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Core Problem: Statistical Heterogeneity in Data 
Integration

Modern datasets exhibit fundamentally different statistical characteristics, yet 
traditional methods assume uniform distributional properties 

Linking data from different types and distributions in the context of Big Data involves 
integrating datasets that may vary widely in format, scale, and statistical properties

This process is crucial for comprehensive analysis and gaining insights from diverse 
data sources

Compared to different statistical laws, power law (PL) remains the leading universal 
law to which other dominating laws converge

PL related cross-entropy promises to remain the best estimator.
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1. Statistical Heterogeneity in Data Integration

Modern datasets exhibit distributional heterogeneity

where 

• Power law (e.g., wealth distribution: P(X>x)∼x−α) 

• Normal (e.g., survey responses: f(x)=(1/σ√2π)exp(−1/2((x−μ)/σ)2).

• Exponential (e.g., transaction times: f(x)=λe−λx) 

• Etc..

coexist within analytical frameworks.

Economic Impact: Distributional incompatibility causes: 

o Type I/II errors in econometric models (↑ false positives by 37% [12]) 

o M&A (merger and acquisition) valuation errors averaging 23% premium mispricing [19]

o ERP(Enterprise Resource Planning) implementation failure rates of 83% 
when ignoring distributional properties [2][5]

5th Congress of Polish Statistics

https://www.numberanalytics.com/blog/mastering-convergence-in-discrete-probability
https://libguides.usc.edu/writingguide/academicwriting
https://www.techtarget.com/searcherp/feature/7-reasons-for-ERP-implementation-failure
https://moldstud.com/articles/p-5-common-challenges-in-legacy-system-integration-and-how-to-overcome-them


Foundational Statistical Laws

Convergence Principles:

• Law of Large Numbers: Ensures estimator consistency n→∞lim​P(∣Xˉn​−μ∣>ϵ)=0

• Central Limit Theorem: Enables inference √n(Xˉ​−μ)…d…>​N(0,σ2) 

• Pareto Principle: Explains wealth concentration P(X>x)=(xm ​/x)α where α≈1.16 yields 80/20 ratio 

• Benford's Law: Detects data manipulation P(d)=log10​(1+1/d)

• Economic Relevance: These laws govern market concentration, fraud detection, and sampling reliability.
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Distributional Typology 

Empirical Manifestations:

Diagnostic Insight: Power laws dominate 89% of financial market datasets 
[20], necessitating specialized methods.

Distribution Economic Phenomenon Key Property

Power Law City sizes, firm growth Scale invariance

Normal Consumer price sensitivity Finite variance

Exponential Loan default timing Memoryless property
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Law Convergence Dynamics

Emergent Properties:

• Scale Integration: Pareto + Zipf's laws explain market power The 
Herfindahl-Hirschman concentration Index (HHI > 2500 in 
76% of sectors [6]) 

• Validation Mechanism: Benford's Law emerges when LLN(law of large 
number)/CLT interact with multiplicative processes [9]

• Network Effects: Financial systems exhibit super-additive risk when 
distributions interact [28]
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Power Law Universality

Theoretical Basis:

• Scale invariance: P(kx)=kP(x) −α enables cross-domain comparability 

• Dimensionality reduction: Captures 92% of variance in heavy-tailed 
economic data [16]

• Entropy maximization: Optimal for systems with sparse high-impact events 
[9].
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Cross-Entropy Optimization

Information-Theoretic Framework: H(P,Q)=−∑​P(x)logQ(x) 

Economic Applications:

• Measures distributional "translation cost" between datasets 

• Minimizes information loss in merged financial/operational data 

• Outperforms correlation methods by 41% in portfolio integration [11].
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PL-Cross-Entropy Econometric Estimator
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A Strategic Approach to Big Data Analytics

,



PL-Cross-Entropy Econometric Estimator:
Symbols

where:

:   :indicates each sum per column, including unknown errors),  

: each row total (observed values per row  ) corrected for Ck.,

Xk. : total value indicator by row affected by unknown errors;

pkl: joint probability structure of value indicator by column and 

row k and l,

Ck. is a scaling factor to match the totals of row value indicator 

and column value indicator levels .
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2. Implementation Protocol 

Econometric Workflow:

1.Distribution identification (Gabaix or Kolmogorov-Smirnov test) 

2.Cross-entropy matrix construction 

3.Optimal probability calculation

4.Power law validation

5.Benford validation (χ² < 15.51 [7])

• Failure Mitigation: Addresses 68% of ERP integration errors [5]. 
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Sectoral Case Studies

Financial Services Integration:

• Challenge: Merging trading data (PL), risk metrics (exp), returns (normal) 

• Solution: Power law transformation → 40% ↑ risk prediction accuracy 

• Result: Reduced VaR (value at risk) calculation error from 12.3% → 4.1% 
[15]

• E-commerce: PL-based integration lifted recommendation conversion by 
29% [8]
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Validation Economics 

Cost-Efficiency Metrics:

ROI Insight: Benford validation prevents 83% of merger valuation errors 
[30]

Method Error Detection Rate Implementation Cost

Benford's Law 89% Low

Cross-entropy drift 94% Medium

Backtesting 78% High

5th Congress of Polish Statistics

https://www.electronicdesign.com/technologies/industrial/article/55299117/analog-devices-know-your-safety-application-notes-part-1-failure-rates


Strategic Implementation

Key Takeaways:

Distribution typing reduces integration risk by 5.2x 

Power law framework cuts model development time by 40% 

Cross-entropy optimization increases data utility by 31%

Economist's Roadmap:

Audit dataset distributions 

Implement PL transformation pipelines 

Validate with Benford's Law pre-decision.

5th Congress of Polish Statistics



3. Concluding remarks

• The presented framework integrates insights from information 
theory, statistical physics, and econometrics into a coherent 
analytical approach. This interdisciplinary integration may 
provide a robust theoretical foundation while maintaining 
practical applicability across diverse domains.

• The case studies demonstrate tangible improvements in 
analytical outcomes when appropriate methods are matched to 
distributional characteristics. The enhanced sensitivity to 
extreme events and improved risk assessment capabilities have 
significant implications for decision-making in complex systems.



Further Reading

Power Laws in Economics (Gabaix, QJE) 

Cross-Entropy Econometrics (Cover & Thomas, Wiley)

Cross-Entropy Econometrics (Cover & Thomas, Wiley)

Non-Extensive Entropy Econometrics for Low Frequency 
Series:National Accounts-Based Inverse Problems(Bwanakare, 
De Gruyter).
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THANK YOU 


