Temporal Data Shift in Machine Learning Guo et al.

Search strategies

Medline: 1946 to January week 2, 2021

No. Searches

1 machine learning/or deep learning/or supervised machine learning/or support vector machine/or unsupervised
machine learning/or neural networks, computer/or deep learning/ or bayes theorem/or algorithms/or latent class
analysis/

2 ((machine or deep) adj3 learn®).ti,ab,kf.

3 perceptron®.ti,ab,kf.

4 ((algorithm or bayesian) adj3 learn®).ti,ab,kf.

5 classifier™.ti,ab,kf.

6 (random adj3 forest).ti,ab,kf.

7 f(l;yTorch or TensorFlow or Keras or Theano or Caffe or Fastai or “scikit-learn” or “scikit learn” or caret or WEKA).ti,ab,

8 (Ensemble adj3 (model” or learn™)).ti,ab,kf.

9 (Neural adj3 network®).ti,ab,kf.

10 (multilayer adj3 perceptron®).ti,ab,kf.

11 (“K-nearest neighbo™” or “K nearest neighbo*”).ti,ab,kf.

12 ((L7 or L2) adj3 (reqularization or regularisation)).ti,ab,kf.

13 (Elastic adj3 net”).ti,ab,kf.

14 (Support adj3 vector adj3 machine™).ti,ab,kf.

15 (Discriminant adj3 analysi®).ti,ab,kf.

16 (Naive adj3 Bayes™).ti,ab,kf.

17 (Bayes* adj3 network®).ti,ab,kf.

18 (Random adj3 forest™).ti,ab,kf.

19 ((Gradient adj3 boost™) or Xgboost™).ti,ab kf.

20 ((adaptive adj3 boost*) or AdaBoost).ti,ab,kf.

21 (clinical adj2 predict®).ti,ab,kf.

22 or[1-21

23 ((Dataset™ or “data-set™” or data or distribution or domain™ or covariate” or concept™) adj3 (drift* or shift®)).ti,ab,kf.

24 (Calibration adj3 (drift* or shift*)).ti,ab,kf.

25 (Performance adj3 (drift* or drop*)).ti,ab,kf

26 recalibrat™.ti,ab,kf.

27 or/23-26

28 22 and 27

29 limit 28 to (english language and humans)

30 28 not 29
Medline Epub Ahead of Print: to January 15, 2021
Searches

1 ((machine or deep) adj3 learn®).ti,ab,kf.

2 perceptron®.ti,ab,kf.

3 ((algorithm or bayesian) adj3 learn®).ti,ab,kf.

4 classifier™.ti,ab,kf.

5 (random adj3 forest).ti,ab,kf.

6 f(l;yTorch or TensorFlow or Keras or Theano or Caffe or Fastai or “scikit-learn” or “scikit learn” or caret or WEKA).ti,ab,
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(Continued)
Medline: 1946 to January week 2, 2021
7 (Ensemble adj3 (model* or learn®)).ti,ab,kf.
8 (Neural adj3 network®).ti,ab,kf.
9 (multilayer adj3 perceptron®).ti,ab,kf.
10 (“K-nearest neighbo™” or “K nearest neighbo™”).ti,ab,kf.
11 ((L7 or L2) adj3 (reqgularization or regularisation)).ti,ab,kf.
12 (Elastic adj3 net”).ti,ab,kf.
13 (Support adj3 vector adj3 machine®).ti,ab,kf.
14 (Discriminant adj3 analysi®).ti,ab,kf.
15 (Naive adj3 Bayes®).ti,ab,kf.
16 (Bayes™ adj3 network™).ti,ab,kf.
17 (Random adj3 forest™).ti,ab,kf.
18 ((Gradient adj3 boost™) or Xgboost™).ti,ab,kf.
19 ((adaptive adj3 boost*) or AdaBoost).ti,ab,kf.
20 (clinical adj2 predict®).ti,ab,kf.
21 or/[1-20
22 ((Dataset* or “data-set™ or data or distribution or domain* or covariate® or concept®) adj3 (drift* or shift*)).ti,ab,kf.
23 (Calibration adj3 (drift* or shift*)).ti,ab,kf.
24 (Performance adj3 (drift* or drop™)).ti,ab,kf.
25 recalibrat™.ti,ab,kf.
26 orf22-25
27 21 and 26
Medline In-Process: 1946 to January 15, 2021
Searches
1 ((machine or deep) adj3 learn®).ti,ab,kf.
2 perceptron®.ti,ab,kf.
3 ((algorithm or bayesian) adj3 learn™).ti,ab,kf.
4 classifier”.ti,ab,kf.
5 (random adj3 forest).ti,ab,kf.
6 f(l;yTorch or TensorFlow or Keras or Theano or Caffe or Fastai or “scikit-learn” or “scikit learn” or caret or WEKA).ti,ab,
7 (Ensemble adj3 (model* or learn®)).ti,ab,kf.
8 (Neural adj3 network™).ti,ab,kf.
9 (multilayer adj3 perceptron®).ti,ab,kf.
10 (“K-nearest neighbo*” or “K nearest neighbo*”).ti,ab,kf.
11 ((L7 or L2) adj3 (regularization or regularisation)).ti,ab,kf.
12 (Elastic adj3 net™).ti,ab,kf.
13 (Support adj3 vector adj3 machine®).ti,ab,kf.
14 (Discriminant adj3 analysi*).ti,ab,kf.
15 (Naive adj3 Bayes™).ti,ab,kf.
16 (Bayes™ adj3 network™).ti,ab,kf.
17 (Random adj3 forest™).ti,ab,kf.
18 ((Gradient adj3 boost*) or Xgboost™).ti,ab,kf.
19 ((adaptive adj3 boost*) or AdaBoost).ti,ab,kf.
20 (clinical adj2 predict®).ti,ab,kf.

(Continued)
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(Continued)

Medline: 1946 to January week 2, 2021

21 or/1-20

22 ((Dataset* or “data-set™ or data or distribution or domain* or covariate® or concept®) adj3 (drift* or shift*)).ti,ab,kf.

23 (Calibration adj3 (drift* or shift*)).ti,ab,kf.

24 (Performance adj3 (drift” or drop®)).ti,ab,kf.

25 recalibrat™.ti,ab,kf.

26 or[22-25

27 21 and 26
Embase: 1947 to January 15, 2021
Searches

1 machine learning/or exp artificial neural network/or bayesian learning/or exp classification algorithm/or classifier/or
k nearest neighbor/or exp learning algorithm/or network learning/or exp perceptron/or random forest/or semi
supervised machine learning/or supervised machine learning/or exp support vector machine/or unsupervised
machine learning/

(machine adj2 learn™).ti,ab,kw.

3 (PyTorch or TensorFlow or Keras or Theano or Caffe or Fastai or “scikit-learn” or “scikit learn” or caret or WEKA).ti,ab,
kw. [****Scikit learn added to original search statement - Caffe™ or “Caffe2” included in this search statement adding
the the number 2 would not add additinal references™**]

4 ((machine or deep) adj3 learn®).ti,ab,kw.

5 (Ensemble adj3 (model* or learn®)).ti,ab,kw.

6 (Neural adj3 network™).ti,ab,kw.

7 (multilayer adj3 perceptron®).ti,ab,kw.

8 (“K-nearest neighbo*” or “K nearest neighbo*”).ti,ab,kw.

9 ((L7 or L2) adj3 (regularization or regularisation)).ti,ab,kw.

10 (Elastic adj3 net™).ti,ab,kw.

11 (Support adj3 vector adj3 machine®).ti,ab,kw.

12 (Discriminant adj3 analysi*).ti,ab,kw.

13 (Naive adj3 Bayes™).ti,ab,kw.

14 (Bayes™ adj3 network®).ti,ab,kw.

15 (Random adj3 forest™).ti,ab,kw.

16 ((Gradient adj3 boost*) or Xgboost™).ti,ab,kw.

17 ((adaptive adj3 boost*) or AdaBoost).ti,ab,kw.

18 (clinical adj2 predict”).ti,ab,kw.

19 or/1-18

20 ((Dataset™ or “data-set*” or data or distribution or domain™ or covariate® or concept®) adj3 (drift”* or shift*)).ti,ab,kw.

21 (Calibration adj3 (drift" or shift)).ti,ab,kw.

22 (Performance adj3 (drift* or drop™)).ti,ab,kw. [***performance dr* is too broad as a textword it will also pick up drive
which you probably don’t want. In addition most search platforms require a minimum of 3 letters before the trucation
symbol to run an efficient search***]

23 recalibrat™.ti,ab,kw.

24 or/20-23

25 19 and 24

26 limit 25 to (human and English language)

27 25 not 26
APA Psycinfo: 1806 to January week 2, 2021
Searches
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(Continued)
Medline: 1946 to January week 2, 2021

1 machine learning/or computational reinforcement learning/or inductive logic programming/or machine learning
algorithms/or extreme learning machine/ or unsupervised learning/or deep neural networks/or artificial neural
networks/or deep neural networks/or “pattern recognition (computer science)”/or feature extraction/or image
analysis/or bayesian analysis/

2 ((machine or deep) adj3 learn®).ti,ab,id.

3 perceptron®.ti,ab,id.

4 ((algorithm or bayesian) adj3 learn®).ti,ab,id.

5 classifier™.ti,ab,id.

6 (random adj3 forest).ti,ab,id.

7 (;’yTorch or TensorFlow or Keras or Theano or Caffe or Fastai or “scikit-learn” or “scikit learn” or caret or WEKA).ti,ab,
id.

8 (Ensemble adj3 (model* or learn*)).ti,ab,id.

9 (Neural adj3 network™).ti,ab,id.

10 (multilayer adj3 perceptron®).ti,ab,id.

11 (“K-nearest neighbo™” or “K nearest neighbo*”).ti,ab,id.

12 ((L7 or L2) adj3 (regularization or regularisation)).ti,ab,id.

13 (Elastic adj3 net™).ti,ab,id.

14 (Support adj3 vector adj3 machine™).ti,ab,id.

15 (Discriminant adj3 analysi*).ti,ab,id.

16 (Naive adj3 Bayes®).ti,ab,id.

17 (Bayes™ adj3 network™).ti,ab,id.

18 (Random adj3 forest™).ti,ab,id.

19 ((Gradient adj3 boost*) or Xgboost*).ti,ab,id.

20 ((adaptive adj3 boost*) or AdaBoost).ti,ab,id.

21 or/1-20 [***machine learning terms***]

22 ((Dataset* or “data-set™ or data or distribution or domain* or covariate® or concept®) adj3 (drift* or shift*)).ti,ab,id.

23 (Calibration adj3 (drift* or shift*)).ti,ab,id.

24 (Performance adj3 (drift* or drop™)).ti,ab,id

25 or[22-24

26 21 and 25
Limits used to divide into 2 groups for screening - include if you decide to only review group 1

27 limit 26 to (human and english language)

28 26 not 27
arXiv: to January 18, 2021

Set Query

1 (ti:(machine AND learning) AND abs:drift)

2 (ti:(machine AND learning) AND abs:shift)

3 (ti:(machine AND learning) AND abs:clinical)

4 lor2or3
Web of Science: to January 18, 2021

Set Query

1 TS = ((machine OR deep OR network*) NEAR/3 learn*) OR TS = (artificial NEAR/3 neural NEAR/3 network®) OR
TS = (bayes® NEAR/3 learn™) OR TS = (classification NEAR/3 algorithm™) OR TS = (learning NEAR/3 algorithm™)
OR TS = perceptron® OR TS = (random NEAR/3 forest) OR TS = (support NEAR/3 vector NEAR/3 machine®) OR
TS = (Neural NEAR/3 network®) OR TS = (ensemble NEAR/3 model*) OR TS = (K-nearest neighbo*) OR TS = (K nearest
neighbo*) OR TS =((L1 OR L2) NEAR/3 (reqgulariz® OR regularis*)) OR TS = (elastic NEAR/3 net*) OR TS = (Support

(Continued)
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(Continued)
Medline: 1946 to January week 2, 2021
NEAR/3 vector NEAR/3 machine*) OR TS = (Discriminant NEAR/3 analysi*) OR TS = (naive NEAR/3 Bayesian) OR
TS = (random NEAR/3 forest) OR TS = (Gradient NEAR/3 boost*) OR TS = Xgboost® OR TS = (adaptive NEAR/3 boost*)
ORTS =AdaBoost ORTS = (PyTorch OR TensorFlow OR Keras OR Theano OR Caffe OR Fastai OR “scikit-learn” OR caret
OR WEKA) OR TS = (scikit NEAR/1 learn) OR TS = (clinical NEAR/3 predict®)

2 TS = ((Dataset” or dataset” or data or distribution or domain® or covariate® or concept®) NEAR/3 (drift* or shift*)) OR
TS =recalibrate”

3 TS = (Calibration NEAR/3 (drift” or shift"))

4 TS = (Performance NEAR/3 (drift* or drop*))

5 #2 OR#3 OR 4

6 1 AND 5

7 TS =human” OR TS =people® OR TS = patient OR TS = patients OR TS =medical® OR TS =clinical*

8 6 AND 7

9 TS =Animal* OR TS =environment® OR TS =tree* OR TS = plant® OR TS =vegetation* OR TS =ecolog”* OR TS =
geolog™ OR TS =industr* OR TS =manufactur”

10 6 NOT 9

11 10 NOT 8

12 8 OR 11
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Quality assessment (n=15)

Attribute Number describing (%)
Inclusion and exclusion criteria 12 (80)

Sample 13 (87)

Response variable 8 (53)

Information leakage prevention 13 (87)

Data preprocessing 8 (53)

Data splitting 13 (87)

Validation metrics 12 (80)

Code availability 2(13)
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Examples of change in data distribution over time. Change in data distribution over time illustrated using the mean of a

single feature, for example, age. Adapted from Gama et al.'?
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4,457 potentially
relevant references
identified

1,443 duplicates removed

1,595 non-English or non-human
removed

1,419 citations screened
by title/abstract

1,344 citations excluded as
did not meet eligibility

criteria
75 papers retrieved 1 paper identified from
for full-text external source
evaluation

61 Excluded

46 Did not address a clinical problem

9 Did not implement an intervention for drift
3 Did not use machine learning

2 Sensor data

1 Published before 2000

15 Studies Included

Flow diagram of study identification, selection, and reasons for exclusion.
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Clinical outcome: Length of stay (LOS)
Features: Data in EHR

Association Between

Features and Outcome
Mo change e me
ji0] Features ; :
- : sriae G Change in LOS distribution as
W & | Change in feature distribution a resgurt of change in feature
&5 = | Example - Aging population, e
distribution
:D" w Reduction in smoking
O prevalence
Association Between
Features and Outcome
Change in relationship between
features and outcome
Example — clinician behavior Outcome
= Features changes based upon abnormal Change in LOS distribution as
e No change resuts aresult of change in
E L relationship between feature
=] w and outcome
o
Association Between
Features and Outcome
2 Change in association as a
% result of change in outcome Changg%"fgos“;; o
@ = ;B:_;'"ms unrelated to changes in features
'8 = 0 change or association between features
e OS) and outcome
a Example - trend toward
E‘ ambulatory therapy o reduce
E costs as a result of policy change

Figure illustrates types of dataset shift. The arrows in the diagrams imply the assumed direction of influence from
features (X) to clinical outcome (Y), that is, an X — Y assumption. Prior probability shift may carry the assumption of a reversed causal
relationship in which Y determines X.9 Such a relationship is more commonly associated with medical imaging where the disease (Y) determines
the pattern of pixels (X). In our prior probability shift diagram (row 3), we underscore that the change in clinical outcome is not due to upstream
shifts in feature distribution or the association between features and outcome, but because of hidden covariates not represented in the feature
space. This change in outcome distribution can subsequently impact the association between features and outcome and may also impact the
distribution of features.
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