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Introduction 

Protecting confidential data from unauthorized disclosure is a critical challenge in the sciences. 
specifically in regions of sciences where patents or proprietary intellectual property afford 
advantages over competition. We propose an algorithmic framework that leverages economic 
incentives and cryptographic techniques to deter data leaks. The framework, in short, requires 
users to lock a certain amount of HAIR as a security deposit before accessing sensitive 
information. If the data remains confidential, the user eventually receives their deposit back, after 
the confidentiality period of the data has expired; if a leak is traced back to them, they forfeit the 
locked funds. By tuning the amount and duration of the lock based on the data’s value and 
corresponding leak risk, we create a financial disincentive against leaks. This paper outlines the 
algorithm in detail, covering data sensitivity categorization, dynamic lock duration strategies, 
leak tracing via data fingerprinting, and a game-theoretic analysis of incentives and deterrents. 

Data Sensitivity Levels and Stake Scaling 

Not all data is equally sensitive. We define sensitivity levels to categorize data and determine 
appropriate stake (deposit) requirements. Higher sensitivity data will demand a larger HAIR lock 
amount to access. Four exemplary levels, which may be tweaked or further nuanced depending 
on your data generation, are: 

● Level 1 – Basic Research: Early-stage data that does not translate directly to a product, 
but whose information allows scientists to develop products in the future. Leaks cause 
minimal harm in the short-term but allow others to compete in the long-term, although 
access is a positive externality to society due to that the data allows others to discover 
insights across both specific and the broader scientific landscape (e.g. preliminary 
research that will eventually be published). General Requirement: Minimal deposit for 
longer duration. 

● Level 2 – Clinical Research: Product data gathered from the customer or patient’s use of 
the product. Leaks cause minimal harm in the short-term and long-term, due to that the 
data generator has already filed a patent or begun production and therefore should have 
the early-stages of a moat formed. Leaks would allow competitors to access the benefit of 
developing a competing product, although the competition would likely have come 
anyway several months after the company published its data to attract more customers.  
General Requirement: Minimal deposit for a short duration. 

● Level 3 – Translational Research: Intermediate data moving directly toward product 
development (e.g. pre-patent findings). Leaks cause significant harm by allowing 
competitors to front-run or develop a competing patent, although the data generator can 
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mitigate these risks by filing a provisional patent quickly after data generation. General 
Requirement: High deposit (perhaps an order of magnitude higher than Level 1) for 
moderate duration. 

● Level 4 – High-Risk Confidential: Extremely sensitive information (i.e. personal/
medical data, or national security related, wherein leaks could open the data generating 
entity to lawsuits). General Requirement: Highest possible deposit for the longest 
duration. 

The locking amount scales with sensitivity. We formalize this as an increasing function 
where  is the sensitivity level. For instance, let  correspond to the categories 
above. One could choose a scaling rule such as exponential growth: 

 

where is a base deposit for Level 1, and  is a growth factor (e.g. ). In 
this scheme, each higher level multiplies the required deposit. For example, if 

  and , then a Level 4 data access would require 

.  

This reflects the greater potential damage from leaking high-risk data. Organizations may also 
directly tie D to an estimated value of the data or damage from leak. If  is the assessed value 
(or harm) of the data, a simple heuristic is to set: 

 

for some , ensuring the deposit exceeds the data’s value. This renders the 
financial stake higher than any profit a leaker could gain, aligning with deterrence theory. We 
note that classification of data into these levels can follow existing best practices​ within an 
organization, and if data spans multiple levels, the highest level dictates the deposit. Each level’s 
deposit requirement is a tunable parameter that can be adjusted based on industry and 
organizational risk appetite. 

Lock Duration and Dynamic Adjustments 

In addition to the amount, the duration for which the deposit is locked is crucial. The lock 
duration  should cover the period during which the data affords the data generator a 
competitive moat, with recognition that the moat reaches diminishing returns at a certain future 
time point. We propose that more important or long-lived confidential data be associated with 

D(L)
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longer lock times. For each sensitivity level, the algorithm defines a base duration . For 
example: 

● Level 1 (Basic Research): Long lock (e.g. 1 – 6 years), assuming data will either be 
published or lose competitive value in that timeframe. 

● Level 2 (Clinical Research): Short lock (e.g. 3 - 6 months) needed to ensure that the 
dataset is complete, to avoid false marketing of data. 

● Level 3 (Translational): Moderate lock (e.g. 6 months - 2 years) to cover the time 
needed to secure intellectual property (patent filings, etc.) or bring a product to prototype 
stage. 

● Level 4 (High-Risk): Very long lock (5+ years, potentially up to a decade or more), with 
accompanied confidentiality agreements over the same time period. 

The algorithm doesn’t treat  as fixed; it allows dynamic adjustments based on ongoing 
risk assessment. We introduce a function    where  is the importance or risk 
level as a function of time. Some data depreciates in sensitivity over time – for example, after the 
data generator has advanced to its next or several rounds of experiments based on the results of 
the data, or has completed a patent, product release or publication, the information might no 
longer be sensitive. In such a case where the sensitivity depreciates faster than expected, the data 
generator may unlock the deposit early. Conversely, if data remains critical beyond the expected 
horizon (e.g. a project’s timeline extends), the data generator may propose the lock to be 
extended accordingly. The right to adjust the lock period based on future analysis should be 
clearly defined by the data generator to the depositor, prior to or at the moment when the deposit 
is locked. 

Dynamic Adjustment Strategy: The data generator can implement periodic checkpoints (every 
1, 3 or 6 months) to re-evaluate data importance. At each checkpoint, a risk score is computed for 
the data based on factors like: whether the information is now public or partially disclosed, 
whether its competitive value has changed, and if any leak attempts or threats have been 
detected. If the risk score drops below a threshold (data is less sensitive now), the algorithm may 
optionally allow an earlier release of the deposit or a reduction in the amount (returning a portion 
as a reward for maintaining confidentiality). If the risk remains high or increases (perhaps due to 
extended project timelines or new threats), the lock duration can be rolled over for another 
period.  should be viewed as a flexible window that adapts to when the data’s confidentiality is 
no longer mission-critical. 

This dynamic scheme ensures that users are not unduly punished by extremely long locks if the 
data’s sensitivity no longer justifies it, while still guaranteeing that the peak risk period is fully 
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covered by the stake. The lock duration needs to be long enough that any leak within that critical 
window would be discoverable and attributable while the deposit is still in custody (to allow for 
penalty enforcement). For example, if a certain research finding will be published in 1 year, a 1-
year lock suffices; if a secret will naturally lose value in 5 years, lock for slightly over 5 years to 
cover that span. By continuously aligning lock durations with data importance, we maintain a 
strong deterrent when it matters and ease restrictions when the risk has passed. 

Data Leak Fingerprinting and Tracking 

A cornerstone of our approach is the ability to trace leaks back to the responsible user. To 
enforce penalties on leakers, we must reliably detect whose copy of the data was leaked. The 
algorithm incorporates robust watermarking/fingerprinting techniques to uniquely mark each 
user’s accessed data. Each time a user with a deposit downloads or views confidential data, the 
system creates a fingerprinted copy tailored to that user. This fingerprint could be an invisible 
watermark, a cryptographic tag, or other embedded identifiers. 

Watermarking and fingerprinting have long been used for leak detection. A traditional watermark 
might embed a unique code or pattern in each distributed copy of a document; if that copy later 
appears in unauthorized hands, it reveals the leaker’s identity​. Our system extends this concept 
with modern, hard-to-remove fingerprints. It’s important that the fingerprint is invisible or non-
intrusive (so it doesn’t interfere with legitimate use or alert a malicious user) and robust 
(difficult to scrub out without destroying the data’s utility). For example, instead of obvious 
visible watermarks (which can be cropped or edited out), one can use steganographic techniques: 
hiding identifying bits in document whitespace, image pixels, or minor wording variations. 
Fingerprinting differs slightly from watermarking – watermarking is often used to mark the data 
owner or classification, whereas fingerprinting is specifically used to mark each individual 
recipient​. In practice, our approach uses unique hidden signatures per user, effectively “labeling” 
the data so that any leak can be traced. 

Techniques for Fingerprinting: 

● Text Documents: Introduce subtle changes such as synonym replacements, sentence 
reordering, or invisible characters. For instance, in one copy a certain word might be 
spelled with British vs. American English, or certain punctuation differences are 
introduced in a pattern unique to the user. Another method is to insert zero-width Unicode 
spaces at specific positions in the text as an invisible binary code​. These do not alter the 
readable content but act as a covert identifier. Modern systems like LeaksID use such 
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steganographic labeling to produce trillions of unique document variants, all visually 
identical​. 

● Images and Figures: Embed a faint invisible watermark in images – e.g. altering least 
significant bits of pixels or using an overlay with the user’s ID hashed into it. The 
changes are imperceptible to the eye but can be detected by the issuer. 

● Structured Data (Tables, Databases): Add a few "decoy" entries or slight numeric 
perturbations unique to each user. For example, in a dataset one or two records might be 
synthetic and only present in a specific user’s copy (a honeytoken). If such a record 
shows up elsewhere, it identifies the source. Alternatively, one can alter certain numeric 
values by a tiny amount within an acceptable error margin, in a pattern tied to the user's 
ID. 

Each user's data access is thus tagged with a cryptographic token or signature. A 
straightforward method is to generate a cryptographic hash or identifier for the user and embed 
that into the data. For example, if user Alice has an ID 123, the system might embed an 
encrypted form of "123" throughout the document (spread out in pieces). The embedding could 
be done via a secret key known only to the provider, so only the provider can decode a found 
watermark to identify the user. This ensures that even if a malicious user is aware of 
fingerprinting, they cannot easily locate and remove all markers without access to the secret 
embedding scheme. 

Robustness is key: we use multiple redundant markers so that even if part of the data is leaked or 
transformed, some fingerprints survive. For instance, markers can be inserted per page of a 
document, or per section of data. The fingerprinting algorithm might also leverage error-
correcting codes to ensure the user's code can be reconstructed from partial data. Modern anti-
leak watermarking solutions emphasize that invisible fingerprints “cannot be easily removed or 
detected” by the recipient​, unlike visible watermarks which a savvy leaker might try to scrub or 
crop. By deploying state-of-the-art invisible fingerprinting, the system significantly increases the 
probability  that any leak will be detected and traced. This detection probability is a crucial 
variable in the economic model discussed later. 

Incentives for Reporting Malcompliance 

To further strengthen the deterrence mechanism, the system can introduce financial incentives for 
users who report unauthorized data sharing, policy violations, or attempts to circumvent security 
measures. Individuals who report confirmed cases of data leakage or malcompliance can receive 
a bounty as a percentage of the forfeited deposit from the offending party. This encourages 
whistleblowing and increases the likelihood that any attempted leaks will be discovered, further 
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raising the perceived risk for potential leakers. Additionally, a tiered reward system can be 
implemented: higher incentives for reporting severe breaches and proactive monitoring bonuses 
for users who assist in preventing leaks before they occur. The bounty amount can be calculated 
as: 

 

where a is a fraction (e.g., 0.2 or 20%) of the forfeited deposit. Higher severity breaches can have 
an increased bounty, ensuring greater rewards for more critical reports. However, the data 
generator must keep in mind that a depositor could self-report themselves, and thus must add any 
malcompliance reporting bounty to the depositor’s initial deposit . By aligning incentives in 
favor of confidentiality, the ecosystem fosters an internal culture of compliance where peers 
actively discourage and report misuse. 

Game-Theoretic Incentives and Deterrence Model 

We model the interaction between the data provider and the user as a game with economic 
incentives. The user must decide whether to honor confidentiality or attempt to leak the data for 
some benefit, while the system sets stakes and detection mechanisms to discourage leaking. Key 
variables in our model include: 

●  : The amount of USD the user locks (deposit). 
●  : The duration for which the deposit is locked (during which if a leak is found, the 

deposit can be seized). 
●  : The potential benefit or payoff a user could gain from leaking the data (e.g. selling it 

to a competitor, personal gain, or fame). This could be monetary or indirect value. 
●  : The probability that a leak, if it occurs, will be detected and traced back to the user. 

This is increased by the fingerprinting techniques above. 
●  : The penalty if caught – in our scheme, this is at least the loss of the deposit . There 

could be additional external penalties, such as legal consequences dependent on the terms 
agreed to by the depositor, but we focus on the deposit as the designed incentive. 

From the user’s perspective, leaking is worth the risk only if the expected payoff is positive. 
Suppose if the user leaks, two outcomes: with probability  they are caught and lose their 
deposit (and possibly face other penalties), and with probability  they get away with it 
and gain benefit B while keeping their deposit. We can express the expected value  of the 
leak decision as: 

BR  =  a * D 
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If caught, we assume the user still gained the leak benefit  (e.g. got paid by a third party) but 
loses the deposit , yielding net . If not caught, net gain is . Simplifying the above: 

 

On the other hand, if the user does not leak, their payoff is essentially 0 in terms of illicit gains 
(they may actually benefit from authorized use of the data in their research or work, but that is an 
intended positive outcome not penalized by the system). They also get their deposit back after 
time  (perhaps with some interest or at least no loss aside from opportunity cost). So, rationally, 
the user will refrain from leaking if , i.e. if the expected cost of leaking outweighs the 
benefit. From the inequality  we derive the fundamental deterrence 
condition: 

 

This condition says that the effective expected penalty (deposit times detection probability) must 
exceed the potential gain from leaking. The algorithm’s choice of  (and efforts to maximize ) 
should satisfy this inequality to discourage leaks. If the data is extremely valuable (large ), then 
either  must be set very high or  must be very close to 1 (meaning near-certain detection via 
fingerprinting) – preferably both. For example, if a piece of proprietary data could yield a leaker 
$100k on the black market  (  = 100,000) and our detection mechanisms are 90% effective         
( ), then we need at least . A safer policy might set 

 (twice the estimated benefit) to create a large margin. 

We can view this as a game where the system chooses  (and , ) to make leaking a 
dominated strategy for the user. There is also a penalty vs. access tradeoff: if  is too high, 
legitimate users might be discouraged from accessing the data at all (because the opportunity 
cost or risk of locking up that much capital is significant). Thus, the algorithm should set  just 
high enough to deter malicious behavior but not so high as to be impractical for honest users. 
This can be informed by estimating a realistic  for the scenario and perhaps capping  to a 
user’s stake capacity or role. For instance, highly sensitive data might only be accessible to users 
or partners willing and able to stake a large amount, effectively screening for trustworthy parties. 

Game-theoretically, once  and  satisfy condition (1), the Nash equilibrium tilts towards no-
leak: the user’s best response is not to leak since leaking yields negative expected value (or a 
high risk of a big loss). The threat of slashing the deposit in case of a leak must be credible. 

Eleak  =  (1 −  pd) * B  +  pd * (B − D)

B
D  B −  D B

Eleak  =  B −  (pd * D)

T
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pd * D  ≥  B
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B
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B
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This is where the combination of technology and legal framework comes in: the deposit is held 
in escrow (a smart contract) and an agreement is in place that if a leak is proven, those funds are 
forfeited. This is analogous to “slashing” in proof-of-stake blockchain protocols, where 
malicious validators lose their staked coins for misbehavior​. In our context, the locked USD 
serves as a bond of good conduct. Just as slashing has proven effective in blockchain security by 
providing a “potent deterrent” via loss of staked assets​, here the fear of losing a substantial 
deposit deters insiders from betraying trust. 

We further enrich the game model with incentives: The system might offer positive incentives for 
compliance. For example, the depositor may use the data to generate more research ideas, which, 
when contributed to the organization where their stake is held, is rewarded with additional 
financial incentives, which may be significant. Another method, although dilutive for the data 
generator if no interest protocol exists for the deposit, is: if a user maintains confidentiality until 
T, they not only get the deposit back but perhaps also a small interest or bonus. This could be 
funded by investing the locked funds (if allowed) or by the organization as a reward for 
trustworthy behavior. Such incentives render the “no leak” strategy slightly rewarding, not just 
neutral. Meanwhile, the “leak” strategy carries heavy expected losses. Penalties could also scale: 
minor violations (e.g. accidental disclosures) might forfeit a portion of the deposit, whereas 
willful leaks lose the entire deposit and invoke legal action. The presence of fingerprinting means 
that if a leak occurs, the evidence can be used to prove guilt, making the threat of penalty 
enforceable rather than arbitrary. Knowing this, a rational user will compare the one-time illicit 
gain to the guaranteed loss of their stake (and other repercussions), and if the algorithm’s 
parameters are well-chosen, the calculus should favor non-leakage. 

Algorithm Design and Formulation 

Combining the above elements, we now outline the algorithm for determining the lock amount 
and duration and enforcing leak deterrence. This end-to-end process can be summarized in steps: 

1. Classify Data & Assess Risk: When a user requests access to confidential data, classify 
the data into a sensitivity level L. Also estimate the data’s potential leak value or damage 

 (this could be qualitative or quantitative). For example, classify as Basic Research 
(Level 1) and estimate  in competitive advantage. 

2. Compute Base Deposit D(0)​ from Level: Using predefined scales for each level, 
determine the base required deposit. For instance, each level might have a default .  

3. Adjust Deposit for Leak Value: Refine  considering the specific . Ensure  
 as per inequality (1). If fingerprinting and monitoring are strong (high ),  

might remain at the base. If  is unusually high for that category, increase . For 

B
B  ≈  $50,000

D(0)
D B

D  ≥   B /pd  pd D
B D
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example, if Level 1 base is $50k but the data could be sold for $100k and we estimate 
, we need . The algorithm would scale up the deposit to, 

say, $130k to be safe. 
4. Set Lock Duration T: Determine the duration based on L and context. Use the base  

for the level (e.g. 2 years for Level 1). Consult any available metadata about the data’s 
expected secrecy lifespan. For instance, if the proprietary data is related to a product 
launching in 1 year, maybe 1 year is sufficient; otherwise stick with 2 years. Set T with a 
buffer to ensure coverage of the risk period. 

5. Finalize Agreement & Lock Funds: Present the user with the terms – they must lock 
 for  time in order to access the data. This can be implemented via a smart contract or 

escrow service that holds the USD funds. Once the user agrees and locks the funds, grant 
access to the data. 

6. Fingerprint the Data Copy: Before delivering the data, apply the fingerprinting 
mechanism. Generate a unique fingerprint ID tied to the user (and perhaps this specific 
session) and embed it into the data file or dataset. Record this mapping of User → 
Fingerprint in a secure database. The user receives a watermarked copy that is 
indistinguishable from the original to them but contains hidden identifiers. 

7. Monitor and Detect: During the lock period, continuously monitor for signs of leakage. 
This could involve web crawlers searching for the data in public, dark web monitoring 
for the content, or checking if the fingerprinted copies show up elsewhere. If the data is 
extremely sensitive, one might also manually audit usage or require periodic checks (for 
example, verifying that the user still has control of the data). 

8. Leak Response (Penalty Enforcement): If a leak is detected and confirmed, extract the 
fingerprint from the leaked content to identify the user. Because we planted unique 
markers, we can confidently match the leak to the culprit​. At this point, the algorithm 
triggers a penalty: the user’s locked deposit  is seized (not returned to the user). The 
funds could be used to offset damage or be given as a reward to the monitoring team that 
caught the leak, as per policy. The user is also revoked future access and may face legal 
action as outlined in the user agreement. The algorithm thus concludes for this user by 
imposing the financial loss, which validates the deterrent mechanism. 

9. Completion and Unlock: If the lock duration  expires with no leaks detected, the user 
is presumably in good standing. The system releases the locked funds back to the user 
(perhaps plus interest or a small loyalty bonus, if an incentive scheme is used). A record 
is kept that the user successfully honored the confidentiality for future reference (this user 
might be allowed to access other sensitive data with possibly lower deposit requirements 
due to a proven track record, an idea for future enhancement). In some cases, if the data 
remains highly sensitive even after , the system may require extending the lock (with 

pd  =  0.8 D  ≥  100k /0.8 = 125k

T (L)
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user’s knowledge per initial agreement). But generally, after , either the data has lost 
enough sensitivity or alternative controls take over, so the deposit can be returned. 

This algorithm ensures that for each access to confidential data, there is a tailored stake and 
timeframe that reflects the risk. By integrating the classification (steps 1 – 4), fingerprinting 
(step 6), and game-theoretic enforcement (steps 7 – 8), it creates a closed-loop system: deter, 
detect, and punish. The mathematical formulation (inequality 1 and the functions for  and 

 provides a basis for choosing parameters in a justifiable way. Cryptographic and 
watermarking methods in step 6 provide the technical means to link evidence to identities, 
which is crucial for the deposit-forfeiture threat to be credible. The outcome is a mechanism 
whereby users who value the data and their deposit will rationally guard against any leaks, 
aligning their interests with the data owner’s interests. 

Technical and Security Considerations 

Security of Funds: The locked USD should itself be held securely (for example, in a multi-
signature escrow or a smart contract on a reliable platform) to prevent misuse or theft of the 
deposit. The conditions for returning or slashing the deposit must be implemented in a tamper-
proof manner, which could leverage blockchain smart contracts for transparency and automatic 
execution. 

Fingerprint Robustness: A savvy malicious actor might try to remove or alter fingerprints (e.g., 
by retyping text, taking photographs of a screen, or adding noise to data). Our algorithm’s 
fingerprinting module should employ robust watermarking that survives reasonable 
transformations. For instance, if we suspect a leaker might print and scan a document to destroy 
digital watermarks, we could incorporate microdot patterns or subtle typos that survive that 
round-trip. In databases, if an attacker tries to avoid detection by only leaking a subset of the 
data, we ensure even subsets carry some identifying marks (e.g. every portion of the data has 
some encoded identifier). Using multiple independent watermark channels (text, image, 
metadata) in parallel can improve robustness – even if one mark is lost, others remain. 

Collusion and Multi-user Leaks: In scenarios with multiple users, collusion is a risk (e.g. two 
users share their differently watermarked copies and try to cross-compare to find fingerprints). 
To mitigate this, the fingerprinting can include random noise or dummy differences such that 
colluding users cannot easily isolate their identifiers without many samples. Also, heavy 
penalties for any collusion (all deposits at risk if conspiracy is found) can deter this. If a leak is 
found but fingerprints are inconclusive (say due to tampering), other forensic methods and legal 
investigation would come into play, though that is outside the algorithm’s scope. 

T

D(L)
T(L)
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Privacy and Fairness: We should ensure the fingerprinting does not embed overly sensitive 
personal data of the user (the ID code should be a pseudonymous tag, not, for example, the user’s 
actual name in plain text). The deposit amounts must be set in a way that is fair and not 
exploitative – they are a guarantee, not a fee. In other words, the user should get it back if they 
behave, so the scheme is not charging money for access but rather holding collateral. Clear legal 
agreements should back this up, so users understand their obligations and rights. 

Conclusion 

We have presented a technical framework and algorithm for protecting confidential data by 
requiring users to lock a sum of USD for a specified duration as a deterrent against leaks. By 
stratifying data into sensitivity levels, the system can calibrate the economic stake (amount and 
lock time) to the severity of potential leaks. Dynamic adjustments ensure the measures remain 
proportional to the data’s importance over time. We integrated leak-tracking via advanced 
fingerprinting, which uniquely marks each user’s data copy, thereby enabling accountability and 
precise penalty enforcement if a breach occurs. A game-theoretic analysis shows how the scheme 
creates a strong disincentive: rational users will avoid leaking because the expected cost (losing a 
hefty deposit with high probability) outweighs any benefit. 

This approach combines elements of cryptography, digital rights management, and incentive 
design. The mathematical formulations provide a foundation for choosing parameters (stake 
amount relative to data value, etc.) in a justifiable way, and the use of cryptographic 
watermarking techniques ensures that any leakage can be traced back, thus making the threat of 
penalty credible. In essence, we turn the problem of insider data leakage into an economic game 
where the safest strategy for the user is to keep the data confidential. 

Future work could involve simulation of this model to fine-tune parameters (e.g. exploring 
different probability of detection scenarios and optimal deposits), as well as integrating user 
reputation systems (lowering deposits for users with a history of safe handling). Additionally, 
usability and ethical aspects should be studied – e.g. ensuring the required deposits are not so 
large as to bar legitimate researchers unduly. Nonetheless, the proposed algorithm provides a 
multi-faceted defense: it raises the cost of leaking, lowers the reward, and equips data owners 
with evidence if a leak does happen. By aligning incentives through monetary locks and 
employing robust leak forensics, organizations can significantly mitigate the risk of confidential 
data exposure in a provable and enforceable manner. 
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