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The Currency Price Index
The Currency (Tenders) is an NFT project by Damien Hirst minted on Palm, a new EVM compatible
sidechain. The HENI marketplace trades are on Palm but The Currency also has an NFT bridge to
Ethereum where trades can be made on OpenSea. There have been over 3,000 sales so far, generating
over 29,000 ETH.

The market for The Currency is liquid, with a significant portion of Tender sales occurring at around the
‘floor price’ (the lowest asking price across all marketplaces) and a small minority happening at two to
three times the floor price. Hence, The Currency is well suited for a price index that tracks the price of an
average Tender.

The price index will provide an instant market price for most of the non-rare NFTs in the collection, and
its movements will offer an insight into the volatility of prices. Hence, it will become a tool for collectors
and traders to evaluate the value and risk of their portfolios.

A price index should provide a robust estimate of the market clearing price for a Tender. A work listed
around the price index should be sold in a short amount of time. The price index should also be resistant
to manipulation. It should be insensitive to sales that appear to be fraudulent for reasons such as a very
low or high price, or if the same token is traded back and forth multiple times. Finally, a price index
should always be available regardless of the liquidity of the underlying.

To make a price index of the NFTs, we first create a basket of NFTs which look similar and trade at a
similar price. For The Currency, the basket is made up of floor NFTs and therefore any NFT in this basket
is assumed to trade at around the floor price. The price regression analysis in the September HENI
Analytics report is used to evaluate the tokens for this basket.

The below filter captures 6,046/10,000 Tenders:

1. Includes a title with the number of words falling between two and eight (inclusive).
2. Includes a title with the number of characters falling between 15 and 30 (inclusive).
3. Does not have a tag.
4. All colours rank less than 9,950.
5. The Drips, Overlap, Texture, Weight and  Density attributes rank between 51 and 9,949

(inclusive).

As of 1 January 2022, the 6,046 Tenders make up for 2,599/3,005 (87%) of sales to date.

The mean price to floor price ratio of the 2,599 sales from the group of 6,046 tenders was 1.07, with a
standard deviation of 0.15. The mean price to the floor of the 406 (the other 13%) sales not in the filter
is 1.3, with a standard deviation of 0.5. This shows that the filter designed above is a good heuristic to
provide us with the NFTs that trade at similar values.

Since NFTs are inherently unique, the above filter will fail at times when an attribute not covered by the
rarities adds value to the piece. Hence, there is a second filter which only keeps the NFT in the basket if
it has been sold before and within a small interval around the floor price at the time. The exact details
are described on page 10.

http://bit.ly/TheCurrency0921
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Price Calculation from Sales

Once we have a basket and a set of token sales in the basket we need to determine how to calculate a
price at any time. A simple method would be to take the average (mean) of the last N sales. In our case,
we use a time weighted average such that the most recent of the N sales are given the highest weight.
We investigated several candidates for N and compared the performance against the floor price on the
OpenSea and HENI platforms.

Note that the basket for these evaluations was fixed as of midnight on 31 October 2021 and does not
change throughout the evaluation period.

We calculate the price index using the last N sales. We calculate the following statistics to evaluate the
quality of our index:

1. RMSE: The Root Mean Squared Error of the price index against the collection floor price at the
time. A value of 0 would mean an index that exactly copies the collection floor price. We
calculate this on an hourly and daily basis. To calculate the daily RMSE we average the floor price
and the price index over the day.

2. Correlation: We use the Pearson Method to calculate the correlation. A correlation of 1 would
mean a perfect correlation in price changes between the collection floor price and the price
index.

The charts below show our price index in green, the floor price in maroon and the actual sales as black
dots between 1 Nov 2021 and 13 January 2022.
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Some observations about the price index:
1. All 5, 10, 15, 20 sale price indices closely track the collection floor price with an hourly price

correlation of at least 0.9.
2. The higher the N the more the price index seems to lag for the collection floor price.
3. The lower the N the more volatile the price index. The 5 sale price index seems more volatile

than the floor price itself.
4. N = 10 has the lowest RMSE versus the collection floor and the highest correlation to the price

index.
5. N = 20 has the highest RMSE versus the collection floor.

Based on the above observations it would appear that using N = 10 will provide the most accurate price
index. However a small number of sales will drive the index, which is a problem if some of those
transactions prove to be manipulative. Additionally, as we can see above, a higher N provides a less
volatile index while still keeping a high correlation to the collection floor and low RMSE.

On balance, we selected N = 15 as it still gives a highly accurate index (RMSE of 0.30 against the floor
price) and high daily correlation (0.92). It also makes it costly to manipulate the index as 15 sales are
needed to move the price index.
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Price Manipulation Resistance

The second requirement for our index is price manipulation resistance. The cost for any user to influence
the price index should be as large as possible and proportional to the change required. For example, if it
costs 2 ETH to manipulate the price by 10%, it should cost at least 10 ETH to manipulate it by 50%.

The lowest cost method to manipulate the price would be to trade the same token at a nominal price
like 0.001 ETH. On the Palm blockchain, which has almost zero transaction fees, it would be very easy for
someone to bring down the index by creating thousands of transactions at 0.001 ETH.

Hence, we firstly remove all sales below 5% of the current average price to date. Therefore, if the current
average price is 10 ETH, any sales below 0.5 ETH are automatically removed.

Secondly, we calculate a running average of the last 50 prices over all sales. A truncated mean with the
top three and bottom three sales removed is used to calculate the robust average.  All sales that are
below 65% of the running average and above 175% of this value are removed.

The visualisation of this process can be seen below.

The black lines track the lower bound (65% of average price) and upper bound (175% of average price)
over time. We can see that these thresholds do a very good job of removing anomalous sales even when
they appear to be relatively close to the market price.
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Thousands of transactions can be made outside of the band above and the algorithm will mark each as
an outlier. However, if more than 99% of the transactions of unique tokens in a 24 hour period are
outside the bands, the algorithm will decide to use all the transactions in the 24 hour period, even if
they were marked as outliers before. This is to account for the fact that the market might gap to a much
lower or higher price that is outside the band as a result of some event.

In the chart below we have simulated several types of market transactions to see how the outlier
detection would behave in adverse conditions.

The simulated events above are extreme and have never happened in the past, yet the outlier detection
algorithm works quite well in classifying the sales. Given the above, the price index is expected to
function as normal when there are adverse events like the above.
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Basket Rebalancing

As we only include tokens that have sold before in our basket, as more tokens are sold the size of our
basket increases. A bigger basket will provide a better tracking of the index to the overall collection floor
as it will capture more sales.

Additionally, as tokens are sold repeatedly our estimate of their price relative to floor improves and our
basket, which contains tokens that are estimated to be at the floor, becomes more closely aligned with
the ‘real’ floor NFT basket.

Therefore, we would be adjusting the basket every 90 days.



Constituent 
selection
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1. Constituent Selection

The first part of the algorithm selects a basket of tokens that are used to calculate the average index
value.

1.1 A basket of TokenIDs are selected based on the following criteria:

1.1.1 Includes a title with the number of words falling between 2 and 8 (inclusive).
1.1.2 Includes a title with the number of characters falling between 15 and 30 (inclusive).
1.1.3 Does not have a tag.
1.1.4 All colours ranks less than 9,950.
1.1.5 The Drips, Overlap, Texture, Weight and Density attributes rank between 51 and 9949

(inclusive).

1.2 The tokens are filtered from the rarity CSV posted on the HENI website. The attributes have been
tested to successfully filter out floor Tenders based on historical sales.

1.3 The above filter selects 6,046/10,000 Tenders.

1.4 For every traded at least once, we calculate the realised floor premium ratio. This ratio𝑇𝑜𝑘𝑒𝑛𝐼𝐷
tells us how much over the floor price the has sold for. It can be calculated using the𝑇𝑜𝑘𝑒𝑛𝐼𝐷
following formula:

𝑅𝑒𝑎𝑙𝑖𝑠𝑒𝑑𝐹𝑙𝑜𝑜𝑟𝑃𝑟𝑒𝑚𝑖𝑢𝑚𝑅𝑎𝑡𝑖𝑜
𝑇𝑜𝑘𝑒𝑛𝐼𝐷

=  𝑖=1

𝑛

∑
𝑆𝑎𝑙𝑒𝑃𝑟𝑖𝑐𝑒

𝑖

𝐹𝑙𝑜𝑜𝑟𝑃𝑟𝑖𝑐𝑒
𝑖

𝑛

1.4.1 Where is the ith sale of the .𝑆𝑎𝑙𝑒𝑃𝑟𝑖𝑐𝑒
𝑖

𝑇𝑜𝑘𝑒𝑛𝐼𝐷
1.4.2 is the floor price collected at or just before the time of . The floor𝐹𝑙𝑜𝑜𝑟𝑃𝑟𝑖𝑐𝑒

𝑖
𝑆𝑎𝑙𝑒𝑃𝑟𝑖𝑐𝑒

𝑖
price is defined as the average of the three lowest asking prices on the HENI or OpenSea
marketplaces at a time, t. is calculated every 300 seconds and the last floor𝐹𝑙𝑜𝑜𝑟𝑃𝑟𝑖𝑐𝑒
price value is used for the latest sale.

1.5 From the basket of 6,046 Tenders only keep if:𝑇𝑜𝑘𝑒𝑛𝐼𝐷
1.5.1 The Tender sold before and
1.5.2 is between 0.8 and 1.25 (inclusive).𝑅𝑒𝑎𝑙𝑖𝑠𝑒𝑑𝐹𝑙𝑜𝑜𝑟𝑃𝑟𝑒𝑚𝑖𝑢𝑚𝑅𝑎𝑡𝑖𝑜

𝑇𝑜𝑘𝑒𝑛𝐼𝐷

1.6 The s retrieved from steps 1.1 to 1.4 are selected to be in the basket that will be used to𝑇𝑜𝑘𝑒𝑛𝐼𝐷
calculate the price index.
1.6.1 𝐵𝑎𝑠𝑘𝑒𝑡

𝑑
= { 𝑇𝑜𝑘𝑒𝑛𝐼𝐷

1
,  𝑇𝑜𝑘𝑒𝑛𝐼𝐷

2
, …,  𝑇𝑜𝑘𝑒𝑛𝐼𝐷

𝑛
}

where is the date at which the basket was evaluated and is the total number of tokens𝑑 𝑛
in the basket.

https://dv7mrxymjpv22.cloudfront.net/rarities/Damien+Hirst+-+The+Currency.csv


Price Index 
Calculation

2.



9

2. Price Index Calculation

2.1 The sale prices are extracted from sales on OpenSea on the Ethereum blockchain and HENI on
the Palm blockchain.

2.2 On Ethereum, 20 block confirmations are required for a sale to be recognised. This is to maintain
robustness against chain reorganisation. Bundle sales where more than 1 ERC 721 token is
transferred in the same transaction are ignored.

2.3 If the transaction token is different to ETH, the price is converted to ETH using the exchange rate
at the time.

2.4 We denote each sale as:𝑠
𝑛

2.4.1 where:𝑆
𝑛
 =  {𝑝,  𝑡,  𝑇𝑜𝑘𝑒𝑛𝐼𝐷}

is the price in ETH𝑝
is the unix timestamp of the sale𝑡

is the TokenID that was traded for price in the sale.𝑇𝑜𝑘𝑒𝑛𝐼𝐷 𝑝
2.5 Let be the set of sales since the first sale ordered by the time𝑆𝑎𝑙𝑒𝑠

𝑛
= {𝑆

𝑖  
| 0 ≤ 𝑖 ≤  𝑛} 𝑛 𝑆

0

of sale .𝑡
𝑖 

∈  𝑆
𝑖
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2.6 Outlier Detection

2.6.1 The price index is designed to be resistant to outlier sales based on the following
processes:

2.6.2 Extreme outliers

● A common occurrence in the NFT space are extremely low value sales to a different
wallet address of the same owner (or a friend). These extremely low value sales are
not part of the usual market trades and are removed using a statistical rule.

● A sale is classified as an extreme outlier if the price is below 5% of the average sale
price to date. For example, if the price of sale is 0.1 ETH but the average price to date
is 10 ETH (not including the current sale) then the 0.1 ETH sale is removed. The
calculation can be formalised as below:

● Let be the nth the sale price in s.𝑝
𝑛

𝑠𝑎𝑙𝑒
● For each in and , keep in s if and only if𝑆

𝑛
𝑆𝑎𝑙𝑒𝑠  𝑛 ≥  100 𝑆

𝑛
𝑆𝑎𝑙𝑒

.𝑝
𝑛
 > 0. 05 *  1

𝑛−1
𝑖=0

𝑛−1

∑ 𝑝
𝑖

● All sales where are kept. This is because we do not have a large𝑆
𝑛

𝑛 < 100
enough sample to estimate the mean.

2.6.3 Probable outliers

● Next, we remove sales which are above the extreme outlier threshold as discussed in
2.6.2 but are still at extreme levels compared to the average price. These are outlier
sales which are removed from the calculation based on the following algorithm:

● We will define the TruncatedMean function that is used to calculate the average over
prices.
Define as an ordered set of 50 prices,𝑝𝑟𝑖𝑐𝑒𝑠 =  [𝑝

0
,  𝑝

1
,  ...,  𝑝

49
] 𝑝

The function on calculates the price by first discarding the𝑇𝑟𝑢𝑛𝑐𝑎𝑡𝑒𝑑𝑀𝑒𝑎𝑛 𝑝𝑟𝑖𝑐𝑒𝑠
top three and bottom three prices and then taking the mean of the 44 middle values:

where𝑇𝑟𝑢𝑛𝑐𝑎𝑡𝑒𝑑𝑀𝑒𝑎𝑛(𝑝𝑟𝑖𝑐𝑒𝑠)  =  1
44

𝑖=3

46

∑ 𝑝
𝑖
  𝑝

𝑖 
∈  𝑝𝑟𝑖𝑐𝑒𝑠

● For each sale, , where we calculate if the price is an outlier (as the𝑠
𝑛

𝑛 ≥  50 𝑝
𝑛

sample size is too small for ).  This is represented by the variable 𝑛 <  50
.𝑖𝑠𝑂𝑢𝑡𝑙𝑖𝑒𝑟

𝑛
 ∈  𝑇𝑟𝑢𝑒,  𝐹𝑎𝑙𝑠𝑒{ }

● is calculated at every sale based on the following algorithm:𝑖𝑠𝑂𝑢𝑡𝑙𝑖𝑒𝑟
𝑛

● For , set to and then for each .𝑛 <  50 𝑖𝑠𝑂𝑢𝑡𝑙𝑖𝑒𝑟
𝑛

𝐹𝑎𝑙𝑠𝑒 𝑛 ≥  50
● Let be the set of all sales 24 hours prior to such𝑆𝑎𝑙𝑒𝑠

𝑘
 ⊆  𝑆𝑎𝑙𝑒𝑠

𝑛 
 𝑆

𝑛 
(𝑘 < 𝑛)

that no in is repeated. If there are multiple𝑇𝑜𝑘𝑒𝑛𝐼𝐷  {𝑇𝑜𝑘𝑒𝑛𝐼𝐷
𝑘
 ∀ 𝑆

𝑘 
∈  𝑆𝑎𝑙𝑒𝑠 }

sales of a then take the earliest sale and discard the subsequent sales.𝑇𝑜𝑘𝑒𝑛𝐼𝐷
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● Let be the ratio of sales in where r is . For𝑃𝑐𝑡𝑂𝑢𝑡𝑙𝑖𝑒𝑟 𝑆𝑎𝑙𝑒𝑠

𝑘
𝑖𝑠𝑂𝑢𝑡𝑙𝑖𝑒 𝑇𝑟𝑢𝑒

example, if half the sales in are marked as𝑃𝑐𝑡𝑂𝑢𝑡𝑙𝑖𝑒𝑟 =  0. 5 𝑆𝑎𝑙𝑒𝑠
𝑘

𝑖𝑠𝑂𝑢𝑡𝑙𝑖𝑒𝑟 =  𝑇𝑟𝑢𝑒.
● If , proceed to calculate the average price.𝑃𝑐𝑡𝑂𝑢𝑡𝑙𝑖𝑒𝑟 ≤  0. 99

○ Let be the last 50 prices prior to where𝑝𝑟𝑖𝑐𝑒𝑠 =  [𝑝
𝑛−50

,  ..., 𝑝
𝑛−1

] 𝑆
𝑛

is .𝑖𝑠𝑂𝑢𝑡𝑙𝑖𝑒𝑟
𝑛

𝐹𝑎𝑙𝑠𝑒
○ .𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑃𝑟𝑖𝑐𝑒 =  𝑇𝑟𝑢𝑛𝑐𝑎𝑡𝑒𝑑𝑀𝑒𝑎𝑛(𝑝𝑟𝑖𝑐𝑒𝑠)

● If ,𝑃𝑐𝑡𝑂𝑢𝑡𝑙𝑖𝑒𝑟 >  0. 99
then > 99% of all sales in the last 24 hours are classified as outliers, as if the
market has ‘gapped’ to a new price level. Hence, we must re-evaluate all sales
from the last 24 hours to see if there are outliers or not.

○ are the last 50 prices prior to (Note: we are𝑝𝑟𝑖𝑐𝑒𝑠 =  [𝑝
𝑛−50

,  ..., 𝑝
𝑛−1

] 𝑆
𝑛

not using in this case).𝑖𝑠𝑂𝑢𝑡𝑙𝑖𝑒𝑟
𝑛

○ 𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑃𝑟𝑖𝑐𝑒 =  𝑇𝑟𝑢𝑛𝑐𝑎𝑡𝑒𝑑𝑀𝑒𝑎𝑛(𝑝𝑟𝑖𝑐𝑒𝑠)
○ For each in :𝑆

𝑘
𝑆𝑎𝑙𝑒𝑠

𝑘
■ Set to if and only if:𝑖𝑠𝑂𝑢𝑡𝑙𝑖𝑒𝑟

𝑘
𝐹𝑎𝑙𝑠𝑒

𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑃𝑟𝑖𝑐𝑒 * 0. 65 ≤ 𝑝
𝑘

≤  𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑃𝑟𝑖𝑐𝑒 *  1. 75
where is the price of sale .𝑝

𝑘
𝑆

𝑘
■ Otherwise set to .𝑖𝑠𝑂𝑢𝑡𝑙𝑖𝑒𝑟

𝑘
𝑇𝑟𝑢𝑒

● set to if and only if:𝑖𝑠𝑂𝑢𝑡𝑙𝑖𝑒𝑟
𝑛

𝐹𝑎𝑙𝑠𝑒
𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑃𝑟𝑖𝑐𝑒 * 0. 65 ≤ 𝑝

𝑛
≤  𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑃𝑟𝑖𝑐𝑒 *  1. 75

● otherwise set to𝑖𝑠𝑂𝑢𝑡𝑙𝑖𝑒𝑟
𝑛

𝑇𝑟𝑢𝑒

2.6.4 Note: The 0.65 and 1.75 values used above have been backtested to accurately remove
known outliers in historic data.

2.7 Let be the set of sale prices where is and is𝐵𝑎𝑠𝑘𝑒𝑡𝑆𝑎𝑙𝑒𝑠 ⊆  𝑆𝑎𝑙𝑒𝑠
𝑛

𝑖𝑠𝑂𝑢𝑡𝑙𝑖𝑒𝑟
𝑖

𝐹𝑎𝑙𝑠𝑒 𝑇𝑜𝑘𝑒𝑛𝐼𝐷
𝑖

in for all in .𝐵𝑎𝑠𝑘𝑒𝑡
𝑑

 𝑆
𝑖

𝑆𝑎𝑙𝑒𝑠
𝑛

2.8 Order in time descending order.𝐵𝑎𝑠𝑘𝑒𝑡𝑆𝑎𝑙𝑒𝑠
2.9 Let be the time weighted average price at time , or also the index at time, . It is𝑡𝑤𝑎𝑝

𝑡𝑠
𝑡𝑠 𝑡𝑠

calculated as follows:
2.9.1 is the set of the last 15 sales of 15 unique TokenIDs in before𝐿𝑎𝑠𝑡𝑆𝑎𝑙𝑒𝑠 𝐵𝑎𝑠𝑘𝑒𝑡𝑆𝑎𝑙𝑒𝑠

time, t, is calculated as follows:
1. Take all sales in before time, .𝐵𝑎𝑠𝑘𝑒𝑡𝑆𝑎𝑙𝑒𝑠 𝑡𝑠

𝐿𝑎𝑠𝑡𝑆𝑎𝑙𝑒𝑠 = { 𝑆
𝑖

∈ 𝐵𝑎𝑠𝑘𝑒𝑡𝑆𝑎𝑙𝑒𝑠 | 𝑡
𝑖
 <  𝑡𝑠 } 

2. Remove any in where is repeated. Since is𝑆
𝑖

𝐿𝑎𝑠𝑡𝑆𝑎𝑙𝑒𝑠 𝑇𝑜𝑘𝑒𝑛𝐼𝐷 𝐿𝑎𝑠𝑡𝑆𝑎𝑙𝑒𝑠
ordered by time descending order, this step will keep the latest sale of each

.𝑇𝑜𝑘𝑒𝑛𝐼𝐷
3. Finally, select the 15 most recent sales.

𝐿𝑎𝑠𝑡𝑆𝑎𝑙𝑒𝑠 = { 𝑆
𝑖

∈ 𝐿𝑎𝑠𝑡𝑆𝑎𝑙𝑒𝑠 | 15 <  𝑖 ≤  0 }

2.9.2 Let be the set of all unix sale times of the sales in𝑡𝑖𝑚𝑒 𝐿𝑎𝑠𝑡𝑆𝑎𝑙𝑒𝑠
𝑡𝑖𝑚𝑒 =  { 𝑡

𝑖 
∈  𝑠

𝑖 
 ∀ 𝑠

𝑖 
∈  𝐿𝑎𝑠𝑡𝑆𝑎𝑙𝑒𝑠 }
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2.9.3 Then the weight of each sale is given as follows:𝑤

𝑖
𝑆

𝑖

𝑤
𝑖

=
𝑡

𝑖
−𝑡

0

𝑡
14

−𝑡
0

* 0. 9( ) + 0. 1

Note that .0. 1 < 𝑤
𝑖

< 1

2.9.4 The most recent sale is given the highest weight. Note: each sale in now𝐿𝑎𝑠𝑡𝑆𝑎𝑙𝑒𝑠
contains the weight too.
𝑆

𝑖
 = { 𝑝

𝑖 
,  𝑡

𝑖
,  𝑇𝑜𝑘𝑒𝑛𝐼𝐷

𝑖
,  𝑤

𝑖
}  

2.9.5 Finally, we can calculate by taking a weighted average of prices in :𝑡𝑤𝑎𝑝
𝑡𝑠

𝐿𝑎𝑠𝑡𝑆𝑎𝑙𝑒𝑠

where is the price of and is the weight for the sale .𝑡𝑤𝑎𝑝
𝑡𝑠

= 𝑖=0

14

∑ 𝑤
𝑖
𝑝

𝑖

𝑖=0

14

∑ 𝑤
𝑖

    𝑝
𝑖

𝑆
𝑖

𝑤
𝑖

𝑆
𝑖
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3. Methodology review and changes

We do not expect the price calculation rules described in section two to change over time. However, the
tokens in the basket as described in section one will be updated every 90 days to include newly sold
tokens that fit the criteria defined in section one.

3.1 Constituent Updates

According to step 1.4, as more tokens are sold, more TokenIDs can be included in the index basket.
Additionally, as tokens are repeatedly sold we get a better estimate of the

, allowing us to include or exclude tokens more reliably.𝑅𝑒𝑎𝑙𝑖𝑠𝑒𝑑𝐹𝑙𝑜𝑜𝑟𝑃𝑟𝑒𝑚𝑖𝑢𝑚𝑅𝑎𝑡𝑖𝑜
𝑇𝑜𝑘𝑒𝑛𝐼𝐷

Hence, over time the basket will evolve to include more tokens, including those that more closely follow
the floor price.

In this price index, the basket of tokens will be updated every 90 days, starting from 1 January 2022.
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4. Contingency Rules

4.1 Upon a request, the calculation will fail if any of the following are true:

4.1.1 Bugs in price feeds:
● The price feed is older than 15 minutes.
● Sales with missing price, time or TokenID.

4.1.2 after step 2.6.2 contains less than 500 sales.𝑠𝑎𝑙𝑒𝑠
4.1.3 in step 2.7 contains less than 15 sales.𝐵𝑎𝑠𝑘𝑒𝑡𝑆𝑎𝑙𝑒𝑠




