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Multivariable ordinal regression in R: brief guidelines for Master and Doctoral
students in Medicine and Public Health
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North-Eastern Federal University, Yakutsk, Russia

Al-Farabi Kazakh National Medical University, Almaty, Kazakhstan

In this paper we describe basic principles of using R package for multivariable ordinal
regression analysis. We present step-by-step guidelines and syntax for creation
and evaluation of regression models using practical example with real data from a
population-based cross-sectional study in the Almaty region. In addition to the syntax
we present R outputs and their interpretation
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MEH IOKTOPAHTTAPFA aPHAJIFAH KbICKAIIA YCBIHBIMAAD
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By sKymbICTa pETTIK alHbIMalbl Jkayalka apHAJFaH KONTEreH pPerpeccusuIbK
Tanjaynap okacay ymiH R OaFmapramaiiblk  OpTachlH  KOJIQHYIBIH — HETIsri
HPHHIUNTEP] YChIHBUIFAH. AJIMaThl OOJIBICHIHA TAHIAYIIbl KOJIJICHEH 3epTTeYJIepiH
MoauHKanUsIaHFaH OipHele HaKThl MOJIIMETTEPiH KOJJaHa OThIPHII, PAKTHKAJIBIK,
MBICAJI TYPIH/IE PErPECCHSUTBIK MOJIEIIEP/Il JKacay skoHe Oaranay yiniH R-11iH KagaM/IpIK
AJITOPHUTMI JKOHE CHHTAKCHC] YCHIHBIIbIFaH. CHHTaKCHCTEH OeJek onapasl R, coHbIMeH
Karap, oJiap/blH HHTEPIPUTALUSICH KOPCETKEH/ICH HOTHKENEeP] YChIHBUIFaH.
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B nannoii pabore mpeacTaBieHbl OCHOBHBIE PUHLUIIBI IPUMEHEHUS TPOrpaMMHON
cpensl R mmst  ocymiecTBIeHMs MHOXKECTBEHHOTO — PErpecCHMOHHOTO — aHallU3a
JUIs TIOPSIIKOBOW  (paHroBOM) MepeMEeHHOW OTKIMKa. [IpencraBneH MOIIArOBbIH
aNTOPUTM U CHHTAaKCHC B R IJIs1 CO3MaHMsA M OIEHKH PErpecCHOHHBIX Mojelel B
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BUJIC TMPAKTUYECKOTO MpPUMEpa C MCIOIb30BAHHEM HECKOJILKO MOIU(DUIIHPOBAHHBIX
peaNbHbIX JAHHBIX BBIOOPOYHOIO IMOMEPEYHOrO HCCIeNOBaHUS B  AJIMATHHCKON
obnactu. [ToMHUMO CHHTaKCHCa MPEACTABICHBI PE3Y/IbTaThl B TOM BHJIC, KAK HX BhIIACT
R, a Taioke ux uHTEpIpeTaIysl.

Knrwuesvie cnosa: R, nopsokosas peepeccusi, CUHMAKCUC, TUCMUHE, MOOCTUPOBAHUE,

sanuoayusl.

BBenenue

B mpenpiaymmx cTaThsx Hamleld CepuM Mbl Hadaid
3HAaKOMHUTh YHTATElIeH C METOAaMH MHOKECTBEHHOTO
PETPECCHOHHOTO aHaIM3a, KOTOPBIM TpeJHa3Ha4deH JuIs
W3YYEHUs CBS3M MEXKAY HE3aBUCHMBIMH IIEPEMEHHBIMHU
(MpenuKTOpaMM) M 3aBUCHMOMN ITEpeMEHHOH (TTepeMEeHHOM
oTknuka). Ecnm 3aBucumasi mepeMeHHast IIpeACTaBieHA
HETIPEPHIBHOM BEITMUUHOM, TO YaIlle BCEr0 MCIOIb3YETCs
METOJI JINHEeHHOH perpeccuu. [Ipu GuHapHON (MMEromIeH
TOJIBKO JIBa 3HAYCHUSI ) TEPEMEHHOHN OTKIIMKA HCTIONB3YeTCs
MeToZ OMHApHOW JIOTHCTHYECKOW pEerpeccud MHpHu
KOJIMYECTBE 3HAYCHUH OOJIBIIIE ABYX — MYIGTHHOMHATIbHAS
JIOTUCTUYECKAs! PErpeccusi; €CIIM 3aBUCUMasi IepeMeHHast

ABJACTCSL  MOPSIIKOBOH, TO  WCIOJB3YETCS  METOJX
MOPSJIKOBOI  perpeccuul  (TMOPSIIKOBOH  JIOTMCTHYECKOM
perpeccun).

Meton HOpSAKOBOM — JIOTUCTUYECKOM — pPErpeccuu

UCTIONB3YETCS B OMHMJAECMHOIOTHM W OOIIECTBEHHOM
3paBOOXPAHEHHUH MIPU OLICHKE BIMSHUA (PaKTOPOB pHCKa
Ha W3y4aeMble 3a0oieBaHUs W coctosHusA [1, 2], mpm
MPOTHO3UPOBAHUN TCUEHUs 3a00JIeBaHUil, B BU3yaIbHOMN
JquarHoctuke [3-6], IS OLEHKH YIOBJIETBOPEHHOCTH
MAnneHToB [7] ¥ B APYTruX 00MaCTSIX 3/[paBOOXPAHEHHUS.

Teopernueckoe o0ocHOBaHME WCTIONIb30BAHMS
TIOPSJIKOBOI JIOTUCTHYECKOM PErpeccHy TpH aHaJIn3e
JTAHHBIX TIPEJICTABICHO B MHOTOYHCIICHHBIX paborax [8-
11], omHaKo 3TOT BU/T aHATIN3a KPAHE PEIIKO NCTIONb3YIOTCS
Ha  TIOCTCOBETCKOM  mpocTpaHcTBe. COBpeMEHHBIE
craructryeckue maketsl (SPSS, SAS, Stata, R u npyrue)
TIO3BOJISIFOT BBIMOJMHATH JIOTHCTHUECKUH PETPECCHOHHBIN
aHamM3 Uil TOPSAKOBBIX TEPEMEHHBIX  OTKIIHMKA.
JocTtonHcTBa makera R mpu 3TOM BHJIe aHanm3a CBSI3aHbI
¢ ee OecCIIaTHOCTHIO, BO3MOXKHOCTSMH B HCTIOJIb30BaHUU
pa3MUUYHBIX MOJENIeH, METOZOB TpaHCchOopManuu u
BU3YaJIM3allMU JTAHHBIX. J[J1s BBIOJIHEHNS TOPSIIKOBOTO
perpeccHoHHOTO aHayim3a B R mcrmonme3yiorces (yHKIMN
pasubix maketoB: MASS, ordinal, rms u gpyrux. [ns
JIETaTbHOTO O3HAKOMJICHHSI C OCHOBHBIMH TPHHIMIIAMHA
BBITIOJTHEHHUS JIOTHCTHYECKOTO PErpeccCHOHHOTO
aHaJM3a ISl TTOPSIIKOBBIX TEPEMEHHBIX OTKIMKA MOXKHO
pexomernnoBary myommkamuu Harrell [12], [HuTtnkoBa
B.K. [13], Christensen [14], Rawat [15] u Sagar [16].

B nannoii pabote 06Cyk1at0TCsl OCHOBBI TIOPSAKOBOTO
PETPEeCCHOHHOTO aHalW3a W HCIOJb30BaHMS R s
MOCTPOCHUST  yIOPsIIOYEHHOM  storuT-monenu. Ilocne
ONMMCAaHUsI W TpeoOpa3oBaHMs HCIIOIB3YEeMOro Habopa
JaHHBIX (MucTUHr 1) Ha mpuMmepe YHOPSIOUYCHHOU
JOTUT-MOZAENN C IBYyMs HE3aBUCHMBIMH IEPEMEHHBIMU
(ucTHHT  2), IEMOHCTPHPYETCS, KakKUM 00pazoM
MONyYeHHBIE TIPU e aHaiau3e KOHCTAHTBI PETPECCHU
(intercepts) u kK03 PUIIUEHTEI MOTYT OBITH HCITOIH30BAHBI
JUISl TIpE/ICKa3aHusl pe3ynbTaTtoB Mozpenu (iuctunr 3). B

JUCTHHTE 3 TakKe IMOKa3aHO HCIOJIb30BaHHE (DYHKIMH
predict, BEIYMCIISIFOLICH 3TH MPEACKa3bIBAEMbIe 3HAYCHHSL.
B nmctunre 4 nokazaHo, Kak HaOOp TAaHHBIX pa3elsieTcs
Ha TPEHUPOBOYHBIM M TECTOBBIM CEThl, CO31AETCA
YIOpsZI0YCHHAsT  JIOTHT-MOJIEIb, HMCIIOJIBb3YIOIasi  Bce
He3aBHCUMBIC TIepeMeHHbIe Habopa naHHbIX. [lomyueHnas
MOJIENIb OLICHWBAETCSl C UCIIOJBb30BaHWEM (DYHKIMH car:
Anova, co3maercsi MOJEIb C MEHBIIMM KOJUYECTBOM
MIPE/IMKTOPOB, MOJICJIN CPaBHUBAIOTCS MEXIYy co0oil. B
JIMCTHHTE 5 MOJIENTb OIIEHMBACTCS TI0 YPOBHIO OMIMOOK M
TOYHOCTH B TPEHUPOBOYHOM M TECTOBOM ceTax. JIncTuHr
6 mMoKa3bIBacT, Kak ¢ MmoMoIeio (yHkui makera effects
MOKHO BHU3YaJIbHO OIICHUTH BIIMSIHHE IPEIMKTOPOB Ha
MEPEMEHHYIO OTKIIHKA.

B paGore ucnone3yrorcst 6azoBble maketel R 3.5.3,
a Taxke nakersl dplyr, broom, MASS, effects. Pabora
BeimoaHeHa B IDE RStudio ver. 1.2.1335. [{ns co3manus
MOZIENIM  TIOPSJKOBOM  JIOTHCTHYECKOW  pErpeccuu
ucronb3oBana GyHknus polr n3 makera MASS.

Ynopsioouennas nocum-mooens

[TopsiIKOBYIO  JIOTHCTHYECKYIO PErpecCHI0  MOXKHO
paccmarpuBaTh Kak paciinpeHue NpOoCTON JIOTHCTHYECKOM
perpeccun  ausi  OWHAPHOW  IEPEMEHHOH  OTKIIMKA.
B mpocroit sormcruueckoi  perpeccuu  Jorapupm
IIAHCOB BO3HUKHOBEHHSI COOBITHS MOJIEIHMPYETCSl Kak
JUHEHasT KOMOWHAIMsS HE3aBUCHMBIX II€PEMEHHBIX.
[Ipn  BBHIMOJHEHMM  TOPSJAKOBOTO  JIOTUCTHYECOTO
perpeccHOHHOTO aHaJin3a Hanbojee YacTo BBITOIHSACTCS
aHanu3 yropsiioueHHoi sorut momenu (ordered logit
model, ordered logistic regression, proportional odds
model). B 5Toif Mozmenu WCIONB3yeTcsl HaKalIMBaHHE
coOBITMH anst  JorapudMa BBIYMCICHHBIX — IIIAHCOB.
I'paduyeckn sTa MOJEIb MpeCTaBIeHa Ha pucC. 1.

Puc.1 Mpadunk ynopasoueHHOW NOrMcTUYEecKoin mogenm

Mozenb NpONOpLUUOHATBHBIX IIAHCOB MPETOJaraer,
910 3(P(PEeKT HE3aBUCHMBIX ICPEMECHHBIX HICHTHUYCH
JUIs. KQKIOTO BhIYHCIsIEMOro jorapupma mraHcoB. [lpu
9TOM 3Ha4Y€HHE KOHCTaHTHI (intercept) MMeeT pa3iuvHbIe
BeJIMYMHBL. MOJIeNTb TPONOPLIUOHAIBHBIX IIAHCOB TAKXKe

MpEeANoIaraeT  OTCYTCTBHE  MYJIBTHKOJUIMHEAPHOCTH
(cunpHOM KOPPEJISLINN) MEXIY HE3aBUCUMBIMU
NEPEMEHHBIMHU.

B nmanHO#l paboTe wuCHONB3yeTcs BbIOOpKA U3

peanbHO CYyMIECTBYIOIIETO IMPOCKTa, PEaTn3yeMoro B
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Anmvarunackor obnmactu Pecnyomuku Kaszaxcran [17]. B
Ka4yeCcTBE IpHMEpPa PAacCMATPHUBACTCS OICHKA BIIUSHHUS
pa3Iu4yHBIX (PAKTOPOB HA CAMOOIICHKY 3J0pOBBS Ha
CIlydaifHONH BBIOOPKE H3 OCHOBHOH 0a3bl JIaHHBIX.
[epemennas SRH (camoorieHKa 310pOBbsI) ITPEACTABISIET
CO0O¥ MOPSKOBYIO MEPEMCHHYIO C TPeMsl TPpaallusMu:
Fair or worse (ymomieTBoputenbHOe Win xyxke), Good
(xoporiee), Very good (o4yeHb xopoiiee). Bo3MOXHBI

CJICAYIOIHNEC BApUAHTDBI J'IOFapI/I(l)Ma IIaHCOB:
P (Fair or worse)

=1
OgP(Good) + P(Very good)

LOgOddsFair or worse

P(Fair or worse) + P(Good)
P(Very good)

LOgOddSFair or worse | Good — lOg

dopmyna MOJETH MPOMOPIUOHATIBHBIX IAHCOB IO
Rawat (2018):

logit[P(Y < )] = o; — Zﬂi Xiy

rme Y - mopskoBas 3aBHCHMasi MepeMeHHas; J -
YUCJIO KaTeropuil MOpsiAKOBOM 3aBHUCUMON NEpPEeMEHHOMN
munyc 1; % —intercept, Ai koddUIEEHTHI HE3aBHCHMBIX
HepeMEHHbIX i

Hcnoan3yemblii Ha0Op TaHHBIX

Hauano pa60T])I C JaHHBIMU NPEATIOJIaracT 3HaKOMCTBO
C UX CTPYKTYpOH, BBIABICHHE IPOIYUIEHHBbIX 3HAYECHU,
aHaJM3 MEPEeMEHHBIX. B ncrnonp3yeMoM Habope JaHHBIX
BCe IIepeMeHHble KareropuasbHble. [locie 3HakoMcTBa
C JAaHHBIMU BBIIIOJIHEHA HUX MO)II/I(bI/IKa]_II/IH: OIPCACIICHBI
pedepeHTHBIC 3HAYCHUST M HMEIOIIMECS KaTeropuw,
YTOUHEH MOPAIOK JUIS 3aBUCUMON MTEPEMEHHOH (JIUCTUHT
1).

Jluctunr 1
# umnopm oanHwvix
df <- foreign::read.spss(«../data/ordinal_regression.sav»,
to.data.frame = TRUE)
# cmpykmypa OaHHbIX
glimpse(df)
Observations: 1,000
Variables: 7
$ Gender <fct> Male, Male, Male, Male, Male, Female,

$ Ethnicity <fct> Kazakh, Kazakh, Kazakh, Kazakh,
Kazakh...
$ SRH <fct> Fair or worse, Fair or worse, Fair or ...
$ MS <fct> Other, Married, Married, Married, Sing...
$ Education <fct> Higher, Vocational, Vocational,
Vocati...
$ Occupation <fct> “Part time employed”, “Part time
emplo...
$ Smoking <fct> Occasional smoker, Non-smoker, Daily
S...

# onpezeneHre NPOITyIEHHBIX 3HAYCHUI

df %>%

inspectdf::inspect_na() %>%

knitr::kable(caption =  «Tab6.1  JlanHble O
MIPOMYIICHHBIX 3HAYEHUSIX) )

Ta6.1 JaHHble O MPONYLLEHHbIX 3HAYEHUAX

col_name cnt

pent

Gender

Ethnicity

SRH

MS

Education

Occupation

o|o|lo|lo|o |o©

o|lo|lo|o|o|o |o

Smoking

0

# XapaKTECpUCTHUKA ITIEPEMECHHBIX, BBIBOAUTCA CaMast

qacTas Kareropus
df %>%
inspectdf::inspect_imb() %>%

knitr::kable(caption = «Ta0.2 Yactsle kareropun

MEPEMEHHBIX»)

Ta6.2 YacTble KaTeropum nepemeHHbIx

col_name value pcnt cnt
Ethnicity Kazakh 80.6 806
Smoking Non-smoker 73.9 739
MS Married 68.5 685
Occupation Full time employed 54.5 545
Gender Female 51.9 519
SRH Good 43.5 435
Education Higher 37.7 377

# OyHKUMS UL IPENCTaBIICHUSI
MepEeMEHHOI
tab_apply <- function(variable) {
janitor::tabyl(variable) %>%
janitor::adorn_totals(“row”) %>%
janitor::adorn_pct_formatting()}

BCEX KaTeropui

# BBIBOJ JAHHBIX O KaTCTOPUAX 11O BCEM IIEPEMECHHBIM

apply(df, 2, tab_apply)
$Gender

variable n percent

Female 519 51.9%

Male 481 48.1%

Total 1000 100.0%

$Ethnicity

variable n percent
Kazakh 806 80.6%
Other 77 7.7%
Russian 117 11.7%
Total 1000 100.0%

$SRH

variable n percent

Fair or worse 348 34.8%
Good 435 43.5%

Very good 217 21.7%
Total 1000 100.0%

$MS
variable n percent

61 (3) 2019 West Kazakhstan Medical Journal
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Married 685 68.5%
Other 100 10.0%
Single 215 21.5%
Total 1000 100.0%

$Education

variable n percent
Basic 59 5.9%
Higher 377 37.7%
Secondary 282 28.2%
Vocational 282 28.2%
Total 1000 100.0%

$Occupation

variable n percent

Full time employed 545 54.5%

Out of work (students, other) 89 8.9%
Part time employed 145 14.5%
Pensioner 75 7.5%

Self-emploed 146 14.6%

Total 1000 100.0%

$Smoking

variable n percent

Daily smoker 145 14.5%
Non-smoker 739 73.9%
Occasional smoker 116 11.6%
Total 1000 100.0%

# Moan¢ukanus Habopa JaHHBIX
df <- df %>%
mutate(

SRH = factor(SRH, levels = ¢(“Fair or worse”, “Good”,
“Very good”), ordered = TRUE),

Ethnicity = relevel(Ethnicity, ref = “Kazakh”),

MS = relevel(MS, ref = “Married”),

Education = factor(Education, levels = ¢(“Higher”,
“Basic”, “Secondary”, “Vocational”)),

Occupation = relevel(Occupation, ref = “Full time
employed”),

Smoking = factor(Smoking, levels = ¢(“Non-smoker”,
“Daily smoker”, “Occasional smoker”))

)

Wcnonp3yemblid  Habop naHHBIX —coxepxur 1000
3anuceid B 7 mepeMeHHbIX. [IpomyleHHbIe 3HAYCHHS
OTCYTCTBYIOT.

HNHuTepnperanus
JIOTUT-MO/IeJIH

Jnst  moJydeHWsl  YIOPSITOYCHHOH — JIOTHT-MOJCITH
ucrionb3oBana QyHknust polr (polr - abOpeBuarypa ot
proportional odds logistic regression) makera MASS.
B kadecTBe HE3aBHCHMBIX TEPEMEHHBIX HCIONB3YeM
NepeMeHHble ceMeiiHoro craryca u KypeHus. Llems
WCMONB30BAHUST MOJIETM - TMPEACKa3aTh BEPOSTHHIC

pe3yJIbTaTOB  yNOPSIA0YeHHOIl

3HaYeHHs]  3aBUCHUMOM  mepemeHHOW.  [Ipemckaxkem
3HadeHue nepemeHHoit SRH s meproii 3amucu Habopa
JIAHHBIX

Jucmune 2

# co3gaHue MOJIEITH

model <- polr(SRH ~ MS + Smoking, df, Hess = TRUE)

# BBIBOJI TAaHHBIX O MOJICITH
summary (model)
Call:
polr(formula = SRH ~ MS + Smoking, data = df, Hess =
TRUE)

Coefficients:

Value Std. Error t value

MSSingle 0.70481 0.1471 4.7923

MSOther -0.37191 0.2076 -1.7910

SmokingDaily smoker -0.41768 0.1734 -2.4091
SmokingOccasional smoker -0.09109 0.1893 -0.4811

Intercepts:

Value Std. Error t value

Fair or worse|Good -0.6023 0.0843 -7.1434
Good|Very good 1.3657 0.0946 14.4335

Residual Deviance: 2085.503
AIC: 2097.503
# MaHHBIC O HE3aBUCHMBIX MEPEMEHHBIX MOJICTU B
MIepBOH 3aIuCcK HabOpa TaHHBIX
dff1, c(«MS», «Smoking»)]

MS Smoking
1 Other Occasional smoker

[onyuennas MOJIEIIb OLICHUBAETCS
1o [OKAa3arelisam KOHCTAHTBI (Intercept),
ko3 durmeHTam u HEKOTOPBIM JIPYTHM.

KoncranTa mpezacraBisier co0OH 3HaYeHHE H3ydaeMon
GYHKIMM TpU HYIEBBIX 3HAYCHUSIX X, MpU pabore ¢
KaTeropHaJbHBIMA HE3aBUCHMBIMU TEPEMCHHBIMH  —
npu  MX peepeHTHBIX 3HavYeHHsX. KoadduimeHnTst
MOKAa3bIBAIOT ~ BEMMYHMHY  BIUSHHS  HE3aBHCHMBIX
MepEeMEHHBIX Ha 3aBUCUMYIO ITEPEMEHHYIO.

B nameit monenu

3HA4YCHHS intercepts paBHbI

Fair or worse|Good -0.6023

Good|Very good 1.3657

3HaueHUs KOI(PPHUINCHTOB PABHBI

MSSingle 0.70481

MSOther -0.37191

SmokingDaily smoker -0.41768

SmokingOccasional smoker -0.09109

Intercept Fair or worse|Good -0.6023 cooTBeTCTBYET
logit(P(Y = Fair or worse))

Intercept Good|Very good 1.3657 cooTBeTCTBYET
logit(P(Y = Fair or worse | Y = Good))

Cymma npoussesieHuii k09)GUIMEHTOB HA 3HAYECHHE

HE3aBHCUMBIX MTEPEMEHHBIX Z Bx; JUISL TAaHHOM Mojenn
paBHa '
0.70481 - MSSingle + (—0.37191) - MSOther + (—0.41768)
- SmokingDaily smoker + (—0.09109)
- SmokingOccasional smoker
OOpamaem  Bame  BHMUMaHWe, 4YTO  YYacTHHUK
UCCIICIOBAaHUSL U3 IE€pPBOM 3aMUCH MMEET 3HAYCHUs
nepemeHHbIX MS - Other, Smoking - Occasional smoker.
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[Toatomy B hopmyrie [yis pacyeTa CyMMBI TIPOM3BEICHHIA
k03 (HUIIMCHTOB Ha 3HAYCHUC HE3aBUCHMBIX ITEPEMCHHBIX
3HadeHus X s ko3 durmenta MSSingle = 0, MSOther
= 1, SmokingDaily smoker = 0, SmokingOccasional
smoker = 1.

BepositHocTh coObiTust SRH = Fair or worse moxer
1

OBITH PaCCUMTaHA KAK P(Fair or worse) = SR

L THC ay
- intercept Fair or worse|Good -0.6023

BepostHocTs cobpiTist SRH = Fair or worse | Good
MOXET OBITh paccunTaHa Kak

P (Fair or worse | Good) = e a, - intercept

Good|Very good 1.3657

BepositHocTh COOBITHS SRH =
Good MOXET OBITH paccunTaHa KaK
P(Good) = P(Fair or worse | Good) — P(Fair or worse)

BepostHOCTE coOBITHSE SRH = Very good MoxeT OBITh
paccuyuTaHa KaK p(very good) = 1 — P(Fair or worse | Good)

Oynukmus predict ¢ apryMeHTOM type = «proby»
TI03BOJISIET M30€TaTh OI0OHBIX PacyETOB.

Juctunr 3

# cymMMa TIPOM3BEACHUH KO3 PHUIIEHTOB
Ha 3HA4YCHUs X TIEpBOH 3amucH Habopa JaHHBIX
(yl <- 0.70481 * 0 + (-0.37191) * 1 + (-0.41768) * 0 +
(-0.09109) * 1)

[1]-0.463

# BepostHOCTh coObITHsE SRH = Fair or worse
(pl <- 1/(1 + exp(-(-0.6023 - y1))))

[1]0.4652312

# BepositHOCTE coObITHs SRH = Fair or worse | Good
(plor2 <- 1/(1 + exp(-(1.3657 - y1))))

[1]0.8616068

[170.3963756

# BepostHOocTh coObiTust SRH = Very good
(p3 <-1-plor2)

[170.1383932

# cpaBHUTE

round(c(pl, p2, p3),3)

[170.4650.396 0.138

predict(model, df[1,], type = “prob”) %>% round(3)

Fair or worse Good Very good
0.465 0.396 0.138

CpaBHeHHE Pe3yNbTaToB pacuéra ¢ MCIOJIb30BAaHHEM
KOHCT@HT perpeccun W Kod(QQUIMEHTOB MO C
pe3yabTaramMH BeITIOTHEHHs GyHKIMU predict moka3biBaeT,
YTO TPU HCIOJIb30BAaHUM 3TOH (DYHKIMHM OTCYTCTBYET
HEOOXOIMMOCTb BBINOJHEHHS PAacu€ToB JUIsl TOJyYSHUS
MPOTHOCTHYECKUX 3HAYCHUH MOJIEIH.

YrnopsiioueHHas JIOTHT-MO/1eJIb, BKJIIOYAIOMIAs BCe
nepeMeHHbIe

VropsiioueHHast JIOTHT-MOJIENb, BKJIIOYAIOIIash BCE
nepeMeHHbIe, Oy/IeT MCIOIb30BaHa I KilaccH(uKanuu
pE3yabTaToB. Hast OLICHKH MPOTHOCTHYECKUX
BO3MOXXHOCTEHl MOJIETIM MCXOJIHBI HAOOp JaHHBIX
OyZeT pa3[elicH Ha TPEHUPOBOYHBIH W TCCTOBBIH CETHI.
Mopnens Oyner co3naHa Ha OCHOBE TPEHHPOBOYHOTO
HaOopa JaHHBIX. /JlaHHBIE OIEHKH MoOJAEIH OyayT
BBIBE/ICHBI C HCIIOJNBb30BaHUEM (YHKIME makera broom.
B tabnmue 3 OynyT BbIBEICHBI CTATHCTHYECKH 3HAYMMBbIC
K03 PUIIEeHTHI (HEe CoepKalie HOMTb B IOBEPUTEIEHOM
uHTEpBase); B Tabmune 4 - OSKCIOHEHIMPOBaHHBIC
3HAUEHHUS] CTATUCTUYECKU 3HAYNMBIX K0d((uineHTos (He
coziepKallie eMHMIYY B JIOBEPUTEIHHOM HHTEpBaNE); B
Tabnuue 5 - SKCIOHEHIMPOBaHHBIC 3HAUCHHUs intercept.
OneHka MOJENM  BBINOJHEHA C  HCIOJIB30BAaHHEM

#  BepostHOCTE  coObiTmsi  SRH =  Good ¢yskuuu Anova makera car. B n3MeHeHHOM Mopenu He
(p2 <-plor2 - pl) ucrnonb3oBaHa nepeMmeHHass Gender. Ilpu cpaBHeHHM
Ta6.3 KoaddumumeHTbl mogenm
term estimate std.error statistic conf.low conf.high coefficient_type
EducationBasic 0.826 0.350 2.363 0.141 1.516 coefficient
EducationSecondary -0.176 0.186 -0.945 -0.542 0.189 coefficient
EducationVocational 0.070 0.180 0.392 -0.282 0.423 coefficient
EthnicityOther 0.086 0.267 0.324 -0.439 0.608 coefficient
EthnicityRussian 0.789 0.236 3.343 0.328 1.255 coefficient
Fair or worse|Good -1.068 0.174 -6.152 NA NA zeta
GenderFemale -0.233 0.154 -1.508 -0.536 0.069 coefficient
Good|Very good 1.076 0.175 6.163 NA NA zeta
MSOther -0.444 0.259 -1.715 -0.957 0.060 coefficient
MSSingle 0.671 0.181 3.709 0.317 1.027 coefficient
OccupationOut of work (students, other) -0.575 0.258 -2.232 -1.083 -0.071 coefficient
OccupationPart time employed -0.392 0.225 -1.744 -0.835 0.048 coefficient
OccupationPensioner -1.769 0.334 -5.288 -2.452 -1.133 coefficient
OccupationSelf-emploed -0.507 0.226 -2.240 -0.952 -0.065 coefficient
SmokingDaily smoker -0.715 0.233 -3.067 -1.176 -0.261 coefficient
SmokingOccasional smoker -0.331 0.234 -1.414 -0.791 0.127 coefficient
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Mojeneil (yHKIMeH anova He BBIABICHO 3HAYHUMBIX
Pa3THIA MEXTy MOICIISIMH.
Jucmune 4
# BBIIETICHNE TPEHHPOBOYHOTO M TECTOBOTO CETOB
set.seed(123) # ns1 Bocipon3BeICHUS
# ompenereHNe HOMEPOB 3aNCeH, BXOAAIINX B
TPEHUPOBOYHBIN CET
index <- sample(seq_len(nrow(df)), size =.7 *
nrow(df))
# co3maHue TPEHUPOBOYHOTO CeTa
df train <- dffindex, ]
# co3maHue TECTOBOTO CeTa
df test <- df-index, ]
# co3maHue MOIEH
model <- polr(SRH ~ ., data = df train, Hess = TRUE)
# mapaMeTpbl MOJIeNN
glance(model) %>% knitr::kable(digits = 3)
edf logLik AIC BIC

deviance df.residual

16 -697.912 1427.825 1500.642
# ko3 urueHTH MOICTH
tidy(model, conf.int = TRUE) %>% knitr::kable(digits =
3, caption = “Ta6.3 KoaddunuenTsr monenn”)

# 3HaueHNs1 KOI(PPUIUEHTOB MOJIEITN
tidy(model, conf.int = TRUE) %>%
mutate(ci_estimation = ifelse(conf.low < 0 & conf.high
>0, FALSE, TRUE)) %>%
filter(ci_estimation == TRUE) %>%

1395.825 684

Tab6.3 CTaTUCTUYECKM 3HAUUMBble KOIbPULIMEHTbI

dplyr::select(-coefficient_type, -ci_estimation) %>%
knitr::kable(digits = 3, caption = “Ta6.3 Crarucruuecku
3HaUYMMBbIe Kod(UIeHTH”)

# SKCIIOHCHIIMPOBAHHBIC 3HAYCHUS KOAPPHUIIUCHTOB
tidy(model, conf.int = TRUE, exponentiate = TRUE)
%>%

mutate(ci_estimation = ifelse(conf.low < 1 & conf.high
> 1, FALSE, TRUE)) %>%

filter(ci_estimation == TRUE) %>%
dplyr::select(-coefficient _type, -ci_estimation) %>%
knitr::kable(digits = 3, caption = “Ta6.4 Crarucriuuecku
3HaUYMMBbIe K0od(UIreHTs”)

# JKCIIOHEHIIMPOBAHHBIE 3HAYEHUS intercept
tidy(model, conf.int = TRUE, exponentiate = TRUE)
%>%

filter(coefficient_type == “zeta”) %>%
dplyr::select(-coefficient type) %>%
knitr::kable(digits = 3, caption = “Ta6.5
DKCIIOHCHIMPOBAaHHbBIC 3HAYCHUS intercept’)

# OIleHKa MOJIeTTN
car::Anova(model)

Analysis of Deviance Table (Type Il tests)

Response: SRH

LR Chisq Df Pr(>Chisq)
Gender 2.278 1 0.131242
Ethnicity 11.282 2 0.003549 **

term estimate std.error statistic conf.low conf.high
EducationBasic 0.826 0.350 2.363 0.141 1.516
EthnicityRussian 0.789 0.236 3.343 0.328 1.255
MSSingle 0.671 0.181 3.709 0.317 1.027
OccupationOut of work (students, other) -0.575 0.258 -2.232 -1.083 -0.071
OccupationPensioner -1.769 0.334 -5.288 -2.452 -1.133
OccupationSelf-emploed -0.507 0.226 -2.240 -0.952 -0.065
SmokingDaily smoker -0.715 0.233 -3.067 -1.176 -0.261
Tab6.4 CTaTUCTUYECKM 3HAUMMble KOIPPULMEHTDI
term estimate std.error statistic conf.low conf.high
EducationBasic 2.285 0.350 2.363 1.151 4.556
EthnicityRussian 2.202 0.236 3.343 1.389 3.508
MSSingle 1.956 0.181 3.709 1.374 2.792
OccupationOut of work (students, other) 0.563 0.258 -2.232 0.339 0.931
OccupationPensioner 0.171 0.334 -5.288 0.086 0.322
OccupationSelf-emploed 0.602 0.226 -2.240 0.386 0.938
SmokingDaily smoker 0.489 0.233 -3.067 0.308 0.770
Tab.5 DKCNOHEeHUMPOBaHHbIe 3HA4YeHUs intercept

term estimate std.error statistic conf.low conf.high

Fair or worse|Good 0.344 0.174 -6.152 NA NA

Good|Very good 2.933 0.175 6.163 NA NA
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MS 19.836 2 4.927e-05 ***
Education 8.035 3 0.045288 *
Occupation 36.013 4 2.876e-07 ***
Smoking 10.276 2 0.005870 **
Signif. codes:
0 “*** 0.001 ** 0.01 ¥ 0.0570.1°“1
# MOJIeJIb C UCTIONIb30BAaHUEM BCEX MPEIUKTOPOB
kpome Gender
modell <- polr(SRH ~ . - Gender, data = df train, Hess
=TRUE)
glance(modell)
# Atibble: 1x6
edf logLik AIC BIC deviance df.residual
<int> <dbl> <dbl> <dbl> <dbl> <dbl>
115-699. 1428. 1496. 1398. 685
# cpaBHEHHE MoJeNei
anova(model, modell)
Likelihood ratio tests of ordinal regression models

Response: SRH
Model
1 (Gender + Ethnicity + MS + Education + Occupation +
Smoking) - Gender
2 Gender + Ethnicity + MS + Education + Occupation +
Smoking
Resid. df Resid. Dev Test Df LR stat. Pr(Chi)
1685 1398.102
2 684 1395.825 1vs 212.277757 0.1312416

O1eHKa NPOrHOCTHYECKUX BO3MOKHOCTEH Moen

UToOBI OILEHUTH TPOTHOCTHYECKHE BO3MOKHOCTH
Momenu, OymeT co3maHa MarpHuia HECOOTBETCTBHH
(confusion matrix) © ompeaeneHa 0N OMIMOOK.
Ilo puaroHasy NOMY4YEHHOHM MATpHULbI [PUBOIUTCS
KOJMYECTBO  CIy4ae  COBHAACHHUS  PEaJbHBIX W
MpeJCKa3aHHbIX  3HaueHWd. Mcmomb3ys — QyHKIHIO
confusionMatrix makera caret MOXHO OIIEHUTh TOYHOCTh
MOJIEJIH.

Jucmunz 5

# mpencKa3zaHHbBIC 3HAYCHUS TSI TPEHUPOBOYHOTO
cera
pred <- predict(model, df_train, type = «class»)

# cpaBHEHHE peabHBIX U MPEACKa3aHHBIX 3HAYCHUH
(mepBBIe 6 O3UIINIA)
df train %>% dplyr::select(SRH) %>% cbind(pred)
%>% head()
SRH pred
288 Fair or worse Fair or worse
788 Fair or worse Good
409 Fair or worse Good
881 Good Good
937 Fair or worse Good
46 Good Good
# MaTpHUIIa HECOOTBETCTBUI I TPEHUPOBOYHOTO
cera
(tab <- table(pred, df train§SRH))

pred Fair or worse Good Very good
Fair or worse 80 39 17
Good 153 265 118
Very good 3 8 17
# ompeneneHne T0IU OMUOOK I TPEHHPOBOYHOTO
ceTa
(ml <- round(1 - sum(diag(tab)) / sum(tab), 3))
[1] 0.483
# OIleHKa TOYHOCTH
(accurl <- caret::confusionMatrix(tab)$overall[c(1, 3,
4)] %>% round(3))
Accuracy AccuracyLower AccuracyUpper
0.517 0.479 0.555
# mpencKa3aHHBIC 3HAYCHUS I TECTOBOTO CETa
pred <- predict(model, df test, type = “class”)

# Marpuila HECOOTBETCTBHUIA ISt TECTOBOIO CETa
(tab <- table(pred, df test$SRH))

pred Fair or worse Good Very good
Fair or worse 42 21 8
Good 69 101 54
Very good 113

# ompezeneHre 10U OMNOOK JJISt TECTOBOTO CeTa
(m2 <- round(1 - sum(diag(tab)) / sum(tab), 3))

[1]0.513

# OIleHKa TOYHOCTH
(accur2 <- caret::confusionMatrix(tab)$overall[c(1, 3,
4)] %>% round(3))

Accuracy AccuracyLower AccuracyUpper
0.487 0.429 0.545

YpoBeHb OmMOOK MPH OIIEHKE TPEHHPOBOYHOTO CETa
cocraBun 48.3%, mpu oreHke TectoBoro cera - 51.3%.
To4HOCTH MOIENM TpPU OIEHKE TPECHHPOBOYHOTO CETa:
0.517, nmomeputensublii mHTepBan 0.479-0.555; mpwm
oreHke TectoBoro cera 0.487, mOBepUTENBHBIA HHTEPBA
0.429-0.545.

I'padpuueckoe nmpeacrapieHue pe3yabTaToOB

Wurepnperanus [OPSAIKOBOM JIOTUCTUYECKON
perpeccun B TEPMHHAX JOTaprQMa MIaHCOB TOCTaTOYHO
cnokHa. Busyannsanus ¢ ncronp3oBaHueM rnaketa effects
yropomraer 3Ty 3aaady. [lokazaTenn Ha MIKajaxX BEIBOISATCS
B 3HaUCHHSX BeposTHocTH (muctuHr 6). Hampumep, nHa
pHCYHKe 2, orleHnBatoneM > QexT pakropa odpazoBaHus,
MOXXHO YBHJETh, YTO B Ciy4ae 0a30BOro 0Opa3oBaHHA
BEPOSITHOCTH OIICHKH COOCTBEHHOTO 3M0POBBS Kak Fair or
worse OyZeT JOCTOBEPHO HIKE, YeM BEPOATHOCTH OIICHKH
Good; B ciydae BBICIIETO OOpa3OBaHUS BEPOSITHOCTH
orenku Fair or worse BBIIIE BEPOSTHOCTH OIEHKH Very
good. dynknnu nakera effects mo3BoIAIOT TaKKE OLIEHUTH
BIMSHUE IBYX (PaKTOPOB (PUCYHOK 7).

Jucmune 6

plot(Effect(focal.predictors = “Education”, model))
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Education effect plot
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plot(Effect(focal.predictors = “MS”, model))

MS effect plot
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Ethnicity effect plot
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Puc.4 Mpadmueckan oueHKa addeKTa sTHUYecKoro dpaktopa
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Puc.5 Mpadurueckan oueHKa apdeKkTa dakTopa KypeHus

plot(Effect(focal.predictors = “Occupation”, model))
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Pabora c R

[Iporpammuas cpena R siBnsiercsi cBoOOIHO pacmpo-
CTpaHSIeMbIM ~ KPOCC-TUIaT(OPMEHHBIM  [TPOrPAMMHBIM
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YHCIICHUH U BU3yaTH3alliy JaHHBIX. JJucTpuOyTiBbI R 10-
crynusl Ha caiitax The Comprehensive R Archive Network,
https://cran.r-project.org, Microsoft R  Application
Network, https://mran.microsoft.com/download. VYmno6-
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(aiin ¢ HabOPOM JTAHHBIX M CKPHIIT C KOJIOM JIOCTYITHBI Ha
caiire https://github.com/valegoshin/Paper_Scripts.
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