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IMPORTANCE Approximately one-third of children experiencing acute concussion experience JAMA Report Video at
ongoing somatic, cognitive, and psychological or behavioral symptoms, referred to as jama.com
persistent postconcussion symptoms (PPCS). However, validated and pragmatic tools
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Causal graphs
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» “We do not accept the notion that there is a simple “true
model” in the biological science.” (Burnham and Anderson,
2002)

» “We recognize that true models do not exist. ... A model will
only reflect underlying patterns, and hence should not be
confused with reality.” (Steyerberg, 2009)
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Abstract

Background: How to select variables and identify functional forms for continuous variables is a key concern when
creating a multivariable model. Ad hoc ‘traditional’ approaches to variable selection have been in use for at least 50
years. Similarly, methods for determining functional forms for continuous variables were first suggested many years
ago. More recently, many altemative approaches to address these two challenges have been proposed, but
knowledge of their properties and meaningful comparisons between them are scarce. To define a state of the art
and to provide evidence-supported guidance to researchers who have only a basic level of statistical knowledge,
many outstanding issues in multivariable modelling remain. Qur main aims are to identify and illustrate such gaps
in the literature and present them at a moderate technical level to the wide community of practitioners, researchers
and students of statistics.

Methods: We briefly discuss general issues in building descriptive regression models, strategies for variable selection,
different ways of choosing functional forms for continuous variables and methods for combining the selection of
variables and functions. We discuss two examples, taken from the medical literature, to illustrate problems in the
practice of modelling.

Results: Our overview revealed that there is not yet enough evidence on which to base recommendations for the
selection of variables and functional forms in multivariable analysis. Such evidence may come from comparisons
between alternative methods. In particular, we highlight seven important topics that require further investigation and
make suggestions for the direction of further research.

Conclusions: Selection of variables and of functional forms are important topics in multivariable analysis. To define a
state of the art and to provide evidence-supported guidance to researchers who have only a basic level of statistical
knowledge, further comparative research is required.

Keywords: Descriptive modelling, Methods for variable selection, Spline procedures, Fractional polynomials, Categorisation,
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Clinical Risk Score for Persistent Postconcussion Symptoms
Among Children With Acute Concussion in the ED

Roger Zemek, MD; Nick Barrowman, PhD; Stephen B. Freedman, MDCM, MSc; Jocelyn Gravel, MD; Isabelle Gagnon, PhD; Candice McGahern, BA;
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William P. Meehan Ill, MD; Miriam H. Beauchamp, PhD; Yael Kamil, BSc; Anne M. Grool, MD, PhD, MSc; Blaine Hoshizaki, PhD; Peter Anderson, PhD;
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Carol DeMatteo, MSc; Martin H. Osmond, MDCM; for the Pediatric Emergency Research Canada (PERC) Concussion Team

= Editorial page 987

IMPORTANCE Approximately one-third of children experiencing acute concussion experience JAMA Report Video at
ongoing somatic, cognitive, and psychological or behavioral symptoms, referred to as jama.com
persistent postconcussion symptoms (PPCS). However, validated and pragmatic tools

. L . . . . . Suppl tal content at
enabling clinicians to identify patients at risk for PPCS do not exist. Hpplemental contenta

jama.com

JAMA 2016 315(10): 1014-25. 44



Statistical Analysisd& D

» Forty-six variables were selected a priori for assessment based on a national
planning meeting, recent systematic reviews, previous studies, and clinical
experience.®

» All reliable variables associated with PPCS (P < .20) were entered into a
multivariable model using forward stepwise binary logistic regression analysis
(P=.05 included but P=.10 removed).

> 46MMZEEN . MFRETESZHCED K ERIDOFMA. D> AT+ wvIL
Ea1—. EITAR. BRARAIIIRER(C K> TGERSNE (=Background
Knowledge) -

» PPCSEAHISDELEN D TZHD (%’T‘gﬁﬂﬁf P<.20) m5. Forward

StepwiselR(C KD T, ZEEETIVICESHDIEDEIRZITDOIZ (P=.05
included but P =.10 removed). 45
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» The final multivariable model included (1) age, (2) sex, (3) prior concussion
with symptom duration of longer than 1 week, (4) physician-diagnosed
migraine history, (5) headache, (6) sensitivity to noise, (7) fatigue, (8)
answering questions slowly, and (9) abnormal tandem stance (Table 5).

> REHRLZZEEETILICIE. LD 9 DOZEHMEEINT,

Zemek et al. (2016) 46
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Table 5. Selected Predictor Variables for Multivariable Model of Persistent Postconcussive Symptoms (PPCS)
at 28 Days in the Derivation Cohort®

No. of Risk Points

for PPCS - Odds Ratio (95%Cl) PValue
Age group, y
5-7 0 1 [Reference
8-12 1 1.54(1.09-2.19)

13-<18 2 2.31(1.62-3.32)

- JROZITDHE « FIRD LT &0
= : I fesb(c. EEEHEHFITULLT,

Female
A — Vaxy ey _— =~
Prior concussion and symptom duration ~ J L%*%I g 7‘5%"‘6 < j:“' n
I _ FHIES) LI IHTHBRLILESND
No prior concussion; symptom duration <1 wk 0 1 [Reference] o1
Prior concussion; symptom duration =1 wk 1 1.53(1.10-2.13) ’
Physician-diagnosed migraine history
No 0 1 [Reference]
.001
Yes 1 1.73(1.24-2.43)
— — \Y
Answering questions slowl — AT Z\‘ j: EEE jj I J - EJ D }}:L:‘E Py
el i [ G @Eﬂj’b ( \ o O) J I ((_ |:|I b
No 0 1 [Reference]

- 1 amig NEXA7ZEC. BEREDRTT (0-12

Balance Error Scoring System tandem stance

No.of rr R) ZEt8L. UROIXAT7ZA8IT DS

0-3 0 1 [Reference]

=4 or Physically unable to undergo testing 1 1.31 (1.04-1.66) 02 & (: (SUllivan et al. (2004) O)jlj_‘;ﬁ (: J: 5)
Headache

No 0 1 [Reference]

Yes 1 1.66(1.11-2.48) o1
Sensitivity to noise

No 0 1 [Reference]

Yes 1 1.47 (1.15-1.87) 002
Fatigue

@ There were 1701 patients in the
s:?s {2] 13???:_? 46) <.001 derivation cohor':J included in the Ze me k et a l . (2 O 1 6 ) 47

primary analysis.
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Table 1 Variable selection methods used in major epidemiologic journals in 2008

Selection technique American Journal of  Epidemiology European Journal of  International Journal of
Epidemiology Epidemiology Epidemiology
n Y0 n %0 n Y0 n Y0
Prior knowledge 50 29 11 28 13 30 9 20
Effect estimate change 31 18 6 15 3 7 4 9
Stepwise selection 27 16 9 23 10 23 13 29
Modern methods (shrinkage, penalized regression) 0 0 0 0 0 0 0 0
Other (e.g., principal components, propensity scores) 2 1 4 10 1 2 2 4
Not described 61 36 10 25 17 39 17 38
Total 171 40 44 45

AR TEE DIz b DL EFNTN L L \EF DM T(X, Prior KnowledgeZzF A LTz
ZHEOEIRMTIOND Z ENZ U (2008FDiEF Ei7458)

Walter and Tiemeier (2009) 49
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Table 1: Variable selection methods used in explicative studies published in four major epidemiological journals in 2015

American Journal of  Epidemiology European Journal of International Journal of Total
Epidemiology Epidemiology Epidemiology
Prior knowledge or causal 55 (47%) 33 (59%) 27 (46%) 31 (52%) 146 (50%)
graphs
Prior knowledge or 40 (34%) 29 (52%) 19 (32%) 28 (47%) 116 (40%)
causal graphs only
Change 1n estimate 20 (17%) 5 (9%) 5 (8%) 4 (7%) 34 (12%)
Stepwise 5 (4%) 3 (5%) 7 (12%) 1 (2%) 16 (5%)
Univariate analyses 16 (14%) 4 (7%) 5 (8%) 1 (2%) 26 (9%)
Other 3 (3%) 1 (2%) 1 (2%) 0 (0%) 5 (2%)
Insufficiently detailed 42 (36%) 16 (29%) 24 (41%) 25 (42%) 107 (37%)
Total 118 56 59 59 292

Results are reported as frequency (%). More than one method could be used in each study; as such, percentages do not add up to 100%.

A TNEE DI O DL R EFNTNZ U NEF DM T, Prior KnowledgeZzF A LTz
ZHEEIRMTIOND Z ENELE U (2015FDEF Ef458)

Talbot and Massamba (2019) 50
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>

>

We estimated the risk of suicide or suicide attempt by using proportional
hazard regression analyses with age as the underlying time scale.

The analyses were adjusted for sex, family type, country of birth, educational
level, and income, as these types of factors have been found to be associated
with workplace sexual harassment and risk factors for suicidal behaviour.” 17 18

B EFRERIO U oI B2, tefl)\B— REINESHT (Cox/Bl)F
DT ZIT D1,

im CDOTIZvILI\SGAA MEREL. BIRITEHDOUXIVERELT. B
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Table 2 | Results from Cox regression analyses on workplace sexual harassment stratified by sex, presented as hazard ratios (HR) and 95% confidence
intervals with and without adjustment for covariates

All Men Women

No with No of No with No of No with No of

valid data cases HR (95% CI) valid data cases HR (95% CI) valid data cases HR (95% CI)
Suicide
Model 0* 85205 125 2.23(1.1910 4.16) 40853 a7 2.99 (1.09t0 8.18) 44353 38 3.20(1.39t0 7.33)
Model 1t 84238 124 2.82 (1.49 10 5.34) 40421 86 2.62(0.95t07.19) 43817 38 2.94 (1.28106.76)
Model 2t 83048 121 2.51 (1.29 to 4.90) 39877 84 2.62(0.95t07.22) 43171 37 2.39 (0.98 to 5.80)
Model 3§ 82860 121 2.47 (1.25 to 4.87) 39794 84 2.60(0.92t07.34) 43066 37 2.25 (0.9110 5.56)
Suicide attempts
Model 0* 84556 816 1.54(1.19 to 2.01) 40540 397 1.79 (1.03 to 3.11) 44016 419 1.49 (1.10 to 2.02)
Model 1t 83 600 799 1.59(1.21 to 2.08) 40111 391 1.80 (1.03 10 3.13) 43 489 408 1.49 (1.09 to 2.02)
Model 21 82419 786 1.55 (1.18 to 2.04) 39570 385 1.78(1.02t0 3.11) 42849 401 1.44 (1.06 to 1.98)
Model 3§ 82233 785 1.56 (1.18 to 2.05) 39488 384 1.77 (1.01 t0 3.12) 42745 401 1.47 (1.07 to 2.02)

*Unadjusted analyses.

tAdjusted for sex, birth country, family situation, education, and income at baseline.

$Adjusted for sex, birth country, family situation, education, income, and poor mental health at baseline.

§Adjusted for sex, birth country, family situation, education, income, demands, control, social support at work, workplace bullying, and poor mental health at baseline.

Model 0N EEZEf#MT. Model 1D BIEDEIRICKDZEEMH T, €D, L\ DH\D
EIND ) A DBR & INATZRAREROFERN. Model 2, 3. CDXD(C. EBEDELHD
tH COETIERZHEE U C. BRZITIOMRXIIIBER TS,

Hanson et al. (2020) 53
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» In the Cox regression analyses (table 2), the hazard ratio for completed
suicide was 2.23 (95% confidence interval 1.19 to 4.16) for any workplace
sexual harassment. The hazard ratio was considerably higher when we
adjusted for sex. After adjustment for sex, birth country, family type,
educational level, and income, the hazard ratio was 2.82 (1.49 to 5.34). This
corresponded to a population attributable fraction of 0.06.

> HETSHEEITOHRIE, 2.23 (95%Cl: 1.19, 4.16), MERlZHEE T D L. HRIIMNERD
RELIED. =BIC. Model 1DZEEET)L TORBFENTZITDS & HRIFE
2.82 (95%Cl: 1.49, 5.34) £72D. EEIFSEISEUTE. 6%FE ELRD,
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» Further adjustment for baseline mental health and working conditions
resulted in a more than twofold higher risk of suicide among people exposed
to workplace sexual harassment (hazard ratios 2.51 (1.29 to 4.90) and 2.47
(1.25 to 4.87), respectively).

p R—RXATA2TDAA)INLAPOCIEFICKD. SR DAREERMT
(Model 3, 4) Z1T>TH. 2BULDBEFRDY X TOHRH SN,
> COXDREROERDEHFENDE TOFEFIMTIOND CEE—MINTH B,
BB OEDBEZRMAE(IRINTHDce. HABRIDIZHOM=ZEZZ T, EREMNE
DIEEZNDH (BEHDSIRVLD) ORMERETZITL., #ENRRIEEHRET D,
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