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-« fairmetrics
Workflow and Usage
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library(fairmetrics)
library(dplyr)
library(magrittr)
library(randomForest)

# Load the example dataset

data("mimic_preprocessed")

# Split the data into training and test sets
train_data <- mimic_preprocessed 7>
dplyr::filter(dplyr: :row_number() <= 700)

test_data <- mimic_preprocessed 7>/
dplyr: :mutate(gender = ifelse(gender_num == 1, "Male", "Female")) %>%
dplyr::filter(dplyr: :row_number() > 700)

# Train a random forest model
rf_model <- randomForest::randomForest (
factor(day_28_flg) -~ .,
data = train_data,
ntree = 1000
)

# Make predictions on the test set

test_data$pred <- predict(rf_model, newdata = test_data, type = "prob")

# Get fairness metrics

# Setting alpha=0.05 for 95 confidence intervals
get_fairness_metrics(

data = test_data,

outcome = "day_28_flg",

group = '"gender",

group2 = "age",

probs = '"pred",

cutoff = 0.41,

alpha = 0.05
)

Fairness Assesment Metric
1 Statistical Parity Positive Prediction Rate
2 Equal Opportunity False Negative Rate
3 Predictive Equality False Positive Rate
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4 Balance for Positive Class Avg. Predicted Positive Prob.
5 Balance for Negative Class Avg. Predicted Negative Prob.
6 Positive Predictive Parity Positive Predictive Value
7 Negative Predictive Parity Negative Predictive Value
8 Brier Score Parity Brier Score
9 Overall Accuracy Parity Accuracy
10 Treatment Equality (False Negative)/(False Positive) Ratio

GroupFemale GroupMale Difference 95% Diff CI Ratio 95% Ratio CI

1 0.17 0.08 0.09 [0.05, 0.13] 2.12 [1.49, 3.04]
2 0.38 0.62 -0.24 [-0.39, -0.09] 0.61 [0.44, 0.86]
3 0.08 0.03 0.05 [0.02, 0.08] 2.67 [1.4, 5.08]
4 0.46 0.37 0.09 [0.04, 0.14] 1.24 [1.09, 1.42]
5 0.15 0.10 0.05 [0.03, 0.07] 1.50 [1.29, 1.74]
6 0.62 0.66 -0.04 [-0.21, 0.13] 0.94 [0.72, 1.22]
7 0.92 0.90 0.02 [-0.02, 0.06] 1.02 [0.98, 1.07]
8 0.09 0.08 0.01 [-0.01, 0.03] 1.12 [0.89, 1.43]
9 0.87 0.88 -0.01 [-0.05, 0.03] 0.99 [0.94, 1.04]
10 1.03 3.24 -2.21 [-4.38, -0.04] 0.32 [0.15, 0.68]

WA P B A BIRE, T DARE AEAT S _«pli gk, BN, P, P AR F £ Ala
O K%L

eval_eq_opp(
data = test_data,
outcome = "day_28_flg",

group = "gender",

probs = "pred",
confint = TRUE,
cutoff = 0.41,
alpha = 0.05

There is evidence that model does not satisfy equal opportunity.
Metric GroupFemale GroupMale Difference 95% Diff CI Ratio 95% Ratio CI
1 False Negative Rate -0.42 -0.23 -0.19 [-0.33, -0.05] 1.83 [1.11, 3]

6 FRTAE
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i MAF (MB)  REUCR
fairmodels 17.02 29
fairness 117.61 141
mlr3fairness 58.11 45
fairmetrics 0.05 0

L NAERE R (DAMB R EL) PAB A HEER-5 AR R A OB 2R

¥ Python JF*, {fairlearn} JF£ (Weerts et al.,[2023) $24L T &AM 23 8 FRAI AL . (fairmetrics ) B 75
R TAERBETCEEER, HH AT R AbLaeA > N B o R e
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{fairmetrics } 440 R ] MIT 4 0]3E. ‘B0 PAYE CRAN _E3REL, Hn]PAE A {# ] install.packages ("/AF
") 7% . — A EEMEAER] DA - https://jianhuig.github.io/fairmetrics/articles/
fairmetrics.html, FrAMRIEREITIE), FEE7E GitHub b Frf B8 A& T il AR5 2 https://

github.com/jianhuig/fairmetrics/issues/.
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