First Draft

Examples Illustrative of the Weaknesses of Associative Statistics and the Acute Need for Non-experimental Researchers to Use Causal Statistics

The standard methodological techniques, along with associative statistics are perfectly appropriate for researchers and their customers (e.g., decision makers) who desire only to determine correlations between variables and not to manipulate one of the variables with intent of influencing (i.e., causally effecting) other variables.  An investor might want to determine which type of move in a stock (e.g., surpassing a 12 month high) is correlated with (i.e., predicts) a price increase of at least 20% six months hence. In the use of such a finding, no manipulation of the variables is involved and, therefore, no knowledge of the causal connections between variables is required.
A government planner might want to predict recidivism rates as a function of earliness of release, to plan for future prison space requirements.   But the demand by research consumers for prediction, without intervention is minuscule companied to the demand for prediction with intervention (i.e., manipulation).   Most research consumers would prefer to know how to intervene to reduce the recidivism rate, an action requiring knowledge of causal connections between relevant variables.

Unfortunately, the record of scientists at producing valid and convincing causal connection from non-experimental data, using associative statistics, has been abysmal for generations, due to the extreme inadequacies of associative statistics for drawing causal inferences and exacerbated by the methodological sloppiness, incompetence, and/or intellectually dishonesty of many, many researchers.  Both type I and type II errors abound.   Consider the 50 year fight to “prove” that tobacco causes lung cancer.


A paragon of these problems is a program called “Reading is Fundamental” (RIF) which has been in existence for 41 years and is “the nations largest children’s literacy organization.” The original research found a correlation between children’s reading performance (R) and the number of he/she owned (B).

RIF was formed to increase book ownership so Johnny would read better, based on the invalid inference, not explicitly stated, that B causes R.


How did the founder of RIF know that correlation between B and R wasn’t due to the fact that R caused B? Looking a little further a field, how did they know that socioeconomic level of the child (S) didn’t cause both B and R, leading to a spurious (i.e., non-causal) correlation between B and R?

40 years, 300 million books distributed, and millions of people duped by bad research, bad scientists, and bad statistical inference.

RIF exemplifies two errors in causal inference that are common in non-experimental research.   The first error is that causal inferences are often drawn, both explicitly and implicitly, by scientists who almost as often deny, cover up, and/or are unaware that, in their results, causal connections between variables are either stated or implied.


The RIF error was accomplished by (1) not specifically stating that B causes R, but saying that kids who own books are better readers misleading the majority of human minds to jump to their own invalid, or at least highly suspect, causal inference, and (2) then proceeding to develop a program and establish an organization as if they had proved that B causes R.   Other researchers hide the fact that they are making causal inferences (typically in an invalid manor) by not using the word “cause,” but by using synonyms like “yields,” “results in,” “produces,” “brings forth,” “brings out,” “creates,” “effectuates,” “elicits,” “is due to,” “generates,” “induces,” “leads to,” “makes,” and more.

The second error made, by those who claim (either explicitly or implicitly and either knowingly or unknowingly) to have discovered a causal connection, is that the assumptions, upon which the causal conclusions are based, are virtually never stated or even known.   In the RIF example, they could validly conclude that B causes R if they were willing to state the assumptions (1) that R did not cause B and (2) that no other variables caused both R and B.   Under these assumptions, a researcher could make the valid causal inference that B causes P, but few would be deceived into accepting the conclusion because most people would be unwilling to accept one or both of the required assumptions and, of course, if even one of the assumptions is invalid, then the conclusions are invalid.
