Some Theoretical Implications for 2x2 Tables: a Lecture Note

Example

Dyads
Not democratic
Democratic
Subtotals

War

Present
A
B=0
A+B=R1

Absent
C
D
C+D=R2

Subtotals
A+C=C1
B+D=C2
A+B+C+D=T

The democratic dyads’ sufficiency hypothesis, that war cannot occur among democratic dyads, implies that no case will be found in which a “democratic dyad” (a pair of democratic countries) have gone to war with each other.  Thus the prediction is that the: upper right cell, B, has no cases in it, B = 0.

More generally, if a theory yields the prediction that some variable X is both necessary and sufficient to cause some other variable, Y, to be present, we can make the following contingent predictions.

Characteristics
X absent
X present
Subtotals

Y Present
A=0
B
A+B=R1

Y Absent
C
D=0
C+D=R2

Subtotals
A+C=C1
B+D=C2
A+B+C+D=T

Contingent predictions: 

1. Necessity: if X is necessary for Y to be present, no cases will be found in which X is absent and Y is present, thus cell A should have zero cases.

2. Sufficiency: if X is sufficient for Y to be present, no cases will be found in which X is present and Y is absent, thus cell D should have zero cases.

Degree of Association  

Gamma is a measure of correlation commonly used for 2x2 tables.  It could be 1.0 if either or both A and B were zero; the formula for Gamma = (bc – ad) / (bc + ad).  You would need to inspect the table to assure that both A and D were zero if you were looking for both necessity and sufficiency.   Statistical tests of significance for such tables are Fisher’s exact text (below) and chi-square.  Other measures of association include the Phi coefficient (sqrt(chi-square/T)), the tetrachoric r (especially useful measure consistent with the assumptions of necessity and sufficiency, separately), and the Pearson product moment.

Grounded Theory Approach

Often social scientists and applied researchers have an interest in some political phenomena simply because it’s puzzling.  It looks like it might be important and they don’t understand it.  They develop data in the above form and begin searching for non-random patterns.  This approach in science in general is known as “empiricism” and it is characterized by a form of logic sometimes known as abductive reasoning (Kant), or the grounded theory approach  in social science (Glaser, Strauss, and others).  Like the apocryphal Sherlock Holmes, when you use this logic, you’re in a search for clues in the data.  You’re asking, what could it mean?  What else should I be looking at?  What should I be looking for? 

The first step might be to test whether there is sufficient non-randomness in the data presented to indicate some sort of relationship might be present, either something influencing X and Y, or some more direct relationship between them, or both.  When there are relatively few cases, Fisher’s exact test can be used as a starting point (see the J&R text for discussion of chi-square estimates for larger samples).


Fisher’s exact test: P = ( R1! R2! C1! C2! )  /  ( a! b! c! d! N! )

This yields a likelihood score, a “probability” that the variables are “not unrelated” to each other.  The “null hypothesis” is: there is no relationship between X and Y.  The question is: given this data, what is the probability that the null hypothesis is false?  A P=. 01 for instance, means that the chance of getting a pattern this non-random in the data is about 1 in 100.  So the chances of you rejecting the null hypothesis by mistake are about 1 in 100.  Abductive reasoning might suggest that the odds are 100 to 1 that a relationship exists and it’s up to you to find it.  

But note that such reasoning is similar to saying “Republicans are rich; he’s a Republican, therefore he’s rich.”  This is fallacious reasoning of course.  However it does raise the possibility that Republicans might be richer than the population in general, and might motivate one to collect data to determine whether this is so, and if so, why and with what consequences.  There are a number of ways notes of caution have been sounded about this process.  Hume referred to it as the “scandal of induction.”  And we’ve often heard that “correlation does not prove causation.”  Statistical decision theory, we are told, is used to calculate the risk we take when using empirical data to either reject the “null” hypothesis when it is valid, or accept the “null” hypothesis when it is not valid, or both.  

One way social science, whether applied or theoretical, attempts to resolve these insecurities is to consider the larger context.  An hypothesis is usually embedded in a larger theoretical framework with many other hypotheses, each of which has been examined empirically to some degree or another.  This larger context lends the specific hypothesis we’re interested in some a priori credibility. Thus notwithstanding a negative empirical investigation, an hypothesis may not be rejected.  Instead, alternative explanations other than the one supported by the analysis of the data, may be sought, e.g., faulty data collection, insufficient variation in the variables as measured, and so on.  The search may continue until such time as the theory leading to the “false” hypothesis becomes severely critiqued in other ways as well, or people are willing to accept an altenative more consistent with the data.

