2022-2

Symposium i
SEGES Innovation Anvendt Statistik













Indholdsfortegnelse

Okonomi, praeferencer og adfzerd

The New Statutory Audit Framework in Europe: Consistency of Implementation
Rationale and Au-dit Fee Dependence in Denmark

Claus Holm, Department of Economics and Business Economics, Aarhus University....... 1
Cruising for parking in Copenhagen

Ismir Mulatic, CBS, and Jos van Ommeren, Department of Spatial Economics, VU

AMSTEITAM. ...ttt es 11
Who is the Favorite Child? A Preliminary Descriptive Analysis Communicating Science
Sara Armandi, SAS INSTIIULE.............coiiiiiicccccc s 19
Haj begavelse i et skonomisk perspektiv

Freja Falk, Institut for gkonomi, Kgbenhavns Universitet.............ccccooveveiieieiiicienenen. 35
Statistisk metode

Classification using binary and continuous variables

Guillermina Eslava and Gonzalo Pérez, Faculty of Sciences, National Autonomous
University of Mexico UNIVEISITEL .........cooieiiiieiieiecceeeeeeee et 45
Inferens for den relative risiko, nar estimatet er 0

Soren Méller, SDU og Odense Universitetshospital, og Linda Juel Ahrenfeldt, SDU....... 54
Studying Preference of Pork Hedonic or Paired comparisons

Gorm Gabrielsen, CBS, in cooperation with M. D. Aaslyng, S. Stgjer, E. V. Olsen, D. V.
Byrne, and W. L. P.Bredi€...........cooviiiuiieiiiiiicecieeeeeeeee ettt as 57

Data, estimation og Survey

National Overvédgning af Arbejdsmiljeet blandt Lenmodtagere (NOA-L)

Hans Bay, ArbejaStISYNEL ..........c.oioviieiiieicieeeee ettt 58
Risikovillighed - En analyse af faktorer, der pavirker unges villighed til at patage sig
risiko

Mogens Dilling-Hansen, Department of Economics and Business Economics ................ 69
Imputering af gennemsnit med regressionsmodeller. Et mal for kvaliteten af
imputeringsmaticer fra et dataset til et andet.

Peter Linde, StatiStisSKk KONSUIBNL..........ccveeieee et e e 80

Statistiske analyser
Google searches linked to Apple stock volatility

Niels Buus Lassen, Centre for Business Data Analytics, CBS..........ccoceveiieienecieeniennen 86
Vil Polen opleve et Exit (Polexit)?
Agnieszka Szmydynska, @konomisk Institut, Kabenhavns Universitet ...............ccccec...... 109

En statistisk tilgang til SpritbAdene mellem Danmark og Tyskland i et historisk perspektiv
Lars Holmgaard Bak, Rigsarkivet, Aabenraa, og Nils Karl Sgrensen @konomisk Institut,
Syddansk UNIVEISITEL . .........c.ooiiiiiieieiicietcte ettt enas 125



Landbrug og analyse

Modeller for social genetiske effekter hos grise og betydningen for dyrevelfaerd

Bjarne Nielsen, QGG, Aarhus University, Lizette V. Horndrup, Danish Agriculture

& Food Council, and Birgitte Ask, SEGES Innovation, Breeding and Genetics............. 125
Deck height during transport of weaners — piglet height and microclimatic

conditions inside the vehicle

Leslie Foldager, Marianne Kaiser, Guoxing Chen, Line D. Jensen, Jens Kr. Kristensen,
Cecilie Kobek-Kjeldager, Karen Thodberg, Li Rong and Mette S. Herskin, Aarhus

UNIVETSITY oottt ettt sttt ettt se b e st et e e s e st ese e e st esesseseeseseesesseneesens 129
Er det ok at stoppe et forseg for tid?
Helle Mglgaard Sommer, SEGES INNOVAtioN............cccocviiiieiiiiieeieceeeeeeeeieine 143

Undervisning, metode og SAS

En statistisk sammenligning af danske skoleelevers lesefaerdigheder for og efter
Folkeskolereformen 2014

Josefine Palmg og Sophie A. Steiness, @konomisk Institut, Kebenhavns Universitet..... 149
The Eigenvector-Eigenvalue Identity Applied to Fast Calculation of polSAR

Scattering Characteriza

Allan Aasbjerg Nielsen, Compute, Department of Applied Mathematics and

Computer SCIENCE, DTU ..ottt eaas 161
Nyheder i SAS
Anders Milhgj, Kgbenhavns UNIVErSItet ...........cooeieirieineeeeeeeseee e 166

Okonomi og samfund

Danske okonometriske makromodeller — i medgang og modgang

Jesper Jespersen, Roskilde UnIVErSItet............coovoieviiiieiiicieiceeeeeee e 174
MAKRO-modellen

Peter Stephensen, Martin Bonde, Joao Ejarque, Grane Hgegh og Anders Kronborg,
DREAM ..ottt 182
Data og statistisk metode ved gkonomisk modelbygning: Udviklingen fra 1970'erne

til i dag

Niels Kergaard, Fadevare- og Ressourcegkonomi, Kabenhavns Universitett ............... 196
Estimering af input-output koefficienter fra aggregeret data pa virksomhedsniveau
Rasmus Seneberg Zitthen, Arne Henningsen, Simon Alexander Andreasen,

Mads Frandsen og Mathias Struck Jirgensen, Institut for Fedevare- og
Ressourcegkonomi, Kgbenhavns UNIVEISITEL..........ccovviiiiiiiiiicieceeceeeeeeeeeee e 204

Sundhed

Is stress regionally persistent?

Jgrgen T. Lauridsen, Department of Economics, University of Southern Denmark ....... 218
Blev vi danskere mere eller mindre syndige under coronaen

Anders Milhgj, Kgbenhavns UnIVErSItet .............cooveieiiierieieieiieceeieeeee e 226
PTSD in school-age children: A nationwide prospective birth cohort study

Mogens Nygaard Christoffersen, VIVE, and Anne Amalie Elgaard Thorup, Region
HOVEASTARN ...ttt 238
Extreme group analysis of patient cost of antibiotic prescribing among general
practitioners

Troels Kristensen, Danish Centre for Health Economics (DaCHE), SDU,

Charlotte Ejersted, Department of Endocrinology, Odense Universitets Hospital,

and Jens Sgnder-gaard, Research Unit of General Practice, SDU...........c.cccccevevinneann. 248







































































































































































































































































































































































































































































































































































































































Estimering af input-output koefficienter fra

aggregeret data pa virksomhedsniveau®

Rasmus Seneberg Zitthen, Arne Henningsen,
Simon Alexander Andreasen, Mads Frandsen

og Mathias Struck Jiirgensen

Institut for Fgdevare- og Ressourcegkonomi, Kgbenhavns Universitet

Januar 2022

Abstrakt: Virksomheder producerer ofte multiple output, mens inputmengder i regn-
skabsdata ofte er aggregeret til virksomhedsniveau og andellen af hvert inputmeengde
som er anvendt i produktionen af hvert output er derfor ukendt. Eftersom mange analyser
kreever data pa inputmeengderne for hvert af de producerede output, i serdeleshed ana-
lyser som er anvendt i bade driftpkonomisk og politisk beslutningstagen. Dette kapitel
opsummerer de veesentlige resultater i Zitthen et al. (2021), som vurderer og sammenlig-
ner forskellige metoder til estimering af input-output koefficienter for virksomheder som
producerer multiple output, hvilket kan benyttes til at opnd output-specifikke inputmeng-
der. Vi skelner mellem fire pkonometriske metoder: (1) klassisk gkonometriske metoder,
(2) Random Coefficient Regression, (3) Entropy-baseret metoder og (4) Bayesiansk gko-
nometri. Klassisk gkonometrisk metode er ofte mangelfuld og fordrsager urealistiske og
upalidelige estimater. Random Coefficient Regression tager hgjde for at virksomheder i
realiteten ikke har de samme input-output koefficienter. Entropy-baseret metoder og Bay-
esiansk pkonometri kan levere mere pdlidelige estimater, eftersom disse metoder tillader
mere fleksible modelspecifikationer og kan inkorporere prior viden. Sammenlignet med
Entropy-baseret metoder, har Bayesiansk gkonometri den fordel, at kunne inkorporere
prior viden pd en mere transparent mdde. Vi konkluderer at en kombination af Random
Coefficient Regression og Bayesiansk gkonometri ser ud som den mest egnede metode til

at estimere input-output koefficienter og output-specifikke inputmeengder.

*Nerverende kapitel er et uddrag af Zitthen et al. (2021), hvori vi presenterer den grundleggende
gkonomiske teori bag estimering af output-specifikke inputallokeringer for landbrugsbedrifter. Herud-
over prasenterer Zitthen et al. (2021) den eksisterende litteratur pa omradet og diskuterer styrkerne og
svaghederne ved de mest brugte estimeringsmetoder.
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1 Introduktion

Virksomheder i mange sektorer, herunder landbrugsbedrifter, bruger ofte multiple input
til at producere multiple output. Ydermere gar samme input ofte igen i produktionen af
flere forskellige output. Dette ses f.eks. med et input som g@dning, der bade bruges i
produktionen af byg, hvede, havre m.fl. De aggregerede inputmangder samt outputmang-
der opggres i regnsskabsdata, mens de outputspecifikke inputallokeringer ofte udelades
(Just et al., 1983). Viden om, hvor meget af et givet input kreves til produktion af et
specifik output, er imidlertid essentiel for bade udarbejdelsen af troverdige budgetkalky-
ler til driftekonomiske beslutningstagen, men ogsa ift. hvordan @ndringer i de politiske
rammevilkar pavirker erhvervet (Just et al., 1990; Louhichi et al., 2012). Sidstnavnte er
is@r relevant i landbrugssektoren, da denne sektor ofte er yderst reguleret. Den forngdne
indsigt kunne givetvis opnds gennem spgrgeskemaer, i hvilke man spgrger den enkelte
landmand, hvilke og hvor store ma@ngder af input, der er brugt til et givet output. Denne
metode er dog bade dyr og yderst tidskrevende. Herudover er det ej heller sikkert, at
det enkelte landbrug har preecise informationer om inputallokeringen (Just et al., 1990).
Gennem tiden, er der derfor blevet forslaet en reekke simplere og mere hensigtsmessige
metoder til at finde de outputspecifikke inputallokeringer, hvoraf mange tager deres
udgangspunkt i gkonometriske estimeringer (f.eks. Errington, 1989; Heckelei et al., 2008;
Just et al., 1983; Léon et al., 1999; Louhichi et al., 2012). Ofte benavnes information
om input mangder, der bruges i produktionen af en enhed output eller en enheds produk-
tionsaktivitet som henholdsvis input-output koefficienter, inputallokeringskoefficienter
eller inputaktivitetskoefficienter (f.eks. Errington, 1989; Gocht, 2008).

2  @konometriske metoder

Dette afsnit gennemgar gkonometriske metoder, der er blevet brugt til at estimere input-
output koefficienter og/eller outputspecifikke inputmangder. Vi udelader detaljerede
udledninger og beskrivelser af de gennemgéende estimeringsmetoder, men prasenterer
de generelle ideer om disse metoder og vurderer og diskuterer deres styrker og svagheder.

I de sidste fire artier er flere forskellige metoder blevet foreslaet til at estimere input-
output koefficienter og/eller outputspecifikke inputmangder (f.eks. Just et al., 1983;
Errington, 1989; Just et al., 1990; Moxey and Tiffin, 1994; Lence and Miller, 1998;
Léon et al., 1999; Louhichi et al., 2012; Fragoso and Carvalho, 2013; Lips, 2014). Vi
kategoriserer de foreslaede metoder i fire kategorier: klassiske gkonometriske metoder,

Random Coefficient Regression, Entropi-baserede metoder og Bayesiansk gkonometri.
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Disse fire kategorier af estimeringsmetoder er kort forklaret, vurderet og diskuteret i
henholdsvis afsnit 2.1, 2.2, 2.3 og 2.4.

Vores gennemgang af metoder omfatter ikke metoden til at estimere outputspecifikke
inputmangder foreslaet af De Loecker et al. (2016), som er baseret pa et gkonometrisk
skgn der tager hensyn til bedrifters observationer som kun producerer et enkelt output.
Metoden kan derfor kun anvendes, hvis der for hver af de betragtede output er et til-
straekkeligt stort antal bedrifter, som kun producerer dette output (og ingen andre output),
hvilket sjaldent er tilfeldet i empiriske anvendelser. En anden ulempe ved denne metode
er, at den forudsztter at fordelingen af input til output er den samme for alle input,'
hvilket er en usandsynlig antagelse i mange empiriske anvendelser.”

Ikke-gkonometriske metoder, is@r positiv matematisk programmering, kan ogsa bru-
ges til at opna output-specifikke input-mengder (f.eks. Howitt, 1995), men i denne

gennemgang overvejer vi kun gkonometriske tilgange.

2.1 Klassiske @konometriske Metoder

I Zitthen et al. (2021) diskuterer vi, om ’loven om én pris’ geelder, dvs. om alle bedrifter
star over for de samme priser for de samme input og output, nar disse input og output
har samme karakteristika pa tveers af bedrifterne (dvs. input og output med forskellige
karakteristika, f.eks. ggdning med forskelligt neringsindhold eller hvede med forskelligt
proteinindhold, kan have forskellige priser), og om priser tager hgjde for kvalitetsforskelle
i input og output mellem bedrifter. Vi konkluderer at det ofte er rimeligt at antage, at "loven
om én pris’ er opfyldt i vid udstrekning, hvorfor vi kan estimere regressioner i monetare
vaerdier, som kan anses som ma@ngdeindekser, der tager hgjde for kvalitetsforskelle.

Griliches (1963), Errington (1989), Hallam et al. (1999) m.fl. foreslar, at anvende
regressionsmetoden Ordinary Least Squares (OLS) til at estimere f.eks. de samlede
omkostninger for hvert input:

Xli =

J
aljyjf+8liVI:17"'7L7 ()

j=1

"Forfatterne er Emir Malikov taknemmelige for at ggre dem opmarksomme pa metoden foreslaet af
De Loecker et al. (2016) samt for at have papeget denne ulempe.

2F.eks. for en bedrift, der producerer korn og husdyr, vil det f.eks. betyde, at procentdelen af dens
samlede ggdningsinput, der bruges til kornproduktion, er den samme som procentdelen af dens samlede
foderstofinput, der bruges til kornproduktion, og som fglge heraf, at den procentdel af dens samlede
ggdningsinput, der bruges til husdyrproduktion, er den samme som den procentdel af dens samlede
foderstofindsats, der bruges til husdyrproduktion.
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hvor subscript i = 1,...,N angiver bedriften, x;; angiver omkostningerne ved input /
for bedrift i, ¢;; angiver den input-output koefficient for input / og output j, y;; angiver
omsatningen fra output j for bedrift i, L er det samlede antal af input, J er det samlede
antal af output og g; er tilfeldige fejltermer, der antages at vere uathengigt og identisk
fordelt (iid).

De vigtigste fordele ved at anvende klassiske gkonometriske metoder, sasom OLS, til
at estimere input-output koefficienter er, at (1) de er enkle, (2) de kan give konfidensin-
tervaller for input-output koefficienterne og (3) de er velegnet til at teste mere generelle
gkonometriske antagelser (Midmore, 1990). De to fgrste punkter heenger sammen, og de
ggr, at man (med lidt baggrundsviden i gkonometri) nemt kan opna estimater af input-
output koefficienterne. De opnéede estimater er dog kun gyldige, hvis visse antagelser
er opfyldt, f.eks. en passende funktionel form af regressionsligningen. Dette fgrer os
til punkt (3), som angiver, at forskellige standard testprocedurer kan bruges til at teste
forskellige antagelser, der er ngdvendige for at opna middelrette og efficiente estimater
med OLS og andre klassiske gkonometriske metoder.

Anvendelsen af OLS og andre klassiske gkonometriske metoder til at estimere in-
putallokering er imidlertid blevet sterkt kritiseret (f.eks. af Mittelhammer et al., 1981;
Just et al., 1983; Midmore, 1990; Lence and Miller, 1998), f.eks. pa grund af heteroske-
dasticitet, hgj multikollinearitet, endogenitetsproblemer, ikke-homogenitet pa tvers af
observationer, potentiel ikke-linearitet og korrelation af fejlled mellem regressionslignin-
ger.

F.eks. regressionligning (1) er ofte plaget af meget hgj multikolinearitet, fordi mindre
bedrifter ofte har lave omsatninger af alle de output de producerer, mens at stgrre bedrifter
ofte har hgje omsatninger for de fleste output, de producerer. For at reducere problemet
med multikolinearitet skelner Errington (1989) ikke mellem forskellige typer afgrgder,
men bruger kun €t aggregeret “afgrgde”-output. Denne tilgang er dog ofte utilstraekkelig,
fordi mange efterfglgende analyser krever input-output koefficienter for individuelle
afgrgder. En anden made at handtere multikolinearitet pa er brugen af stgrre datasat, men
denne mulighed er normalt umulig.

Frekventistiske gkonometriske metoder, der forsgger at lgse multikollinearitet, sasom
Ridge-regression og Lasso-regression, synes at vere uegnede til at estimere input-output
koefficienter, fordi disse metoder giver estimater, der er biased mod nul. De eneste egnede
metoder til at adressere multikollinearitet i estimeringen af input-output koefficienter
synes at vere entropi-baserede metoder og Bayesianske metoder, som er introduceret i
henholdsvis afsnit 2.3 og 2.4.

Ud over multikolinearitet er regressionsligning (1) ofte plaget af vasentlig heteroske-
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dasticitet, fordi variationen i inputmangderne eller af omkostningerne ved input stiger
med bedriftens produktionsvolumen (Midmore, 1990; Léon et al., 1999). Man kunne
adressere heteroskedasticiteten ved at estimere regressionsligningerne med metoden
(Feasible) Weighted Least Squares ((F)WLS) regression. Men vi fandt ikke nogen un-
dersggelse, der bruger denne metode til at estimere input-output koefficienter. En anden
metode, der adresserer heteroskedasticitet, er Random Coefficient Regression. Da vi ikke
anser denne metode for at vere en klassisk gkonometrisk metode, diskuterer vi denne
metode i afsnit 2.2.

I betragtning af at regressionsligningerne ofte er plaget af betydelig multikollinearitet
og heteroskedasticitet, bliver estimaterne ofte meget upracise. Den hgje ungjagtighed
medfgrer, at nogle estimerede input-output koefficienter er alt for hgje, og nogle andre
estimerede input-output koefficienter er alt for lave, f.eks. negative (Errington, 1989). Fra
et praktisk synspunkt er meget upracise estimater, f.eks. negative koefficienter eller alt
for store estimater, ikke realistiske og ugyldigggr derfor fortolkningen af estimaterne. For
at 1gse problemet med at have negative koefficienter kan man paleegge koefficienterne
ikke-negativitetsbegraeensninger, nar man estimerer modellen, men — som Moxey and
Tiffin (1994) viser i en empirisk undersggelse — dette fgrer blot til de koefficienter, der er
negativ i ubegrensede estimeringer til at vere lig med nul i den begra@nsede estimering.

Udover de gkonometriske problemer, er der blevet stillet spgrgsmalstegn ved esti-
mering af ligning (1) med OLS-metoden, fordi antagelserne om nonjointness mellem
produktionen af de forskellige output sandsynligvis er urealistiske i mange empiriske
applikationer (Lence and Miller, 1998; Gocht, 2008).

Sammenfattende har klassiske gkonometriske metoder vist sig at have mange svaghe-
der (f.eks. Mittelhammer et al., 1981; Just et al., 1983; Errington, 1989; Just et al., 1990;
Midmore, 1990; Moxey and Tiffin, 1994; Lence and Miller, 1998; Gocht, 2008).

2.2 Random Coefficient Regression

Modellen navnt i afsnit 2.1 antager at der er ens input-output koefficienter pa tveers
af samtlige virksomheder. Den antagelse synes imidlertid relativt urealistisk, da forhol-
det mellem input og output ofte pavirkes af bedriftsspeciffike forhold, sdsom produk-
tionsstgrrelse, produktionsgrenene pa bedriften, jordtype og -bonitet, vejrforhold m.v.
f.eks. i landbrugsbedrifter. Flere studier foreslar derfor at lempe denne antagelse og lade
input-output koefficienterne varierer pé tvers af bedrifterne (f.eks. Dixon et al., 1984;
Hornbaker et al., 1989; Scandizzo, 1990; Dixon and Hornbaker, 1992; Wikstrom et al.,
2011). Specifikt foreslar Dixon et al. (1984), Hornbaker et al. (1989) og Dixon and
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Hornbaker (1992) brugen af Random Coefficient Regression (RCR). RCR tillader hver
bedrift at have deres eget sat af input-output koefficienter, som individuelt kan afh@nge
af de fgrnavnte observerede faktorer, sdvel som ikke-observerede faktorer. Brugen af
RCR kan implementeres i mange forskellige regressionsmodeller, herunder ogsa dem
navnt i Zitthen et al. (2021). I det fglgende beskrives RCR med udgangspunkt i lig-
ning (1). Da regressionens underlzeggende funktioner er identiteter?, er det inkonsekvent
at inkludere fejleddet &;, og fejleddet udelades ofte i estimeringen af RCR. For at tillade,
at input-output koefficienterne a;; varierer mellem bedrifterne tilfgjes subscript i. Derved

opnar vi fglgende ligning:

J
xi=Y ayiyiVi=1,...,L, 2)
=1

hvor input-output koefficienterne er estimeret som:

M
aji=Bijo+ ZIB,jmnmiﬂc,j,-w =1,...,Lj=1,...,J, 3)
m—

hvor M er antallet af variable, der forklarer input-output koefficienterne, 7,,; indikerer den
m’de variabel, er forklarer input-output koefficienterne, B; jo og B, er koefficienterne,
som skal estimeres og k; j; er fejlledet, der fanger effekten af ikke-observerede variable pa
input-output koefficienterne. I ligning (3), kan vi se at samtlige input-output koefficienter
afthenger af precis de samme forklarende variable. Det er imidlertid muligt at bruge
forskellige sat af forklarende variable i estimeringen af de individuelle input-output

koefficienter:

ajji=Byjo+ Z BijmMmi+KiVIi=1,....L,j=1,...,J, 4
meAM) j

hvor .} indikerer szt af variabler, som input-output koefficienten a;; afhanger af.

Indsetter vi ligning (4) i ligning (2), far vi:

7
xi= Y [Bijo+ Y BijmNmi+wi | yviVi=1,...,L 5
j=1 me.M) j
J J J
=Y Bioyi+ Y, Y Bimmiyji+ Y, KjiyiVI=1,...,L. (6)
=1 J=imén; =1

3Se Zitthen et al. (2021), for yderligere uddybning.
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Foruden at lempe den ofte urealistiske antagelse om ens input-output koefficienter pa
tveers af bedrifter, har RCR ogsa den store fordel, at metoden i hgj grad ogsé Igser de
OLS og andre klassiske gkonometriske metoders problemer ift. heteroskedasticitet, fordi
variansen af det sammesatte fejled, Z§:1 Kjiy ji kan samvarierer med produktionsomfan-
get y;;. RCR lider dog under, at metoden gger problemerne med multikolinaritet, da de
mange interaktionsled som bliver brugt som forklarende variable (1),,;y ;) er korreleret

med hinanden og med de ‘enkelte’ forklarende variable (y ;).

2.3 Entropi-baserede Metoder

I jagten pa mere plausible og pélidelige resultater pa trods af multikollinaritet foreslas flere
alternativer til de klassiske gkonometriske metoder, herunder bade entropi-baserede og
bayesianske metoder (se afsnit 2.4). Idéen er, at inkorporere sdkaldt non-data information
(ofte kaldet prior information). Hermed forstés altsd viden, som undersggeren matte have
om emnet, inden studiet startes. Fgr har de entropi-baserede metoder varet set som en
selvsteendig metodisk ramme, men det er senere vist, at de entropi-baserede ogsa falder
inden for den bayesianske gkonometri. Metoderne er anseeligt mere komplekse end
de klassiske metoder (OLS m.fl.), men har faet indpas, da de generelt giver vaesentligt
mere palidelige resultater (f.eks. Moxey and Tiffin, 1994; Lence and Miller, 1998; Léon
et al., 1999; Fragoso and Carvalho, 2013; Louhichi et al., 2018). I Zitthen et al. (2021)
tager vi udgangspunkt i Generalised Maximum Entropy (GME). Metoden blev fgrst

introduceret af Shannon (1948), og starter med de ikke-observerede sandsynligheder,

p=[p1,p2,---,Pk}:

\\Ma

Pk ln Pk (7)

hvor piIn (p;) =0 for pr =0 0g K er antallet af datapunkter, ofte ogsé kaldet stgttepunkter
(Léon et al., 1999). Mere specifikt angiver, p; sandsynligheden for at observere da-
tapunkt k (Fragoso and Carvalho, 2013). Givet dette, nar H(p) sit maksimum nér
pL=Pp2=...=p= % hvilket er a&kvivalent til, at sandsynlighederne er uniformt
fordelt. Malet er nu, at maksimere H(p), i hvilken der (hvis relevant) kan implementeres
yderligere restriktioner. Idéen er derved, at de estimerede sandsynligheder for p; vil
treekkes mod en uniform fordeling under bibetingelse af de valgte restriktioner. Disse
restriktioner vil her veere en kombination af pdgeeldende data samt undersggerens prior in-
formation (Léon et al., 1999). I Zitthen et al. (2021) gar vi yderligere i dybden med GME,
samt alternativet Generalised Cross Entropy (GCE). Vi finder, at GME har mange fordele,
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men ogsa sine svagheder. Blandt fordelene er, at (1) der ikke kraeves nogen antagelser ift.
fejlleddets fordeling, (2) metoden lgser udfordringen med multikolinaritet, (3) metoden
kan benyttes pd mindre dataset og (4) metoden tillader ikke-line@re restriktioner og
ulighedsrestriktioner (Louhichi et al., 2012; Fragoso and Carvalho, 2013). Den stgrste
udfordring ved GME fremkommer ved maden, hvorpa stgttepunkterne er konstrueret.
Dette fordi, at stgttepunkterne har stor betydning for entropi-modellens resultater. Der kan
tages hgjde for de nzvnte udfordring ved brug af prior information (Louhichi et al., 2012)
eller i stedet ved bruge af GCE (Lence and Miller, 1998). Ved brugen af prior information
skal undersggeren dog stadig bestemme sakaldte stgttebdnd og bredden herpa, hvilket
igen kan have stor betydning for de endelige resultater.

2.4 Bayesiansk @konometri

For at imgdekomme udfordringerne fundet ved entropi-baserede metoder, undersgger vi
i Zitthen et al. (2021) ogsa brugen af bayesiansk gkonometri til bestemmelse af input-
output koefficienter. Herud over undersgges fordele og ulemper ved den Bayesianske
metode. Den Bayesianske metode er baseret pa ideen om at kombinere en prior forventet
fordeling af de ukendte x-parametre med informationen givet af data baseret pa Bayes’
teorem (Moxey and Tiffin, 1994; Coelli et al., 2005, p.231-234; Heckelei et al., 2008). I
analysen behandler vi alle parametre i estimeringen som stokastiske variable (Gocht, 2008;
Heckelei et al., 2008). Ydermere skelner vi mellem prior density for koefficienterne i form
af en prior probabilty density function (pdf) angivet ved p(c), stikprgve informationen
i form af en likelihood function* baseret pa dataet, L(a,y), og posterior pdf, h(a | y).
Pa baggrund af Bayes’ teorem finder vi, at posterior pdf er proportional til prior pdf
multipliceret med likelihood funktionen (Geweke, 1999; Coelli et al., 2005, p. 231-234;
Gocht, 2008):

h(a|y) = L(a,y) p(a). ®)

Prior fordelingen kan enten specificeres som informativ eller som ikke-informativ prior.
Som navnet indikerer bidrager en ikke-informativ prior ikke med forudgdende viden
om parametrene. I dette tilfelde er det kun data (og ikke den forudgaende viden) der
pavirker parameterestimaterne. I modsatning til indragelse af informativ prior, som
bidrager med forudgéende information om parameterestimaterne. En informativ prior er

ofte en forudgdende fordeling omkring en forventet middelveerdi og en passende varians.

I Heckelei et al. (2008) og Louhichi et al. (2018) er likelihood funktionen angivet som Lo | y),
hvorimod Geweke (1999) og Gocht (2008) anvender L(y | ¢t).
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Oplysninger om en prior fordeling (f.eks. hvilken type af fordeling, middelvardi, varians)
kan komme fra faglitteratur, undersggelser eller tidligere studier (Louhichi et al., 2018).

I en empirisk undersggelse fandt Moxey and Tiffin (1994), at den Bayesianske metode
var meget god sammenlignet med den inequality-constrained least-squares (ICLS) meto-
de. Moxey and Tiffin (1994) fremmer brugen af Bayesianske priors, nar de arbejder med
begrensningsestimationer. Udover dette er det velkendt, at GME/GCE og den Bayesian-
ske metode ligner hinanden meget og indeholder mange af de samme fordele savel som
ulemper (Heckelei et al., 2008; Louhichi et al., 2012). Nogle yderligere fordele ved den
Bayesianske metode er blevet papeget af Heckelei et al. (2008). For det fgrste kan den
Bayesianske metode angives saledes, at den svarer til GME/GCE-metoden’, for det andet
er de implementerede priors mere transparente, fordi prior pdf’er tildeles direkte til de
ukendte. Endelig har denne metode farre variabler og kan derfor vaere mindre krevende
i form af regnekraft (Heckelei et al., 2008).

I betragtning af disse fordele ser den Bayesianske metode ud til at veere meget attraktiv
til at estimere input-output koefficienter. Men da litteraturen kun indeholder en begraenset
meangde studier, der bruger Bayesiansk gkonometri pa dette omrade, skal der udfgres

yderligere forskning i, hvordan man ggr dette i praksis.

2.5 Prior

Som sagt kan oplysningerne om prior information komme fra faglitteratur, undersggelser
eller tidligere studier (Louhichi et al., 2018). For en empirisk anvendelse for danske
landbrugsbedrifter forslar vi, at prior fordelinger af input-output koefficienterne specifice-
res saledes, at den forventede vaerdi er et veegtet gennemsnit af tidligere ars estimerede

input-output koefficienter:
afy ~ ¥ (i, 07;) ©)

T
‘u'lj = Z TlaA}kj‘p (10)
t=1

hvor a;‘j angiver input-output koefficienten for input / og output j for det geeldende ar,
a;‘j‘ . er input-output koefficienten for input / og output j estimeret for ¢ r siden, 7, er
et veegt for input-output koefficienten estimeret for ¢ ar siden, T er antallet af ar som er
anvendt til at beregne det veegtede gennemsnit, og ¥ (ul s Glzj) er en passende fordeling

med en forventet veerdig (;; og variansen 612]-. Vi specificerer det vaegtede gennemsnit

SDette er ogsé tilfeldet ved brugen af faste input (Gocht, 2008).
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saledes, at de seneste ar veegtes hgjere end ar leengere tilbage:

T=n(l—r)"'Vi=2,...T an

T-1 -1
T = (Z (1—r)"‘> : (12)
=1

hvor r € [0, 1] er den relative sats, hvormed veagten falder, nar man gér et ar tilbage i tiden,
og ligning (12) normaliserer vagtene, sd de summerer op til én. Vi tror, at et arligt fald i
vagten med 10%, dvs. r = 0, 1, er tilstrekkelig lille til at lade det vaegtede gennemsnit
veare robust over for @ndringer fra ar til ar og samtidig vere tilstrekkeligt stort til at tage
hgjde for tendenser over tid.

Vi beregner variansen af prior fordelingerne baseret pa vegtede gennemsnits verdier

af de kvadrerede residualer fra middelvaerdierne i ;:
T 2
Of =i )T (ﬁ?}\z - Hlj) ; (13)
=1

hvor y;; er en tuning parameter der specificerer, hvor informativ prioren skal vere, hvor
en lille veerdi angiver en meget informativ prior og en meget stor verdi indikerer en
nasten ikke-informativ prior.

Vi forslar at bruge en log-normal fordeling til prior fordelingerne for input-output
koefficienterne ¥ (1, 67;). En fordel ved log-normal fordelingen er at det udelukker
negative estimater af input-output koefficienter. For at opna en log-normal fordeling med
forventet veerdi ;; og varians Glzj settes placeringsparameteren og skalaparameteren for

log-normal fordelingen til:

2
iy =1n % (14)
\ Hij+ o
c2
6,2j—1n<1+—’2’ , (15)
saledes at:
Inaj; ~ A (f;,67) , (16)

hvor A4 (ﬂl s GIZJ.) indikerer en normal fordeling med middel verdi fi;; og variancen 612]..
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3 Afsluttende bemaerkninger

De gkonometriske metoder som anvendes til estimering af input-output koefficienter og
output-specifikke input mangder kan kategoriseres i: (1) klassisk gkonometrisk meto-
der, (2) random coefficient regression, (3) entropi-basseret metoder, og (4) Bayesiansk
gkonometri.

Klassiske gkonometriske metoder er meget restriktive og giver ofte upalidelige og
usandsynlige estimater, som er forarsaget af multikollinearitet og andre statistiske og
gkonometriske problemer.

Random coefficient regression metoder har den enorme fordel, at de sleekker pa den
restriktive antagelse om ens input-output koefficienter pa tveers af bedrifter, som kraeves
af andre gkonometriske estimeringsmetoder. Men givet de yderligere koefficienter i
en random coefficient regression med observerede faktorer, der pavirker input-output
koefficienterne, kan problemer med multikollinearitet blive endnu vaerre sammenlignet
med klassiske gkonometriske metoder.

Entropi-baserede og Bayesianske metoder har mange ligheder, og det blev vist, at
entropi-baserede metoder er et sertilfelde af Bayesianske metoder. Begge typer metoder
kan bruges til at lgse ulemperne ved de klassiske gkonometriske metoder, is@r ved
at bruge forudgaende viden til at 1gse problemer forarsaget af multikollinearitet. Den
forudgéende viden kan for eksempel komme fra faglitteraturen, eksisterende forskning
eller undersggelser. I tilfeelde af arlige analyser kan priors vere baseret pa resultaterne
opnaet i de foregdende ar. Sammenlignet med entropi-baserede tilgange har Bayesianske
tilgange den fordel, at de tager hgjde for priors pa en mere gennemsigtig made. Hverken
eksisterende entropi-baserede metoder eller eksisterende Bayesianske metoder til at
estimere input-output koefficienter slakker dog pa den restriktive antagelse om lige
input-output koefficienter pa tvears af virksomheder.

Vi anbefaler pa den baggrund, at estimere en random coefficient model med en
Bayesiansk metode, da dette vil tillade for forskelle input-output koefficienter pa tvers af
bedrifter og for at bruge prior information for at opnd palidelige og plausible estimater pa

trods af hgj multikollinearitet og et stort antal koefficienter at estimere.
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Background: Both high and low empathy among GPs may influence patient care. For instance,
low empathy may have cost due to decreased patient satisfaction and patients frequenting the
GPs less often or even switching GP. Nevertheless, very little is known about the magnitude
and variation in antibiotic prescribing-profiles among GPs with high versus low empathy levels.

Aim: To make profiles of antibiotic prescribing for GPs with high versus low empathy and
estimate uncertainties in statistic metrics in these groups of GPs. In addition, to explore
alternative approaches to bootstrapping of confidence intervals (Cls) for descriptive statistic
metrics.

Methods: This study applies extreme group analyses (EGA) to explore patient costs of
antibiotic prescribing among subgroups of GPs with high and low empathy from a stratified
random sample of 464 Danish GPs. The dataset includes combined survey-data on GP empathy
and drug register-data merged via the GP’s authorization number. Antibiotics were divided into
subcategories of penicillin, non-penicillin antibiotics, antifungals as well as broad and narrow
spectrum antibiotics based on the Anatomical Therapeutic Chemical classification (ATC). The
GPs in the top decile and bottom decile of the empathy score distribution, were identified to
make profiles of their antibiotic prescribing in terms of patient cost. The profiles included the
means, coefficient of variation (CV), variation index (VI) and mean differences (DIs) in cost
between the subgroups. Next, the uncertainty of the costs was estimated via Cls for all antibiotic
categories. These Cls were estimated in 3 alternative ways: 1) A bootstrap procedure using the
predefined extreme groups samples (nl, n2) only, but still for all antibiotic categories, 2) One
single bootstrap procedure using the full sample of GPs (n=464) estimating Cls for all antibiotic
categories and 3) A serial bootstrap procedure for each separate antibiotic category. This allows
us to compare the Cls for the three alternative approaches.

Results: There were relatively few differences in patient cost of antibiotic prescribing across
GPs with extreme empathy levels in this sample of GPs. However, it was a trend in the data
that the high empathy group had lower patient cost of antibiotic prescribing for most categories
of penicillins than the low empathy group. Bootstrapping of CIs based on predefined
subsamples rather than the entire sample resulted in larger CIs. Restricted application of data
from predefined extreme groups may lead to wider and biased Cls in extreme group analysis.

Conclusion: This study shows that extreme group analysis and related GP profiles can be used
to explore antibiotic prescribing behavior among GPs. One generated hypothesis is that high
empathy GPs prescribe some penicillin categories in a different way that results in lower patient
costs than low empathy GPs. Included Cls based on alternative approaches reveal the level of
uncertainty in the estimated patient cost across the included antibiotic categories.
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1. Introduction:

It is well known that antibiotic prescribing behavior is very important for patient in both
primary and secondary care as well as the society in general'. One central reason is that
unwarranted variation in terms of so called “under prescribing” and “over prescribing”
may be harmful for patients and society. “Under prescribing” occur when patients
receive no or too little of one or more categories of drugs such as penicillins or other
non-penicillin antibiotics. “Over prescribing” means that the patient receives more
antibiotic prescriptions than needed from a clinical or biomedical point of view??. In
practice, it is usually best to use specific antibiotics or narrow spectrum antibiotics to
avoid use of broad spectrum antibiotics if a narrow spectrum substitute exists. Another
best way is to avoid antibiotics if other better or equivalent options exists. In cases where
no antibiotic bacterial resistance measures have been done, antibiotics may be avoided
by careful examination of patients as symptoms may be related to non-infectious disease
or virus. To understand and address unwarranted variation in antibiotic prescribing it is
important to explore circumstances that may influence prescribing of antibiotics and by
using microbial diagnostic methods. For instance, it has been hypothesized that variation
in GP empathy may influence GP behavior and thus prescribing of antibiotics®. The
reason is that both high and low empathy have been shown to directly influence other
elements of patient care. Both directly in terms of unwarranted variation for the
individual patient and indirectly, in terms of patient opportunity cost and negative
externalities in terms of antibiotic resistance for society. Therefore, it is relevant to
understand the association between GP empathy and their antibiotic prescribing profiles.
However, before this type of confirmatory hypothesis can be tested, there is a need to
undertake hypothesis generating exploratory analysis, which calls for the latter analysis.
So far, very little empirical research has been conducted around empathy levels and drug
prescribing®. Subgroup analysis such as extreme group analysis has been stated to be
well suited to undertake exploratory analysis™’. Besides it helps us understand the
profiles of antibiotic prescribing among GPs with high and low empathy levels. The
present study focuses on direct patient prescribing cost and not least the approaches to
estimation of uncertainty related to these patient costs. From a resource perspective cost
or expenditure to patients is standard way to measure resource use.

Accordingly, the aim of this study is to make profiles of antibiotic prescribing patient
costs for GPs with high versus low empathy and quantify uncertainties in statistic
metrics based on the available sample of GP survey and register data®. Furthermore, it
is an aim of this symposium paper to explore alternative approaches to bootstrapping of
confidence intervals (Cls) for descriptive statistic metrics.

2. Method

Extreme groups analysis was employed to explore the nature of antibiotic prescribing
patient costs among subgroups of GPs with high and low empathy in a sample of 464
general practitioners®>, The patient cost of antibiotic prescribing was measured in terms
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of the pharmacy retail pris (abbreviated AUP in Danish) aggregated over all fillings.
The price is set as the cost price (AIP) plus profit margin and value added tax (TVA)
and represents the direct cost to consumers.

The GPs empathy was measured via the Jefferson Scale of empathy for Health care
professionals®. The dataset includes combined survey-data on GP empathy and drug
register-data merged via the GP’s authorization number for the year 2017. Antibiotics
were divided into categories of penicillin, non-penicillin antibiotics, antifungals as well
as broad and narrow spectrum antibiotics. The GPs in the top decile and bottom decile
of the empathy score distribution, were identified to make profiles of their costs of
antibiotic prescribing. The profiles included the mean costs, coefficient of variation
(CV), variation index (VI) and mean differences (DIs) between the groups. Next, the
uncertainty of the costs was estimated via Cls for all cost categories.

2.1 Estimation of confidence intervals in the bottom and top decile:

This study has used bootstrapping to estimate uncertainty around cost of antibiotic
prescription metrics in terms of Cls similar to other health economic studies'®!!. The
idea is that the bootstrapped empirical cumulative density function based on our data
sample, gives a good sense of what the true unknown (population) distribution is'2. In
addition to extreme group analysis (EGA) of GPs with high and low empathy, the idea
was to quantify and explore the effect of three alternative bootstrapping approaches on
Cls:

1. Bootstrapping based on subgroups of GPs with high and low empathy!'3. Here,
the two extreme groups were predefined as top and bottom deciles and identified
before the bootstrap procedure was implemented as one simultaneous or parallel
procedure for estimation of CIs for all variables, see illustration in Figure 1.

2. Bootstrapping using the entire sample to calculate extreme groups including
parallel estimation on related statistic metrics and their confidence intervals, see
Figure 2. This was based on a program adopted in Stata. The idea was to calculate
all subgroup statistic metrics in one bootstrap procedure rather than several
independent standard procedures for each variable or antibiotic category. The
parallel estimation of all statistic metrics will restrict variation to the variation
created by the by the specific bootstrap procedure. This is different from a
procedure where the bootstrap is performed in a serial way for each statistic
metric. The latter is expected to increase variation because the results for the
statistic metrics will be based on multiple bootstrap procedure — in particular
when the start seed option for the bootstrap is set to random.

3. Independent serial bootstrapping of each individual variable according to
approach 1 (for the pre- calculated extreme top and bottom decile groups) and
approach 2 (using the entire sample for bootstrapping). In these cases, the
statistic metrics for each variable will be based on separate bootstrapping
procedures where the variation will be less restricted and CIs for metrics expected
to be wider compared to approach 1 & 2.
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The bootstrap replicates, which increases accuracy was set to 1000. The seed for the
bootstrap was set to zero (random) to allow for differences between 1 and 3 as well as 2
and 3.

Figure 1: Bootstrapping approach 1 based on predefined extreme groups

Re 1: Bootstrapping approach 1 — using the extreme groups only:

Figure 1 and Figure 2 illustrate the applied approach to bootstrapping of the CI for
statistic metrics based on the survey sample. Figure 1 shows the restricted version of the
bootstrap procedure where the subsamples were predefined before the bootstrap
procedure was applied on the subsamples n1=39 and n2=46 rather than the entire
sample.
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Figure 2: Bootstrapping approach 2 based on the entire sample

Re 2: Bootstrapping approach 2 using the entire sample

Figure 2 illustrates the applied approach to bootstrapping of the CI for descriptives
statistics based on the entire survey sample (n=464). The bootstrap procedure was based
on a stata program which calculates the top an bottom deciles of the sample. This
program was bootstrapped with respect to the desired statistics metrics such as the mean
costs, coefficient of variation, variation index and all antibiotic categories in such a way
that all statistic metrics was calculated based on a bootstrap procedure with 1000
replications.

Besides the following examples of the approaches 1, 2 and 3, this study only reports
results based on approach 2.
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2.1.1 Example: Bootstrapping of CIs for descriptive statistics in extreme groups

In this example the yearly prescribing patient cost related to Macrolides JO1F are
applied to illustrate the alternative approaches illustrated in Figure 1 and Figure 2 to
bootstrap Cls for statistic metrics in extreme group analysis. In Table 1, the mean and
CV metrics was chosen to show examples including related bootstrapped Cls for each
of the three approaches. The first approach uses predefined subgroups for bootstrapping,
the second applies the entire sample and the third uses “serial” bootstrapping for each
variable:

Table 1 Alternativ uncertainty measures of cost of macrolides prescriptions
High-empathy GPs 1 (n1=39)

Bootstrapping approach: Mean [95% CI] CV  [95% CI]
Approach 1 predefined subgroup:

Macrolides (B) JO1F 3911.6 [2,878.7;4,944.4] 0.85 [0.67;1.02]
Approach 2 using the entire sample:

Macrolides (B) JO1F 3,935.6 [3,039.7;4,831.6] 0.82 [0.68;0.94]

Approach 3 serial approach:
Predefined subgroups:

Macrolides (B) JO1F: 3911,6 [2900.3;4922.9]  0.85 [0.54;0.79]
Using entire sample:
Macrolides (B) JO1F: 3935,6 [3047.6;4823.6]  0.81 [0.68;0.96]

These three alternative approaches may be applied in practice to estimate uncertainty of
statistic metrics in top decile and bottom decile groups of GPs as part of an EGA. The
applied illustrative example for Macrolides (JO1F) for the different approaches is based
on data from the high empathy group and includes the 95% Cls. According to approach
2, which uses the entire sample of GPs to estimate the Cls, the mean yearly Macrolides
JO1F patient prescription cost was DKK 3,935.6 within a 95% CI of [3,039.7;4.831.6]
and the coefficient of variation was 0.82 within a 95% CI of [0.68;0.94]. In contrast,
approach 1 only uses the reduced predefined subgroup (n1=39) to estimate the mean and
related CI. Compared to approach 2, this shows a similar mean and a broader CI
[2,878.7;4.944.4] corresponding to larger uncertainty, when a smaller subgroup is used
to bootstrap Cls. This was also the case for the CV and the related CI when approach 1
and approach 2 were compared. Both the CV [0.85] and the 95% CI [0.67;1.02] in
approach 1 reflected larger variation an uncertainty than in approach 2 with CV [0.82]
and 95% CI [0.68;0.94].

The GP profile characteristics in the subsamples with high and low empathy have been
reported in a related study'®. So far, the characteristics of the entire sample have been
described in a previous study’. Therefore, this study only focuses on the cost of
antibiotic prescribing in the reported subgroups.
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3. Results

The results of the EGA of yearly prescribing patient cost in Table 2 and Table 3 show the
estimated yearly mean antibiotic prescriptions patient costs and within subgroup
variation in terms of the CV for the groups of high empathy GPs (nl= 39, Table 1)
versus the same yearly mean cost and CV for the subgroup of low empathy GPs (n2=46,
Table 3). In Table 2, the results including bootstrapped 95% Cls for the mean and CV
are divided into subcategories of penicillin, non-penicillin antibiotics, antifungals and
broad versus narrow spectrum antibiotics.

Table 2 yearly cost of antibiotic prescriptions for high empathy GPs
High-empathy GPs 1 (N=39)

Antibiotic category: Mean [95% CI] CV [95% CI]
Penicillins:

Extended spectrum (B) JOICA 28,855.8 [23,457.6; 34,254.1] 0.68 [0.48;0.88]
Beta-lactamase sensitive (N) JO1CE 6,652.0 [5,721.6; 7,582.3] 0.53 [0.42;0.63]
Beta-lactamase resistant (N) JO1CF 6,129.0 [3,712.4; 8,545.6] 1.47 [0.94;1.99]
Combinations with beta lactamase

inhibitors (B) JOICR 2,162,4 [1,459.2; 2,865,6] 1.24 [0.87;1.61]
All penicillins: JO1C 48,546.5 [41,191.7; 55,901.4] 0.56 [0.42;0.69]
Non-penicillin antibiotics :

Tetrayclines (B) JO1A 8,887.6 [1,555.9; 16,219.4] 3.04 [1.04;5.06]
Cephalosporins JO1D 32.6 [0.84; 64.3] 3.66 [1.37;5.94]
Sulfonamides JO1E 10,175.7 [5,971.5; 14,379.8] 1.52 [1.25;1.78]
Macrolides (B) JO1F 3,935.6  [3,039.7, 4,831.6] 0.82 [0.68;0.94]
Quinalones (B) JOIM 594.8 [392.3; 797.3] 123 [0.85;1.62]
Other antibiotics JO1X 3,815.5 [602.0; 7,029.0] 3.10 [1.97;4.23]
All other antibiotics 27,441.8 [17,760.4;37,123.2] 1.35 [0.92;1.77]
Antifungals, J02 4983.8 [2,705.1; 7,262.5] 1.72 [1.25;2.20]
Total all antibiotics: 91,188.8 [74,855.0;107,522.6] 0.67 [0.53;0.80]
Narrow spectrum (N) 34,202.4 [26,109.0; 42,295.9] 0.88 [0.65;1.11]
Broad spectrum (B) 42,977.2 [33,478.6; 52,475.7] 0.83 [0.50;1.15]

Narrow spectrum antibiotic was defined via the following ATC-codes: JO1CE, JO1CF, JO1DB, JO1DF, JO1EA,
JO1EB, JOIFA, JOIFF, JOI1XA, JO1XC, JO1XD, JOI1XE, JO1XX. Broad spectrum antibiotics included: JO1AA,
JO1CA, JOICR, JO1DC, JO1DD, JO1DH, JO1EE, JOIGB, JOIMA, JOIMXB.

Overall, the estimated patient costs in Table 2 and Table 3 indicate that there is a trend
that high empathy GPs prescribe under circumstances which means their patients have
lower cost of antibiotic prescribing compared to the low empathy (bottom decile) GPs.
The within subgroup or intra group variation in terms of the CV indicates a trend towards
a slightly higher variation in the patient cost among GPs with lower empathy for
penicillins. In contrast, the measured CV seems to be lower for the non-penicillins for
the subgroup with the low empathy.
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Across both tables, the lowest within-category-variation was in the group of penicillins.
The largest within-category-variation was for Cephalosporins in the categories of non-
penicillin antibiotics.

Table 3 yearly cost of antibiotic prescriptions for low empathy GPs
low-empathy GPs 1 (N=46)

Antibiotic category: Mean [95% CI] CV  [95% CI]
Penicillins:
Extended spectrum (B) JOICA 40,489.8 [29,195.5;51,784.2] 0.85 [0.64;1.07]

Beta-lactamase sensitive (N) JOICE 8,343.0 [6,469.0;10,217.0] 0.71 [0.56;0.85]
Beta-lactamase resistant (N) JO1CF 5971.4  [4,003.6; 7,939.1] 1.05 [0.53;1.58]
Combinations with beta lactamase

inhibitors (B) JO1CR 2,746.9  [1,988.9; 3,504.8] 0.90 [0.71;1.09]
All penicillins: JO1C 64,852.2 [49,822.6;79,881.8]  0.71 [0.555;0.86]
Non-penicillin antibiotics :

Tetrayclines (B) JO1A 4,775.0  [3,304.2; 6,245.7] 0.97 [0.72;1.22]
Cephalosporins JO1D 21.6 [0.4; 429] 3.16 [1.19;5.12]
Sulfonamides JO1E 6,959.7  [3,391.0; 10,528.5] 1.61 [1.27;1.96]
Macrolides (B) JO1F 4,093.5 [2,832.2; 5,354.8] 0.99 [0.78;1.21]
Quinalones (B) JOIM 1,143.1 [572.6; 1,713.6] 1.63 [1.06;2.20]
Other antibiotics JO1X 6,903.1 [389.8;13,416.5] 2.93 [1.83;4.02]
All other antibiotics 23,896.0 [15,495.3;32,296.7] 1.12  [0.86;1.38]
Antifungals, J02 4,990.0 [2,568.6; 7,711.5] 1.56 [1.13;1.98]
Total all antibiotics: 106,931.5 [80,334.4;133,528.7]  0.76 [0.63;0.89]
Narrow spectrum (N) 34,478.6 [24,836.2; 44,121.1] 0.90 [0.65;1.15]
Broad spectrum (B) 53,985.5 [40,138.3; 67,833.0] 0.78 [0.62;0.94]

3.1 High versus low empathy inter-group differences

Table 4 shows an analysis of the difference between the high and low empathy GPs.
This means the group differences between the patient costs of each antibiotic category
based on Table 2 and Table 3. The latter differences are measured in terms of a) a
variation index (VI), b) the mean group difference and c) tests of the differences between
the costs of antibiotic prescribing. The variation index (VI) indicates a trend that high
empathy GPs have about 20-30% lower patient cost of antibiotic prescribing of most
penicillins than low empathy GPs. Furthermore, Table 4 shows that the variation was
more fluctuating for non-penicillin antibiotics where the high empathy GPs had higher
yearly cost of prescribing for tetracyclines, cephalosporins and sulfonamides. High
empathy GPs seems to prescribe less broad- spectrum antibiotics. However, the above
mentioned trends were not confirmed by the Mann-Whitney (ranksum) test of group
difference and t-test of the group mean difference and related confidence intervals. Only
the group of all penicillins was boarder-line significant according to the Mann-
Whitney/t-test. In the e-return list of the bootstrap procedure in stata there was a Z0-
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test-score for the mean difference of each antibiotic category in Table 4. The last column
in Table 4 includes this Z-score for the Mean difference.
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4. Discussion

This exploratory pilot study of profiles of antibiotic prescribing patient cost among GPs
indicate that both high and low empathy GPs prescribe categories of antibiotics in a
similar way. This may be interpreted as good news for GP patients. Nevertheless, based
on the results one hypothesis may be that high empathy GPs prescribe some penicillin
categories in a different way that results in lower patient costs than low empathy GPs.
Another hypothesis may be that high empathy GPs prescribe antibiotics in a more
homogenous way than the group of low empathy GPs. One explanation could be that
high empathy GPs communicate more or better with their patients and therefore are able
to explain to them that they do not need the more expensive and broad spectrum
antibiotics. Thus, the results reveal that it may be meaning full to conduct further
confirmatory research with respect to behavioral research agendas since empathy could
have an important influence on patient and subsequently societal costs.

The applied extreme group analysis has strength and weaknesses®. However, it is a
recognized method to undertake exploratory pilot research and considered well suited
to make profile pictures of GP behavior.

Furthermore, it is a strength of this study that the estimated ClIs for the profiles allow
the readers to know the level of uncertainty of the patient cost in each ATC-category.
To assess the sensitivity of the uncertainty to the applied bootstrapping approach this
study has used at least three alternative bootstrapping approaches to estimate Cls in
subgroup analysis. This experience and the examples included in Table 1 shows that CIs
based on bootstrapping on the predefined or reduced subgroups yields broader Cls.
Furthermore, serial bootstrapping does not appear to give systematically different results
than the preferred approach 2 which is based on the entire sample. Finally, the results
demonstrate the chosen approach may have an impact on the results in this type of
research and should be investigated further.

Patient cost of antibiotic prescribing was measured in terms of retail prices. The prices
did not include any administrative fees for fillings and any final drug preparation fees
and can only be perceived as a proxy for patient costs. For instance, changes in patient
subsidies and profit margins may have had influence on the patient retail prices in 2017.
Besides the applied cost metric did not include other potential patient opportunity cost
due to other patient cost such as lost income.

The aim of this study has not been to explain variation in antibiotic prescribing patient
costs. It is clear, that fluctuations in the investigated antibiotic patient cost may be
determined by a range of patient characteristics such as differences in patient morbidity
in terms of co-morbidities/multimorbidity and socioeconomic patient characteristics.
Nevertheless, these limitations do not preclude EGA or subgroup analysis of profiles of
antibiotic prescribing patient cost across antibiotic categories among GPs with high and
low empathy levels according to the Jefferson Scale of Empathy for health care
professionals.
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5. Conclusion

This study shows that extreme group analysis and related GP profiles can be used to
explore antibiotic prescribing behavior among GPs. One generated hypothesis is that
high empathy GPs prescribe some penicillin categories in a way that results in lower
patient costs for antibiotics compared to prescribing of the same antibiotics categories
among low empathy GPs.

From a methodological point of view, bootstrapping can be used to estimate the level of
uncertainty in the estimated patient costs across the applied extreme subgroups of GP
empathy. However, it should be noticed that the subgroup results are dependent on the
way the extreme groups are defined as part of the bootstrap procedure.
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