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Virtual 
Sunbelt 
2020 Main take-aways 

•  Machine learning has ignored the problems of 
dependencies, but they come out in new ways!  
•  Cross-validation estimates of model performance 

are downwardly biased (overly “optimistic”) 
•  Caution:  
–  Analytic results, not real-world demonstration (yet) 
–  General results, simulation not done specifically for a 

network 
•  Still, it’s clear: machine learning can’t save us! 
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Virtual 
Sunbelt 
2020 Same tools, different goals 

•  Goal of statistics: 
model underlying 
process and 
relationships 

•  Goal of ML: 
automatically, reliably 
replicate input/output 
relationships 

y xunknown

decision trees
neural nets

y xnature

Breiman, 2001. See also Jones, 2018. 
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Virtual 
Sunbelt 
2020 Benefits of machine learning vs. stats 

xkcd.com/1838 

•  (Lots of hype, I’ll spare you the 
rhetoric…) 

•  Automatically finding the 
strongest correlation often gets 
better model fit than using 
domain knowledge 

•  “Flexible,” automatic fits 
(including nonparametrics) 
involve fewer assumptions: so 
there is less to go wrong 
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Virtual 
Sunbelt 
2020 The statistical problem of dependencies 

•  Statistics: all about central tendencies, which need 
multiple observations 

•  Need to make independence assumptions for a network to 
not be n = 1 

•  Dependencies: “merge” observations 
•  E.g.: duplicated data. No bias, but decreases effective 

sample size (“deflates” standard errors), can lead to 
wrong inferences 

•  More complex dependencies (e.g., transitivity, reciprocity) 
lead to [omitted variable] bias and wrong inferences 
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Virtual 
Sunbelt 
2020 Can machine learning help? 

•  Can’t have deflated standard errors if you don’t 
estimate standard errors 

•  Doesn’t matter if you have omitted variable bias if you 
don’t care about bias 

•  Fewer assumptions means fewer places for things to 
go wrong 

•  Correlation-only: good for high-dimensional data 
(networks: can think of as a subspace of         ) 
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Virtual 
Sunbelt 
2020 Central problem: overfitting (fit to noise) 

•  If we are no longer guided by theory, and use automatic 
methods, we risk overfitting: fitting to the the noise, not 
the signal (“memorize the data”) 

•  Even if we don’t care about recovering the “true” 
function, overfitted models also generalize poorly 

True
Overfit
Correctly fit
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Virtual 
Sunbelt 
2020 (Overfitting, discrete case: Titanic deaths) 

sex

age pclass

fare

age

fare

fare

male

3rd

< 15 ≥ 15

female

 < 6.5 ≥ 6.5 1st,2nd

 < 23 ≥ 23

 < 17

 < 7.9 ≥ 7.9

≥ 17

Sex <= 0.5
gini = 0.473

samples = 891
value = [549, 342]

Pclass <= 2.5
gini = 0.383

samples = 314
value = [81, 233]

True
Age <= 6.5
gini = 0.306

samples = 577
value = [468, 109]

False

Age <= 2.5
gini = 0.1

samples = 170
value = [9, 161]

Fare <= 23.35
gini = 0.5

samples = 144
value = [72, 72]

Pclass <= 1.5
gini = 0.5

samples = 2
value = [1, 1]

Fare <= 28.856
gini = 0.091

samples = 168
value = [8, 160]

gini = 0.0
samples = 1

value = [1, 0]

gini = 0.0
samples = 1

value = [0, 1]

Fare <= 28.231
gini = 0.182
samples = 69

value = [7, 62]

Fare <= 149.035
gini = 0.02

samples = 99
value = [1, 98]

Age <= 56.0
gini = 0.161
samples = 68

value = [6, 62]

gini = 0.0
samples = 1

value = [1, 0]

Age <= 23.5
gini = 0.14

samples = 66
value = [5, 61]

Age <= 57.5
gini = 0.5

samples = 2
value = [1, 1]

gini = 0.0
samples = 14

value = [0, 14]

Age <= 27.5
gini = 0.174
samples = 52

value = [5, 47]

Age <= 25.5
gini = 0.397
samples = 11
value = [3, 8]

Age <= 37.0
gini = 0.093
samples = 41

value = [2, 39]

Fare <= 13.75
gini = 0.245
samples = 7

value = [1, 6]

Fare <= 17.429
gini = 0.5

samples = 4
value = [2, 2]

gini = 0.5
samples = 2

value = [1, 1]

gini = 0.0
samples = 5

value = [0, 5]

gini = 0.0
samples = 2

value = [0, 2]

gini = 0.0
samples = 2

value = [2, 0]

gini = 0.0
samples = 24

value = [0, 24]

Age <= 39.0
gini = 0.208
samples = 17

value = [2, 15]

gini = 0.0
samples = 1

value = [1, 0]

Fare <= 25.965
gini = 0.117
samples = 16

value = [1, 15]

gini = 0.0
samples = 11

value = [0, 11]

Fare <= 26.125
gini = 0.32
samples = 5

value = [1, 4]

Age <= 43.0
gini = 0.444
samples = 3

value = [1, 2]

gini = 0.0
samples = 2

value = [0, 2]

gini = 0.0
samples = 1

value = [0, 1]

Age <= 47.0
gini = 0.5

samples = 2
value = [1, 1]

gini = 0.0
samples = 1

value = [1, 0]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 1

value = [1, 0]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 81

value = [0, 81]

Fare <= 152.506
gini = 0.105
samples = 18

value = [1, 17]

Age <= 23.5
gini = 0.5

samples = 2
value = [1, 1]

gini = 0.0
samples = 16

value = [0, 16]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 1

value = [1, 0]

Age <= 36.5
gini = 0.484

samples = 117
value = [48, 69]

Age <= 5.5
gini = 0.198
samples = 27

value = [24, 3]

Fare <= 7.887
gini = 0.472

samples = 110
value = [42, 68]

Age <= 55.0
gini = 0.245
samples = 7

value = [6, 1]

Age <= 29.25
gini = 0.393
samples = 41

value = [11, 30]

Fare <= 10.825
gini = 0.495
samples = 69

value = [31, 38]

Fare <= 6.988
gini = 0.355
samples = 39

value = [9, 30]

gini = 0.0
samples = 2

value = [2, 0]

gini = 0.0
samples = 1

value = [1, 0]

Fare <= 7.523
gini = 0.332
samples = 38

value = [8, 30]

gini = 0.0
samples = 6

value = [0, 6]

Age <= 15.0
gini = 0.375
samples = 32

value = [8, 24]

gini = 0.0
samples = 1

value = [1, 0]

Fare <= 7.64
gini = 0.35

samples = 31
value = [7, 24]

Age <= 25.5
gini = 0.444
samples = 3

value = [2, 1]

Fare <= 7.781
gini = 0.293
samples = 28

value = [5, 23]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 2

value = [2, 0]

Fare <= 7.762
gini = 0.375
samples = 20

value = [5, 15]

gini = 0.0
samples = 8

value = [0, 8]

Fare <= 7.744
gini = 0.291
samples = 17

value = [3, 14]

Age <= 20.0
gini = 0.444
samples = 3

value = [2, 1]

gini = 0.0
samples = 4

value = [0, 4]

Age <= 21.5
gini = 0.355
samples = 13

value = [3, 10]

Age <= 18.5
gini = 0.5

samples = 2
value = [1, 1]

Age <= 25.0
gini = 0.298
samples = 11
value = [2, 9]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 1

value = [1, 0]

gini = 0.0
samples = 2

value = [0, 2]

gini = 0.346
samples = 9

value = [2, 7]

gini = 0.0
samples = 1

value = [1, 0]

Age <= 23.5
gini = 0.5

samples = 2
value = [1, 1]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 1

value = [1, 0]

Age <= 19.0
gini = 0.434
samples = 22

value = [15, 7]

Fare <= 13.908
gini = 0.449
samples = 47

value = [16, 31]

Fare <= 10.152
gini = 0.32
samples = 5

value = [1, 4]

Age <= 30.5
gini = 0.291
samples = 17

value = [14, 3]

gini = 0.0
samples = 4

value = [0, 4]

gini = 0.0
samples = 1

value = [1, 0]

Fare <= 7.988
gini = 0.219
samples = 16

value = [14, 2]

gini = 0.0
samples = 1

value = [0, 1]

Age <= 25.5
gini = 0.48
samples = 5

value = [3, 2]

gini = 0.0
samples = 11

value = [11, 0]

gini = 0.0
samples = 2

value = [2, 0]

Fare <= 7.91
gini = 0.444
samples = 3

value = [1, 2]

gini = 0.0
samples = 1

value = [1, 0]

gini = 0.0
samples = 2

value = [0, 2]

gini = 0.0
samples = 8

value = [0, 8]

Fare <= 15.373
gini = 0.484
samples = 39

value = [16, 23]

Age <= 28.5
gini = 0.32

samples = 10
value = [8, 2]

Fare <= 21.55
gini = 0.4

samples = 29
value = [8, 21]

Age <= 16.0
gini = 0.198
samples = 9

value = [8, 1]

gini = 0.0
samples = 1

value = [0, 1]

Age <= 14.75
gini = 0.444
samples = 3

value = [2, 1]

gini = 0.0
samples = 6

value = [6, 0]

gini = 0.0
samples = 2

value = [2, 0]

gini = 0.0
samples = 1

value = [0, 1]

Fare <= 20.8
gini = 0.435
samples = 25

value = [8, 17]

gini = 0.0
samples = 4

value = [0, 4]

Fare <= 18.629
gini = 0.351
samples = 22

value = [5, 17]

gini = 0.0
samples = 3

value = [3, 0]

Fare <= 17.6
gini = 0.43

samples = 16
value = [5, 11]

gini = 0.0
samples = 6

value = [0, 6]

Age <= 25.0
gini = 0.26

samples = 13
value = [2, 11]

gini = 0.0
samples = 3

value = [3, 0]

gini = 0.0
samples = 4

value = [0, 4]

Age <= 27.0
gini = 0.346
samples = 9

value = [2, 7]

gini = 0.0
samples = 1

value = [1, 0]

Age <= 30.0
gini = 0.219
samples = 8

value = [1, 7]

gini = 0.0
samples = 5

value = [0, 5]

Age <= 32.5
gini = 0.444
samples = 3

value = [1, 2]

gini = 0.0
samples = 1

value = [1, 0]

gini = 0.0
samples = 2

value = [0, 2]

gini = 0.0
samples = 6

value = [6, 0]

gini = 0.0
samples = 1

value = [0, 1]

Age <= 3.5
gini = 0.444
samples = 3

value = [2, 1]

Fare <= 24.808
gini = 0.153
samples = 24

value = [22, 2]

gini = 0.0
samples = 2

value = [2, 0]

gini = 0.0
samples = 1

value = [0, 1]

Fare <= 23.8
gini = 0.375
samples = 4

value = [3, 1]

Age <= 33.0
gini = 0.095
samples = 20

value = [19, 1]

gini = 0.0
samples = 1

value = [1, 0]

Age <= 19.0
gini = 0.444
samples = 3

value = [2, 1]

gini = 0.0
samples = 1

value = [1, 0]

Age <= 29.0
gini = 0.5

samples = 2
value = [1, 1]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 1

value = [1, 0]

gini = 0.0
samples = 13

value = [13, 0]

Age <= 38.5
gini = 0.245
samples = 7

value = [6, 1]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 6

value = [6, 0]

Pclass <= 2.5
gini = 0.444
samples = 24

value = [8, 16]

Pclass <= 1.5
gini = 0.28

samples = 553
value = [460, 93]

gini = 0.0
samples = 10

value = [0, 10]

Fare <= 20.825
gini = 0.49

samples = 14
value = [8, 6]

gini = 0.0
samples = 5

value = [0, 5]

Fare <= 31.331
gini = 0.198
samples = 9

value = [8, 1]

gini = 0.0
samples = 5

value = [5, 0]

Age <= 2.5
gini = 0.375
samples = 4

value = [3, 1]

gini = 0.0
samples = 3

value = [3, 0]

gini = 0.0
samples = 1

value = [0, 1]

Fare <= 26.144
gini = 0.46

samples = 120
value = [77, 43]

Fare <= 51.698
gini = 0.204

samples = 433
value = [383, 50]

gini = 0.0
samples = 10

value = [10, 0]

Age <= 53.0
gini = 0.476

samples = 110
value = [67, 43]

Fare <= 27.135
gini = 0.495
samples = 89

value = [49, 40]

Age <= 75.5
gini = 0.245
samples = 21

value = [18, 3]

Fare <= 26.469
gini = 0.26

samples = 13
value = [2, 11]

Fare <= 387.665
gini = 0.472
samples = 76

value = [47, 29]

gini = 0.0
samples = 4

value = [0, 4]

Age <= 46.5
gini = 0.346
samples = 9

value = [2, 7]

Age <= 40.0
gini = 0.408
samples = 7

value = [2, 5]

gini = 0.0
samples = 2

value = [0, 2]

Age <= 31.0
gini = 0.32
samples = 5

value = [1, 4]

gini = 0.5
samples = 2

value = [1, 1]

gini = 0.444
samples = 3

value = [1, 2]

gini = 0.0
samples = 2

value = [0, 2]

Fare <= 134.642
gini = 0.463
samples = 74

value = [47, 27]

gini = 0.0
samples = 2

value = [0, 2]

Age <= 27.5
gini = 0.481
samples = 67

value = [40, 27]

gini = 0.0
samples = 7

value = [7, 0]

Age <= 24.5
gini = 0.426
samples = 13
value = [4, 9]

Fare <= 115.442
gini = 0.444
samples = 54

value = [36, 18]

Age <= 17.5
gini = 0.49
samples = 7

value = [4, 3]

gini = 0.0
samples = 6

value = [0, 6]

gini = 0.0
samples = 2

value = [0, 2]

Age <= 22.0
gini = 0.32
samples = 5

value = [4, 1]

gini = 0.0
samples = 3

value = [3, 0]

Age <= 23.5
gini = 0.5

samples = 2
value = [1, 1]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 1

value = [1, 0]

Fare <= 29.1
gini = 0.426
samples = 52

value = [36, 16]

gini = 0.0
samples = 2

value = [0, 2]

gini = 0.0
samples = 5

value = [5, 0]

Fare <= 30.598
gini = 0.449
samples = 47

value = [31, 16]

Fare <= 30.25
gini = 0.408
samples = 7

value = [2, 5]

Age <= 49.5
gini = 0.399
samples = 40

value = [29, 11]

Age <= 28.5
gini = 0.5

samples = 4
value = [2, 2]

gini = 0.0
samples = 3

value = [0, 3]

gini = 0.0
samples = 2

value = [0, 2]

gini = 0.0
samples = 2

value = [2, 0]

Age <= 47.5
gini = 0.424
samples = 36

value = [25, 11]

gini = 0.0
samples = 4

value = [4, 0]

Age <= 43.0
gini = 0.35

samples = 31
value = [24, 7]

Fare <= 99.994
gini = 0.32
samples = 5

value = [1, 4]

Age <= 36.5
gini = 0.423
samples = 23

value = [16, 7]

gini = 0.0
samples = 8

value = [8, 0]

Fare <= 37.55
gini = 0.291
samples = 17

value = [14, 3]

Fare <= 41.5
gini = 0.444
samples = 6

value = [2, 4]

Fare <= 35.25
gini = 0.48
samples = 5

value = [3, 2]

Fare <= 54.5
gini = 0.153
samples = 12

value = [11, 1]

gini = 0.0
samples = 3

value = [3, 0]

gini = 0.0
samples = 2

value = [0, 2]

gini = 0.0
samples = 8

value = [8, 0]

Fare <= 61.8
gini = 0.375
samples = 4

value = [3, 1]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 3

value = [3, 0]

gini = 0.0
samples = 1

value = [0, 1]

Fare <= 52.277
gini = 0.48
samples = 5

value = [2, 3]

gini = 0.0
samples = 1

value = [1, 0]

Age <= 37.5
gini = 0.375
samples = 4

value = [1, 3]

Fare <= 52.827
gini = 0.5

samples = 2
value = [1, 1]

gini = 0.0
samples = 2

value = [0, 2]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 1

value = [1, 0]

gini = 0.0
samples = 4

value = [0, 4]

gini = 0.0
samples = 1

value = [1, 0]

Fare <= 35.077
gini = 0.18

samples = 20
value = [18, 2]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 11

value = [11, 0]

Fare <= 42.502
gini = 0.346
samples = 9

value = [7, 2]

gini = 0.0
samples = 1

value = [0, 1]

Fare <= 78.244
gini = 0.219
samples = 8

value = [7, 1]

gini = 0.0
samples = 5

value = [5, 0]

Fare <= 96.238
gini = 0.444
samples = 3

value = [2, 1]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 2

value = [2, 0]

Age <= 13.0
gini = 0.193

samples = 417
value = [372, 45]

Fare <= 63.023
gini = 0.43

samples = 16
value = [11, 5]

Fare <= 17.344
gini = 0.444
samples = 12
value = [8, 4]

Age <= 32.25
gini = 0.182

samples = 405
value = [364, 41]

gini = 0.0
samples = 2

value = [0, 2]

Pclass <= 2.5
gini = 0.32

samples = 10
value = [8, 2]

gini = 0.0
samples = 1

value = [0, 1]

Fare <= 24.212
gini = 0.198
samples = 9

value = [8, 1]

Age <= 10.0
gini = 0.5

samples = 2
value = [1, 1]

gini = 0.0
samples = 7

value = [7, 0]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 1

value = [1, 0]

Age <= 30.75
gini = 0.206

samples = 300
value = [265, 35]

Fare <= 7.91
gini = 0.108

samples = 105
value = [99, 6]

Fare <= 23.35
gini = 0.185

samples = 282
value = [253, 29]

Fare <= 7.815
gini = 0.444
samples = 18

value = [12, 6]

Fare <= 22.888
gini = 0.195

samples = 265
value = [236, 29]

gini = 0.0
samples = 17

value = [17, 0]

Age <= 28.75
gini = 0.19

samples = 264
value = [236, 28]

gini = 0.0
samples = 1

value = [0, 1]

Fare <= 15.173
gini = 0.179

samples = 241
value = [217, 24]

Fare <= 10.0
gini = 0.287
samples = 23

value = [19, 4]

Fare <= 7.798
gini = 0.165

samples = 220
value = [200, 20]

Fare <= 15.373
gini = 0.308
samples = 21

value = [17, 4]

Fare <= 7.762
gini = 0.215
samples = 90

value = [79, 11]

Age <= 20.5
gini = 0.129

samples = 130
value = [121, 9]

Fare <= 7.24
gini = 0.169
samples = 75

value = [68, 7]

Age <= 20.0
gini = 0.391
samples = 15

value = [11, 4]

Age <= 27.5
gini = 0.245
samples = 42

value = [36, 6]

Fare <= 7.746
gini = 0.059
samples = 33

value = [32, 1]

Age <= 26.0
gini = 0.363
samples = 21

value = [16, 5]

Fare <= 7.227
gini = 0.091
samples = 21

value = [20, 1]

Age <= 19.5
gini = 0.32

samples = 20
value = [16, 4]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 7

value = [7, 0]

Fare <= 2.006
gini = 0.426
samples = 13
value = [9, 4]

gini = 0.0
samples = 1

value = [0, 1]

Fare <= 7.133
gini = 0.375
samples = 12
value = [9, 3]

gini = 0.0
samples = 6

value = [6, 0]

Age <= 21.0
gini = 0.5

samples = 6
value = [3, 3]

gini = 0.0
samples = 1

value = [0, 1]

Fare <= 7.227
gini = 0.48
samples = 5

value = [3, 2]

Age <= 24.5
gini = 0.444
samples = 3

value = [1, 2]

gini = 0.0
samples = 2

value = [2, 0]

gini = 0.0
samples = 2

value = [0, 2]

gini = 0.0
samples = 1

value = [1, 0]

gini = 0.0
samples = 14

value = [14, 0]

Age <= 28.25
gini = 0.245
samples = 7

value = [6, 1]

gini = 0.278
samples = 6

value = [5, 1]

gini = 0.0
samples = 1

value = [1, 0]

gini = 0.0
samples = 21

value = [21, 0]

Age <= 23.0
gini = 0.153
samples = 12

value = [11, 1]

gini = 0.0
samples = 1

value = [1, 0]

gini = 0.165
samples = 11

value = [10, 1]

gini = 0.0
samples = 4

value = [4, 0]

Age <= 26.5
gini = 0.463
samples = 11
value = [7, 4]

Age <= 21.5
gini = 0.408
samples = 7

value = [5, 2]

Age <= 27.5
gini = 0.5

samples = 4
value = [2, 2]

Fare <= 7.785
gini = 0.5

samples = 2
value = [1, 1]

Age <= 24.5
gini = 0.32
samples = 5

value = [4, 1]

gini = 0.0
samples = 1

value = [1, 0]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 2

value = [2, 0]

Age <= 25.5
gini = 0.444
samples = 3

value = [2, 1]

gini = 0.5
samples = 2

value = [1, 1]

gini = 0.0
samples = 1

value = [1, 0]

gini = 0.0
samples = 1

value = [0, 1]

Fare <= 7.785
gini = 0.444
samples = 3

value = [2, 1]

gini = 0.5
samples = 2

value = [1, 1]

gini = 0.0
samples = 1

value = [1, 0]

Fare <= 8.104
gini = 0.251
samples = 34

value = [29, 5]

Fare <= 8.081
gini = 0.08

samples = 96
value = [92, 4]

Fare <= 7.91
gini = 0.408
samples = 14

value = [10, 4]

Pclass <= 2.5
gini = 0.095
samples = 20

value = [19, 1]

gini = 0.0
samples = 6

value = [6, 0]

Age <= 18.5
gini = 0.5

samples = 8
value = [4, 4]

Age <= 17.0
gini = 0.444
samples = 3

value = [1, 2]

Fare <= 7.988
gini = 0.48
samples = 5

value = [3, 2]

gini = 0.5
samples = 2

value = [1, 1]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.5
samples = 2

value = [1, 1]

Age <= 19.5
gini = 0.444
samples = 3

value = [2, 1]

gini = 0.5
samples = 2

value = [1, 1]

gini = 0.0
samples = 1

value = [1, 0]

Age <= 18.5
gini = 0.245
samples = 7

value = [6, 1]

gini = 0.0
samples = 13

value = [13, 0]

gini = 0.0
samples = 4

value = [4, 0]

Fare <= 11.75
gini = 0.444
samples = 3

value = [2, 1]

gini = 0.5
samples = 2

value = [1, 1]

gini = 0.0
samples = 1

value = [1, 0]

gini = 0.0
samples = 54

value = [54, 0]

Fare <= 8.273
gini = 0.172
samples = 42

value = [38, 4]

gini = 0.0
samples = 1

value = [0, 1]

Age <= 26.5
gini = 0.136
samples = 41

value = [38, 3]

gini = 0.0
samples = 21

value = [21, 0]

Fare <= 14.158
gini = 0.255
samples = 20

value = [17, 3]

Fare <= 13.681
gini = 0.337
samples = 14

value = [11, 3]

gini = 0.0
samples = 6

value = [6, 0]

Age <= 27.5
gini = 0.26

samples = 13
value = [11, 2]

gini = 0.0
samples = 1

value = [0, 1]

Pclass <= 2.5
gini = 0.444
samples = 3

value = [2, 1]

Fare <= 11.75
gini = 0.18

samples = 10
value = [9, 1]

gini = 0.0
samples = 2

value = [2, 0]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 7

value = [7, 0]

Fare <= 13.25
gini = 0.444
samples = 3

value = [2, 1]

gini = 0.5
samples = 2

value = [1, 1]

gini = 0.0
samples = 1

value = [1, 0]

gini = 0.0
samples = 2

value = [0, 2]

Age <= 27.0
gini = 0.188
samples = 19

value = [17, 2]

Fare <= 15.921
gini = 0.346
samples = 9

value = [7, 2]

gini = 0.0
samples = 10

value = [10, 0]

gini = 0.0
samples = 1

value = [0, 1]

Age <= 25.5
gini = 0.219
samples = 8

value = [7, 1]

gini = 0.0
samples = 6

value = [6, 0]

Fare <= 19.681
gini = 0.5

samples = 2
value = [1, 1]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 1

value = [1, 0]

Fare <= 9.492
gini = 0.375
samples = 16

value = [12, 4]

gini = 0.0
samples = 7

value = [7, 0]

Age <= 29.5
gini = 0.245
samples = 14

value = [12, 2]

gini = 0.0
samples = 2

value = [0, 2]

Fare <= 7.973
gini = 0.408
samples = 7

value = [5, 2]

gini = 0.0
samples = 7

value = [7, 0]

Fare <= 7.885
gini = 0.48
samples = 5

value = [3, 2]

gini = 0.0
samples = 2

value = [2, 0]

Fare <= 7.762
gini = 0.375
samples = 4

value = [3, 1]

gini = 0.0
samples = 1

value = [0, 1]

Fare <= 7.398
gini = 0.5

samples = 2
value = [1, 1]

gini = 0.0
samples = 2

value = [2, 0]

gini = 0.0
samples = 1

value = [1, 0]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 3

value = [3, 0]

Fare <= 7.875
gini = 0.48

samples = 15
value = [9, 6]

gini = 0.0
samples = 1

value = [0, 1]

Fare <= 26.125
gini = 0.459
samples = 14
value = [9, 5]

Fare <= 20.925
gini = 0.486
samples = 12
value = [7, 5]

gini = 0.0
samples = 2

value = [2, 0]

Age <= 31.5
gini = 0.463
samples = 11
value = [7, 4]

gini = 0.0
samples = 1

value = [0, 1]

Pclass <= 2.5
gini = 0.444
samples = 3

value = [1, 2]

Fare <= 8.206
gini = 0.375
samples = 8

value = [6, 2]

Fare <= 11.75
gini = 0.5

samples = 2
value = [1, 1]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 1

value = [1, 0]

gini = 0.0
samples = 1

value = [0, 1]

Fare <= 7.988
gini = 0.48
samples = 5

value = [3, 2]

gini = 0.0
samples = 3

value = [3, 0]

Fare <= 7.91
gini = 0.375
samples = 4

value = [3, 1]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 1

value = [1, 0]

gini = 0.444
samples = 3

value = [2, 1]

gini = 0.0
samples = 32

value = [32, 0]

Fare <= 7.988
gini = 0.151
samples = 73

value = [67, 6]

Age <= 38.0
gini = 0.5

samples = 4
value = [2, 2]

Age <= 61.0
gini = 0.109
samples = 69

value = [65, 4]

gini = 0.0
samples = 1

value = [1, 0]

Age <= 41.5
gini = 0.444
samples = 3

value = [1, 2]

gini = 0.5
samples = 2

value = [1, 1]

gini = 0.0
samples = 1

value = [0, 1]

Fare <= 13.25
gini = 0.087
samples = 66

value = [63, 3]

Age <= 64.0
gini = 0.444
samples = 3

value = [2, 1]

Fare <= 12.938
gini = 0.157
samples = 35

value = [32, 3]

gini = 0.0
samples = 31

value = [31, 0]

Age <= 44.5
gini = 0.08

samples = 24
value = [23, 1]

Age <= 45.0
gini = 0.298
samples = 11
value = [9, 2]

gini = 0.0
samples = 17

value = [17, 0]

Age <= 46.0
gini = 0.245
samples = 7

value = [6, 1]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 6

value = [6, 0]

Age <= 40.5
gini = 0.375
samples = 8

value = [6, 2]

gini = 0.0
samples = 3

value = [3, 0]

Age <= 35.0
gini = 0.278
samples = 6

value = [5, 1]

gini = 0.5
samples = 2

value = [1, 1]

gini = 0.444
samples = 3

value = [2, 1]

gini = 0.0
samples = 3

value = [3, 0]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.0
samples = 2

value = [2, 0]

Age <= 30.0
gini = 0.408
samples = 7

value = [2, 5]

gini = 0.0
samples = 9

value = [9, 0]

Age <= 27.0
gini = 0.48
samples = 5

value = [2, 3]

gini = 0.0
samples = 2

value = [0, 2]

gini = 0.0
samples = 1

value = [0, 1]

gini = 0.5
samples = 4

value = [2, 2]
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Virtual 
Sunbelt 
2020 Data splitting: Catch overfitting 

•  Idea: if we split data into two parts, the signal should 
be the same but the noise would be different 

•  Cross validation: Fit on one part of data, then choose 
smoother bandwidth, tree depth, etc., by what 
minimizes loss on held-out data 

•  Also used for model testing 
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Virtual 
Sunbelt 
2020 

Err(µ̂) = 1
nEf kY ⇤ � bY k22

= 1
n

h
Ef kY ⇤k22 + Ef kbY k22 � 2Ef (Y

⇤T bY )
i

= 1
n

h
Ef kY ⇤k22 + Ef kbY k22 � 2 trEf (Y

⇤ bY T )
i

+ 1
n

h
µTµ+ Ef (bY )TEf (bY ) + 2 tr µEf (bY )T

i

+ 1
n

h
�µTµ� Ef (bY )Ef (bY )T � 2µTEf (bY )

i

= 1
n

h
tr⌃+ kµ� E(bY )k22 + tr Varf (bY )� 2 tr Covf (Y

⇤, bY )
i

= irreducible error + bias2 + variance� optimism

<latexit sha1_base64="qoqqyt8FprHYi2QRjsQrZBzYB1c="></latexit>

Classic argument for CV for testing 
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Virtual 
Sunbelt 
2020 

Dependencies affect machine learning, 
too 
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Virtual 
Sunbelt 
2020 Some (other) problems with ML 

•  Automatic methods can easily pick up on non-causal 
correlations—sometimes okay, but can go wrong (e.g., 
Google Flu Trends) 

•  More profoundly, because of the bias-variance tradeoff, a 
“true” model can predict worse than a “false” model! 
(Shmueli, 2010) 
–  (Relates to “Stein’s paradox,” see Efron & Morris 1977) 

•  Consequence: what “predicts” well (correlation, ML) 
doesn’t necessarily “explain” well (causation, stats) 

•  Still: at least with prediction, we know we succeeded… 
right? 
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Virtual 
Sunbelt 
2020 Test error on non-iid data has optimism! 

•  Imagine we have, for               and  

•  Then, optimism in the training set is: 

•  But test set also has nonzero optimism! 

  


Y1

Y2

�
⇠ N

✓
X
X

�
�,


⌃ ⇢�211T

⇢�211T ⌃

�◆

<latexit sha1_base64="nudi2wUSp7CBsuMNkXQVR+Ehilg="></latexit>

2
n tr Covf (Y1, bY1) =

2
n tr Covf (Y1,HY1) =

2
n trHVarf (Y1) =

2
n trH⌃

<latexit sha1_base64="gHu5v0XcSXpf2mHjahNHYET+PaU="></latexit>

2
n tr Covf (Y2, bY1) =

2
n tr Covf (Y2,HY1) =

2⇢�2

n trH11T = 2⇢�2
<latexit sha1_base64="bnSVmx7bdLEew8vXVbyOne413ds="></latexit>

⌃ij = ⇢�2, i 6= j
<latexit sha1_base64="mM1hCxvO4I8eaeToDW9WJ6q47hY="></latexit>

⌃ii = �2
<latexit sha1_base64="NWGi9ZpBeuvF+Nlxo2OpKKE4z24="></latexit>

 
Introduction 
 
 
 
Statistics vs. 
machine 
learning 
 
 
 
Overfitting and 
cross validation 
 
 
 
Dependencies 
affect machine 
learning, too 
 
 
 
Implications for 
networks 
 
 
 
Conclusion 



Machine learning won’t save us: Dependencies bias cross validation Slides: https://MominMalik.com/sunbelt2020.pdf 16 of 27 

Virtual 
Sunbelt 
2020 Simulating the toy example 
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Virtual 
Sunbelt 
2020 Out-of-sample MSE: much worse! 

0 5 10 15

0
1

2
3

4
5

6

MSE

D
en

si
ty

Training error
Test set error
Out−of−sample (true) errorMean training error: 0.40 

Mean test set error: 0.61 
Mean true error: 1.61 (also, long tail!) 

Matches theory! 
Irreducible error: 1 
Estimator variance: 0.61 
Expected bias: 0 (OLS is unbiased) 
Expected training optimism: 1.21 
Expected test set optimism: 1 
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Virtual 
Sunbelt 
2020 

Implications for networks 
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Virtual 
Sunbelt 
2020 Applying to networks 

•  This formulation would apply to a network 
autocorrelation model, where network is 
nuisance parameter 

•  But what if we are modeling the edges, which 
represent dependencies between 
observations? 
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Virtual 
Sunbelt 
2020 Modeling the edges 

index from to Y W1 W2 W3 · · ·
e1 1 2 y12 1(x11 = x21) x12 � x22 x13 · · ·
e2 2 3 y23 1(x11 = x31) x12 � x32 x13 · · ·
...

...
...

...
...

...
...

en+1 2 1 y21 1(x21 = x11) x22 � x12 x23 · · ·
...

...
...

...
...

...
...

e2(n2)
n � 1 n y(n�1)n 1(x(n�1)1 = xn1) x(n�1)2 � xn2 x(n�1)3 · · ·

<latexit sha1_base64="5hu1ZDX6g7CQ54/bUOpbqP3GlEU="></latexit>

Y X1 X2 · · · Xd

1 y1 x11 x12 · · · x1d
2 y2 x21 x22 · · · x2d
...

...
...

...
. . .

...
n yn xn1 xn2 · · · xnd

<latexit sha1_base64="5uWcEvCT0HNOxUnjN0dM9WCiVCc="></latexit>
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Virtual 
Sunbelt 
2020 But dyads are dependent too!   

Factor graph

—

—

in-two-stars

out-two-stars

geom. weighted
out-degrees

geom. weighted
in-degrees

alternating tran-
sitive k-triplets

alternating indep.
two-paths

two-paths (mixed
two-stars)

transitive triads

activity effect

popularity effect

mutual dyads

similarity effect

Parameter
name

Network
Motif Parameterization Matrix notation

i<j AijAji

(i,j,k) AjiAki

(i,j,k) AijAik

i exp {−α k Aik}

j exp {−α k Akj}

λ i,j Aij 1 − 1 − 1
λ

k=i,j AikAkj

λ i,j 1 − 1 − 1
λ

k=i,j AikAkj

(i,k,j) AikAkj

(i,j,k) AijAjkAik

i Xi j Aij

j Xj i Aij

i,j Aij 1 − |Xi −Xj |
maxk,l|Xk−Xl|

1
2 tr AAT

sum AAT − tr AAT

sum AT A − tr AT A

sum (exp{−α rowsum (A)})

sum (exp{−α colsum (A)})

λ sum A (·) 1 − 1 − 1
λ

AA−diag(AA)

λ sum 1 − 1 − 1
λ

AA−diag(AA)

sum (AA) − tr (AA)

tr AAAT

sum (X (·) rowsum (A))

sum (X (·) colsum (A))

sum (A (·) S)

∀k = i, j

Aji

Aki

Aik
Aij

Akj

Ajk

Xj

Xi
=∀ i ji, :j
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Virtual 
Sunbelt 
2020 Covariance structure of edges (n = 15) 

Total 
covariance 

Mutual dyads In-2-stars Out-2-stars 2-paths 
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Virtual 
Sunbelt 
2020 So, what to do? 

•  Partition nodes into 
training and test sets? 
–  Breaks up triads; omitted 

edges “share” information 
across training and test 

•  Partition dyads?  
–  Breaks up nodes; even 

worse 
•  Can’t eliminate, but can 

minimize optimism by 
careful data splitting 
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Virtual 
Sunbelt 
2020 

Conclusion 
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Virtual 
Sunbelt 
2020 Never enough data 

• Mean function and covariance structure 
jointly not identifiable (Opsomer et al., 2011) 
• Means: additional data that you gather also 

has covariance with previous data; so without 
independence assumptions (or assuming the 
mean), can’t ever estimate covariance 
• Hopefully, the covariance doesn’t affect 

cross-validation… 
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Virtual 
Sunbelt 
2020 “But what about…?” 

•  Representation learning? Deep learning? Neural 
nets? 
–  Massive successes have been on very specific, ordered 

data types (images, text, audio). Graphs not ordered 
–  node2vec is based on (undirected) random walks; only 

appropriate for some tasks (Khosla et al., 2019) 

•  Statistical relational learning?  
–  The leading textbook on this never discusses how to 

properly do cross-validation! Same problems 

 
Introduction 
 
 
 
Statistics vs. 
machine 
learning 
 
 
 
Overfitting and 
cross validation 
 
 
 
Dependencies 
affect machine 
learning, too 
 
 
 
Implication for 
networks 
 
 
 
Conclusion 



Machine learning won’t save us: Dependencies bias cross validation Slides: https://MominMalik.com/sunbelt2020.pdf 27 of 27 

Virtual 
Sunbelt 
2020 Thank you! Summary: 

•  With ML, we have to deal with the exact same 
problems of dependencies, just manifesting in 
different ways 

•  Cross-validation estimates of model performance for 
networks will (almost) surely be overly optimistic 

•  How much optimism depends on how strong 
dependencies are across training and test splits 

•  Can try to minimize optimism with principled cross-
validation schema 

•  See https://arxiv.org/abs/2002.05193 for more 
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