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Abstract. DeFi lending markets have grown exponentially in recent
years. We document an increasing level of sophistication among DeFi
lenders and borrowers, demonstrating a structural shift from simple di-
rectional bets toward highly leveraged, yield-driven strategies, predomi-
nantly in correlated collateral–debt pairs. Using on-chain data for Aave
v3 and SparkLend on Ethereum from January 2023 to December 2025,
we reconstruct address-level collateral, debt, and implied leverage across
59 assets, capturing roughly two-thirds of aggregate TVL for the period.
We infer strategies from collateral–debt compositions and demonstrate
how recursive lending with staked ETH and yield-bearing stablecoins has
become the dominant strategy. At the peak, in August 2025, over 65%
of outstanding debt was tied to correlated positions backed by less than
15% of aggregate equity. These strategies materially reshape interest rate
dynamics of on-chain lending markets, while concentrating credit risk on
assumptions of withdrawal liquidity and correlation. We discuss the im-
plications of these findings and provide directions for future research.
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1 Introduction

Decentralized finance (DeFi) lending protocols such as Aave, Compound, Mor-
pho, Sky, and Euler are systems composed of interoperable smart contracts de-
ployed on public blockchains, predominantly on Ethereum and its associated L2s.
Participants interact with smart contracts directly through externally owned ac-
counts (EOAs) or via other decentralized applications (dApps), enabling per-
missionless liquidity provision and collateralized credit access.

These systems operate as two-sided markets between liquidity suppliers and
borrowers. Suppliers deposit tokens or assets, receiving interest. Borrowers post
overcollateralized positions, drawing liquidity against their pledged assets. The
absence of identity-based credit assessment implies that credit risk for the pro-
tocol must be managed through collateral, and the liquidation of said collat-
eral must be automated to mitigate bad debt when sudden spikes in volatility
reprice collateral against debt. Hence, each available asset is parameterized by a
set of specific risk parameters, such as the collateralization ratio and liquidation
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threshold. The fundamental relationship between supply and demand for an as-
set determines its utilization rate, which dynamically drives both borrowing and
lending yields.

In equilibrium, the interest rate functions for the protocol align to maintain
near-optimal capital efficiency without exhausting available liquidity. Accord-
ingly, to maintain solvency and mitigate credit risk, borrowing positions must
remain overcollateralized. Each asset is assigned a loan-to-value (LTV) limit and
a liquidation threshold that determines when automated liquidations occur. The
ratio of collateral value to debt defines the solvency indicator (“health factor”)
for a given market. When market volatility or price shocks push a loan into
insolvency, arbitrageurs are economically incentivized to repay the borrower’s
debt in exchange for discounted collateral. As the vast majority of liquidations
are purchased by MEV bots attempting to collect the maximal extractable value
(MEV) for each successive block, liquidations are typically processed within the
span of a single block [13].

Historically, lending markets have served two purposes in DeFi: first, enabling
committed long-term holders to access capital without losing exposure by facil-
itating lending of stablecoins against crypto. Second, borrowing for leveraged
exposure by recursively borrowing and re-collateralizing assets, a practice collo-
quially referred to as looping. When looping assets, an agent repeatedly performs
a sequence of operations in which existing collateral is used to obtain additional
borrowing capacity, and the proceeds of that borrowing are reinvested as collat-
eral. So long as the agent borrows up until the limit determined for the collateral,
the sequence constitutes a geometric progression with a common ratio.

The cumulative debt is the sum of all intermediate borrowings, while the to-
tal exposure is the sum of the collateral locked in the lending protocol. In other
words, looping entails going long the collateral while shorting the borrowed as-
set. In most cases, the agent will choose to borrow a stablecoin in order to
ensure a stable principal against the (assumed) appreciating value of the collat-
eral. Hence, as the number of loops increases, the position becomes progressively
more sensitive to adverse price movements, since both collateral and debt ex-
pand geometrically while the solvency margin remains fixed. Until recently, the
natural limitation to recursive lending was provided by the liquidation thresh-
old given by the assumed safe loan-to-value (LTV) margin for an asset. While
infinite recursion is theoretically possible, the maximum exposure achievable is
asymptotically bounded by the LTV ratio.

Essentially, the size at which another recursion provides meaningful results
quickly converges, especially when gas costs are factored in. To see this, consider
an asset with an LTV of 80%. Here, the practical limit to additional recursion
would be capped below 5� notional exposure. However, with the recent addition
of restricted collateral regimes in lending markets (e.g., eMode on Aave or corre-
lated vaults on Morpho), protocols enable the application of a distinct set of risk
parameters to assets exhibiting high historical correlation, under the assump-
tion that intra-category price volatility remains low. This feature will typically
only be enabled for tightly correlated assets, such as a base asset (ETH/WETH)
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and derivative tokens compounding staking yield over time (wstETH) (see Ap-
pendix B). Theoretically, this promotes capital efficiency for correlated asset
classes while constraining exposure to prevent systemic spillover, by partition-
ing borrowing capacity into quasi-isolated risk silos. In practice, the increased
liquidation thresholds (typically upwards of 95%) for these tightly correlated
asset classes enable recursive leveraging towards 20� notional exposure.

In this paper, we demonstrate how users of on-chain lending markets are
increasingly employing leveraged strategies, relying on the increased liquidation
thresholds to borrow recursively. We show how loans, where the collateral and
underlying token exhibit historically tight correlation, are used to maximize
exposure to yield-bearing derivative tokens or stablecoins, enabling agents to
collect the spread between the cost of the loan and the yield. We note that
this paper makes use of technical terminology related to the specific design and
implementation of each token contract. For an introduction and overview of each
asset category and the underlying economic model, we invite the reader to review
Appendix A prior to reading the paper.

2 Literature

Recent research has increasingly focused on how decentralized lending proto-
cols behave when agents pursue leveraged strategies of recursive borrowing with
correlated collateral. While early empirical results showed that DeFi borrow-
ing was primarily motivated by directional exposure to ETH- or BTC-variants
[15,10], subsequent studies documented a gradually emerging tendency for yield-
arbitrage, initially to capture yield-farming incentives [17]. It was only later,
after “The Merge,” with the emergence of liquid-staking derivative tokens, that
recursive leverage took on the relative proportions documented in this paper [2].

Recent years have seen an increasing interest in how recursive leverage in
correlated assets produces geometric leverage that captures interest rate spreads
[15], under the assumption that the correlations will hold [2,13,16]. This practice,
combined with the rehypothecation of restaking, inflates the “total value locked”
(TVL) figures frequently used in the industry, which can obscure how the con-
centration of credit risk on oracle or smart-contract infrastructure compounds
with the size of the notional exposure on lending markets [11].

As noted above, the introduction of Aave’s eMode and Morpho’s correlated
vaults has further amplified this tendency. By assuming stable intra-category
price relationships, these markets enable significantly higher LTV ratios than
previously allowed [4] [16]. While higher LTVs for historically correlated assets
can increase capital efficiency for the market, the adverse implication is triggering
a rapid deleveraging sequence of cascading liquidations, if correlations weaken
or interest rates become unfavorable.

Although staking derivatives generally remain tightly correlated with their
underlying token, recent work has underscored how staking derivatives, such as
wstETH (Appendix A), can deviate from their underlying token due to mul-
tiple endogenous reasons, including liquidity constraints, funding frictions, and
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withdrawal queues, especially under stress [14,16]. Hence, when staking deriva-
tives make up the lion’s share of collateral in lending protocols, even small peg
deviations can propagate nonlinearly and trigger widespread liquidations [2,16].

For this reason, the liquidation mechanisms and the ‘liquidation pipeline’
(post-liquidation) have been the target of scrutiny. The automated liquidation-
auctions in lending protocols are currently dominated by MEV bots, given the
direct incentive for capturing the arbitrage between the liquidation penalty and
the price in AMMs such as Curve or Uniswap. This has been shown to lead to
timing asymmetries in which debt is repaid instantly while collateral is seized at
a discount [13]. Due to the underlying logic of lending pools, edge-case vulnera-
bilities around oracle updates can be manipulated to trigger forced liquidations
[3]. This risk is especially pertinent for highly leveraged staking derivatives, as
small price shocks can liquidate large portions of collateral, often within a single
block [12].

3 Methodology

Aave v3 and SparkLend (forked from Aave v3) issue ERC-20 tokens to represent
both collateral supplied and debt incurred. When a user deposits assets, whether
to lend or to post as collateral, the protocol mints a derivative token that encodes
ownership of the underlying funds and can be redeemed only by returning the
token. Similarly, debt positions are represented by distinct ERC-20 tokens that
remain in the borrower’s possession until the loan and its associated interest
are repaid. Each token type uniquely corresponds to its underlying asset. By
reconstructing all historical transfers of these tokens to and from each address,
we infer daily balances of collateral and debt across all assets.

3.1 Data Collection and Filtering

The dataset contains the full set of event logs for all interactions with the two
lending protocols. The ratio between logs heavily favors Aave v3, as this market
remains the largest by far.

Table 1. Summary statistics for Aave v3 and SparkLend on Ethereum after filtering.

Aave v3 SparkLend

Tokens 58 18
Unique borrowers 61,084 5,768
Days 1,39 978
Borrow transactions 584,913 28,599
Liquidations 17,883 1,769

We collect blockchain transactions for all addresses interacting with Aave v3
and SparkLend between January 2023 and December 2025, using data obtained
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from Dune Analytics. The dataset contains 59 token contracts (Appendix B), and
on average for the period, it captures 65.1% of the total value locked (TVL) for
all on-chain lending protocols on Ethereum throughout the observation period
[8].

Aave and SparkLend maintain oracle smart contracts that return a token’s
current price when provided with its address. Because these contracts do not emit
price-update events, our event-log dataset lacks historical price information. To
collect pricing data, we query an archive node via Infura, allowing interactions
with smart contracts at any past state. By querying the archive node at daily
intervals over the observation period, we construct a time series of token prices
in U.S. dollars, reflecting the values used by Aave and SparkLend.

We make the simplifying assumption that all users on Aave borrow at the
variable borrow rate. While Aave previously also allowed users to borrow at
a stable rate, this assumption enables us to drastically reduce the complexity
when determining accrued interest. Aave disabled the stable borrow rate in late
2023, so this assumption affects less than 2.6% of the total debt examined in
this analysis. Consequently, even if all debt before this date was borrowed at
the stable rate, the effect on total debt would be well below �0:1%, hence we
assume that this has negligible impact on our results.

Finally, we filter the data as follows. First, the address must be solvent; any
address whose outstanding debt exceeds its collateral is excluded. Second, the
address must maintain debt amounting to at least five percent of its collateral
value, thereby removing addresses whose activity more closely resembles passive
lending rather than strategic or recursive borrowing. Third, users must have
incurred more than one U.S. dollar in debt, ensuring that trivial “dust” balances
and minor rounding discrepancies do not contaminate the analysis.

3.2 Data Analysis and Definitions

For Aave and SparkLend, a naïve token-balance measure would fail to capture
interest accrual. To address this, we normalize all historical transfers by the
asset-specific liquidity index at the time of transfer. The liquidity index is a
monotonically increasing variable that tracks cumulative interest. Multiplying
the normalized balance by the current liquidity index yields the present value of
a user’s position, inclusive of accrued interest. Equations (1a) and (1b) demon-
strate the mechanism used for determining a user’s balance of collateral or debt
tokens at any given time t.

Ct =
∑
i<t

Si

LCi

� LCt (1a) Dt =
∑
i<t

Bi

LDi

� LDt (1b)

The number of tokens posted as collateral by a borrower, Ct, is determined
from a sequence of deposits and withdrawals denoted by Si, with positive values
indicating deposits and negative values indicating withdrawals. Likewise, the
number of debt tokens, Dt, is defined in terms of borrowings and repayments
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denoted by Bi. Finally, Li represents the liquidity index at the time when each
flow occurs, and Lt when we perform the daily snapshot.

Having reconstructed all collateral and debt balances throughout the ob-
servation period, we compute each remaining address’s implied leverage. Any
borrowed funds inherently introduce leverage, regardless of whether the bor-
rowed assets are spent externally or reinvested into additional cryptocurrency
exposure. As described above, a protocol’s collateralization requirements impose
an upper limit on feasible leverage, determined by the loan-to-value (LTV) ratio,
as expressed in Eq. (3).

Maximum Leveraget =
1

1 � LT V
(3)

Historically, achieving leverage near this theoretical limit required manually
swapping borrowed assets for collateral and re-borrowing (looping). Innovations
such as non-custodial automated risk management tooling or even flash loans
now enable users to automate the management of leveraged positions, and to
establish highly leveraged positions more efficiently. Nevertheless, in practice, we
observe that most users still maintain leverage well below the protocol’s maxi-
mum. This realization is achieved by applying the standard equity-multiplier in
Eq. (4) to quantify actual leverage.

Leveraget =
Ct � PCt

Ct � PCt
� Dt � PDt

(4)

In Eq. (4), Ct � PCt and Dt � PDt represent the notional value of a single
collateral–debt pair, both measured in U.S. dollars at time t. This measure in-
tentionally abstracts away directional market exposure. If collateral and debt
are denominated in the same asset, or in assets that are historically highly cor-
related, the user’s net delta exposure may be minimal even when the measured
leverage is high. Conversely, oppositely correlated positions may produce sig-
nificantly greater delta exposure than the formula implies. This is particularly
salient for asset pairs such as wstETH and WETH, which share the same un-
derlying asset (ETH) yet diverge over time due to the embedded staking yield
in wstETH. Despite these limitations, leverage remains a crucial indicator for
characterizing borrower behavior.

4 Findings

First, we examine the aggregate collateral, debt, and equity across the two lend-
ing protocols. We start by grouping all users into one of four asset categories,
each assigned based on the assets they borrow. The three main categories are
ETH-variants, USD-variants, and BTC-variants. A user is assigned to one such
group if the asset variants constitute at least 90% of their total debt. Finally,
the "Others"-variants contain all other users not suited for any category.
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