
What is “The Random Identity Paradigm”? 

Let’s pivot and look at the actual Random-Identity Paradigm (as 
formulated in statistical theory, notably by researcher Haim Shore). 

Here is a clear, step-by-step breakdown of what this paradigm actually is, 
why it matters, and how it completely changes how we look at data 
variation. 

 

The Big Idea: What is "Identity" in Statistics? 

In traditional statistics, when a dataset varies (like the time it takes to 
perform surgeries, or the lifespan of a manufactured part), we usually 
attribute that variation to random "noise" or measurement error. 

The Random-Identity Paradigm introduces a completely different way of 
thinking: Entities have an "identity" made up of repetitive, predictable 
factors. When those factors stop being repetitive, the identity itself 
becomes random. 

Instead of just one type of randomness (error), this paradigm says there 
are two components to variation: 

1. Error Variation: Standard random noise. 
2. Identity Variation: Variation caused by the core components of 

the thing itself changing. 

 

How It Works: The Three States of Identity 

To understand this paradigm, imagine looking at a probability distribution 
curve (like a bell curve) and comparing its Mean (the average) to its Mode 
(the most frequent, repetitive value). The paradigm breaks down into 
three states: 

1. Completely Stable Identity (Symmetric Distribution) 



• The Concept: Every single time you observe the entity, its core 
identity factors are identical and completely repetitive. 

• The Result: The only variation comes from external error. The 
Mean and the Mode perfectly coincide, resulting in a perfectly 
symmetrical distribution. 

2. Partially Random Identity (Skewed Distribution) 

• The Concept: Most elements of the entity stay the same, but a few 
core identity factors become random. 

• Example (from the research): Look at the duration of open-heart 
surgeries. Most steps are highly repetitive and stable. However, the 
exact number of bypasses needed changes randomly from patient 
to patient. 

• The Result: Because a piece of the identity is random, the Mode 
departs from the Mean. The distribution becomes skewed. The 
mode represents the "stable" identity, while the gap between the 
mode and the mean shows the "identity variation." 

3. Completely Random Identity (Mode-less Distribution) 

• The Concept: Every single factor that creates the entity's identity 
becomes random. The identity is essentially lost. 

• The Result: The distribution becomes mode-less. It either flattens 
out entirely (like a Uniform distribution) or drops off continuously 
from the boundary (like an Exponential distribution). 

 

Why This Paradigm Matters 

Before this paradigm, if a statistician saw a heavily skewed distribution, 
they might just throw a complex mathematical transform at it to force it to 
fit a model. 

The Random-Identity Paradigm provides a physical, logical reason why 
data skews: it tells us exactly how stable or unstable the underlying 
process is. By measuring the distance between the mean and the mode, 
researchers can calculate a Repetitiveness Measure (RM) to grade the 



stability of a system, whether it's a manufacturing line, a biological 
process, or a medical procedure. 


