
level, confirming stationarity. Jarque-Bera statistics reject normality decisively throughout, justifying the
Student t conditional distribution. The Ljung-Box statistics on squared returns reject the absence of
conditional heteroskedasticity for six of the seven series.

PayPal is the exception, and the anomaly deserves reporting because it is the reason why the connectedness
analysis rests on model-free volatility. Its Ljung-Box probability value of .98 indicates no detectable
volatility clustering at ten lags, yet the GARCH model in Table 5 returns a persistence of 0.9929 and an
implied half-life of 97.7 trading days. These sit uncomfortably together, since a near-integrated variance
process should generate a strong autocorrelation in squared returns. The most plausible reading is that
PayPal's variance is dominated by a few large discrete repricing events rather than persistent clustering,
leaving the GARCH parameters weakly identified. Therefore, PayPal’s half-life is treated as unreliable,
and its unidentified fit is exactly the fragility that the Garman-Klass volatility input is designed to bypass.

Table 1: Asset Universe, Pillar Assignment and Resolved Symbols

Asset Pillar Requested Resolved Observations
PayPal FinTech Disruption |[PYPL PYPL 1,322
Block FinTech Disruption |SQ XYZ 1,322
JPMorgan Chase Retail Banking JPM JPM 1,322
Bank of America Retail Banking BAC BAC 1,322
Coinbase Digital Assets COIN COIN 1,322
Bitcoin Digital Assets BTC-USD BTC-USD 1,924
S&P 500 Benchmark AGSPC "GSPC 1,322
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Note. The request for SQ returned an HTTP status 404 following Block, Inc.'s ticker migration, and the
fallback candidate XYZ resolved. Bitcoin's larger raw count reflects continuous trading; 602 sessions were
accumulated into the aligned calendar. The aligned panel comprises 1,322 common price observations,
yielding 1,321 daily returns from April 15, 2021, to July 21, 2026.

Table 2: Descriptive Statistics and Stationarity Diagnostics for Daily Log Returns

Asset M (%) |SD Ann. SD|Min Max |Skew |Kurtosis|ADF
(%) (%) (%) (%)

PayPal - 2.7040 |42.93 -28.22 |15.88 |[-1.387 |18.240 |-9.97
0.1199

Block - 3.7360 |59.31 -22.86 |23.22 |-0.086 |7.149 -10.80
0.0900

JPMorgan 0.0719 |1.5281 |24.26 -7.78 110.93 |-0.050 |7.516 -11.36

Chase

Bank 0f|0.0443 |1.6741 |26.58 -11.72 |8.09 -0.191 |6.641 -11.04

America

Coinbase - 5.3144 |84.36 -30.65 |27.09 |0.145 |5.539 -10.34
0.0452

Bitcoin 0.0033 |3.5190 |55.86 -25.72 118.12 |-0.366 |7.830 -10.36

S&P 500 0.0445 |1.0541 |16.73 -6.16 |9.09 |0.011 |9.466 -10.93

Note. N = 1,321 returns per series were obtained. All ADF statistics were significant at p < .01. Jarque-
Bera rejects normality at p < .001 for all series. The Ljung-Box on squared returns at 10 lags rejects at p
< .001 for all series except PayPal (p =.98), as discussed in the text.
Figure 1 plots all seven series rebased to 100 on a logarithmic scale and shows the divergence. The two
banking series and the benchmark end the period above their starting values, while both FinTech series
and Coinbase end substantially below, with Bitcoin close to flat.

Figure 1: Rebased Price Levels Across the Three Pillars, April 2021 to Present
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Note. All series were rebased to 100 on April 15, 2021, and plotted on a logarithmic vertical scale. End
labels provide terminal index levels.
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5.2 Risk-Adjusted Performance Across the Three Pillars

Table 3 reports the full performance profile and decisively inverts the disruption narrative. Both retail
banks delivered positive returns and positive Sharpe ratios: JPMorgan Chase returned 19.85 per cent
annually with a Sharpe of 0.582, and Bank of America 11.81 per cent with 0.270. Both FinTech firms
delivered substantial negative returns, PayPal at minus 26.07 per cent and Block at minus 20.28 per cent,
with Sharpe ratios of minus 0.797 and minus 0.450, respectively. Coinbase returned minus 10.76 per cent
and Bitcoin returned approximately zero at 0.83 per cent.

The drawdowns shown in Figure 6 reinforce this ranking. FinTech and digital assets both experienced
peak-to-trough declines exceeding 83 per cent, with Coinbase reaching minus 95.45 per cent and Block
minus 92.53 per cent. The banking pillar's worst drawdown was minus 50.53 per cent. The conditional
value at risk at the ninety-fifth percentile, the coherent tail measure of Artzner et al. (1999) [50], separates
the pillars by roughly a factor of three: minus 3.67 per cent for banking against minus 7.56 for FinTech
and minus 9.76 for digital assets.

Table 4 aggregates the pillar level and states the tripartite comparison directly. The ordering is invariant
to the assumed risk-free rate across the zero to five percent range tested; therefore, the ranking does not
depend on that assumption. Over this particular five-year window, the disrupted incumbents outperformed
the disruptors on return, volatility, drawdown, and tail loss simultaneously. The interpretation of the
window itself is deferred to Section 6, which notes that the period is unusually favorable to banks; the
finding is real but is a statement about this regime.

Table 3: Risk-Adjusted Performance, April 2021 to July 2026

Asset Ann. Ann. SD|Sharpe|Sortino|Max DD|VaR95 |CVaR95 |CVaR99
return (%) | (%) (%) (%) (%) (%)
PayPal -26.07 42.93 -0.797 |-0.635 |-91.96 |-3.937 |-6.550 -12.342
Block -20.28 59.31 -0.450 |-0.399 |-9253 |-6.046 |-8.563 -13.522
JPMorgan 19.85 24.26 0.582 |0.635 |-41.15 |[-2.372 |-3.587 -5.391
Chase
Bank of|11.81 26.58 0.270 |0.291 |-50.53 |[-2.645 |-3.750 -5.762
America
Coinbase -10.76 84.36 -0.182 |-0.184 |-95.45 |-8.130 |-11.155 -17.260
Bitcoin 0.83 55.86 -0.057 |-0.056 |-83.19 |-5,519 |-8.365 -13.850
S&P 500 11.86 16.73 0.431 |0.454 |-27.11 |-1.648 |-2.449 -3.821

Note. Sharpe and Sortino computed at a 4.00% annual risk-free rate. VaR and CVaR are historical and are
expressed as daily percentages. The Sharpe ordering is invariant across risk-free rates from 0% to 5%.

Table 4: Pillar-Level Means Excluding the Benchmark

Pillar Ann. return|Ann. SD|Sharpe |Sortino |Max DD|CVaR95
(%) (%) (%) (%)

FinTech Disruption |-23.18 51.12 -0.624  |-0.517 -92.25 -7.556

Retail Banking 15.83 25.42 0.426 0.463 -45.84 -3.668
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Pillar Ann. return|Ann. SD|Sharpe |Sortino |Max DD |CVaR95
(%) (%) (%) (%)
Digital Assets -4.97 70.11 -0.120  |-0.120 -89.32 -9.760

Note. The simple mean of the two constituent assets in each pillar. The tripartite design assigns two assets
per pillar so that no pillar is overweighted in this aggregation.

Figure 2: Risk-Return Positioning by Pillar
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Note. Each point is one asset, labelled with annualized return and volatility. Colour denotes pillar. Points
above the horizontal line indicate positive nominal returns.
Figure 3: Sharpe and Sortino Ratios by Asset and Pillar

l Sharpe 1 Sortino

S&P 5004 0.45

Bank of America 4

I
(=]
N
@

D06

-018

o i —

v J ' v \J
D8 04 00 Od 0

Ratlo (annualised)

- Benchmark . Dwgetal Assets - FinTech Disruption - Retall Banking

.64

)
n
& o

IJFMR260484420 Volume 8, Issue 4, July-August 2026 14



http://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)
LIFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

Note. Sharpe and Sortino ratios at a 4.00 per cent annual risk-free rate, sorted by magnitude. Both FinTech
and digital assets recorded negative values for both measures.

Figure 6: Drawdown Paths Across the Three Pillars

Drawdown from running peak (%)
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Note. Drawdown from each asset's running peak. The labelled points mark the worst drawdown attained
by each asset over the sample.

5.3 Volatility Persistence and Absorption Speed

Table 5 reports the GARCH estimates that serve both as descriptive persistence measures and as the
comparator proxy for robustness analysis. Setting PayPal aside for the identification reason discussed
above, the absorption speed splits cleanly along the pillar lines. The two retail banks absorb volatility
shocks fastest, with half-lives of 4.3 and 2.9 trading days, meaning that half of any variance disturbance
dissipates within a working week. Digital assets are far more persistent, at 25.2 days for Coinbase and
50.2 days for Bitcoin. Block sits between 45.4 days.

This ordering has substantive implications. A shock entering a fast-absorbing market decays before it can
propagate, while one entering a slow-absorbing market persists long enough to transmit the shock. That
banking absorbs an order of magnitude faster than digital assets means that it generates little onward
transmission of its own, consistent with the finding below that banks are net receivers rather than sources.
The estimated degrees of freedom range from 3.74 to 6.77, confirming that all seven return distributions
remain severely fat-tailed even after conditioning on volatility dynamics. Bitcoin's value of 3.74 implies
a distribution whose fourth moment barely exists, which is why the conditional value at risk figures in
Table 3 substantially exceed the corresponding value at risk figures.
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Table 5: GARCH(1,1) Estimates and Implied Volatility Half-Lives
Asset Pillar omega alpha 1 |betal |Persistence|Half-life |nu
(days)

PayPal FinTech 0.0000050 {0.0181 |0.9748 |0.9929 97.7* 3.86
Block FinTech 0.0000216 [0.0508 |0.9341 |0.9849 45.4 5.15
JPMorgan Retail Banking  |0.0000365 |0.1393 |0.7129 |0.8522 4.3 4.64
Chase

Bank of | Retail Banking  |0.0000586 |0.1143 |0.6760 |0.7902 2.9 5.38
America

Coinbase Digital Assets 0.0000777 |0.0608 |0.9121 |0.9729 25.2 6.77
Bitcoin Digital Assets 0.0000219 |0.0474 |0.9389 |0.9863 50.2 3.74
S&P 500 Benchmark 0.0000027 {0.1148 |0.8646 |0.9794 334 6.65

Note. The mean equation includes an AR(1) term. The conditional distribution is Student t with nu degrees
of freedom. Persistence is alpha 1 plus beta 1. *PayPal's half-life is unreliable: the Ljung-Box test detects
no ARCH effects (p = .98); therefore, the near-integrated persistence is weakly identified. These
conditional volatilities are used only as the comparator proxy in Table 9; the primary spillover analysis
uses the Garman-Klass realized volatility.

Figure 4: GARCH(1,1) Conditional Volatility Across the Three Pillars
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Note. Conditional standard deviations from the fitted GARCH(1,1) models, annualized. The end labels
provide the final values. The separation between the banking and digital asset pillars is maintained
throughout.
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5.4 Testing Hypothesis 1: Systemic Risk Drift in FinTech Betas

Table 6 reports the static and rolling market betas. The cross-sectional ordering follows the volatility
ranking: banks cluster near unity at 0.897 and 0.979, FinTech firms are substantially above at 1.410 and
2.248, and Coinbase reaches 2.687. Bitcoin's beta of 1.298 with an adjusted coefficient of determination
of only .150 indicates that while Bitcoin moves with the market on average, market factors explain little
of its variation.

The rolling estimates revealed divergent trajectories. Both FinTech betas declined significantly over the
sample, Block's from 2.531 to 1.934 and PayPal's from 1.539 to 1.425, consistent with these firms
maturing from speculative growth toward more conventional equity risks. Coinbase moved in the opposite
direction, rising significantly from 2.412 to 3.029, indicating deepening rather than diminishing market
sensitivity as institutional participation increased. Neither JPMorgan Chase nor Bitcoin showed a
statistically significant trend.

Idiosyncratic volatility separates the pillars more sharply than beta. The banks carry 19.06 and 20.93
percent residual volatility against 71.38 per cent for Coinbase. Most digital asset risks are asset-specific
rather than systematic, which directly affects how that risk propagates: idiosyncratic shocks transmit only
through direct linkages, not through common factor exposure, and the spillover results below show those
direct linkages running through FinTech.

Hypothesis 1 is based on the Newey-West trend regressions in the final column of Table 6. For PayPal,
the trend slope is -0.000227 with a probability value below .001, and for Block, it is -0.000643, also below
.001. The null of no systematic trend is therefore rejected at the one per cent level for both FinTech
platforms, and the alternative of a structural drift in systematic risk is accepted. The direction matters as
much as the significance: both slopes are negative, so FinTech systematic risk declined over the sample
as these firms repriced from speculative growth toward conventional equity risk. The same test fails to
reject the null for JPMorgan Chase, where the probability value is .142, and for Bitcoin, where it is .140;
thus, the drift is specific to the FinTech pillar rather than a property shared by every series in the panel.
Bank of America shows a small but significant decline, and Coinbase a significant increase, which
reinforces that the procedure discriminates rather than rejecting indiscriminately.

Table 6: Static Market Betas Against the S&P 500 and Rolling Beta Trends

Asset Beta |SE Adj. R2 |Idio.  SD|First-yr Final-yr |Trend p
(%) mean mean
PayPal 1.4096 |0.0602 |.301 35.86 1.5385 1.4254 <.001
Block 2.2480 |0.1268 |.402 45.85 2.5312 1.9342 <.001
JPMorgan Chase|0.8968 [0.0370 |.382 19.06 0.9162 0.9797 142
Bank of America|0.9788 |0.0471 |.379 20.93 1.0165 0.9346 <.001
Coinbase 2.6870 |0.1770 |.284 71.38 2.4124 3.0294 <.001
Bitcoin 1.2979 |0.1346 |.150 51.47 1.5927 1.6325 140

Note. Static betas are estimated by ordinary least squares with Newey-West standard errors. All static
betas were significant at p < .001. Rolling betas use a 120-day window; the trend column reports the
probability value on a linear time index with Newey-West standard errors:
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Figure 5: Rolling 120-Day Market Betas Against the S&P 500
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Note. Rolling 120-day betas against the S&P 500 index. The dashed line marks zero, and the dotted line
marks unity. Coinbase trends upward, while both FinTech betas trend downward.

5.5 Testing Hypothesis 2: Directional Volatility Contagion

Table 7 reports the Diebold-Yilmaz decomposition of Garman-Klass volatility. The total spillover index
is 48.18 per cent, meaning close to half of forecast error variance across the system originates outside each
market's own history. At the asset level, the largest net transmitters, setting the benchmark aside, are the
two FinTech firms: Block at positive 12.81 and PayPal at positive 11.28. The largest net receivers are
Coinbase at minus 15.86, Bitcoin at minus 9.97, and the two banks at minus 9.01 and minus 6.89.

The direction of the flow is the reverse of the contagion narrative. This narrative anticipates volatility
flowing from unregulated digital assets into supervised banking, with crypto as the source. These estimates
place cryptocurrencies in the opposite role. Digital assets are the system's largest net receivers, absorbing
variance rather than emitting it, while the two FinTech firms are the dominant non-benchmark
transmitters, transmitting 58.63 and 65.75 index points while receiving 47.34 and 52.95 points,
respectively. FinTech, not cryptocurrency, is the transmitting hub.

Table 8 aggregates to the pillar level and makes the structure explicit. Retail banking is 75.92 per cent
self-explained, but the single largest external source of banking variance is FinTech, at 20.33 per cent,
which dwarfs the 3.75 per cent arriving directly from digital assets. FinTech, in turn, is 77.76 per cent self-
explained and transmits 16.16 per cent into digital assets.

Hypothesis 2 can now be tested. The estimation is admissible because every series is stationary: the
augmented Dickey-Fuller statistics in Table 2 range from -9.97 to -11.36 and reject the unit root null at
the one per cent level for all seven series, so the vector autoregression underlying the decomposition is
not spurious. Conditional on this, both directional shares in the null are strictly positive. Retail banking
receives 3.75 per cent of its forecast error variance directly from digital assets and 20.33 per cent from
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FinTech, against a null of zero on both counts, and the system-wide spillover index of 48.18 per cent
shows that close to half of all forecast error variance originates outside each market’s history. Therefore,
the null hypothesis of no volatility contagion in retail banking is rejected. However, the route is not the
one the contagion narrative assumes: the indirect path through FinTech is roughly five and a half times
the direct path from digital assets; thus, contagion reaches banking predominantly through the FinTech
intermediary rather than straight from the crypto market.

Table 7: Diebold-Yilmaz Generalised Volatility Spillover Matrix

Received by PYPL |XYZ |JPM |BAC |COIN |BTC |GSPC |FROM
PayPal 52.66 16.49 |5.48 5.61 5.68 0.41 13.68 47.34
Block 16.42 47.05 |5.62 6.01 8.50 0.63 15.77 52.95
JPMorgan Chase 8.48 8.35 41.22 |21.61 |2.23 0.49 17.62 58.78
Bank of America 8.38 8.59 21.79 |4157 |3.01 0.50 16.17 58.43
Coinbase 9.62 15.01 |3.62 4.67 54.21 2.85 10.04 45.79
Bitcoin 2.39 3.24 0.85 1.41 5.05 84.38 |2.68 15.62
S&P 500 13.34 14.08 |12.42 |12.24 |5.47 0.77 41.68 58.32
TO others 58.63 65.75 [49.77 |51.54 |29.94 5.65 75.95

NET 11.28 12.81 |-9.01 |[-6.89 |-1586 |-9.97 |17.63

Note. Generalized forecast error variance decomposition of Garman-Klass realized volatilities, VAR order
2, horizon 100 steps. Row i column j is the percentage of market i's variance attributable to shocks in
market j. Total spillover index = 48.18%.

Figure 7: Directional Volatility Spillovers Between Pillars
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shocks in the column asset. The darker shading indicates a stronger transmission.
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Figure 8: Directional Volatility Spillovers by Pillar: Transmitted, Received and Net
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Note. Pillar-level directional spillover. TO is the variance transmitted to other pillars, FROM is the
variance received, and NET is the difference. A negative NET identifies the net receiver.

5.6 Characterising the Transmission Route

Table 8 also reports the full-sample classification of that route, which is a strong conduit. FinTech received
8.92 per cent of its variance from digital assets while transmitting 20.33 per cent to banking, so its net
directional position is positive 14.25, making it a net transmitter. The Conduit Ratio is 5.425: more than
five times as much banking variance arrives via FinTech as directly from digital assets. Therefore, both
decision components point in the same direction, the net position being positive and the ratio exceeding
unity, and the classification is a strong conduit rather than the weak, internally conflicted reading that a
fitted-volatility proxy would have produced.

The Net Absorption metric was negative at minus 11.41. A cushion would take in more digital asset
variance than it passes on, yielding positive absorption; FinTech does the opposite, transmitting far more
to banking than it receives from digital assets. Therefore, it is not a passive relay that merely forwards
crypto shocks but contributes its own idiosyncratic volatility, the elevated firm-specific risk documented
in the beta analysis, to the banking sector. It is a conduit that amplifies the signal. The robustness and
regime results that follow establish that this reading depends neither on the forecast horizon, volatility
proxy, nor the sub-period.

Table 8: Pillar-Level Spillover Matrix and the Full-Sample Conduit Versus Cushion Verdict

Panel A: variance received by |from FinTech from Banking | from Digital Assets
FinTech Disruption 77.76 13.32 8.92

Retail Banking 20.33 75.92 3.75

Digital Assets 16.16 5.63 78.21
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Panel A: variance received by |from FinTech from Banking | from Digital Assets

Panel B: decision statistics Value

FinTech net directional position | +14.25

Conduit Ratio 5.425
Net Absorption -11.41
Verdict CONDUIT (strong)

Note. The rows in Panel A are renormalized to sum to 100. Panel B applies the decision rules defined in
Section 4. Both components agree: the net position is positive, and the Conduit Ratio exceeds unity,
yielding an unambiguous conduit classification. Negative absorption indicates that FinTech transmits
more to banking than it receives from digital assets; that is, it amplifies rather than relays.

5.7 Robustness of the Verdict to Horizon and Volatility Proxy

A verdict that depends on an arbitrary tuning parameter would not be a finding; therefore, the classification
IS re-estimated across four forecast horizons for both volatility proxies. Table 9 reports the grid results.
Under the primary Garman-Klass measure, the verdict is a strong conduit at every horizon from ten to one
hundred days, with the net position stable near positive 14, the Conduit Ratio near 5.4, and the total index
near 48. Under the GARCH proxy, the verdict is not stable: it reads cushion at the ten and twenty day
horizons, where FinTech's net position is negative, and flips to conduit at fifty and one hundred days. The
GARCH proxy, therefore, yields two distinct verdicts across horizons, while the Garman-Klass proxy
yields one; thus, the classification survives horizon variation only under the model-free measure.

The source of GARCH instability is identifiable. PayPal's unidentified, near-integrated conditional
volatility, discussed in the diagnostics, carries disproportionate weight at long horizons and mechanically
pushes the decomposition toward FinTech transmission only once the horizon is long enough for that near-
unit-root series to dominate. The range estimator carries no such artifact because it does not fit any model.
The correlation between the two proxies ranges from 0.433 to 0.603 across the seven assets, which is
moderate rather than high, which is exactly why the choice matters and why it is reported rather than
assumed. The conduit verdict under the primary measure is a property of the data, not of the horizon or
proxy.

A second internal check confirms that the two connectedness measures share a common specification: the
Diebold-Yilmaz total index of 48.18 per cent and the summed Barunik-Krehlik frequency bands agree to
48.18 per cent, an absolute gap of essentially zero, because both are estimated at the same horizon and lag
order.

Table 9: Conduit Versus Cushion Verdict by Volatility Proxy and Forecast Horizon

Proxy Horizon Total FinTech |Conduit Absorption | Agree | Verdict
(days) index net Ratio

Garman- 10 47.92 +13.84 5.390 -11.09 Yes |CONDUIT

Klass

Garman- 20 48.17 +14.24 5.424 -11.40 Yes |[CONDUIT

Klass
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Proxy Horizon Total FinTech |Conduit Absorption | Agree | Verdict
(days) index net Ratio
Garman- 50 48.18 +14.25 5.425 -11.41 Yes |CONDUIT
Klass
Garman- 100 48.18 +14.25 5.425 -11.41 Yes |CONDUIT
Klass
GARCH 10 35.99 -4.02 1.143 +2.46 No |CUSHION
sigma
GARCH 20 39.86 -3.21 1.513 +1.26 No |CUSHION
sigma
GARCH 50 44,72 +3.64 2.044 -1.12 Yes |[CONDUIT
sigma
GARCH 100 47.14 +8.48 2.260 -1.56 Yes |[CONDUIT
sigma

Note. The Garman-Klass realized-volatility proxy yields one verdict, a strong conduit, across all four
horizons. The GARCH conditional-volatility proxy yields two distinct verdicts and is therefore horizon
conditional. Agree records whether the net position and Conduit Ratio point in the same direction. The
primary analysis uses Garman-Klass volatility, and GARCH is reported as a comparator.

5.8 Frequency Decomposition of the Transmission

Table 10 reports the Barunik-Krehlik decomposition. Connectedness is present at every horizon and tilts
toward the longer one. Of the total 48.18 index points, 13.55 fall in the one-to-five-day band, 16.57 in the
five to twenty day band, and 18.06, roughly 38 per cent, beyond twenty days. The direction is more telling
than the totals. FinTech's transmitter role strengthens monotonically as the horizon lengthens: PayPal
moves from minus 0.61 at high frequency to positive 0.83 at medium frequency and positive 1.39 at low
frequency, and Block from positive 0.15 to positive 0.78 to positive 0.90. Both retail banks are net
receivers at every band, and both digital assets are net receivers at every band. At the highest frequency,
the system is nearly balanced and led by the benchmark, whose net transmission of positive 0.95 is the
largest short-run figure in the table. Therefore, the conduit operates as a channel for slow-moving
structural repricing rather than short-run panic, which locates the contagion established under Hypothesis
2 at the horizon that a daily monitoring dashboard is least equipped to observe.

Table 10: Frequency-Decomposed Connectedness and Bitcoin Calendar Robustness

Panel A: frequency band | Total index |Banks net Digital  assets|FinTech net
net

High frequency (1-5 days) |13.55 0.00/-0.10 |[-0.05/-0.34 -0.61/+0.15

Medium frequency (5-20(16.57 -0.54/-0.39 |-0.91/-0.47 +0.83/+0.78

days)

Low frequency (beyond 20|18.06 -0.75/-0.50 |-1.31/-0.62 +1.39/+0.90

days)

[JFMR260484420
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Panel A: frequency band | Total index |Banks net Digital  assets|FinTech net
net
Panel B: Bitcoin calendar | Ann. return|Ann. SD (%) |CVaR95 (%) Max DD (%o)
(%)

Accumulated to equity|0.83 55.86 -8.365 -83.19
calendar

Raw daily 7-day series 0.57 46.04 -7.040 -83.20

Note. The pairs in Panel A are JPMorgan Chase/Bank of America, Coinbase/Bitcoin, and PayPal/Block.
The three band totals sum to 48.18 and reconcile with the Diebold-Yilmaz index in Table 7. Panel B: The
accumulated series is annualized on 252 periods and the raw series on 365, so the two rows are not directly
comparable. The higher accumulated volatility reflects variance additivity across three-day intervals, as
derived in Section 4.

Figure 9: Net Volatility Spillovers Decomposed by Frequency Band
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Note. Net spillovers are decomposed into three frequency bands following Barunik and Krehlik (2018).
Both FinTech firms are net transmitters at medium and low frequencies, and their transmitter position
strengthens as the horizon lengthens.

5.9 Testing Hypothesis 3: Regime Stability of the Intermediary Role

Table 11 re-estimates the full battery within the three macro-financial regimes and decides Hypothesis 3.
FinTech net directional connectedness is positive 10.14 in the boom, positive 13.53 during the tightening
cycle, and positive 9.31 during the banking crisis. The sign is identical in all three windows, both decision
components agree in every window, and the Conduit Ratio remains above three throughout. Therefore,
the null hypothesis that the intermediary role does not structurally reverse across regimes cannot be
rejected, and Hypothesis 3 is not supported in its alternative form. This is a substantive result rather than
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an inconclusive one: the conduit role is invariant in direction across a boom, tightening cycle, and banking
crisis, which is a stronger claim for supervisors than a regime-dependent reversal would have been.
Nonetheless, the regime conditions alter the intensity and internal mechanism of the transmission, even
though they do not flip its sign. The total spillover index falls from 53.18 in the boom to 51.59 and then
47.10, while Net Absorption moves from minus 8.91 to minus 0.12 and then to minus 15.32. The variance
shifts recorded across the regimes in Table 11 are therefore economically material while remaining
directionally consistent, and the following paragraphs trace the changes underneath the constant sign.
During the post-pandemic technology boom and crypto peak, from April 2021 to March 2022, FinTech
transmitted 21.38 per cent of banking variance against 6.07 per cent arriving directly from digital assets,
a Conduit Ratio of 3.520, and a net position of positive 10.14. Absorption was negative 8.91: FinTech was
emitting far more than it took in, functioning as a genuine contagion bridge between speculative digital
assets and the regulated banking sector, while liquidity was abundant.

Through the tightening cycle and crypto winter from March 2022 to March 2023, the conduit role
registered its largest net position of 13.53 at a Conduit Ratio of 6.125. However, the mechanism changed.
Absorption fell to essentially zero, minus 0.12, because FinTech now took in 12.60 per cent of its variance
from digital assets and passed on almost exactly as much, 12.72 per cent, to banking. During the crypto
winter, FinTech operated as a near-perfect relay, forwarding collapsing crypto volatility into banking close
to one for one, even as the total spillover index rose to 51.59 per cent under system-wide stress.

Through the regional banking crisis and spot exchange-traded fund era, from March 2023 onward,
FinTech transmitted the most of any regime, 22.00 per cent, into banking, against only 6.68 per cent
received from digital assets, giving the most negative absorption of the three regimes at minus 15.32.
During this period, FinTech was overwhelmingly an amplifier, contributing its own volatility rather than
relaying crypto's. Direct transmission from digital assets to banking also rose to 6.04 per cent, its joint-
highest across the regimes, coinciding with spot exchange-traded fund approval and the institutional
integration of Bitcoin into conventional portfolios. The direct channel is real and growing but remains
roughly one-fifth the size of the FinTech channel.

Table 11: Conduit Versus Cushion Decision Statistics by Macro-Financial Regime

Regime DA  to|FinTech |DA  to|Net Conduit |Absorption |Total |Verdict

FinTech |to Banking |position |Ratio index

Banking

R1 Boom and|12.47 21.38 6.07 +10.14 |3.520 -8.91 53.18 |CONDUIT
crypto peak
R2 Tightening|12.60 12.72 2.08 +13.53 |6.125 -0.12 51.59 |CONDUIT
and crypto
winter
R3 Banking |6.68 22.00 6.04 +9.31 3.644 -15.32 47.10 |CONDUIT
crisis and spot
ETF

Note. R1 = 15 April 2021 to 15 March 2022; R2 = 16 March 2022 to 8 March 2023; R3 = 9 March 2023
to 21 July 2026. Windows are defined ex ante from documented events. All three verdicts are strong
conduit classifications with both decision components in agreement; therefore, the null of no structural
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reversal in Hypothesis 3 is not rejected. The total index is the regime-specific Diebold-Yilmaz spillover
index.

Figure 10: Annualised Volatility by Asset Across the Three Macro-Financial Regimes
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Note. Annualized volatility by asset within each regime. Bank volatility remains stable across regimes,
whereas Coinbase volatility varies by a factor of nearly two.
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6. Discussion

6.1 Assessment of the Hypotheses

Two of the three nulls are rejected, and the third is not, and the pattern of decisions is informative. The
null hypothesis in Hypothesis 1 is rejected at the one per cent level for both FinTech platforms, whose
rolling betas carry Newey-West trend probability values below .001, while the same test fails to reject for
JPMorgan Chase and Bitcoin. The systematic risk in the FinTech pillar has drifted structurally downward
and has not merely oscillated. The null in Hypothesis 2 is rejected on directional shares that are
unambiguously positive, with retail banking drawing 3.75 per cent of its forecast error variance directly
from digital assets and 20.33 per cent through FinTech, on a panel whose stationarity is confirmed by
augmented Dickey-Fuller statistics significant beyond the one per cent level. Volatility reaches the
regulated sector, mainly along the indirect route.

The null hypothesis 3 was not rejected. FinTech net directional connectedness is positive in the boom,
tightening cycle, and banking crisis, so the intermediary role does not reverse. Failing to reject here carries
more weight than a marginal rejection would because the three windows span radically different liquidity
conditions, and the classification is confirmed independently across the four forecast horizons in Table 9.
Two qualifications belong to the record. The invariance holds in sign but not in composition: FinTech was
amplified during the boom and the banking crisis, transmitting far more than it absorbed, but relayed
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almost one for one during the crypto winter; thus, the mechanism is regime-dependent, even though the
direction is not. The conduit classification survives horizon variation only under the model-free volatility
proxy because a GARCH proxy renders it horizon-conditional, which is why fitted volatilities are avoided
in the primary specification.

6.2 Interpretation: FinTech as an Amplifying Conduit

The mechanism connecting these results is that FinTech sits structurally between the two other pillars in
every liquidity environment, and shocks route through it regardless of their origin: FinTech's own
speculative repricing during the boom, crypto losses passed through during the winter, and predominantly
FinTech-specific volatility during the crisis. The sign of the conduit is invariant, even when its
composition changes. During the boom, FinTech and crypto valuations were driven by the same
speculative capital; thus, shocks propagated through a shared investor base. Once the tightening removed
that capital, FinTech equity was repriced to fundamentals dominated by payment volumes, decoupling it
from digital assets on the receiving side, while it continued to transmit its own idiosyncratic volatility
onward. The elevated firm-specific risk of FinTech firms, 36 and 46 per cent idiosyncratic volatility
against 19 to 21 for banks, is what the onward transmission carries.

The fact that banks are net receivers rather than sources is consistent with their rapid volatility absorption.
The banking half-lives of three to four trading days mean shocks enter banking decay before they can
propagate, whereas the slow-absorbing FinTech and digital asset series persist long enough to transmit.
The regime-level performance in Figure 10 reinforces the reading: Coinbase's annualized volatility
reached 117.35 per cent during the tightening regime against 63.14 during the boom and 77.68
subsequently, while bank volatility remained between 23 and 30 per cent throughout, stable across regimes
that were anything but.

6.3 Relation to Existing Literature

These findings connect the FinTech, banking, and cryptocurrency literature, which has been identified as
a research gap. The direction of transmission is consistent with Buchak et al. (2018) [3] and Thakor (2020)
[2], who argue that FinTech relocates rather than removes risk; the present evidence shows one channel
through which relocated risk re-enters a supervised system. The frequency result updates Corbet et al.
(2018) [42], who found cryptocurrencies transmitting predominantly at high frequency in an earlier
sample: by 2021 to 2026, with institutional participation established, digital assets receive at every
frequency while FinTech transmits at the structural horizon, an evolution consistent with the commodity
financialization documented by Tang and Xiong (2012) [44] and Cheng and Xiong (2014) [45]. The
intensification of connectedness during the crypto winter echoes Maghyereh et al. (2016) [43] on
turbulence, while the observation that FinTech emerges and transmits where balance sheet exposures
concentrate is compatible with Haddad and Hornuf (2019) [8].

6.4 Limitations and Future Research

Four constraints bound these conclusions: the sample covers six assets across a single five-year window
that includes an extraordinary monetary cycle, so regime-specific results rest on as few as 231
observations. The decision rule classifying conduit against cushion is constructed here rather than
validated in prior literature, and its thresholds are defensible but not canonical, though Table 9 shows that
the verdict does not hinge on the horizon at which it is evaluated. Listed equity prices measure shareholder
risk rather than depositor risk; therefore, the findings describe market perception rather than balance sheet
soundness. The asset universe is also the United States, listed by design for the price-discovery and
measurement reasons set out in Section 4. Therefore, the panel captures the upstream global system from
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which emerging digital economies import volatility, but not the local regulatory regime, currency
mismatch, or capital control environment through which imported shocks are finally filtered. Finally,
PayPal's GARCH identification failure is a limitation of the comparator proxy, not of the primary result:
the model-free estimator was adopted precisely so that one asset's unidentified fit could not drive the
connectedness estimates, and Table 9 shows that it does not.

Four extensions are directly followed. A longer panel spanning a full easing and tightening cycle tests
whether the conduit persists once the policy normalizes. Widening each pillar to more constituents would
establish whether the two-firm results generalize beyond the largest listed names. Incorporating intraday
data would sharpen the high-frequency band, where the present daily estimates are nearly neutral. External
validation of the Conduit Ratio and Net Absorption statistics on other intermediary sectors, such as broker-
dealers or money market funds, would establish whether the decision rule travels beyond FinTech. A
natural companion study would pair this upstream panel with domestically listed FinTech and banking
series from one emerging digital economy, which would identify how much of the transmission measured
here survives the local regulatory and currency filters.

7. Conclusion and Policy Implications

This study assigned equal analytical weight to FinTech disruption, retail banking dynamics, and digital
financial assets and asked whether FinTech transmits or absorbs volatility between the other two. The
answer is a conduit, which is robust. FinTech is the largest non-benchmark net transmitter, routing more
than five times as much variance into retail banking as it reaches banking directly from digital assets, and
transmitting more onward than it absorbs, amplifying rather than merely relaying. The verdict holds across
forecast horizons from ten to one hundred days, holds as a strong conduit in all three macro-financial
regimes, and is confirmed by a model-free volatility estimator chosen because a GARCH-based proxy
proved horizon instability. The transmission is structural rather than panic-driven, and cross-pillar
coupling is material and organized around FinTech as the central node.

7.1 Implications for Central Banks and Supervisors

This study has three implications. First, FinTech is a systemic transmission node, not a segment sitting
harmlessly outside the contagion channel. Perimeter regulation that treats FinTech as external to banking's
risk network is miscalibrated because the single largest external source of banking variance in this system
is FinTech, exceeding the direct digital asset channel by a factor above five. Second, supervisors
monitoring this channel should weigh persistent, low-frequency indicators over daily panic dashboards,
since FinTech's transmission operates predominantly beyond the twenty-day horizon and is nearly
invisible at the one—five day horizon. Third, the direct digital asset-to-banking channel, while roughly one-
fifth the size of the FinTech channel, is real and grew in the most recent regime alongside spot exchange-
traded fund approval. Supervisory attention should track both the FinTech conduit and the direct channel
rather than assuming either alone.

7.2 Implications for Neobanks and Institutional Investors

For FinTech firms defending their business models, the cushion claim is not supported when volatility is
measured model-free. Diversified payment revenue did not prevent FinTech from transmitting more
volatility to banking than it absorbed from digital assets in every regime and horizon tested. During the
crypto winter, FinTech relayed digital asset shocks into banking almost one for one, and during the boom
and banking crisis, it amplified with its own volatility. For institutional investors, FinTech equity did not
deliver diversification against digital asset exposure over this window; it delivered amplified equity beta
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with negative risk-adjusted returns, while the incumbents it was expected to displace outperformed on
every measure. Allocations based on disruption capturing incumbent economics were not vindicated by
this sample.

These findings also bear on three of the United Nations Sustainable Development Goals. Stable retail
financial intermediation underpins decent work and economic growth (SDG 8), the technological
reorganization examined here bears on industry, innovation, and infrastructure (SDG 9), and the digital
finance inclusion effects documented by Suri and Jack (2016) [10] and Ozili (2018) [11] speak to reduced
inequalities (SDG 10). Establishing that FinTech conducts rather than cushions volatility and that it does
so through a slow-moving structural channel is a precondition for realizing the inclusion benefits without
importing the transmission.
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