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Case study: Association between Comparison of results yielded by the
pregnancy and type Il diabetes different selection methods

AImMs

To compare eight widely-used variable selection

methods, by discussing the advantages and Methods All outcomes from the eight different models suggest that
disadvan’ta se ae wEl se e sanrenEiE S « Data source: IQVIA Medical Research Data. This is a women who have not been pregnant have approximately
. . Jes, L PRIOP large UK primary-care database comprised of over 14 - : : :
inappropriate applications of the methods 2 _ - _ | half the odds of being diagnosed with type Il diabetes,
o _m1|:II|on Ft’a tle_n tSI’ ((:jc_)ntaél_wmg electronic m%dlgarlhrecor_d st compared to women who have been pregnant. However this
 To assess how the aSSO_CIa'UOn betw.een | | Iaz]nzr:re]?elrcﬁglén?rﬂelgge tlgﬁqnboes}e;éfée\?g;ifn of fﬁzpﬁé vestS data carries some caveats, explained in the limitations. The
pregnancy and type Il diabetes mellitus diagnosis | P case study is intended to compare selection methods and not

extracted using the E360 Cohort Builder platform.

« Study design: This is a retrospective cohort study.
Looking at the association between pregnancy and type Il
diabetes mellitus.

 Study population: The study population was limited
to females 218 years of age. A random sample of 10% of

differs when applying the eight different variable
selections, using real-world EMR data.

Intended to make medical inferences.

Each selection method produced the same odds ratio within
a value of 0.04, and all had p-values <0.001. The confidence
Intervals are approximately similar widths, and the standard
errors are all very similar and small, being 0.05-0.06.

Background

« Variable selection is the process of deciding which the available patients was extracted, yielding a study
variaples shoulq be incIuded In a st.atistical model. The use populat_ion size_ of 216,039_ patients. The forward and backward selection manual methods
of an inappropriate selection of variables can lead to issues * Study time period: 1st April 2014 — September 2018 oroduced the odds ratios most varied from the mean of the
with overfitting or confounding, which can misinform Analysis other methods. This could be due to the considerably fewer
results.  Each of the eight variable selection methods were run on variables adjusted for in their final models.

- The difficulty of knowing which variable selection method to the extracted data. Once the covariables were selected | |
use provides motivation for a case study: this will test the (table 1), multivariable binary logistic regressions were In this case, LASSO would be the most appropriate
most common selection methods on the association performed on the association between pregnancy and type selection method, as the data contains many candidate
between pregnancy and type Il diabetes, with real-world Il diabetes. The results were compared in a forest plot variables and the advantages of LASSO outweighs those of
EMR (electronic medical records). By understanding which (figure 1). All analysis was conducted in R version 3.5.1. other selection methods available.
variables need to be adjusted; statisticians will be able to Table 1. Comparison of variables selected, using eight o _
more confidentially run regression models to provide more different variable selection methods Limitations
accurate results. I ST S R P T - Alimitation of the online research includes the potential for

extracted analysis  stepwise  stepwise  —oo0  LARS oection  selection  selection

a publication bias regarding the type of articles available.

Description of variable selection ae | x| ox fox fox box ]ox X | ox Criti m mmon m m more i
ques of more common methods may be more likely to
methods ------- X be reported.

ObeS|ty

Online searches that yielded the most appropriate scientific st ------- » The case study is limited by the data source and the non-
articles were included in the tables below. esistance clinical approach. IQVIA Medical Research Data is a

+ Bivariable analysis is conducted on a dependent and independent variable | Dyslipidaemia represe.ntatlve and generallsable daj.:abase, Comprlsed of
Bivaria_ble . :;g:;;lp-value obtained from a test of association is significant, then it is included in the | appI’OXImately 5% Of the UK pOpu|a'[I0n. However’ the
Analysis®* « The method is often used to determine if a factor will be considered for inclusion in the qudlovascula X X X X : .I: h d I : : k
multivariate analysis r disease representatlveness of this stu Y Popu ation IS unknown, soO
« A t ted dure, with a bidirecti I h to add and delete of variables i C I I I 1l
Fieststepwise | model, where significance is defined by an arbitrary cut-off point for the p-value Smoker the results have limited generalisablility.
regression? » Variables already in the model can be removed if they become non-significant after new
iabl dded - k . ..
e . Sxesmoker - - Additionally, the true association between pregnancy and
_ » Similar to F-test stepwise regression (bldll’eCtIOI‘la! ap_proach) _ _ Non-smoker -
f ke aeted o e e o e €1 the fikeliood function maximum of the mode | type Il diabetes may not be presented here, due to potential
criterion) stepwise » Assesses the difference between data generated by the model and the original data C,y St'c, . . . . .
regression® (estimates how much information is lost), those with the lowest AIC are retained for the Fibrosis Fesli d u al CcCO nfO un d N g . There IS a IaCk Of pl‘eSCI‘IptIOH and

next iteration
Acromegaly

lifestyle information (e.g. alcohol abuse, lack of exercise)
available which could have provided a more precise result.
Also, due to the focus being on comparing selection

» LASSO regression is used for variable selection and L1 regularisation. L1 regularisation is
when large regression coefficients which contribute to overfitting, are set to zero Cushing's

+ LASSO decides which variables to shrink by putting a constraint on the sum of the disease
absolute values of the model parameters

» Variables which contribute to a large sum of squared errors, are not selected for the model

LASSO (least
absolute shrinkage
and selection
operator)®>®
Cardiac arrest

* LARS makes optimally-sized leaps in the optimal direction . .
1. Al coefficients are equal {0 zero PR methods, rather than the medical inference, no
2. Finds the predictor most correlated with the response ] ] . ] .
LARS (least-angle 3. Performs simple linear regression in the direction of the predictor, until another predictor Colour key: B Dark grey= demographics variables, X grey= clinical variable, X light grey= behavioural variables consideration on tlmlng of pregnancy and type |l diabetes
regression)’ has as much cor_relatlon w_lth the current r¢5|dual _ _ _ ]
4. LARS proceeds in an equiangular direction between the two predictors, until a third was taken |nt0 account; the women COUId have been

predictor becomes as correlated with the current residual
5. LARS then proceeds equiangularly between the three predictors, along the ‘least angle

direction’, until a fourth predictor becomes highly correlated with the residual C h O I C e Of V ar I ab I eS

diagnoses with type |l diabetes before pregnancy.

* All possible subsets are created; a univariate model is generated for each variable, then Add|t|0na”y thOse ﬂagged as pregnant COUId include
celection® . The Resquared, adusied R.sqared, BIC.(Bayesian informaton criei ’ It is evident that there is variation in variable choice, between - - -
selection Iglisasrguualsreeg,azdgﬁstggtgizigfch:iairgélglaeﬁisolﬁn information criterion) or Mallows’ Cp y patlents WhO had termlnated pregnanC|eS.

the different selection methods.

» Variables are continually added to the crude model manually, only kept in if there is a

Forward selection® | e WQS:S%:?éié1pc;(()f)r?eCPoair;1%(leuisnioerlstiifn;a\fgriable considerably increases the standard error o St : th d . h f th t . bl A ° Further Work WOUId eXplore more case StUdieS quCh teStS
. S\lljtteir:?rt]i(\a/ergéégle candidate variables with the largest change in mean-square error can be . epWISe me 0ds. cnose 1or . e mC.)S. Va.na .eS. - the diﬂ:erent Variable Selection methOdS, USing rea -WOI‘|d
Backward « The initial model has all candidate variables and variables which do not have a dlsadvantage Of these methOdS IS Fhe”' InCIInatlon to Overflt EMR data_ Th|S WOUId determine |f the same conc USiOI’]S
selection’? , considerable (10%) change in estimate are manually removed from the mode the data. It appears that the stepwise methods could be | | |
S overfitting due to including variables that the other methods are reached, irrespective of the disease area and
_ Appropriate T deem redundant. association of interest.
Advantages Disadvantages applications applications
" iaregarded i they appears fo no fecommended  Forward and backward manual selection: chose for the
Bivariable Easy to conduct on gSt?(?r?ng?thtlzeazzgggft%xwitsh e Elz(r:griznl]iigg/etivt\)lgenno \;Vrr\]der(l)ttj?ceo\é?en?sble feweSt Varlables, Wthh COUId have been Caused by C | .
lysist2 dard soft f ded b her f f ding f iated . . . .
AEVSST | SEnGRESOREE ] Does not provide any benefits | R ey, and collective confounding between variables not being oncliusions
when buildi [tivariabl f ding i . . .
models ety picked up, due to the order of variable removal during the
_ . Multiple_testing invo!veo_l yvhich can | o.commended for Not I t FFO m th e I'eS eaI'C h
F-test Computationally overestimate the significance of | loratorv data recommended to selection prOCeSS. ] ) ) .
stepwise efficient the remaining variables € pl atory produce reliable ° W'th d|fferent da‘ta types d|ﬂ:erent SeIeCUOn
regression? * Bias regression coefficients are analysis results . . . ]
which falsely | .
e e e — Figure 1. Forest plot comparing odds ratios produced methods can be most appropriate
duced
No reliance on p-value ~ggsggoogcrﬁethodswhichtestpre- recommended to using elght different variable selection methods e LASSO and LARS are h|gh|y preferred by the
significance thresholds geterlmineg hypgthbe&‘;gz e Recommended for Eégﬁﬁge reliable
wi i i * P-values have deba X _ . . -
fcresame | appioatietormom | meaning | Gploraton date | Gaithough Ac s literature, presenting fewer disadvantages
normally distributed . |\r/|]0dde|5 are prone to overfitting models [gogtehfe?v;:;ﬁfe 0.51 . :
data Ay can be problematic regression) I > —-Bivariable analysis « Stepwise regression methods are the most
R 0.51 criticised In the literature

Overfitting is reduced
as irrelevant variables

|

Recommended when | Not

-=Stepwise F test

hav](caf_tljeirt regrtetssion If regularisation is too strong, I:h:nrgizzén \?e?r)i/ables \r,\?r(]:grr]n irtngzggse Crl1ot O 5 1
LASSOS6 (c:oe |C|(:,-nt.s Se” 0 2810 1 coefficients can be excessively present make sense to i . FFO M th e case St u d y

ef?ir(r:]ipeun? ronatly shrunk, and important variables can | (recommended to use | zero large —————————— “'StepW|Se AIC . . . .

Reduces variance | 2@ ftout the LASSO method | regression 0.50 * lrrespective of which selection methods Is used,

rxi(’;?g:;zubbsi?sntially approacﬁes) your dataset LASSO g . .

9 050 the effect estimates and interpretations are

Fits linear regression . - . Recommended for L\(Ia?:tommended : " " "
LARS? models_to hlgh' LARS is sp_eC|f|caIIy sensitive to the high-dimension when variables e e ——— *LARS Very SI m I I ar In the Case Stu dy prese nted

dimensional data effect of noise dataset are highly O 50

Avoid fitti . " "

volds overfiting correlated . - All-subset selection « Stepwise methods selected for most variables,
: * Produces many models, needs Not
Models with all . .
. sufficient computational power Recommended when | recommended

Alsubset | varible , guffcent computational power | Recommended when | recommended 0.53 | whereas forward and backward manual methods
selection C?Orguégg lons are the regression statistics and variables present efficient approach e — -e=-Forward selection .

P coefficient are bias is desired O 54 SeIeCted fOI’ feWGSt Vanables

+ Forward selecton fais to identiy if | g COTRTRREN | IE s — »-Backward selection * In thi tudy, LASSO Id be th t

Forward The confounding effect | a set of variables collectively erg_:alret more bl rer(]:ommen el n IS Case S u y; WO u e e m O S
selection? of gach additional influence the significance of the foarc]oés%;\;ﬂgr? ca?ns \évor?-r;igs;r)]\i/f?(:::nt . .

variable can be seen . WrI:?ndglconsuming reasonably be fitted at | variables jointly ap p ro p r I ate SE|€CtIOn meth0d1 aS the data-

once behave . . .

This approach allows Recommended when 0.40 0.45 0.50 0.55 0.60 0.65 (0] ntaInS many Cand |date Varlables and the

for a set of variables to | | Depends on the order of removal there is a collectively | Not .

h i I . oo : ignifi ff ded . . : .
Backwards | Nave considerable 1. Colinearity is more fikely o occur | Significant effect | recommende Effect size (odds ratio & 95% confidence intervals) advantages of LASSO outweighs those of other

elimination®8 » The approach is problematic when

collectively, even . and when using prior | variables are . .
though individually variables have sparse data knowledge to select | correlated SeleCtIOn meth OdS aval Iable
they may not variables
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