
In 1973, the University of California, Berkeley (UC Berkeley) faced legal

threats and was accused of gender discrimination in their graduate

school admissions program. At first glance, the numbers appeared

against their favor: 44% of the 8,442 male applicants were admitted that

fall, whereas only 35% of the 4,321 female applicants were admitted

(Schneps and Colmez, 2013). This seemed to demonstrate systemic bias

and gender discrimination in higher education, restricting women’s

opportunities at one of the most prestigious schools in the country.

UC Berkeley Lawsuit, 1973

Figure 1: General graduate student admissions data from the 1973

Berkeley Discrimination Case (Wikipedia, 2019).
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 In response, UC Berkeley launched an investigation into the data of

applicants and accepted students within specific departments. When

investigators broke down the admissions data by each graduate studies

department, they discovered that most departments showed no

unexpected gender gap in admitted students, with some departments

even showing a preference for female candidates (Schneps and Colmez,

2013). However, as seen in Figure 1, more women overall were rejected

from the graduate departments. 

Figure 2: Admissions data from each of the six largest

departments at the University of California, Berkeley, in 1973

(Wikipedia, 2019).

 How is this mathematically possible?



This case is a paragon of Simpson’s paradox, a phenomenon in which

sub-populations within a large data set are reversed or disappear when

combined with other groups (Hershbein, 2015). Named after British

statistician Edward Simpson, Simpson’s paradox is used to illustrate how

statistics can be misinterpreted and is particularly common when

significant differences occur between subgroups of a larger data set

(Mida.so).

Simpson’s Paradox

Figure 3: An example of Simpson’s paradox in which the pooled data

demonstrate a positive correlation even though individual regions reflect

a negative correlation (Laken, 2017).

Often encountered in social science and medical science statistics, the

paradox largely stems from confounding variables, or outside influences

that affect both the independent and dependent variables in the

experiment (Wikipedia, 2019).



(Schneps and Colmez, 2013). Here, the confounding variable is the

department: under equitable admissions criteria, the more selective

departments rejected more applicants of both genders. The

aggregated data skewed in favor of male applicants as they were more

likely than women to apply to natural science departments, which had

higher acceptance rates than social sciences departments, which

attracted more female applicants (Reinhart, 2016). Ultimately, despite

overall data showing the discrepancy between acceptance rates (44%

for men and 35% for women, as shown in Figure 1) of students, the

admissions data clusters generated showed no discrimination in the

UC Berkeley case.

In the UC Berkeley case, investigators found

that the discrepancy stemmed from a larger

proportion of female candidates applying to

departments with lower acceptance rates.

Presumably, the bias lies in the factors that

drew women to different fields of study than

men, not directly admissions practices

Simpson’s Paradox at UC Berkeley



It is critical to recognize the true issues and confounding variables behind

cases of Simpson’s paradox. While it is difficult to fully eliminate the

paradox, below are some strategies for avoiding the paradox:

Mitigating Simpson’s Paradox

Stratified Sampling

Stratified sampling involves dividing a population into groups (strata)

based on shared characteristics, such as age, gender, or income, and

then randomly sampling from each group to ensure fair representation

of the whole population, thus allowing researchers to avoid misleading

results in the overall trend (Mida.so and TGM Research).

Figure 4: Visualization of the stratified sampling process (TGM Research).

Randomization in Experimental Design

Randomization balances confounding variables and ensures that the

observed effects can be attributed to the actual correlation between the

dependent and independent variables (Mida.so).



Multiple Regression Analysis

Regression analysis is a statistical method that explores relationships

between a dependent variable and one or more independent variables.

It can be utilized to assess the strength of the relationship between

variables and control the confounding variables (Mida.so).

Data Visualization

Through scatter plots, box plots, bar graphs, and other mechanisms of

visualizing data, researchers can visually see reversals or differences in

sub-groups and complete data sets (Mida.so).

As shown above, there does not appear to be gender discrimination in

each subgroup, yet the overall data visually highlights a reversal of this

trend. 

Figure 5: Bar graph of admissions acceptance rate by each

department in the UC Berkeley case (Maike, 2021).



Having always been interested in expanding access to higher education 

as a first-generation college student, I was immediately drawn to how 

math was applied in the legal realm and the implications behind the UC

Berkeley case. Statistical errors like Simpson’s paradox can be leveraged

to push the political agenda forward through data manipulation and

hinder progress for marginalized groups, as resources to address such

issues could be diverted from the root causes of discrepancies (Setosa.io).

For example, in the UC Berkeley case, the misinterpretation could have

resulted in unjustified backlash for the university or even policy changes

that divert resources dedicated to advancing women in STEM fields.

Conclusion

Meanwhile, the issue largely lies in social norms and

the general push for women to pursue the social

sciences and limited representation as well as

opportunities for women to explore STEM fields

compared to men, ultimately drawing female

applicants to more competitive departments like

English (Reinhart, 2016). As reflected in the

admissions data, gender discrimination lies not in the

admissions practices but in the stereotypes and

gender expectations for paths of graduate study for

women prior to their graduate school applications

(Schneps and Colmez, 2013). As an aspiring lawyer with a passion for

gender equity, the confounding variables in Simpson’s paradox made me

think more deeply about such structural forces beyond admissions

practices against women and ways to unpick such phenomena.

Ultimately, actively looking for reversals in trends when aggregating or

disaggregating one’s data helps us recognize Simpson’s paradox and

critically analyze the confounding variables to find solutions for issues

spanning legal, policy, medical, and many other sectors.
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