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Learning Objectives

1. Understand the overall steps for purposeful selection as a model building strategy

2. Apply purposeful selection to a dataset using R
3. Use different approaches to assess the linear scale of continuous variables in linear regression
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Regression analysis process

Model Selection Model Fitting

¢ Building a model Find best fit line e Evaluation of model fit

e Selecting variables Using OLS in this class e Testing model assumptions

¢ Prediction vs Parameter estimation Residuals

interpretation

Categorical covariates Transformations
e Comparing potential

models

Interactions Influential points

Multicollinearity

Model Use (Inference)

e Inference for coefficients e Inference for expected Y given X

* Hypothesis testing for coefficients e Prediction of new Y given X
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Learning Objectives

1. Understand the overall steps for purposeful selection as a model building strategy

2. Apply purposeful selection to a dataset using R

3. Use different approaches to assess the linear scale of continuous variables in linear regression
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“Successful modeling of a complex data set
is part science, part statistical methods,
and part experience and common sense.”

Hosmer, Lemeshow, and Sturdivant Textbook, pg. 101
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owttomr

Overall Process varnable (1
2 7 MR
0. Exploratory data analysis e 3 —

1. Check unadjusted associations in simple linear regression S L R /—\_3; Y4 7
——
2. Enter all covariates in model that meet some threshold .
. one  bi B\
e One textbook suggest p < 0.2 or p < 0.25: great for modest sized datasets \/af‘o‘
e e————

no

e PLEASE keep in mind sample size in your study

e Can also use magnitude of association rather than, or along with, p-value
3. Remove those that no longer reach some threshold re move ovw

e Compare magnitude of associations to unadjusted version (univariable) va "ol | I

4. Check scaling of continuous and coding of categorical covariates Y
MLR @ var SN2

5. Check for interactions ar 2 Y 4 €XC
6. Assess model fit M”i 5&/ l Y L LXC
e Model assumptions, diagnostics, overall fit ML [ 2 Y exC

MLR var
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https://onlinelibrary.wiley.com/doi/book/10.1002/9781118548387

Process with snappier step names

Pre-step: Exploratory data analysis (EDA)

Step 1: Simple linear regressions / analysis
Step 2: Preliminary variable selection

Step 3: Assess change in coefficients

Step 4: Assess scale for continuous variables

Step 5: Check for interactions

Step 6: Assess model fit
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Learning Objectives

1. Understand the overall steps for purposeful selection as a model building strategy

2. Apply purposeful selection to a dataset using R

3. Use different approaches to assess the linear scale of continuous variables in linear regression
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Pre-step: Exploratory data analysis

e The following slides are all reference until we get to Step 1

* We have covered exploratory data analysis in other classes and have completed it in our previous labs
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Pre-step: Exploratory data analysis

e Things we have been doing over the quarter in class and in our project
¢ | will not discuss some of the methods mentioned in our lab and data management class

= | amonly going to introduce additional exploratory functions

A few things we can do:

e Check the data
e Study your variables
e Missing data?

e Explore simple relationships and assumptions
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Pre-step: Exploratory data analysis: Check the data

e Get to know the potential values for the data
= Categories
= Units
e Make yourself a codebook for reference
e Then make sure the summary of values makes sense

= |f minimum or maximum look outside appropriate
range

= For example: a negative value for a measurement
that is inherently positive (like population or
income)

Donate Resources About Login

Home - Download the data - Documentation

Documentation

Gapminder combines data from multiple sources into unique coherent time-series that can't be found elsewhere.

Most of our data are not good enough for detailed numeric analysis. They are only good enough to revolutionize people’s
worldview. But we only fill in gaps whenever we believe we know roughly what the numbers would have been, had they
existed. The uncertainties are often large. But we comfort ourselves by knowing the errors in peoples worldview are even
larger. Our data is constantly improved by feedback in our data forum from users finding mistakes.

We fill in all gaps: Our data is more consistent over time and space than most other sources, because we dare to fill all the gaps
in the sources. We dare this because our purpose is to show people the big picture, and they won't understand it if its full of
holes.

We use current geographic boundaries: We show the world history as if country borders had always been the same as today.
Read more here.

Below are links to documentation describing how we have combined the sources in each case. For the sake of transparency,
whenever allowed to share the underlying data, we make our complete calculations available for download, often in Excel files.
In most of these files the details are not documented, as we haven't had time to describe every little step in our data process.
But our data is constantly being improved by people who help find problems. If you have questions, we will try to answer them
in our data-forum.

Each documentation page has a version number and links to the previous versions. Whenever we update the data, or make
other significant changes in the documentation, we make a new version.

Data combined by Gapminder
Average age at 1st marriage (girls)
Babies per woman (total fertility rate)
Child Mortality Rate, under age five
GDP per capita in constant PPP dollars
Gini

HIV/AIDS

Income Mountains

Infant Mortality Rate, under age one
Legal slavery

Life Expectancy at Birth

Maternal mortality

Population

World Health Chart, data sources

This list only includes data that we have somehow modified or calculated ourselves. The complete list of data we use is here »

https://www.gapminder.org/data/documentation/

Lesson 14: Purposeful Selection


https://nwakim.github.io/BSTA_512_26W/lessons/gapminder_codebook.html
https://www.gapminder.org/data/documentation/
https://www.gapminder.org/data/documentation/
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Pre-step: Exploratory data analysis: Check the data

e Look at a summary for
the raw data

e Typical use:

1 (skimr)
2 (gapm)

e Some help
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https://cran.r-project.org/web/packages/skimr/vignettes/skimr.html

Pre-step: Exploratory data analysis: Check the data

e Look at asummary for
the raw data

e Typical use:

1 (skimr)
2 (gapm2)

e Some help

¢ Note that
looks different because |
had to create factors

e | am breaking down the
function into the
categorical and
continuous variables only
because | want to show
them on the slides

1 (gapm2)

("factor")
e —

Variable type: factor

skim_variable

n_missing complete_rate ordered n_unique top counts

freedom_status

@

1 FALSE

PF: 46, NF:)
{aian )

income_level 4

—

©
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1 FALSE

4 (Low: 37,
Upp: 34,
Hig: 19,
Igv: 15


https://cran.r-project.org/web/packages/skimr/vignettes/skimr.html

Pre-step: Exploratory data analysis: Check the data

1 (gapm2) %>%

("numeric")

Variable type: numeric

skim_variable n_missing complete_rate mean sd p0 p25 p50 p75 p100 hist

cell_phones_100 0] 1 116.52 34.56 32.06 99.13 116.68 137.18 207.28 el
life_exp 0 1 70.97 6.76 50.69 66.11 71.52 75.67 8523 il
vax_rate 0 1 91.45 8.78 63.00 89.00 95.00 98.00 9900 1
basic_sani 0 1 79.76 2375 21.64 61.11 92.80 97.99 10000 _ . N
co2_emissions 0 1 5356.04 1282292 17.67 28550 87127 488184 10249055 WM_____
happiness_score 0 1 52.35 11.65 1281 43.59 53.78 60.44 7729 _ IR _
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Poll Everywhere Question 1

In the following skim() output, what summaries might you flag?

1 (gapm_subl) %>
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("numeric")

Variable type: numeric

skim_variable n_missing  complete_rate mean sd p0 p25 p50 p75 p100 hist
CO2emissions 4 0.98 455 610 003 064 241 622 4120 M
ElectricityUsePP 58 070 422092 596407 3110 69900 241000 560000 5240000 W
FoodSupplykcPPD 27 086 282506 44359 191000 249000 277500 317250 374000 sl
IncomePP 2 099 1670445 1909861 61400 337000 1010000 2270000 12900000 M.
LifeExpectancyYrs 8 0.96 70.66 844 4750 6430 7270 7690 8290 _ el
FemaleLiteracyRate 115 041 8165 2195 1300 7097 91.60 98.03 9980 __— m
WaterSourcePrct 1 0.99 84.84 1864 1830  74.90 93.50 99.07 10000 __
Latitude 0 1.00 19.11 2393 -4200 400 17.33 40.00 6500 _ uliien
Longitude 0 100 2198 6652 -17500  -575 2100 4927 17914 e
population_mill 0 1.00 3595 13687 000 173 757 2450 137000 W




Pre-step: Exploratory data analysis: Study your variables

e Started this a little bit in previous slide ( ), but you may want to look at things like:

= Samplessize

Counts of missing data

Means and standard deviations

IQRs

Medians

= Minimums and maximums
e Canalso look at visuals
= Continuous variables: histograms (in “skimr() a little)

= Categorical variables: frequency plots
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Pre-step: Exploratory data analysis: Study your variables

0 20000 100000

co2_emissions
n:105 m:0

10 20 30

n:105 m:0

40 50 60 70 80

happiness_score
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1 (Hmisc)
2 (gapm2)
g > 3 3
C C [ =
s 3 S © g 9
o o o
g | — 8 — 3 —
O T i L 7 i L e f T T
0 50 100 150 200 250 50 60 70 80 90 60 70 80 90 100
cell_phones_100 life_exp vax_rate
n:105 m:0 n:105 m:0 n:105 m:0
> o
Fl o Low income [0O & ~
High income o [}
NF ° Upper middle income o > 8
PF ° Lower middle income o 2 5
T T T T T T T T T TG >4
30 35 40 45 15 20 25 30 35 20 40 60 80 100
Frequencies for freedom_status Frequencies for income_level_4 basic_sani
n:105 m:0
> >
2 2
s 3 g w©
o o -~
£ o T T T T i £ o f T T 1



Poll Everywhere Question 2
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Pre-step: Exploratory data analysis: Missing data

e Why are there missing data?

e Which variables and observations should be excluded because of missing data?

e Will | impute missing data?

e Unfortunately, we don’t have time to discuss missing data more thoroughly

e | will try to cover this topic more thoroughly in BSTA 513

e For the Gapminder dataset, we chose to use complete cases
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Pre-step / Step 1 : Explore simple relationships and assumptions

‘ 1 gapm2 %>% () # gapm2 is a new dataset with some variables selected
cell_phones_100 life_exp vax_rate freedom_status income_level_4 basic_sani c02_emissions happiness_score

() b [ s

0.010- Corr: Corr: $ é Corr: Corr: Corr: =

0.005 - *kk *kk é i $ $ kK *kk %

0.000 - 0.480 0.438 ° p— 0.539 0.158 0.540 b

?8: éﬁ"‘“’ Corr: $ $ $?E Corr: Corr: Corr: |§

60-°e% ge 0.387** i ¢ =1 0.722+* 0.129 0.691%* 8
100-

gg- o wv ? $ $$$ Corr: Corr: Corr: |§

- . -

70 = .. + 0.440*** 0.138 0.322*** o)

eoe (0]

; e | JL- -_ = -I-I—J—-l = === | - i = _:[I' IJ_. L _D]_ é-

e tmalll . . ook .. -..J.J.H BN = — T} ke o —{ 1= 3
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£ i T B 1 e ol — . — . [ .—ﬂ] o ° o —I— &
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g

©

2

1
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20 - ee
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. b

20 3 o0 Q. 2 & &% i 0.239* 0.647**
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100000 - o L
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Step 1: Simple linear regressions / analysis

e For each covariate, we want to see how it relates to the outcome (without adjusting for other covariates)
e We can partially do this with visualizations

= Helps us see the data we throw it into regression that makes assumptions (like our LINE assumptions)
= canbe aquickwaytodoit

= can make each plot

to make boxplots by groups for categorical covariates

to make non-overlaping points with group means for categorical
covariates

O

to make scatterplots for continuous covariates
e We need to run simple linear regression

= We're calling regression with multi-level categories “simple” even though there are multiple coefficients

Y =B
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Step 1: Simple linear regressions / analysis

e Let’s think back to our Gapminder dataset

e Always good to start with our main relationship: life expectancy vs. cell phones

= Throwback to Lesson 3 SLR when we first visualized and ran for this relationship
1 model_CP = gapm2 (formula = life_exp ~ cell_phones_100)
t_;; k’é;l 0 —+-(F§' (: F>
Relationship between life expectancy and cell phones term estimate std.error statistic p.value
°®ee ° . (Intercept) 60.04 2.06 29.21 0.00
80-
7 cell_phones_100 009 002 555
g
>
8'70-
s
®
3
Qo 60-
50- —

50 100 150 200
Cell phones per 100 people
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14:40 Mon Mar 2

Join by Web  PollEv.com/nickywakim275

Look back at your Lesson 5 (SLR: More inference + Evaluation) notes. What test can we
run to show that FemateiteFacy Rate explains enough variation in Life Expectancy?

Cell phane
CCtit )
F-test with SLR model as full model and intercept

F-test with multivariable model as full model and SLR
model as reduced model

F-test with multivariable model as full model and
intercept model as reduced model

el —
gn the coefficient for Fematetiteraey-Rate

Lesson 14: Purposeful Selection

Poll Everywhere Question 3 Nl (red)
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Step 1: Simple linear regressions / analysis

e Let’s do this with one other variable before | show you a streamlined versionof SLR /¢ ” "‘fég?L [h

‘ 1 model_FS = gapm2 %>%

(formula =

life_exp ~ freedom_status)

—t, e ~ 02
7l (Lo

» Code

Country life expectancy (years)

[6)]
o

(o)
o

~
o

(o2}
o

Life expectancy vs. Freedom status

NF

PF
Freedom status

Diamonds = FS averages

1 (M) %>% () %>% () %>%

2 (table.font.size = ) %>%

3 (decimals = 2)

term df  sumsq meansq statistic p.value
freedom_status 2.00 415.94 207.97 @ 0.01
Residuals 102.00 4,341.91 4257 NA NA

e Recall from Lesson 5 (and Lesson 10):

= with one model name will compare the model
( ) to the intercept model
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Step 1: Simple linear regressions / analysis

e If we do a good job visualizing the relationship between our outcome and each covariate, then we can proceed
to a streamlined version of the F-test for each relationship

e Run to add each variable one at a time and separately

e Output will include hypothesis test (using F-test) if coefficient(s) is O or not

= Null: intercept model \l,

= Alternative: model with single variable "6(‘ gpe(jﬁ'&
Vanable

Lesson 14: Purposeful Selection
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Step 1: Simple linear regressions / analysis

e Qutput from — B
p adall "_\Q,,Ja !Z:E;— a'+‘é5
> intercept_model = gapm2 %>% (formula = life_exp{~ 1)
2 (intercept_model, - =
33— scope = ~ cell_phones_100 + freedom_status + income_level_4 + basic_saniif)
4 vax_rate + co2_emissions + happiness_score,
5 test ::!2;)

Single term additions

Model:
life_exp ~ 1

Df Sum of S RSS  AIC F value  Pr(>F) LE‘ = @o t @, CP+e
<none> 4757.8 402.43 _/
cell_phones_100 1 1094.10 3663.7 376.99 30.7588 2.271e-07 sokk — |
freedom_status 2 415.94 4341.9 396.82 0.009414 xx
income_level 4 3  2285.53 2472.3 339.69 (31.123002.484e—14 Jrkk ——> LE = F" T‘Ql'_]:( LM>
basic_sani 1 2478.07 2279.8 327.18 111.9586 < Z.7e-16 *xxxk
vax_rate 1 711.18 4046.7 387.43 18.1016 4.624e-05 skkx +@, T CVM)
co2_emissions 1 79.27 4678.6 402.66 1.7451 0.189420 Z
happiness_score 1  2269.61 2488.2 336.36 93.9503 3.569e-16 sk __ + P TC U) t £
— 20957 3 =
Signif. codes: 0 'xkx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' '

1 (stepd)
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Step 2: Preliminary variable selection

e |dentify candidates for your first multivariable model by performing an F-test on each covariate’s SLR

= Using p-values from previous slide

= |f the p-value of the test is less than 0.25, then consider the variable a candidate

e Candidates for first multivariable model
= All clinically important variables (regardless of p-value)

= Variables with univariate test with p-value < 0.25

e With more experience, you won'’t need to rely on these strict rules as much

Lesson 14: Purposeful Selection
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Step 2: Preliminary variable selection

e From the previous p-values from the F-test on each covariate’s SLR

= Decision: we keep all the covariates since they all have a p-value < 0.25

1 (intercept_model,
2 scope = cell_phones_100 freedom_status income_level_4 basic_sani + vax_rate
3 test = )

Single term additions

Model:
life_exp ~ 1

Df Sum of Sq RSS AIC F value Pr(>F)
<none> 4757.8 402.43
cell_phones_100 1 1094.10 3663.7 376.99 30.7588 2.271e-07 *xxx
freedom_status 2 415.94 4341.9 396.82 4.8856 0.009414 *x
income_level 4 3 2285.53 2472.3 339.69 31.1230 2.484e-14 *xxx
basic_sani 1 2478.07 2279.8 327.18 111.9586 < 2.2e-16 kxx
vax_rate 1 711.18 4046.7 387.43 18.1016 4.624e—-05 *x*x
co2_emissions 1 79.27 4678.6 402.66 1.7451 0.189420
happiness_score 1 2269.61 2488.2 336.36 93.9503 3.569e-16 xxkx

Signif. codes: 0 'xxx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1
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Step 2: Preliminary variable selection

e Fit aninitial model including any independent variable with p-value < 0.25 and clinically important variables

1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16
17
18
19

init_model = gapm2 %>%
(formula =
life_exp ~ cell_phones_100 +
freedom_status +
income_level_4 +
basic_sani +
vax_rate +
co2_emissions +
happiness_score)
(
init_model,
label = (

cell_phones_100 ~ "Cell phones per 100
freedom_status ~ "Freedom status",

income_level 4 ~ "Income level",
basic_sani ~ "Basic sanitation (
vax_rate ~ "Vaccination rate (%)
co2_emissions ~ "C02 emissions',

o)ll
o
o ’

1
’

happiness_score ~ "Happiness score"

Lesson 14: Pur]

Characteristic Beta
Cell phones per 100 0.00
people

Freedom status

NF —
PF 0.88
F -0.61
Income level
Low income —
. Lower middle 13
income
inég:::‘o:r middle -076
High income 37
Basic sanitation (%) 0.14
Vaccination rate (%) 0.04
CO2 emissions 0.00
Happiness score 0.15

Abbreviation: Cl = Confidence Interval

95% CI

-0.03,0.04

-11,2.8
-3.2,2.0

-4.6,2.0

-51,3.6

-1.8,91
0.08,0.19
-0.07,0.15
0.00,0.00
0.04,0.26

p-value

0.8

0.4
0.6

0.4

0.7

0.2
<0.001
0.5
0.3
0.0M

poseful Selection
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Step 3: Assess change in coefficient

¢ We have our initial model with all the covariates that we want to consider
e fel] it s

= We want to see if we can remove any of the covariates without changing the coefficient of our main

explanatory variable (cell phones) by more than 10% M .
.\ n ‘\V\\ (,‘)ef 05< \o\]-/
l / )Q\l\ 0\(\\0\

¢ One variable at a time, we run the multivariable model withand w avariable N|
= We look at the p-value of the F-test for the coefficients of said variable

= We look at the percent change for the coefficient (A %) of our explanatory variable (CP in our example)

e General rule: We can remove a variable if...
= p-value > 0.05 for the F-test of its own coefﬁcientsj YIO"’ S['gl’\l'lcicma‘]’ / not f)(‘?,m’miyl
= AND change in coefficient (A %) of our explanatory variable is < 10% 61/11/1,(3’/\ vananhQ
o v
not changing
¢titect of main relations hip
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Step 3: F-test on dropping each covariate

e Function : If we put in our initial model, the function will remove each covariate and perform the
respective F-test to test if the coefficients are O (null) or not (alternative).

’ 1 (init_model, test="F")

Single term deletions

Model:
life_exp ~ cell_phones_100 + Treedem—status + income_level 4 +] iV\\Jﬁm\ Y\/\.Dou,l

basic_sani + vax_rate + co2_emissions + happiness_score
Df Sum of S  RSS  AIC F value  Pr(>F) (‘aos-l’ 5""*,” 9‘)
<none> 1604.5 308.29 ‘
~>cell_phones_100 1 1.06 1605.5 306.36 0.0618
—2 freedom_status 2 32.94 1637.4 306.43 0.9650 ( 0.384708 >'—--~
income_level_4 3 220.87 1825.3 315.83 4.3134 0.006769 |x*
basic_sani 1 441.50 2046.0 331.81 25. sk PVOJ/ >0.05
vax_rate 1 9.30 1613.8 306.90 0. —_
co2_emissions 1 15.46 1619.9 307.30 0. — £;O Vue’ \}XXVVT’
happiness_score 1 115.99 1720.5 313.62 6. *’D (LP\Q/CVK-
Signif. codes: 0 'xxx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1 0 -
N, in coet

estimate for CF

Lesson 14: Purposeful Selection
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Step 3: F-test on dropping each covariate

Let’s consider an example of a hypothesis test from ¢ rop1 () for income level 4

Alternative H;

Bs=PBy=P10=0 Bs # 0 and/or By 7# 0 and/or 19 7 0
LE =py+ 1CP + BI(FS = PF)+ LE =py+ 1CP + BI(FS = PF)+

BsI(FS =F) + 5,BS + B5VR+ BsI(FS = F) + 54BS + B5VR+

BsCO2 + B7HS + € BsCO2 + B7HS + BgI(IL = lower middle)+

remoNiing. incoww 4 Bol (IL = upper middle) + B1oI (IL = upper) + €
LRl from
Modd

* From the output of drop1(), we can see that the p-value for dropping ‘ncome tevel 4is0.008, whichis <
0.05, so there is sufficient evidence that the coefficients are not O

income lovel (while dd&usﬂ,dwcw v vars) explains
S\q\(\\hw%\;rwp mtak on



\ 4

Step 3: Testing for percent change ( A%) in a coefficient

e QOur F-testin

concluded that we should drop a variable (e.g. freedo

= We then need to check if the change in coefficient for the main variable is less than 10% or not

e Generic form: If we are only considering X7 and X, then we need to run the following two models:

= Fitted model 1/ reduced model (

Y = Bo+ BiXa

o We call the above ,El the reduced model coefficient: El,modl or B\l,red

= Fitted model 2 / Full model ( )Y = BO + 31X1 + §2X2

o We call this 31 the full model coefficient: Bl,m0d2 or //B\]_’full

Calculation for % change in coefficient

A% = 100% -

|/Bl,m0(i1\1 — /Bl,mod2| _ 100% \

6 1,mod2

|81 red — Bi,ful

B full

Lesson 14: Purposeful Selection
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Step 3: Assess change in coefficient

e Let’s try this out on freedom status
e __——

» Display the ANOVA table with F-statistic and p-value

term

df.residual rss df sumsq statistic p.value
Iife_.exp cell_phones_100 frgedpm_status + income_level_4 + 94.000 1,604.465 NA NA NA NA
basic_sani + vax_rate + co2_emissions + happiness_score
Ilfe_e?<p ~ée\|l_phones_’|00)+ basic_sani + vax_rate + co2_emissions + 96.000 1.637.409 —2.000 ~32.944 0.965 0.385
happiness_score + income_level_4
b BCP,full = 0.004, @P,red = 0.0057

\Bep, futt — Bepred 0.004 — 0.0057
A% = 100% - fu = =100% - | | _ 41.97%
3 0.004
CP,full

e Based off the percent change, | would keep this in the model

Statun [ moded
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Step 3: Assess change in coefficient (Reference only)

e Let’s try this out on vaccination rate

» Display the ANOVA table with F-statistic and p-value

term df.residual rss df sumsq statistic p.value
Iife_'exp ~ f:ell_phones_’IOO + frgedpm_status + income_level_4 + 94.000 1.604.465 NA NA NA NA
basic_sani + vax_rate + co2_emissions + happiness_score
Ilfe_‘exp ~ f:ell_phoneg_’!OO + freedgm_status + income_level_4 + 95.000 1.613.770 =1.000 -9.305 0.545 0.462
basic_sani + co2_emissions + happiness_score
° BC’P,f’ull = 0.004, /BC’P,red = 0.006
|Bep, futt — Bepred| 0.004 — 0.006
A% = 100% - -1 rdl _ 100%- | | _ 49.72%
B 0.004
CP, full

e Based off the percent change, | would keep this in the model
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Step 3: Assess change in coefficient (Reference only)

e Let’s try this out on CO2 emissions

» Display the ANOVA table with F-statistic and p-value

term df.residual rss df sumsq statistic p.value
Iife_.exp ~ f:ell_phones_’IOO + frgedpm_status + income_level_4 + 94.000 1.604.465 NA NA NA NA
basic_sani + vax_rate + co2_emissions + happiness_score
Ilfe_‘exp ~ f:ell_phones_’IOO +_freedom_status + income_level_4 + 95.000 1.619.924 —1.000 -15.459 0.906 0.344
basic_sani + vax_rate + happiness_score

~ ~ ~0.0S
° /BC'P,full = 0.004, IBC’P,red = 0.0039

Bep. fu — Bop.re 0.004 — 0.0039
A% = 100% - WOP’C” Bopred _ 10097 ] o0 <‘ —3.35% )
Bep, full '

e Based off the percent change, | would remove CO2 emissions from the model
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Poll Everywhere Question 4

13:39 Wed Mar 4 @) o= ¢ %% @@

Join by Web  PollEv.com/nickywakim275

Which of the following is/are an important inclusion rule for variables when we are
model building?

Including variables that are clinically significant ' 3%

—Including variables that are significant in the model 0%

Including variables that are confounders or effect
modifiers

A and B only 24%

3%

B and Conly 14%

3%
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Step 3: Assess change in coefficient: Summary

e At the end of this step, we have a preliminary main effects model
e Where the variables are excluded that met the following criteria:

= P-value > 0.05 for the F-test of its own coefficients

= Change in coefficient (A %) of our explanatory variable is < 10%

e [nour example, the preliminary main effects model (end of Step 3) has one less variable than the initial model
(end of Step 2)

¢ Preliminary main effects model includes:
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Recap of Steps 1-3

e Pre-step: Exploratory data analysis
e Step 1: Simple linear regressions / analysis
= Look at each covariate with outcome
= Perform SLR for each covariate
e Step 2: Preliminary variable selection
= From SLR, decide which variables go into the initial model

= Use F-test to see if each covariate (on its own) explains enough variation in outcome

= End with initial model
e Step 3: Assess change in coefficients
= From the initial model at end of step 2, we take a variable out of the model if:
o P-value > 0.05 for the F-test of its own coefficients
o Change in coefficient (A %) of our explanatory variable is < 10%

= End with preliminary main effects model

Lesson 14: Purposeful Selection
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Learning Objectives

1. Understand the overall steps for purposeful selection as a model building strategy

2. Apply purposeful selection to a dataset using R

3. Use different approaches to assess the linear scale of continuous variables in linear regression

Lesson 14: Purposeful Selection
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Step 4: Assess scale for continuous variables

e We assume the linear regression model is linear for each continuous variable

* We need to assess linearity for continuous variables in the model

= Do this through smoothed scatterplots that we introduced in Lesson 6 (SLR Diagnostics)
Y . .e

= Residual plots (can be used in SLR) does not help us in MLR

= Each term in MLR model needs to have linearity with outcome
e Three methods/approaches to address the violation of linearity assumption:
= Approach 1: Categorize continuous variable
= Approach 2: Transformation of variable/
= Approach 3: Spline functions
e Approach will depend on the covariate!!
e For our class, only implement Approach 1 or 2

* Model at the end of Step 4 is the main effects model

Lesson 14: Purposeful Selection
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Step 4: Assess scale for continuous variables: Smoothed scatterplots

e Smoother scatterplots only check linearity, not addressing linearity issues

e Can also identify extreme observations
= Again, just want to flag these values

= Caninfluence the assessment of linearity when using fractional polynomials or spline functions

¢ Helps us decide if the continuous variable can stay as is in the model

= Problem: if not linear, then we need to represent the variable in a new way (Approaches 1-3)

Lesson 14: Purposeful Selection
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Step 4: Assess scale for continuous variables: Smoothed scatterplots

¢ In Gapminder dataset, we have 5 continuous variables:
= Cell phones /
= Basic sanitation -
» Vaccination rate -
~O%emissi
= Happiness score -

e Plot each of these agains the outcome, life expectancy
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Step 4: Assess scale for continuous variables: Smoothed scatterplots

» We can quickly look at ggpairs() to identify variables
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Step 4: Assess scale for continuous variables: Smoothed scatterplots

» Take alook at happiness score, vaccination rate, and basic sanitation
\oess - movim% o\vca'

3

80 - o 80 -
7 2
2= =
>

e 70 - e fro-
3 3 3
(& O O
[ (V) (V)
Q. Q. [oX
x x x
i i i
[} () ()
Y Y o

3 = po- 3 FO'

(] °
[ ] [
‘ t
50 - . - 50 - 50 - °
1 1 — 1 1 1 1 1 1 1 1 1
20 40 60 80 70 80 90 100 20 6 100
Happiness Score Vaccination rate (%) Basic sanitation (%)
— = —

e Happiness score looks pretty linear, vaccination rate looks admissible

e Basic sanitation looks non-linear
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Step 4: Assess scale for continuous variables

e Three methods/approaches to address the violation of linearity assumption:

= Approach 1: Categorize continuous variable
= Approach 2: Transformation of variable

= Approach 3: Spline functions

Lesson 14: Purposeful Selection
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Step 4: Approach 1: Categorize continuous variable

e Categorize continuous variables
= Percentiles, quartiles, quantiles
o Create indicator variables corresponding to each quartile
= Meaningful thresholds
o Example: income level groups discussed by Gapminder
e Disadvantages:
= Takes some time to create new variables, especially with multiple continuous covariates
= Start with quartiles, but might be more appropriate to use different splits
o No set rules on this

e Advantage: graphical and visually helps

Lesson 14: Purposeful Selection
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https://www.gapminder.org/fw/income-levels/

Step 4: Approach 1: Categorize continuous variable

¢ Forincome, | would use Gapminder’s income level
groups

= Discussed in Lesson 10 Categorical Covariates
(slide 43)

e Expertsin the field have developed these income
groups

= | think this is best solution for income (that was not
meeting linearity as a continuous variable)

80-

Life expectancy (years)

60-

50-
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70-

Life expectancy vs. income levels

.
Low income Lower Upber
middle middle
income income

Income levels

High
income
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Step 4: Approach 1: Categorize continuous variable

e Let's still try it out with basic sanitation » Take alook at the quartiles within the scatterplot

| have plotted the quartile lines of basic
sanitation with red lines

|
|
80- |
. |
n
5 |
5, |
§ 70- I.
O |
(O]
< $
(i
@ |
60 |
|
|
|
50- ]
20 40

’
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Step 4: Approach 1: Categorize continuous variable

e Let's make the quartiles for basic sanitation:

1 (dvmisc)
2 gapm2 = gapm2 %>%
3 (BS_q = (basic_sani, groups = 4) %>% ()

» Take alook at the quartile means within the scatterplot

78
2

74-

’—

N
Q@

Life Expectancy (yrs)

o
@

* ————

[21.6,61.1] (61.1,92.8] (92.8,98] (98,100]
Basic sanitation (%)
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Step 4: Approach 1: Categorize continuous variable

Characteristic

Cell phones per 100
. . people
¢ Let’s fit a new model with new representation

for basic sanitation

Basic sanitation (%)

(92.8,98]
o . . (98,100]
e Remember, this is the main effects model if we ‘..o status

decide to make basic sanitation into quartiles NF
PF

F
Income level
Low income
Lower middle income
Upper middle income
High income
Vaccination rate (%)

Happiness score

216611 QUArfle 1
(611928 Quanhle 2

3
y

Abbreviation: Cl = Confidence Interval

Lesson 14: Purposeful Selection

Beta

0.01

45
7.0
9.0

12
-0.35

-0.25
-0.M
35
0.03
0.14

95% CI

-0.02,0.04

20,70
4.2,9.8
58,12

-0.72,3.2
-2.9,22

-34,2.9

-4.2,4.0

-1.8,8.8
-0.08,0.14
0.03,0.25

p-value

0.7

<0.001
<0.001
<0.001

0.2
0.8

0.9
>0.9
0.2
0.6
0.014
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Step 4: Approach 2: Transformation of variable

e Main concepts and transformations presented in Lesson 7 SLR: Model Evaluation and Diagnostics (slide 33 on)
¢ |dea: test many transformations of a continuous covariate

= Based on Royston and Altman, Applied Statistics, 1994

e Recall Tukey’s transformation (power) ladder

= AndcanuseF’s to see the transformations

Powe(p) -3 2 1 -1/2 0 1/2 m 2
==

3
log(z) +/= \y x? T

e We can run through each and test different models, or use the approach from Lesson 7
e Thereis also a package we can use!

3 z2

—

| o
s

= mfp package in R contains the fp() function
L

Ls pOlV(}/V\O/V‘\'”‘l 5

Lesson 14: Purposeful Selection
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https://www.jstor.org/stable/2986270
https://cran.r-project.org/web/packages/mfp/mfp.pdf

Step 4: Approach 2: Transformation of variable

1 (mfp)

: ~ replacer (G

3 model_fp_BS = mfp(life_exp ~ cell_phones_100 + freedom_status + income_level 4 +

4 vax_rate + happlness score + fp(ba51c sani, df = 4),

5 data = gapm2, family = "gaussian" Py

7 model_fp_BS$fptable %>% (rownames_to_stub = T) %>% (table.font.size = 24)

df.initial select alpha df.final power1 @
4 005 4 S;Q'IJB. ;l

1
income_level_4Lower middle income 1 1 0.05 1 1 %
income_level_4Upper middle income 1 1 0.05 1 1 l
income_level_4High income 1 1 0.05 1 1 X 2( X
happiness_score 1 1 0.05 1 1 .
freedom_statusPF 1 1 0.05 1 1 .
freedom_statusF 1 1 0.05 1 1 .
vax_rate 1 1 0.05 1 1 .
cell_phones_100 1 1 0.05 1 U . \J&,
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Step 4: Approach 2: Transformation of variable

df.initial select alpha df.final power1

basic_sani

income_level_4Lower middle income
income_level_4Upper middle income
income_level_4High income
happiness_score

freedom_statusPF

freedom_statusF

vax_rate

cell_phones_100

4
1
1
1

]
)
]
]

0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05

4
1
1
1

0
1
1
1

power2 o Conclusion from fractional polynomial is that basic
0.5 . .
sanitation needs to be transformed

= Use square root transformation for basic sanitation

J does NOT test for linearity assumption, just tells
you best fit

= Sometimes, it will conclude that something does
NOT need to be transformed

= A little counter-intuitive from what we saw in plots
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Step 4: Approach 3: Spline functions

* Spline function is to fit a series of smooth curves that joined at specific points (called knots)

Log-odds

e Mean spline
Quartiles

<A Knots )

— — = Linear splines

Lowess

)
(0]
o
()

w

5\

>

(@]

C

3

(@]

()

o

n

2

=

50- , ) ) .

20 40 _60 80 100
N Basic sanitation (%) 7

——
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Step 4: Approach 3: Spline functions

¢ Need to specify knots for spline functions
= More knots are flexible, but requires more parameters to estimate

= |n most applications three to five knots are sufficient
e Within our class, fractional polynomials will be sufficient (more in Longitudinal Data Analysis)

e |f you think this is cool, | highly suggest you look into Functional Data Analysis (FDA) or Functional Regression
= Jeffrey Morris is a big name in that field

* In Rthere are a few options to incorporate splines
u : More information

= : More information

Lesson 14: Purposeful Selection
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https://cran.r-project.org/web/packages/survival/vignettes/splines.pdf
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3876718/

Step 4 Conclusion: main effects model

Characteristic

¢ We concluded that we will use:
= |[ncome levels (categorical) that Gapminder created

Cell phones per 100
people

Basic sanitation (%)

= Quartiles for basic sanitation 216,611] Ql

(61.1,92.8]
(92.8,98]
(98,100]

Freedom status

This is also a good step to decide if you would like to NF
score a categorical variable (Lesson 5)

Low income

e Question: Do you see any visual issues with my
regression table?

Lower middle |
income

Upper middle ~
income

Vaccination rate (%)

Happiness score

Beta

0.01

45
7.0
9.0

12
-0.35

-0.25

-0Mm

35
0.03
0.14

Abbreviation: Cl = Confidence Interval

95% CI

-0.02,0.04

2.0,70
42,98
58,12

-0.72,3.2
-2.9,22

-34,2.9

-4.2,4.0

-1.8,8.8
-0.08,0.14
0.03,0.25

p-value

0.7

<0.001
<0.001
<0.001

0.2
0.8

0.9

>0.9

0.2
0.6
0.014
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Learning Objectives

1. Understand the overall steps for purposeful selection as a model building strategy

2. Apply purposeful selection to a dataset using R

3. Use different approaches to assess the linear scale of continuous variables in linear regression

Lesson 14: Purposeful Selection
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Step 5: Check for interactions

e Create a list of interaction terms from variables in the “main effects model” that has clinical plausibility

¢ Add the interaction variables, one at a time, to the main effects model, and assess the significance using a F-
test

= May keep interaction terms with p-value < 0.10 (or 0.05)
o Keep the main effects untouched, only simplify the interaction terms

e Use methods from Step 2 (comparing model with no interactions to a larger model with 1 interaction) to
determine which interactions to keep

e The model by the end of Step 5 is called the preliminary final model

Lesson 14: Purposeful Selection
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Step 5: Check for interactions
e Wetestwitha = 0.10
e Follow the F-test procedure in Lesson 10 (MLR: Using the F-test)

= This means we need to follow the 7 steps of the general F-test in previous slide (taken from Lesson 10)
e Use the hypothesis tests for the specific variable combo:

Binary & continuous variable (Lesson 11. LOB 2)

Multi-level & continuous variables (Lesson 11, LOB 3)

Testing a single coefficient for th - eraction term

Testing group of coefficients for the interaction terms
using F-test comparing full model to reduced model

using F-test comparing full to reduced model

Binary & multi-level variable: (Lesson 12, LOB 4)

Two continuous variables (Lesson 12, 1.OB 5)
Testing group of coefficients for the interaction terms

Testing a single coefficient for the interaction term
using F-test comparing full to reduced model

using F-test comparing full to reduced model

Lesson 14: Purposeful Selection
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Poll Everywhere Questions 5-7

14:22 Wed Mar 4 e ¢ 81% @@

Join by Web  PollEv.com/nickywakim275

What are other options for combinations of variables that can have an interaction?
Please write your answer in the format like "continuous and continuous"

categorical +categorical

Continuous and categorical (leveled) %

Continuous and categorical

continuous and categorical
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Poll Everywhere Questions 5-7 X, % ¥Xo

Join by Web  PollEv.com/nickywakim275

For two binary variables, how many coefficients do we need to test for an interaction?

0
0%

b 36%

14%

2

c ]

3

—— 1] 23%
4
C ]

5%




Poll Everywhere Questions 5-7

14:26 Wed Mar 4

Join by Web  PollEv.com/nickywakim275

) have indicator 5561

For two multi-level categorical variables that ha anategories, respectively, how
many coefficients do we need to test for an interaction?
Y Ls 1 pef

@M\m indicators

0%

0

5%

1
2
] 9%
5
23%

‘ 50%
N4

] 14%
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Step 5: Check for interactions

e Use function to compare a full model (interactions with CP) and reduced model (main effects model)

(:in_eff_moa, scope = ~ cell_phones_100 * . , test = )
Si erm additions

Model:
life_e el l—phehes_100 o +S @
Df Sum of Sq RSS AIC F value Pr(>F)

<none> 1513.0 304.13

cell_phones_100:BS_q 3 23.295 1489.7 308.50 0.4691 0.7046 /_ C) (
cell_phones_100:freedom_status 2 69.314 1443.7 303.21 2.1845 0.1184 :
cell_phones_100:income_level_4 3 82.787 1430.2 304.22 1.7365 0.1652
1
1

cell_phones_100:vax_rate 41.315 1471.7 303.22 2.5827 0.1115
cell_phones_100:happiness_score 0.949 1512.1 306.06 ©0.0577 0.8106

—

* No significant interactions with cell phones per 100 people (p-value > 0.1), so we would not include any
interactions with that variable

R NNNYNOS

e Think about it: does that track with what we saw in our interactions lecture?
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Step 5: Example testin add1 () for income level 4

Alternative H;

,310 7é 0 and/or ,311 75 0 and/or ,312 7§ 0

Null / Smaller / Reduced model Alternative / Larger / Full model

LE =By + p:1CP + ,BQI(FS = PF)+ LE =5y + pB:CP + ,62I(FS = PF) + ,BgI(FS = F)—I—
BsI(FS = F) + 54BS + B5VR+ B4BS + BsVR + BgHS + B7I(IL = lower middle)+
Be¢HS + B7I(IL = lower middle)+ (IL = upper middle) + By (IL = upper)—+
BsI(IL = upper middle)+ G106 P - I(IL = lower middle)+
BoI(IL = upper) + € B11[JP - I(IL = upper middle)+

_ L no B1offP - I(IL = upper) + €
Jint | S

e From the output of 2dd1 (), we can see that the p-value for dropping income leve lhich is > 0.1, so we do not reject the null, aka no interaction
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Step 6: Assess model fit

e Assess the adequacy of the model (diagnostics) and check its fit

e Methods for diagnostics will be discussed next class

= Combination of diagnostics and model fit statistics!

» L ooked at model fit statistics in last lesson

= Look at diagnostics in Lesson 15: MLR Diagnostics

¢ |f the model is adequate and fits well, then it is the Final model

Lesson 14: Purposeful Selection
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Step 6: Assess model fit

¢ Our final model contains
= Cell phones per 100 people

= Basic sanitation (quartiles)

Freedom status

Income level

Vaccination rate

Happiness score
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Step 6: Assess model fit: Model fit statistics

e Way | did it in the lab instructions (and last class)

1
2
3

N o o b~

sum_fm = (final_model)

model_fit stats = (Model =

"Final model",

Adjusted_R_sq = sum_fm$adj.r.squared,

AIC =

model_fit_stats %>% gt() %>%
(table.font.size = )

(final_model), BIC =

9%>9% (decimals

(final_model))

)

Model Adjusted_R_sq AIC BIC

Final model 0.644 604.108 638.609
¢ Another (maybe faster?) way todo it ( in package)
1 (final_model) %>% (Model = "Final model") %>%
2 (Model, adj.r.squared, AIC, BIC) %>% () %>%
3 (table.font.size = ) %>% (decimals = 3)
Model adj.r.squared AIC BIC

Final model

0.644 604.108 638.609
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Step 6: Assess model fit: Comparing model fits

e Remember the preliminary main effects model (at end of Step 3): same as final model but basic sanitation was
not categorized

e We can compare model fit statistics of the preliminary main effects model and the final model

1 fm_glance = (final_model) %>% (Model = "Final model") %>%

2 (Model, "Adj R-squared’ = adj.r.squared, AIC, BIC)

3 pmem_glance = (prelim_me_model) %>%

4 (Model = "Preliminary main effects model") %>%

5 (Model, "Adj R-squared’ = adj.r.squared, AIC, BIC)

6 (fm_glance, pmem_glance) %>% gt() %>%

7 (table.font.size = 35) %>% (decimals = 3)
Model Adj R-squared AIC BIC
Final model 0.644 604.108 638.609
Preliminary main effects model 0.627 608.269 640.116

e Remember, adjusted Rz, AIC, and BIC penalize models for more coefficients

* Final model has better model fit statistics (higher adjusted R2, lower AIC and BIC)
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