BB Massachusetts Why 1S My Classifier DISCrlmlnatOry?
I I I I I Institute of
Technology Irene Y. Chen, Fredrik D. Johansson, David Sontag m
Massachusetts Institute of Technology C S A | L ENGINEERING & SCIENCE

s 8 - s —

Introduction Methodology Experiments Experiment 2: ICU Mortality

* |t is surprisingly easy to build a We consider fairness through loss definitions. We find statistically significant racial differences for
_ o _ Dataset Task Protected Group zero-one loss.
dlSCrlmlnatOW a|90rlthm, even One example of loss is false positive loss. .
_ _ Census income Predict over/under Gender |
unintentionally. Why? ) A uci) 50k At ——
« We decompose unfairness in Va(V:¥,D) = Pp(Y =1 |4 =a¥=0) Clinical notes Predict hospital Race
] ] ] ] W d f f . th dff b t I (|V|||V||C-|||) mOrtality Hispanic 1 |—+—|
e define unfairness as the difference between losses.
supervised learning into bias, sook reviews |Predict book review| e ay
: : . L (Goodreads) score White { =l
var.lance, and | noise to qguide = v — Vol :
actions to reducing each error. - _ . o T TN TR T
9 Theorem 1: We can decompose both loss 7, and Experiment 1: Income Prediction Zero-one loss
unfairness T | | - | Subsampling training data follows inverse power laws.
| ([j)lfferences n faljj posm\;e rate 2”? false negative rate The infinite data limit reveals error with no variance,
o o o B ecrease as we add more training data. only noise and bias.
Background Va(V) = Ba(¥) + Vo (1) + No .
= A False Positive Rat
Below we define our variables. ~ L o - = 0.15- \ . False N081 ik }? . 0.27-
B | — |1(B. — B )-l-(V —V)-l-(N —N )‘ v 5 alse Negative hate
D data [ unfairness ‘\(_1'_01 MR R & ; 0.25-
Y outcome y" Bayes optimal classifier diff in bias diff in variance diff in noise i 2023
Y  prediction y  majority classifier = &
. . = 0.10 S 0.21- —
X covariates B, bias of group a - = 0.0 . —o
A protected group V. variance of group a Proposition 1: If N, +# N;, no model can be 0O- - 0.19- —*
0SS (6.0, 0-1 error. false pos | discriminatory in expectation. 0.08~ —
V' faise neg) | "| N noise of group a Training set size, n (log scale) 0 5000 10000 15000
Training data size
Prior work has focused on improving fairness through Description| Definition [7] and impact lllustrative plot | How to detect | How to fix ® Asian 4 Blak  *+ Hipaic ™ Other %  White

the model, but the training data is also important. Topic modeling reveals subpopulations with high

Model considerations Data considerations B.(7,x,a) = L(y*(x,a), 7(x,a)) differences in error to guide feature augmentation, to
« Regularization [1,2] * Processing [6] How ngl the | | reduce noise.
+ Loss function constraints [3] « Cohort selection Biag | Medelfitsthe | o o e of model may be better Experiment with | Change model 035
+ Representation learning[4] + Sample size data suited for one group, causing model complexity class 050 2561
 Post-hoc corrections [5] *  Number of features differences in expected bias. W 025
p(X14=1) p(X 14 =0) éogo-
§ 0.15-
~ A -
— vV v y Sampl = 0.10
References How much | Ya(Fo0@) = Ep[LOG @), 9o a)] | 1 [ s
[1] Bechavod, Yahav and Ligett, Katrina. Learning fair classifiers: A _ sample size R . /e Fit inverse power | Increase o
regularization-inspired approach. arXiv preprint arXiv:1707.00044, 2017. Variance affects For I_d entlca”y qIStnbUted grqups, > laws from training data Cancer patients Cardiac patients
[2] Kamishima, Toshihiro, Akaho, Shotaro, and Sakuma, Jun. Fairness-aware accuracy bias and noise are equal In o > subsampling gjze
learning through regularization approach. In Data Mining Workshops (ICDMW), expectation. Perceived X C I .
2011 IEEE 11th International Conference on, pp. 643—650. IEEE, 2011. dISCrImInatlon IS Onl from Varlance p(X1A4A=0) p(X1A=1)
[8] Kamiran, Faisal, Calders, Toon, and Pechenizkiy, Mykola. Discrimination y Onc USIOn
aware .decision tree learning. In Data Mining (ICDM), 2010 IEEE 10th 1. For accurate and fair models deployed for real
International Conference on, pp. 869-874. IEEE, 2010. _ _ _
[4] Zemel, Richard S, Wu, Yu, Swersky, Kevin, Pitassi, Toniann, and Dwork, Irreducible N — E 1 (v* Y A $y world appllcatlons, both the model and the
Cynthia. Learning fair representations. ICML (3), 28:325-333, 2013. error (x’ a) o Y[ (y (x’ a)) ‘ ’ ] ____________________________________ plr1%) i '
[5] Hardt, Moritz, Price, Eric, Srebro, Nati, et al. Equality of opportunity in : 1 L - - algorlthm must be COﬂSIdered.

L X L T e . . . independent . . . o notse Estimate Bayes Increase - - - -
supervised learning. In Advances in Neural Information Processing Systems, Noise of sample Differences in noise between two | sk~ /o SITOr USINg aumber of 2. We provide easily implementable fairness
pp. 3315-3323, 2016. . o . . L.

[6] Hajian, Sara and Domingo-Ferrer, Josep. A methodology for direct and size and N QFO_UP?_ ma¥ COI’J:’[FIIE{)U;@ to High noise » distance metrics features tools to evaluate bias, variance, and noise in an
indirect discrimination prevention in data mining. IEEE transactions on ISCrimination It protectea groups X : : :

knowledge and data engineering, 25(7):1445— 1459, 2013. model are not identically distributed p(X1A=1) p(X1A=0) algorlthm, V_VhICh can QUIde further efforts to
[7] Domingos, Pedro. A unified bias-variance decomposition. In Proceedings of reduce unfairness.

17th International Conference on Machine Learning, pp. 231-238, 2000.




