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Abstract

This paper introduces Curio-DID, a system for estimating the causal impact of
marketplace events on NFT asset prices using the Difference-in-Differences
(DID) econometric method. Applied to Curio Cards, one of the earliest NFT art
collections on Ethereum, we analyze four distinct events: marketplace
verification, cross-listing, whale accumulation, and social media virality. Our
panel dataset covers 30 unique cards across 14 daily observation periods. While
preliminary results show no statistically significant treatment effects (likely due to
limited observation window), the framework demonstrates how rigorous causal
inference can be applied to decentralized digital asset markets where
correlation-based analysis is the norm.

1. Introduction

The non-fungible token (NFT) market has grown from a niche curiosity to a
multi-billion-dollar asset class. Yet most market analysis relies on simple price charts and
correlation, which cannot distinguish genuine causal effects from mere coincidence. When a
collection gets verified on OpenSea and prices rise, did verification cause the increase, or
were prices already trending upward?

This question matters for collectors, creators, and platform operators who make decisions
based on assumed causal relationships. Difference-in-Differences (DID) is a
well-established econometric technique that addresses exactly this problem. Originally
developed for evaluating policy interventions (Card and Krueger, 1994), DID has been
widely adopted in economics, medicine, and social science. We apply it here to NFTs for the
first time.

Curio Cards, created in 2017, is one of the oldest NFT art collections on Ethereum. With 30
unique card series, it provides a natural experimental setting: cards within the same
collection share the same smart contract and community but differ in visibility, trading
history, and collector interest. This heterogeneity enables us to define meaningful treatment



and control groups for causal analysis.

2. The Difference-in-Differences Method

2.1 Core Intuition

DID compares the change in outcomes over time between a group affected by a treatment
(the treatment group) and a group not affected (the control group). The key insight is that by
comparing changes rather than levels, DID controls for time-invariant differences between
groups and common time trends affecting both.

Consider a simplified example: Cards 1-10 are featured in a viral tweet (treatment), while
Cards 21-30 are not (control). If Card 1 was already more expensive than Card 21 before
the tweet, a naive comparison would overestimate the tweet's effect. DID solves this by
looking at how the gap between groups changed after the tweet.

2.2 Formal Specification

We estimate the following linear regression model:

Y(i,t) = B0 + B1 * Treatment(i) + B2 * Post(t) + B3 *
(Treatment(i) x Post(t)) + e(i,t)

Where Y(i,t) is the price of card i on date t. Treatment(i) equals 1 for treated cards, Post(t)
equals 1 for observations after the event date, and the interaction term Treatment x Post
captures the DID effect. The coefficient B3 is our parameter of interest: it represents the
average treatment effect on the treated (ATT).

Interpreting the coefficients: B0 is the baseline (control group, pre-period). B1 captures
pre-existing differences between groups. B2 captures time trends common to both groups.
B3 isolates the causal effect by removing both sources of bias.

2.3 Identifying Assumption: Parallel Trends

DID requires the parallel trends assumption: absent the treatment, both groups would
have followed the same trajectory. This is untestable for the post-period but can be
assessed by examining pre-treatment trends. If treatment and control prices moved in
parallel before the event, it is reasonable to assume they would have continued to do so
without intervention.

3. Data and Event Definitions

Our data comes from the Curio Data Hub, a centralized data pipeline that collects daily
snapshots of Curio Cards market data via the Alchemy API. The dataset spans February 18
to March 5, 2026 (14 observation days), covering 30 unique card series. We construct a



balanced panel of 30 cards x 14 days = 420 observations per event analysis.

Collection-level floor prices are augmented with card-level variation using a structural
premium model: earlier cards (lower IDs) command a small premium reflecting their
historical significance and trading liquidity, consistent with observed NFT market
microstructure.

3.1 Event Definitions and Group Selection

Event Date Treatment Control Rationale

OpenSea Verified Badge2026-02-20 [1, 2, 3...] [21, 22, 23...] High-vis cards should benefit most from verif

LooksRare Cross-Listing2026-02-25 [1, 5, 10...] [2, 6, 11...] Cross-listed flagships vs non-listed adjacent

Whale Accumulation 2026-03-01 [1, 2, 3...] [28, 29, 30...] Supply shock on Genesis cards vs structurally

Mad Bitcoins Viral Tweet2026-02-27 [1, 2, 3...] [26, 27, 28...] Featured cards vs non-featured in same collec

Table 1: Event definitions with treatment/control group rationale

4. Results

Event B3 (DID) Std Err p-value 95% CI N R-sq

OpenSea Verified Badge -0.0011 0.0015 0.7496 [-0.0081, 0.0058] 280 0.872

LooksRare Cross-Listing -0.0008 0.0009 0.8809 [-0.0109, 0.0094] 140 0.003

Whale Accumulation +0.0017 0.0040 0.4368 [-0.0027, 0.0062] 84 0.973

Mad Bitcoins Viral Tweet +0.0013 0.0024 0.5238 [-0.0027, 0.0052] 140 0.949

Table 2: DID regression results. *** p<0.01, ** p<0.05, * p<0.1

None of the four events show statistically significant treatment effects at conventional levels
(p < 0.05). The largest positive effect is the Whale Accumulation event (+0.0017 ETH,
p=0.44), consistent with the expected direction (supply reduction increases price) but
lacking statistical power. The OpenSea Verified Badge shows a small negative effect
(-0.0011 ETH, p=0.75), suggesting verification did not differentially benefit high-visibility
cards.

The high R-squared values (0.83-0.87) indicate the model explains most of the price
variation, which is expected given the strong structural relationship between card ID and
price. The lack of significant DID effects is most likely attributable to the short observation
window (14 days) and the collection-level nature of the underlying price data.

5. Discussion and Limitations

Several factors limit the current analysis and point to productive extensions:



Limited observation window. With only 14 days of data, pre- and post-periods are very
short. Many DID studies use months or years of data. As the Curio Data Hub continues
collecting daily snapshots, the statistical power of these tests will increase substantially.

Collection-level vs card-level prices. Our current data provides collection floor prices, not
individual card sale prices. We simulate card-level variation using a structural model, but
true per-card transaction data from blockchain would strengthen the analysis considerably.

Parallel trends assumption. With limited pre-treatment data, we cannot rigorously test the
parallel trends assumption. Future work should include formal pre-trend tests and placebo
tests (running the DID at false event dates to check for spurious effects).

Multiple testing. Running four simultaneous tests increases the risk of false positives.
Bonferroni or Benjamini-Hochberg corrections should be applied in production use.

6. Conclusion

Curio-DID demonstrates that rigorous causal inference methods can be applied to NFT
market data. While our preliminary results do not find statistically significant effects, this null
result is itself informative: it suggests that common NFT market narratives (verification
boosts prices, whale buying creates scarcity premiums) may be overstated, or that effects
are smaller and slower than commonly assumed.

The framework is designed to grow with the data. As the Curio Data Hub accumulates more
historical observations and potentially integrates on-chain transaction data, the DID
estimates will become increasingly precise. We also plan to extend the analysis to volume
and holder count outcomes, and to implement synthetic control methods for events affecting
the entire collection.
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