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Streszczenie: Celem artykutu jest sprawdzenie czy obecno$¢ kobiet we
wladzach spoétek publicznych wptywa na ich wyniki finansowe. Badaniem
objeto spotki nieprzerwanie notowane na GPW w Warszawie w latach 2010-
2019. Strukture managementu okreslano na dzien 30.06. kolejnych lat, a ocene
sytuacji finansowej spolek na koniec roku kalendarzowego. Zastosowano
wielowymiarowe syntetyczne miary wektorowe do oceny standingu badanych
spotek i zbadano ich korelacje z odsetkiem kobiet w organach statutowych.
Wyniki nie potwierdzaja pozytywnej zaleznosci pomiedzy wzrostem udziatu
kobiet w organach statutowych a wynikami finansowymi spotek, bowiem
w wickszosci przypadkdéw korelacje sg statystycznie nieistotne.

Stowa Kkluczowe: Kobiety w managemencie, parytet, kobiety a wyniki
finansowe, wieclowymiarowe metody porownawcze

JEL classification: C38, G38, L25, M14

WSTEP

Potrzeba osiggnigcia rownosci plei na rynku pracy jest dyskutowana juz od
kilku dziesiecioleci, zwtaszcza od ONZ-towskiej miedzynarodowej dekady kobiet
w latach 1975-1985. Kwestia postrzegana jest przy tym przez pryzmat wielu
aspektow rownych szans i praw, m.in. jednakowego dostepu do wyksztalcenia,
porownywalnej z megzczyznami aktywnosci zawodowej, rownej ptacy za réwng
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prace! czy jednakowych mozliwo$ci awansowania, w tym zajmowania stanowisk
kierowniczych.

Badania wszystkich podmiotow notowanych na GPW przeprowadzane na
podstawie danych pochodzacych z Notoria Serwis dla wybranych okreséw
w odniesieniu do rynku gtownego, rynku NewConnect oraz obu rynkow tacznie,
a takze z uwzglednieniem wielkoSci spotek przedstawiono m.in. w pracach
Witkowskiej i in. [2017, 2018 i 2019], Kolanko i Wisniewskiego [2020], Rogalskiej i
Wisniewskiego [2021], a takze [Kompa, Witkowska 2023] czy [Kompa, Wisniewski
2024]. Z badan tych wynika, ze w organach statutowych spotek gietdowych ciagle
przewazaja mezczyzni. Co prawda w latach 2010-2019 nastapit spektakularny wzrost
frakcji kobiet w radach nadzorczych (o0 49,6%) i niewielki (15,5-procentowy) wzrost
udziatu kobiet w zarzadach, ale o ile w pierwszym przypadku wzrost ten dotyczyt
rynku gléwnego GPW, o tyle w drugim byt on bardziej widoczny na NewConnect.
Kobiety w organach statutowych wcigz stanowig mniej niz 15% cztonkow zarzadow
i jedynie w przypadku spotek z NewConnect nieznacznie przekraczaja 20% sktadu
osobowego. Ktadziemy to na karb specyfiki rynku NC, gdzie notowane sg mate, czgsto
rodzinne firmy, ktorych kierownictwa obsadzane sa zazwyczaj cztonkami rodziny.

Udziat kobiet w zarzadzaniu firmami ma jednak ulec zasadniczej zmianie
wskutek uchwalenia przez Parlament Europejski w 2022 r. prawa o kwotach
w managemencie spotek publicznych. Zasadne wydaje si¢ zatem pytanie czy zmiana
ta przyczyni si¢ do poprawy wynikow finansowych polskich spotek gietdowych.

W konsekwencji, celem naszych badan jest zbudowanie punktu odniesienia
dla analiz implikacji nowego prawa rownosciowego w biznesie poprzez sprawdzenie
czy obecno$¢ kobiet w organach statutowych spoélek publicznych, nieprzerwanie
notowanych w latach 2010-2019 na Gieldzie Papieréw WartoSciowych
w Warszawie, wptywa na sytuacje firm, mierzong w wielowymiarowej przestrzeni
wskaznikéw finansowych. Analizami objeto spotki nalezace do portfeli indeksow
WIG20, WIG30, mWIG40 1 sWIG80 w catlym okresie badania wykorzystujac,
analogicznie jak w cytowanej literaturze, dane dostarczone przez Notoria Serwis.
Metodologicznie nawigzujemy do badan przedstawionych w pracy [Kompa,
Witkowska 2022, 47-58] i — korzystajac z tych samych danych? — kontynuujemy
badania wychodzac poza =zagadnienia klasyfikacji spotek pod wzgledem
efektywnosci finansowej. Istotnym novum prezentowanego badania jest
zastosowanie wielowymiarowych syntetycznych miar wektorowych do oceny zmian
standingu spotek w potaczeniu z analiza korelacji tych zmian z odsetkiem kobiet
w organach kierowniczych, z uwzglednieniu opodznienia pomiaru Struktury
managementu w stosunku do oceny sytuacji finansowej spotek.

! Wzmianka o tej zasadzie pojawita sie juz w 1957 roku w momencie tworzenia pierwszej
Wspdlnoty Europejskiej i podpisania Traktatu Rzymskiego [Kupczyk, 2009, s. 116].

2 https://www.researchgate.net/publication/363456465_Repozytorium_do_artykulu WEKT
OROWA_SYNTETYCZNA_MIARA_EFEKTYWNOSCI_FIRMY_DLA_POLSKICH_
SPOLEK_PUBLICZNY CH#full TextFileContent
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PRZEGLAD LITERATURY

Zapewnienie roéwnosci kobiet i mezczyzn w dostgpie do stanowisk
kierowniczych w gospodarce jest jednym z priorytetow Unii Europejskiej. Dobitnym
tego wyrazem jest przyjeta przez Parlament Europejski dyrektywa o parytecie pici
w kierownictwie spolek gietdowych®. W uzasadnieniu tego prawa twierdzi sie
m. in., ze wprowadzenie parytetu ptci zaowocuje lepszym zarzadzaniem, co przetozy
si¢ na wieksza rentowno$¢ biznesu i lepsza kondycje finansowa spolek. Teza ta nie
znajduje jednoznacznego rozstrzygnigcia w literaturze przedmiotu, pokazujacej
zarO6wno pozytywne, jak i negatywne zaleznosci pomiedzy obydwoma zjawiskami.

Szeroki przeglad takich badan omawiaja m. in. Campbell i Minguez-Vera
[2008], Carter i in. [2010], Joecks i in. [2013], Lesiewicz [2014], Post i Byron
[2015], Kompa i Witkowska [2017, 2018], Shabbir [2018], Sekeroglu i Acar [2019],
Witkowska i in. [2019]. Zwraca si¢ przy tym uwage [Carter i in. 2010] na dwie
zasadnicze przestanki dywersyfikacji menagementu. Po pierwsze, zespoty
zdywersyfikowane charakteryzuje szersze spektrum wyksztatcenia i doswiadczenia
oraz wigksza kreatywnos¢. W konsekwencji, zroznicowanie pogladéw cztonkoéw
organdw statutowych prowadzi do wigkszej liczby rozwigzan managerskich, chociaz
przyczynia si¢ jednoczesnie do wydluzonego czasu podejmowania decyzji
[Bohdanowicz 2010]. Po drugie, dobrze wyksztalceni pracownicy, o rozleglej
wiedzy 1 szerokich kompetencjach kognitywnych, sg niezaleznie od plci, rasy,
narodowosci, roznic kulturowych, etc. predysponowani do petnienia wysokich
funkcji kierowniczych. Wskazuje si¢ rowniez, ze zwigkszona liczba kobiet
w kierownictwie spotek jest dobrze postrzegana przez inwestorow, chociaz zdarzaja
si¢ powotania kobiet na stanowiska kierownicze wytacznie po to, by obarczy¢ je
wing za niepowodzenie organizacji — to zjawisko tzw. szklanego klifu, glass cliff,
opisane przez Ryana i Haslama [2007].

Badania dowodza, ze zarowno w $wiecie, jak i w Polsce kobiety w nierownym
stopniu uczestniczg w zarzadzaniu i podejmowaniu decyzji (por. [Kupczyk 2009;
Devillard i in. 2013]). Ponadto, kobiety na stanowiskach kierowniczych
w wiekszosci czuja si¢ dyskryminowane, poniewaz ich dostep do stanowisk jest
trudniejszy, mniej niz mezczyzni zarabiajg na tych samych stanowiskach i wolniej
awansuja. Niewiele z nich zauwaza poprawe w tym zakresie. Jednocze$nie wyrdznia
si¢ pewne cechy firm zarzadzanych przez kobiety réznicujace je wzgledem tych
kierowanych przez mezczyzn [Witkowska i in. 2019, s.179], chociaz wskazniki
przezywalno$ci dla firm zatozonych przez kobiety i me¢zczyzn sg zblizone.

Bogaty przeglad literatury omawiajacej z wielu perspektyw przestanki
wzmocnienia roli kobiet na wyzszych stanowiskach zarzgdzania w organizacjach
zamieszczono w pracach [Banno i in. 2021; Khatib i in. 2020]. Konkludujac,
argumenty uzasadniajagce dzieli sie na dwie grupy: spoteczne i ekonomiczne

3 Dyrektywa uchwalona 22.11.2022 r. okre$la tzw. parytety (kwoty), ktore powinny zostaé
osiggniete do 2026 1.
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[Campbell i Mingueza-Vera 2010; Bohdanowicz 2010; Post i Byron 2015]. Wsrod
argumentéw spotecznych wymieni¢ nalezy przede wszystkim dezyderat réwnego
traktowania, tj. zakaz dyskryminacji cztonkow organow statutowych ze wzgledu na
pte¢. Sposrod argumentéw ekonomicznych przemawiajacych za dywersyfikacja
organow statutowych wymienia si¢ zréwnowazony rozwo6j firm czy poprawe
wynikow finansowych implikowang zwigkszeniem si¢ frakcji kobiet. Pozytywny
wplyw udzialu kobiet w gremiach kierowniczych na wyniki firm potwierdzaja m.in.
Desvaux i in. [2007], Devillard i in. [2012], Curtis i in. [2012], a takze Terjesen i in.
[2016], Bennouri i in. [2018], Jyothi i Mangalagiri [2019], Khan i Subhan [2019].

Jednakze w literaturze pojawiaja si¢ rowniez opinie, wedtug ktérych udziat
kobiet we wtadzach nie ma istotnego wplywu na wyniki przedsiebiorstw (por.
[Farrel, Hersch 2005; Bianco i in. 2011; Banno i in. 2021]) lub wskazuja, ze jest on
wrecz negatywny (np. [Adams, Ferreira 2009; Eulerich i in. 2014; Nguyen i in 2020]
czy [Ahern, Dittmar 2012]). Ta ostatnia praca dotyczy zmian sytuacji w spotkach
norweskich po wprowadzeniu 40% parytetu kobiet w managemencie. Okazato sig,
ze wprowadzenie kwot spowodowato istotny spadek wartosci rynkowej spotek oraz
znaczny spadek wskaznika Q Tobina (relacji wartosci rynkowej firmy do warto$ci
odtworzeniowej jej aktywow) w kolejnych latach po wprowadzeniu kwot. Z Kolei
Bohdanowicz [2016] wykazal brak istotnego wptywu frakcji kobiet w radach
nadzorczych spotek niefinansowych (notowanych na GPW w Warszawie) na
wskaznik Q Tobina i ROA. Natomiast w przypadku odsetka kobiet w zarzadach
odnotowat brak oddziatywania na ROA oraz statystycznie istotny negatywny wptyw
na Q Tobina.

ORGANIZACJA BADANIA

Celem jest ocena wptywu obecnosci kobiet w organach statutowych na sytuacje spotek
notowanych na GPW w Warszawie w latach 2010-2019. W analizach uwzgledniono
90 spotek — 73 spotki niefinansowe i 17 spdtek finansowych, w tym 8 bankow, ktore
byty notowane przez caty okres objety badaniem, tak wiec analizowane spotki tworza
probe longitualng* [Kompa, Witkowska 2022]. Wybrane spotki stanowity 97,8%
spotek notowanych pod koniec grudnia 2010 r., ale jedynie 64,54% spotek
notowanych w 2019 r.

W kolejnych etapach badan wyznaczono frakcje kobiet w organach statutowych
dla wszystkich spotek i lat badania (na dzien 30.06. kazdego roku) i wartosci
wybranych wskaznikéw finansowych (stan na koniec roku) na podstawie raportow
i sprawozdan rocznych w latach 2010-2019, oraz skonstruowano syntetyczne

4 Dodatkowym warunkiem kwalifikacji spotek do analiz byla dostepno$¢ petnej informacji
0 sktadach organéw statutowych i o ich sprawozdaniach. Pierwotna baza danych zostata
utworzona przez A. Blaszczyk [2021] na podstawie zasobéw Nortoria Serwis.
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wektorowe mierniki do oceny spotek®. W zakresie przyjetych celow pracy
zastosowano dwie metody badawcze polegajace na sprawdzeniu:

(1) czy spotki o najmniej i najbardziej zréznicowanych, pod wzgledem udziatu
kobiet, organach statutowych r6znig si¢ istotnie wartosciami wybranych wskaznikow
finansowych — test Cochrana-Coxa, co rozstrzyga kwesti¢: czy udzial kobiet istotnie
wplywa na wartosci podstawowych wskaznikow finansowych;

(2) czy wystepuja korelacje liniowe pomigdzy odsetkiem kobiet w organach
kierowniczych, a standingiem finansowym firm, mierzonym syntetyczng miara
efektywnosci — wykorzystano wspotczynnik korelacji liniowej Pearsona i test jego
istotnosci.

Na potrzeby tego badania przyjeto, ze jesli dane zjawisko uznaje si¢ za
przyczyne innego, t0 przyczyna jest opozniona w stosunku do pomiaru zjawiska
0 6 lub 18 miesigcy. Innymi stowy przyjeto, ze wystepuje nastepstwo zdarzen
polegajace na wczesniejszej obserwacji odsetka kobiet w managemencie wzgledem
pomiaru sytuacji finansowej spotek. Zatem dodatnia korelacja obu zjawisk wskazuje
na pozytywny wptyw obecnosci kobiet w kierownictwie na sytuacje spotek.

Tabela 1. Wskazniki finansowe uzyte do badania bankow i wszystkich pozostatych firm

Zmienne diagnostyczne banki Rodzaj | Zmienne diagnostyczne pozostate | Rodzaj
Wskaznik kapitatu wlasnego S Wskaznik ptynnosci biezacej S
Wskaznik aktywéw przychodowych S Wskaznik ptynnosci szybkiej S
Produktywnos¢ majatku trwatego S Wskaznik ogdlnego zadtuzenia D
Koszty dziatania / Aktywa D Wskaznik rotacji naleznosci D
Koszty dziatania / Wynik na dziatalno$ci bankowej D Wskaznik rotacji zapasow D
Koszty dziatania / Dochody z dziatalnosci podstawowe;j D Wskaznik rotacji zobowigzan D
Wspotczynnik wyptacalnosci S Wskaznik rotacji aktywow S
Wskaznik ptynnosci MFW S EBITDA/aktywa S
Zmienne diagnostyczne wspolne Zmienne diagnostyczne wspolne
Mnoznik zysku P/E S Rentownos¢ aktywow S
Wskaznik P/BV S Wskaznik rentownosci netto S
Rentownos¢ kapitatu wlasnego S Marza zysku operacyjnego S

Uwaga: S, D — oznaczenia stymulant i destymulant

Zrédto: opracowanie wlasne

W prezentowanym badaniu zastosowano wektorowy miernik rozwoju VSME
omoéwiony w pracy [Kompa, Witkowska 2022] przyjmujac, ze kondycja firmy
w kolejnych latach analizy jest wyrazana warto$cig tej miary syntetycznej,
skonstruowanej w wielowymiarowej przestrzeni wskaznikow finansowych.

5 Przyktady wykorzystania w analizie spotek miernikow syntetycznych, opartych na
réznicowo  transformowanych  unormowanych  odleglosciach  taksonomicznych
ewaluowanych obiektéw od hipotetycznego wzorca, mozna znalez¢ m.in. w pracach:
[Tarczyfiski i Tarczynska-Luniewska 2018; Kompa 2018; Kompa, Witkowska 2018].
Jednakze stosowanie tych miar rozwoju do porownan obiektow w wieloletnich analizach
ma istotne ograniczenia, spowodowane koniecznos$cia wyznaczania wzorcow w kazdym
roku badania.
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Tabela 1 zawiera liste wybranych wskaznikow wraz z informacjg czy wskaznik ma
pozytywny czy negatywny wplyw na kondycje spoiki.

W zwigzku ze zréznicowaniem zestawu zmiennych, opisujacych spotki
0 r6znym rodzaju dziatalnosci, mierniki syntetyczne wyznaczono oddzielnie dla
bankdéw i dla pozostatych spotek z podziatem na spotki finansowe inne niz banki
oraz spotki niefinansowe, uzywajac po 14 zmiennych, a takze mierniki syntetyczne
dla wszystkich spotek na podstawie 6 wspolnych zmiennych. Mierniki wyznaczono
oddzielnie dla kazdego roku analizy 2010-2019 ze wsp6lnym wzorcem z pierwszego
roku badania. Czym warto$¢ miernika wigksza, tym sytuacja ocenianego obiektu jest
lepsza. Miara VSME jest odporna na wystepowanie obiektow lepszych od wzorca.
Moze by¢ zatem stosowana do danych przekrojowo-czasowych, bez koniecznosci
zmiany wzorca ustalonego w pierwszym podokresie badania, a obliczone wartosci
agregatow sg porownywalne w calym przedziale czasowym badania.

WYNIKI EMPIRYCZNE

Badania dotycza wptywu obecnosci kobiet w kierownictwie na wyniki
finansowe spotek. Na podstawie wyznaczonego odsetka kobiet na poszczegdlnych
stanowiskach w analizowanych spotkach (rys. 1) mozna zauwazyé¢, ze w ciggu
badanego dziesigciolecia nastgpil znaczacy wzrost frakcji kobiet zarowno
w zarzadach badanych spoétek (12%), jak i w radach nadzorczych (31%). Natomiast
obecnos¢ kobiet na najwyzszych stanowiskach tj. prezeséw zarzadow
i przewodniczacych rad nadzorczych jest w dalszym ciggu rzadkoscia i waha si¢ od
1 do 6 prezesek i od 5 do 10 przewodniczacych na 90 badanych spotek (czyli
odpowiednio od 1,1% do 6,7% oraz od 5,6% do 11,1%).

Rysunek 1. Obecnos¢ kobiet w organach kierowniczych badanych spotek

16%
15%
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13%
12%
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10%

9%

8%

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

eeeeeee Udziat kobiet wzarzadach ems e Udziat kobiet w radach nadzorczych o Udziat kobiet w obu organach

Zrodto: obliczenia wiasne
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Zarazem udziat kobiet w organach statutowych spotek finansowych jest wiekszy niz
w przypadku spoétek niefinansowych od 0,22 do 4,11 punktéw procentowych
w zaleznosci od roku badania. Oprocz tego, w calym badanym okresie odsetek
kobiet w kierownictwie mniejszy niz 10% zaobserwowano w % spotek finansowych
i niemal 2 spélek niefinansowych. Natomiast przynajmniej 20% udziatl kobiet
w managemencie dotyczy Y spotek finansowych i tylko nieco ponad /s spotek
niefinansowych. Wsrod spotek publicznych znalazto si¢ 7 takich, ktore nie miaty
zadnej kobiety w organach statutowych w ciggu catego dziesigciolecia (spo$rod nich
sze$¢ to spolki niefinansowe).

Porownanie wskaznikow finansowych spoélek o krancowym zréznicowaniu
udzialu kobiet w organach zarzadczych

Sposrdd analizowanych spotek wyrdzniono grupe spotek, w ktorych obecnosé
kobiet jednoczesnie w obu organach statutowych (biorac pod uwage tacznie wszystkie
lata badania) byta ponizej 10% oraz te, ktore charakteryzowaty si¢ odsetkiem kobiet
20% i wigcej. Wyrdzniono w ten sposob 38 spotek nalezacych do pierwszej grupy i 17
nalezacych do grupy drugiej, z czego odpowiednio 34 i 13 bylo spoétkami
niefinansowymi. Dla obu grup spoétek i wszystkich lat badania wyznaczono $rednie
warto$ci czesto uzywanych w badaniach wskaznikéw finansowych tj. ROE, ROA,
ROS, P/E i P/BV, a nastgpnie poréwnano czy wyniki osiagane przez spolki o bardziej
zroznicowanym kierownictwie istotnie roznig si¢ od tych, w ktorych organy statutowe
sg malo zréznicowane. Wykorzystano test rownosci dwoch $rednich z poprawka
Cochrana-Coxa. Statystyki testowe wyznaczono oddzielnie dla spotek finansowych,
niefinansowych 1 wszystkich razem, dla kazdego roku oraz dla catego okresu.

Tabela 2. Statystyki t-Studenta dla testu rownosci dwoch srednich wybranych wskaznikow
finansowych dla proby badanych spétek niefinansowych (NFin) i proby
(Ogotem) wszystkich firm

L P/E | P/BV | ROA | ROS | ROE
wskazniki ————
Kategoria spotki
Rok NFin | Ogotem | NFin | Ogétem | NFin | Ogotem | NFin | Ogélem | NFin | Ogoétem

2010 1,1890 | 1,0845 | -3,1174 | -0,2156 | -0,1431 | 0,5227 | -5,5917 | -1,2279 | -0,1085 | 0,9643
2011 1,0243 | 0,9093 | -3,2786 | -0,7969 | 0,2246 | 0,2177 | 2,7350 | 0,6269 | 0,4670 | 0,6775
2012 -0,6678 | -0,5899 | -2,1194 | -0,7063 | 2,8630 | 1,7568 | 3,7572 | 0,8820 | 5,4530 | 1,8592
2013 -1,2650 | -1,3253 | -0,0816 | -0,1344 | 1,2135| 0,8694 | 4,3315| 1,0149 | 4,6215| 1,0948
2014 -3,0931 | -0,9425 | -0,8644 | -0,1754 | 0,9426 | 1,1396 | 4,3090 | 0,9974 | 25234 | 1,6602
2015 -1,0631 | -0,8813 | -1,6570 | -0,3211 | -1,8990 | -0,3935 | 0,0988 | 0,0539 | -1,7038 | 0,0299
2016 -4,5297 | -1,0284 | -0,9230 | -0,3239 | -1,9212 | -0,7984 | -6,6576 | -1,4907 | -0,5374 | 0,4895
2017 0,8862 | 0,9453 | 0,0347 | 0,5619 | -1,4366 | -1,6883 | -8,2657 | -1,8738 | -0,5187 | -0,6915
2018 0,9074 | 0,9032 | 0,6803 | 0,6190 | -1,2389 | -0,1052 | -7,6883 | -1,7192 | -0,7630 | 0,7120
2019 1,9492 | 0,4001 | 0,0433| 0,1284 | 3,0881 | 0,9074 | -4,9146 | -1,1431 | -2,0271 | -0,7354
2010-2019 | -0,3544 | -0,3984 | -1,7459 | -0,7295 | -0,0730 | 0,6811 | -1,1198 | -0,7464 | 0,6364 | 0,7946

Pogrubiong czcionkg oznaczono odrzucenie hipotezy zerowej na poziomie istotnosci 0,05;

Zrbdlo: opracowanie wlasne

Jak wida¢ w tabeli 2, statystycznie istotne roznice warto$ci Srednich obu grup
spotek odnotowano jedynie w 26% przypadkow. Przy tym 25 odrzucen hipotezy
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zerowej wystapito dla wspotczynnikow spotek niefinansowych i tylko 4 przypadki
odrzucen, kiedy badano wszystkie spotki. Wynika to z faktu, ze wsrdd spotek
niefinansowych czgsciej (np. w 15 przypadkach na 25 istotnych réznic migdzy
srednimi) wykazano nizsze wartosci wskaznikow finansowych generowanych przez
spotki, w ktorych w badanym okresie bylo 20% i wigcej kobiet w organach
statutowych niz w spotkach o odsetku kobiet w tych organach do 10%. Natomiast
spolki finansowe wykazywaly czeéciej sytuacje odwrotng®. Roznice w osigganych
wynikach w catym okresie badania 2010-2019 sa nieistotne na poziomie a = 0,05,
z wyjatkiem wskaznika P/BV w przypadku spotek niefinansowych oraz wskaznika
rentownosci sprzedazy (ROS) w przypadku spdlek finansowych. W analizach
prowadzonych dla kazdego roku oddzielnie, istotnie lepsze wyniki osiggane przez
spoltki 0 zréznicowanym Kierownictwie odnotowano w 12 przypadkach (w tym 10
obserwacji w spotkach niefinansowych dla ROE, ROS i ROA oraz 2 dla wszystkich
uwzglednionych w tym badaniu spétek dla ROA i ROE). Natomiast istotnie gorsze
w 15,5% wykonanych testow. Trudno jest zatem twierdzi¢, ze zroznicowane organy
statutowe istotnie lepiej/gorzej zarzadzaja spotkami.

Whplyw frakeji kobiet w managemencie na ocene sytuacji finansowej spoltek

W dalszym postepowaniu analizowano wystepowanie korelacji migdzy
obecnoscig kobiet w organach statutowych spotek gietdowych a ich standingiem
finansowym, mierzonym wektorowymi miernikami syntetycznymi [Kompa,
Witkowska 2022; 2023]. Uwzgledniono przy tym potroczny i pottora-roczny odstep
pomiedzy pomiarem frakcji kobiet a pomiarem wskaznikéw finansowych. Badania
realizowano na poziomach obu zmiennych ni;— frakcja kobiet, VSMDj; — warto$¢
wektorowej miary efektywnosci finansowej oraz na ich przyrostach bezwzglednych
i wzglednych’ tj. dinik = (it — Nig-y); diVSMDic = (VSMDit — VSMDj.1)) oraz
d2VSMD;it = d1VSMD:it /VSMDit.1). Wyniki zestawiono w tabelach 3-7.

Analiza wynikéw z tabel 3 i 4 jednoznacznie wskazuje na brak zaleznosci
miedzy oceng kondycji finansowej spotek a frakcja kobiet w ich organach
statutowych. Jedynie bowiem w 6,3% przypadkow obliczone wspotczynniki korelacji
liniowej Pearsona byty statystycznie istotnie rozne od zera. Przy tym ujemna korelacja
wystapita jedynie dla spotek niefinansowych (w 4 przypadkach na 11).

® Pominieto analize sytuacji w spotkach finansowych w kolejnych latach, poniewaz w kazdej
grupie spotek bylo ich po 4. Wyniki dla tych spotek w 10-letnim okresie badania zawarto
w pracy [Kompa, Witkowska, 2023].

" Wspélczynniki korelacji obliczano dla takiej samej formy reprezentacji obu zjawisk.
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Tabela 3. Wspolczynniki korelacji liniowej Pearsona pomiedzy frakcja kobiet a efektyw-
noécig finansowa obliczone dla wszystkich 90 spotek i 73 spotek niefinansowych

Okres pomiaru zmiennych Miary efektywnosci finansowej i ich przyrosty bezwzgledne
opisujacych frakcje kobiet VSMD;, d,VSMD;, VSMD;, d,VSMD;,
t t t+1 t t+1 t t+1 t t+1
Wszystkie spotki Spotki niefinansowe
2010 -0,0616 | 0,0316 -0,0522 | 0,0586
2011 0,0461| 0,0616 | -0,1546 | -0,0007 | 0,0089 | -0,0712 | -0,2085 | -0,0498
2012 0,0412 | 10,0402 0,0432 | -0,0431| -0,0363| 0,0018| 0,0732 | -0,2270
2013 0,1498 | 0,2135 0,0462 0,0835| 0,1729 | 0,0868 | 0,0264 | -0,1877
2014 0,1302 | -0,0051 | -0,1018 0,0236 | -0,0036 | -0,0508 | -0,2286 | 0,0617
2015 0,0174 | -0,0163 | -0,0217 | -0,0348 | -0,0240 | -0,0463 | -0,0286 | 0,0020
2016 0,0142 | -0,1137 0,0322 | -0,0639 | -0,0647 | -0,1043| 0,0123 | 0,1301
2017 -0,1457 | -0,0963 0,0267 0,0767 | -0,1032 | -0,0969 | 0,0080 | 0,1116
2018 -0,0354 | -0,0324 0,0541 | -0,1592 | -0,0880 | -0,0467 | 0,0718 | -0,1495
2019 -0,0150 0,0013 -0,0455 0,0365
2010-2019 0,0068 | 0,0018 | -0,0194| -0,0251| -0,0260 | -0,0336 | -0,0289 | -0,0471

Pogrubieniem oznaczono odrzucenie hipotezy zerowej na poziomie istotnosci o = 0,05;
d1VSMDit = (VSMDit —VSM Di(t—l))

Zrodto: opracowanie wlasne

Tabela 4. Wspodlczynniki korelacji liniowej Pearsona pomigdzy frakcja kobiet a efektyw-
noscia finansowa obliczone dla spolek finansowych

Okres pomiaru zmiennych Miary efektywnosci finansowej i ich przyrosty bezwzglgdne
opisujacych frakcje kobiet VSMD,, d,VSMD,, VSMD,, d,VSMD,,
t t | t | 1 t |t t | t+l
Banki Spotki finansowe pozostate
2010 0,2249 | -0,4342 0,1769 | 0,2815
2011 -0,3762 | 0,1811 | 0,2510 | -0,1401 | 0,1241 | 0,2116 | -0,3248 | 0,6154
2012 -0,2369 | 0,2013 | -0,1798 | 0,9083 | 0,1336 | -0,0445 | -0,2727 | 0,0846
2013 0,0637 | 0,0726 | 0,0106 | 0,6315 |-0,2087 | 0,0086 | -0,2134 | 0,5858
2014 0,5895 | 0,5103 | -0,1530 | -0,1627 | 0,1940 | 0,3966 | 0,1425 | 0,0336
2015 0,6298 | 0,6034 | 0,3633 | 0,5402 | 0,3014 | 0,0774 | -0,0099 | -0,1629
2016 0,3164 | 0,2761 | -0,3738 | 0,2992 | 0,1753 | -0,1811 | 0,4628 | 0,0105
2017 -0,0706 | -0,4328 | 0,4952 | 0,4718 |-0,3495| 0,1680 | 0,0154 | 0,0040
2018 -0,3168 | -0,0900 | 0,2435 | 0,3596 | 0,1783 | -0,3279 | 0,0653 | -0,2302
2019 -0,3540 -0,3243 -0,3727 -0,2365
2010-2019 0,0756 | 0,01145 | -0,0032 | 0,1141 | 0,0099 | 0,0169 | -0,0463 | -0,0017

Pogrubieniem oznaczono odrzucenie hipotezy zerowej na poziomie istotnosci o = 0,05;

Zrbdlo: opracowanie wlasne

W bankach udziat kobiet w obu organach statutowych w calym okresie badania
zawieral si¢ w przedziale od 7% do 21% dla poszczegolnych spotek, dla pozostatych
spotek finansowych od 0 do 56%, a dla spétek niefinansowych od zera do 44%. Przy
czym $rednie odsetki kobiet w tych trzech grupach spotek wyniosty odpowiednio 15%,
17,3% i 11,6%. Jak zatem wida¢ odsetek kobiet w organach statutowych spolek
niefinansowych byt najmniejszy.
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Tabela 5. Wspolczynniki korelacji liniowej Pearsona pomiedzy frakcja kobiet a efektyw-
noscig finansowg obliczone dla wszystkich spotek o niezerowym udziale kobiet
w Kierownictwie w latach 2012-2018 (44 sp6tki)

Okres pomiaru zmiennych Miary efektywnosci finansowej oraz ich przyrosty bezwzgledne i wzgledne
opisujacych frakcje kobiet VSMD,, d,VSMD,, d,VSMD,,
t t t+1 t t+1 t t+1
2012 0,2106 0,3526
2013 0,4206 0,4237 0,1114 0,2735 0,1472 0,0482
2014 0,3361 0,0866 -0,1057 -0,0560 -0,0109 -0,0513
2015 0,1223 0,1805 0,1088 -0,1069 0,0960 -0,2059
2016 0,1012 -0,0615 0,0890 0,1397 0,2276 0,0030
2017 -0,0650 -0,0617 -0,0429 0,2572 -0,1555 -0,0302
2018 0,0277 -0,0412 0,0999 -0,2229 | -0,1093 -0,0075
2019 -0,1003 -0,0403 0,1710
2012-2019 0,1119 0,1040 0,0341 -0,0017 0,0362 -0,0412

Pogrubieniem oznaczono odrzucenie hipotezy zerowej na poziomie istotnosci o.=0,05;
d1VSMD;; = (VSMDit - VSM Di(t—l)); d2VSMD;; = d1VSMD;: /VSM Di(t—l)

Zrodto: opracowanie wlasne

Wyniki zawarte w tabelach 5 i 6 dotycza zbiorow danych, utworzonych
wskutek eliminacji spotek, w ktorych nie byto kobiet (tacznie) w obu organach
statutowych przynajmniej w jednym roku badania. Jak wida¢ pominigcie spotek,
W ktorych kobiety byly nieobecne w kierownictwie przyczynilo sie do wzrostu
liczby dodatnich istotnych korelacji, z jednej (w 2013 r.) w tabeli 3 do 6 w tabeli 5
(w latach 2012-2014 i 2017 r.) i do 15 w tabeli 6 (w latach 2010-2015 i 2017 r.).

Tabela 6. Wspodlczynniki korelacji liniowej Pearsona pomigdzy frakcja kobiet a efektyw-
noscig finansowa obliczone dla wszystkich spotek o niezerowej frakcji kobiet
w kierownictwie w latach 2010-2019 (34 sp6tki)

Okres pomiaru zmiennych Miary efektywnosci finansowej oraz ich przyrosty bezwzgledne i wzgledne
opisujacych frakcjg kobiet VSMD;, d,VSMD;, d,VSMD;,
t t t+1 t t+1 t t+1
2010 0,4568 0,4980
2011 0,5675 0,3674 0,0167 -0,1661 0,4110 0,0439
2012 0,2421 0,4491 0,0053 -0,1181 -0,0535 0,0628
2013 0,5173 0,5152 0,1087 0,3562 0,2485 0,0477
2014 0,4420 0,3310 -0,0931 -0,0563 0,0415 0,0174
2015 0,3903 0,3696 0,2938 -0,1030 0,1682 -0,2290
2016 0,2259 -0,0024 0,0706 0,1400 0,2338 -0,0323
2017 0,0140 -0,0563 -0,0100 0,3097 -0,0778 -0,0497
2018 0,0806 -0,0911 0,1470 -0,3068 -0,1105 -0,1206
2019 -0,1933 0,0199 -0,0355
2010-2019 0,2671 0,2566 0,0422 -0,0228 0,0448 0,0284

Pogrubieniem oznaczono odrzucenie hipotezy zerowej na poziomie istotnosci o.=0,05;

Zrodto: opracowanie whasne
Pojawila si¢ tez jedna obserwacja wskazujaca na negatywny wplyw zmiany
odsetka kobiet w 2018 r. (w stosunku do roku poprzedniego) na wynik finansowy.



Istotny wptyw kobiet w managemencie na wyniki ... 53

Z analizy wynika, ze wybranie spotek, w ktorych kobiety sa obecne w organach
statutowych w catym okresie badania wskazuje na ich pozytywny wptyw na standing
spotki znacznie czesciej niz uwzglednienie w badaniu wszystkich spotek.

Tabela 7. Wspodtczynniki korelacji liniowej Pearsona pomig¢dzy frakcja kobiet a efektywn-
o$cig finansowsg obliczone dla 13 spotek o frakeji kobiet w kierownictwie >20%

Okres pomiaru zmiennych Miary efektywnosci finansowej i ich przyrosty bezwzgledne
opisujacych frakcj¢ kobiet VSMD;, d,VSMD;,
t t t+1 t t+1
2010 0,3123 0,4719
2011 0,5326 0,3952 0,0992 -0,0760
2012 0,1302 0,4833 0,0425 -0,3034
2013 0,4885 0,5225 0,1203 -0,3140
2014 0,4444 0,3431 0,0173 0,4166
2015 0,4825 0,5285 -0,3227 0,1037
2016 0,3915 -0,1526 -0,2836 0,0914
2017 -0,2415 -0,1572 0,1220 0,2803
2018 0,1387 -0,2642 -0,0035 0,1313
2019 -0,2773 0,3810
2010-2019 0,2597 0,2372 0,0241 -0,0369

Pogrubieniem oznaczono odrzucenie hipotezy zerowej na poziomie istotnosci a=0,05

Zrodto: opracowanie wlasne

Analiza korelacji poziomow obu zjawisk dla spotek o przynajmniej 20%
frakcji kobiet w kierownictwie (tabela 7)8, pokazuje identyczne tendencje jak
w przypadku 34 spotek o zerowych frakcjach kobiet. Natomiast, bioragc pod uwage
przyrosty zmiennych, w obu zbiorach tendencje si¢ nie pokrywaja, a w latach 2013
12015 sg wreez o kierunku przeciwnym.

PODSUMOWANIE

Omawiane wyniki badan dotyczacych wptywu obecnosci kobiet w organach
statutowych na wyniki finansowe spotek wykazuja brak istotnych zaleznosci
mig¢dzy badanami zjawiskami w 81,7% przebadanych przypadkow. Warto przy tym
odnotowaé, ze statystycznie istotne dodatnie zalezno$ci odnotowano w 12,7%,
a ujemne w 5,5% przeprowadzonych testow. Przy czym badania realizowane byty
zar6wno na poziomach, jak i na przyrostach zmiennych. W konsekwencji teze
postawiong w tytule rozstrzygamy jako nieprawdziwa — nie potwierdzono istotnego
wplywu udzialu kobiet w managemencie spotek gietdowych w Polsce na wyniki
finansowe tych spotek.

Nasze badanie wpisuje si¢ w Swiatowe trendy badawcze, uzupetniajac je
o wlasne koncepcje standaryzacji pomiaru wptywu udzialu kobiet w zarzadach

8 jesli pod uwage brany byl caty okres badania, ale byty lata, kiedy kobiet w managemencie
nie byto.
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spotek publicznych na kondycje finansowa tych spodtek oraz 0 nowatorskie podejscie
do pomiaru standingu przedsigbiorstw. Stanowi zarazem baze odniesienia dla
poréwnan zmian implikowanych nowym prawem réwnosciowym UE po roku 2026.
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THE SIGNIFICANT IMPACT OF WOMEN ON THE COMPANIES'
FINANCIAL PERFORMANCE. TRUE OR FALSE ON THE POLISH
CAPITAL MARKET

Abstract: The purpose of the study is to check whether the presence of women
in the authorities of public companies affects their financial performance. The
study covered companies continuously listed on the Warsaw Stock Exchange
in 2010-2019. The structure of the management was determined as of 30.06.
of the following years, and the assessment of the financial standing of the
companies at the end of the calendar year. Multidimensional synthetic vector
measures were used to assess the standings of the surveyed companies and
their correlations with the percentage of women in statutory bodies were
examined. The results do not confirm the positive correlation between the
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increase in the percentage of women in statutory bodies and the financial
performance of the companies.

Keywords: women in statutory bodies, public companies, women and
financial performance, multivariate comparative methods

JEL classification: C38, G38, L25, M14
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Abstract: In line with new international financial supervision directives
(IFRS9), banks should look at a new set of analytical tools, such as machine
learning. The introduction of these methods into banking practice requires
reformulation of business goals, both in terms of the accuracy of predictions
and the definition of risk factors. The article compares methods for selecting
variables and assigning "importance™ in statistical and algorithmic models. The
calculations were carried out using the example of financial data classification
for loan default. The effectiveness of various machine learning algorithms on
selected sets of variables was compared. The results of the analyzes indicate
the need to revise the concept of the "importance™ of a variable so that it does
not depend on the structure of the model.

Keywords: variable selection, machine learning, variable importance
JEL classification: C45, C52, C55

INTRODUCTION

Classical statistical methods have had well established model selection
measures and variable significance tests for decades now. Model selection can be
done based on AIC or BIC criteria. On other hand variable significance can be
obtained in machine learning models.

Machine learning models are better suited for large data sets with many
observations.
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In this paper we present the application of different methods for variable
selection using a loan defaults dataset with 88 variables as an example. Our aim is
to present and apply contemporary variable selection methods in an economic
context and compare it with classical statistical approach. We show the application
of methods such as LASSO, Ridge or recursive feature elimination, and the
determination of variable importance in algorithmic models: Random Forests,
Gradient Boosting, XGBooost and Neural Networks (NN). We also investigate the
impact of the number of observations on the variable selection process. For the
resulting sets of variables, we compare the effectiveness of the algorithmic methods
and logistic regression. In the first section of the paper, we present different ways of
selecting variables for the model, together with a review of the literature on this
issue. In the second section, we describe the data. In the third chapter, we present
computational results on both the selection of variables and the performance of the
machine learning models on the considered sets of variables. The last chapter is
devoted to conclusions and a summary.

The calculations were performed in Python ver. 3.9.

METHODS

Variable selection related to data dimension reduction is crucial. It allows the
elimination of irrelevant, redundant variables, avoids overtraining the model,
increases computational speed and allows better interpretation of results. There are
many strategies of variable selection and an overview of them can be found in
numerous publications (see [Bag et al. 2022, Li et al. 2017; Pudjihartono et al. 2022;
Jiaetal. 2022; Zebari et al. 2020, Sauerbrei et al. 2020]). The methods can be divided
into methods related to the data model so-called wrapper methods (e.g. recursive
feature elimination, heuristic methods) or embedded methods (Random Forests,
LASSO, Ridge Regression) [Lal et al. 2006] and model-independent filtering
methods [Sanchez-Marofio et al. 2007; Hopf 2021] e.g. based on variable correlation
or mutual information (MI) measures [Vergara 2014; Gajowniczek et al. 2022].

Statistical modelling

Hypothesis testing is the most common criterion for variable selection in
practical statistical modelling problems. Iterative testing of models is performed
through forward selection or backward selection algorithms, depending on whether
one starts with an empty model or a model with all variables that can be considered.
While significance criteria are typically used to include or exclude variables from a
model, information criteria focus on selecting a model from a set of plausible models.
Including more variables in the model increases the fit of the model. Unfortunately,
such afit is not always desirable, as it leads to an increase in fitting error. Information
criteria have been developed to avoid this apparent fitting effect leading to the
selection of more complex models. For example, AIC or BIC statistics are used as
information criteria.
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Variable selection can also be carried out using a strategy based on the so-
called regularisation operator (LASSO), which involves imposing additional
conditions on the error function when calculating regression coefficients [Hastie et
al. 2008; Hastie et al. 2015, p. 32]. LASSO models are widely used in multivariate
problems. Regression coefficients estimated by LASSO procedures are biased but
may have a smaller mean square total error than by conventional estimation. Because
of the loading, their interpretation in explanatory or descriptive models is difficult,
and confidence intervals based on resampling procedures such as bootstrap do not
reach their stated nominal level [Taylor, Tibshirani 2015].

Variable selection in algorithmic modelling

In the case of algorithmic models, dedicated ways of assigning importance to
predictor variables are created. [Elith et al 2008; Adler, Painsky 2022]. Values that
measure the weights of variables help in the interpretation of the data, as well as
ranking the variables and facilitating the selection of variables into the model. Within
machine learning models such as Decision Trees, Random Forests, Gradient
Boosting, XGBoost or LightGBM variable importance is measured based on the
number of times a variable is selected for a split [Elith et al 2008; Ben Jabeur et al
2023]. CatBoost [Dorogush et al. 2017; Ostroumova et al. 2018] is a relatively new
tree based algorithm that has been designed to deal with categorical features. Unlike
other tree based algorithms, it does not require categorical features to be one-hot-
encoded. As a result it enables easier interpretation of feature importence. Within
algorithmic modelling, we can also use one of the wrapper methods, recursive
feature elimination (RFE). In this method, smaller and smaller subsets of variables
are considered, the least important variables are removed from the current set based
on a measure of importance, until a predetermined number of variables is reached
[Kohavi, John 1997; Priyatno et al. 2024]. The approach can however be
computationally expensive. For neural networks, one way to select variables is the
VIANN method based on a modification of Welford's algorithm [De Sa 2019]. To
assess the validity of the variable xg, we use a measure based on the averaged
variance of the changes in the weights-parameters of the first hidden layer network
connected to the input variable xg throughout the back-propagation process. This
means that the final validity score of the variable will depend on both the final
weights-parameters and the variance of them during training. It is assumed that the
more the weight w(, 1,y of the connection (a, b) varies during the learning phase, the
greater the importance of node a in the prediction process. Using VIANN, we need
to determine at which learning stages we update the variance. Several options can be
considered, due to iteration (after each batch), per epoch or user-defined interval. For
simplicity in the paper, we update the variance of the weights at each epoch. Feature
importance ranking (FIR) for deep learning models has been described in [Wojtas,
Chen 2020].
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In addition to the way variables are selected within machine learning methods,
there are also hybrid methods that, for example, combine filtering methods with
methods based on machine learning approach. Recently, heuristic methods for
selecting variables for the model have been used for large sets [Jia et al. 2022].

We will use a hybrid model in our work. We will first eliminate highly
correlated variables, quasi-constant variables and variables with high VIF. For the
remaining continuous variables, we will select variables using the LASSO method
and Ridge Regression in Logistic Regression. Logistic Regression enables
regularization that helps to avoid overfitting and can be used for variable selection
similarly as it is in linear regression. We also calculate the importance of variables
in common machine learning models.

DATA DESCRIPTION

In the research we have used a loan defaults dataset. The set contained 155
572 observations, among them 15802 defaulted. The observations were described by
88 continuous variables. Among the variables 15 were created artificially and had
no impact on the target variable Default. The following subsets were used for the
calculations:

e Set 1: 250 observations

e Set 2: 500 observations

e Set 3: 1000 observations.
For each set seperately relevant, i.e., influencial features were searched for.

RESULTS

There were 88 continuous variables in the database. In a first step, correlated
variables were eliminated, taking a threshold value of 0.9. Variables with a high VIF
were also removed, taking a threshold value of 20. Also quasi-constant variables
were removed. The remaining variables were taken for further analysis. Further
variable selection was done using machine learning methods and also using L1
regularisation (LASSO) and L2 regularisation (Ridge regression, Ridge) in logistic
regression, which are embedded methods. The importance of variables was
determined by machine learning methods, i.e. using Random Forest (RF), XGBoost
algorithm (XGB), Gradient Boosting (GB) and Neural Networks (NN). As a result
of a preliminary elimination of correlated variables, varaiables with low variability
(quasi-constants), and variables with high VIF, we have obtained the following sets
of features: for Set 1 there were 57 explanatory variables distinguished, for Set 2
there were 58 explanatory variables left and for Set 3 there were 49 explanatory
variables left.
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Statistical feature extraction

A logistic regression model was built for each set of variables in turn, taking
into account the Firth correction [Firth 1993; Puhr et al. 2017] for sets 2 and 3.
Forward selection for Set 1 performed for 57 distinguished variables left hardly 3
significant variables. The results are shown in Table 1. The AUC for this model is 1
which indicates perfect classification.

Table 1. Results of logistic regression performed for Set 1

Summary of Forward Selection
Effect Number | Score Chi- .
Step Entered DF In Square Pr > ChiSq
1 x38 1 1 155.701 <0.0001
2 %39 1 2 87.8676 | <0.0001
3 X34 1 3 6.2232 0.0126

Source: own calculations

Model built for x38 and x39 with Firth correction provided the following
results with AUC=0.9988.

Table 2. Results of logistic regression for selected variables in Set 1

Analysis of Penalized Maximum Likelihood Estimates
. Standard Wald .
Parameter DF Estimate Error | Chi-Square Pr > ChiSq
Intercept 1 -12.4444 4.3187 8.3033 0.004
x38 1 1.3209 0.5184 6.4918 0.0108
x39 1 0.9806 0.381 6.6251 0.0101

Source: own calculations

Logit function is of the form g(x) = —12.4444 + 1.3209x35 + 0.9806x39
The probability of default for client with relevant values of x38 and x39 can
be evaluated as
exp(g(x))
1+exp(g(x))’
exp(B;) = exp(1.3187) = 3.75. This value has an economic interpretation.
Namely, the increase of x38 by one unit increases the odds of default almost 4 times.
Model built for Set 2 with 58 variables with Firth amendment provided results
presented in Table 3. Only 2 variables were significant. Area under the ROC curve
for Set 2 was 0 0.9930, which is very good.

m(x) =
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Table 3. Results of logistic regression for selected variables in Set 2

Analysis of Penalized Maximum Likelihood Estimates
. Standard Wald .
Parameter | DF Estimate Error Chi-Square Pr > ChiSq
Intercept 1 -6.732 0.9399 51.2996 <0.0001
x38 1 0.2424 0.0723 11.2429 0.0008
x39 1 1.0281 0.165 38.8434 <0.0001

Source: own calculations

Model built for Set 3 with 49 variables with Firth amendment provided results
presented in Table 4. Only 3 variables were significant. For Set 3 AUC was 0.9859.

Table 4. Results of logistic regression for selected variables in Set 3

Analysis of Penalized Maximum Likelihood Estimates
Parameter DF Estimate Standard _Wald Pr > ChiSq
Error Chi-Square
Intercept |1 -7.1704 0.7583 89.42 <0.0001
x38 1 0.3636 0.0799 20.7128 0.0001
x39 1 0.4793 0.126 14.4618 <0.0001
x40 1 0.4716 0.1065 19.6009 <0.0001

Source: own calculations
Feature selection by machine learning methods

Preliminary selection left quite large numbers of variables for each set.
Therefore, we have performed regularization methods to decrease the numbers of
features for further selection. We have also calculated feature importance for
preliminary selected sets of features, using Random Forests, Gradient Boosting,
XGB and Neural Networks.

Set 1

L1 selection (LASSO) with C=2 distinguished variables x3, x27, x34, x38,
x39, x53, varll and L2 (Ridge) with C=0.01 distinguished: x8, x23, x24, x25, x29,
X34, x43, x44, x46, x48, x52, x55, x56, x57, x59, varl, var2, var4, var5, var7, var8,
varll, varl2, varl3, varl4, varl5. The hyperparameter C has been tuned. For a
selected value C=1.5 the following features were extracted: x3, x8, x12, x23, x24,
X27, X29, x34, x38, x39,x51, x52, x59, var3, varl0, varll, varl2, varl3,varl4. The
features that appear in each selected set are x38 and x39.

Set 2

L2 selection with C = 0.01 distinguished the following set of features x8, x20,
X23, X24, x25, x30, x34, x39, x40, x43, x44, x51, x54, x56, x57, x59, var4, var7,
var9, varll, varl2, varl3. L1 selection with C=0.1 distinguished x8, x23, x34, x38,
x39, x40, x54, x57, x59.
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Set 3

L2 (Ridge regularization) with hyperparameter C=1.5 distinguished the
following features: x3, x8, x13, x23, x28, x38, x39, x40, x54, varl1, varl3. L1 with
C = 0.01 selected the following features: x23, x34, x38, x39, x40, x43, x44, x54,
x57, x59. The features that appear in each selected set are x38, x39 and x40.

We have performed recursive feature elimination for Random Forests. The
number of features to be slected was set to 5. The results are shown in Table 5.
Feature x38 and x39 appear in each selected set.

Table 5. Features selected by Recursive feature elimination

Setl Set 2 Set 3

RFE | x34, x38, x39, x52, var3 | x38, x39, x40, x46, x54 X23, x38, x39, x40, x54

Source: own calculations

Features distinguished by calculating feature importance in the most popular
machine learning algorithms are presented in Table 6. Feature x38 and x39 appear
in each set. Additionally, x40 appears in each set for Set 2 and Set 3.

Table 6. Features distinguished by calculating feature importance

Method Setl Set2 Set3

RF x54, x52, x53, x42, x39, x38 | x42, x38, x39, x40 x42, x39, x38, x40

GB x53, x39, x38 x38, x39, x40, x44, x46 | x38, x39, x40

XGB | x38, x39 x38, x39, x40, x44, x46 | x40, x39, x19, x44, x38

Source: own calculations

Table 7. First 10 features distinguished by calculating relative feature importance in NN

Setl Set2 Set3
Relative Relative Relative
Name Name Name

Importance Importance Importance
1 x39 1.0 x39 1.0 x40 1.0
2 x38 0.77 x40 0.75 x38 0.95
3 x19 0.35 x38 0.73 x39 0.85
4 x5 0.27 x18 0.31 x67 0.18
5 x27 0.26 x27 0.29 x34 0.17
6 x18 0.25 X7 0.22 x52 0.15
7 X9 0.24 x5 0.16 x48 0.15
8 x20 0.23 varll 0.16 x3 0.12
9 x47 0.19 var9 0.16 varll 0.12

10 varll 0.19 X3 0.15 x60 0.12

Source: own calculations

Each of the machine learning methods used distinguished different variables,
although some variables, e.g., x38 and x39, are repeated in each ranking. It is worth
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stressing that machine learning methods also distinguished simulated variables (var),
although they appear at the end of rankings.

Finally, selected machine learning models performance in terms of accuracy
was compared. We have applied Logistic Regression (LR), Random Forests (RF),
Gradient Boosting (GB), XGBoost, AdaBoost (AB) and Extra Trees (ET). The
results are shown in Table 8. The performance of various models is different on each
data set. There is no best model for each set, although ExtraTrees (ET) have the best
accuracy for Set 1 and Set 3. One can however notice, that Logistic Regression
treated as a machine learning model exhibits the worst performance in all cases.

Table 8 Classification results in terms of accuracy of methods performed for various sets of

variables
Set 1l Set 2 Set3
Variables x34, x38, x39 x38, x39, x40, x46, x54 | x23, x38, x39, x40, x54
Accuracy STD Accuracy STD Accuracy STD
LR 0.935 (0.1026) 0.9525 (0.0425) 0.96 (0.0236)
RF 0.985 (0.0229) 0.9775 (0.0284) 0.9813 (0.0151)
GB 0.98 (0.0245) 0.9675 (0.0372) 0.98 (0.0139)
XGB 0.97 (0.04) 0.9725 (0.0261) 0.9788 (0.0148)
AB 0.985 (0.0229) 0.97 (0.0312) 0.9738 (0.0181)
ET 0.99 (0.03) 0.9725 (0.0236) 0.9825 (0.0127)

Source: own calculations

CONCLUSIONS

One of the basic elements of building models is the selection of appropriate
independent variables.

Independent variables are selected to represent expected influences based on:
theory (often relatively weak), previous research, and local context (in time and
space). In the statistical approach, the main emphasis is placed on the sign,
magnitude and statistical significance of the weights for the independent variables.
Algorithmic models require different approaches.

The article presents the results of the selection of variables used in practice
and dedicated to specific types of models. The work was carried out on a relatively
large data set to avoid problems related to the so-called low power effects.

Feature importance computed on large feature sets produced stable results.
The number of selected features is small and some of them are repeated in different
analyses. It can be stated that up to a certain limit value of the so-called of practical
importance, various selection algorithms correctly identify relationships between
independent variables and the target variable. The situation is different in the case of
a weak relationship, where there is a problem of the so-called multiplicity of data
models. This means that prediction accuracy becomes more robust as the set of
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independent variables changes. Unfortunately, this property of the models makes it
much more difficult to correctly interpret the results from a substantive point of view.

Based on the results obtained, it can be concluded that there are large
differences between the models. It can therefore be concluded that attempts to
reconcile results between different analytical approaches must be carried out very
carefully and should take into account the fact that the definitions of "variables of
significance" are strongly dependent on the model.
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APPENDIX

Description of variables distinguished in various models

Variable | Description
Ratio of the sum of debit balances at the moment of analysis to the average debit
x3 .
balance in the last 12 months
x5 Linear trend of average monthly payments for the period - 6 months
X7 Increasing trend for average monthly payments for the period - 6 months
8 Ratio of the sum of balances at the moment of analysis to the average total balance over
the last 12 months
x9 Average debit balance over the last 3 months
x13 Average increase in the amount of capital arrears in the last period
x19 Average credit balance over the last 3 months
x20 Average credit balance over the last 6 months
23 Ratio avg. the amount of overdue capital installments up to avg. amount of the total
credit balance (on all customer accounts) in the last month) for - 6 months
24 Ratio avg. the amount of overdue capital installments up to avg. amount of the total
credit balance (on all customer accounts) in the last month) for - 9 months
25 Ratio avg. the amount of overdue capital installments up to avg. amount of the total
credit balance (on all customer accounts) in the last month) for - 12 months
Average time of delay in repayment of installments, determined as the ratio of the sum
x27 of days of delay for all installments paid to the number of all installments repaid.) for -
12 months
28 Average time of delay in repayment of installments, determined as the ratio of the sum
of days of delay for all installments paid to the number of all installments repaid.)
x29 Number of overdue accounts as at the date of analysis) for - 6 months
Ratio of the sum of debit balances at the moment of analysis to the average debit
x30 .
balance in the last 12 months
x34 Number of overdue accounts as at the date of analysis) for - 9 months
Sum of amounts from all months of repayments made by the client on credit accounts
x38 .
held by him) for - 3 months
Sum of amounts from all monthly repayments made by the client on account of credit
x39 :
accounts held by him) for - 6 months
%40 Sum of all monthly repayments made by the client on credit accounts held by him/her)
for - 9 months
x42 Sum of all monthly repayments made by the client on credit accounts held by him)
Sum of amounts from all months of repayments made by the client on credit accounts
x43 .
held by him) for - 1 month
Sum of amounts from all months of repayments made by the client on credit accounts
x44 .
held by him) for - 1 month
Sum of amounts from all months of repayments made by the client on credit accounts
x46 .
held by him) for - 1 month
x47 The sum of interest arrears at the moment of analysis
Loan repayment ratio, determined as the ratio of the value of all repaid loans to the value
x48
of all loans taken/granted) for - 12 months
Sum of the amounts of all overdue repayments incurred on all customer credit accounts
x51 :
in the last month) for - 3 months
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Variable | Description
Sum of the amounts of all overdue repayments incurred on all customer credit accounts
x52 ;
in the last month) for - 6 months
Total amounts of all overdue repayments incurred on all customer credit accounts in the
x53
last month) for - 9 months
Sum of the amounts of all overdue repayments incurred on all customer credit accounts
x54 ;
in the last month) for - 12 months
55 Total amounts of all outstanding repayments incurred on all customer credit accounts
during the last month)
Sum of the amounts of all overdue repayments incurred on all customer credit accounts
x56 ;
in the last month) for - 1 month
Sum of the amounts of all overdue repayments incurred on all customer credit accounts
x57 ;
in the last month) for - 1 month
X59 Sum of the amounts of all overdue repayments incurred on all customer credit accounts
in the last month) for - 1 month
%60 Increasing trend in average monthly unused limits on all short-term loans over the last
12 months
66 Amount of all outstanding receivables falling within the range (over 90 days) (summing
over all customer credit accounts))
x67 Average monthly unused limit on all short-term loans over the last 6 months

Artificially created variables have been added to business variables: varl - varl5:
independent variables with uniform distribution
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Abstract: The debate about the efficacy of mergers and acquisitions as a
growth strategy in terms of ex-post value creation has been developing for
decades. This paper aims to create an artificial neural network that examines
trends in the financials and marks the potential sources of value creation in the
high-tech industry mergers between 2011 and 2021. The findings demonstrate
that ANN can be implemented as a highly efficient model for analyzing
complex financial events due to its flexibility and lack of prior assumptions
about the data.
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INTRODUCTION

The most common theoretical justification for mergers and acquisitions is that
the value of two firms combined is greater than their individual parts (i.e., 2 + 2 =5)
[King et al. 2004]. However, when it comes to the effectiveness of mergers and
acquisitions as a growth strategy, researchers have been debating whether M&A
create value or destroy it for decades. The literature on M&A performance can be
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divided into two streams. Originally, the market approach examining stock market
performance was dominant among scholars. Rau and Vermaelen [1998] argue that
the conclusion regarding M&A value creation for the bidder and target shareholders
is based on the results of short-term event studies that find returns to bidders to be
small or insignificantly different from zero. For instance, Firth [1980] in a short-term
event study reports positive, though small or insignificant abnormal returns using the
market approach, and Agrawal et al. [1992] show that half of the acquiror’s
shareholders can obtain positive abnormal returns. At the same time, Asquith [1983]
and André et al. [2004] find short-term negative returns using an event-centered
market approach. However, as repeatedly recalled in more recent studies, short-term
analyses may not fully reflect the impact of M&A on a business combination. As a
result, much attention has also been paid to the long-term effects that M&A have on
performance. Agrawal et al. [1992], Anderson and Mandelker [1993], Loughran and
Vijh [1997], and Rau and Vermaelen [1998] report long-term statistically significant
negative abnormal returns related to post-M&A performance of the bidders. In
parallel, Langetieg [1978], Bradley and Jarrell [1988], Frank, Harris and Titman
[1991], and Loderer and Martin [1992] do not find significant changes in the long-
term post-M&A performance of participating firms. However, it is crucial to
consider that there are methodological concerns when it comes to measuring the
market performance of a company. The short-term approach, announcement returns
studies, may be biased due to price pressure around M&A deals, information
asymmetry, or market inefficiencies; while another approach, the computation of
long-run abnormal returns, may be biased due to unobserved differences between
the firms that merge and those that do not, and consequently due to the inability to
accurately estimate where the abnormality of returns starts [Malmendier et al. 2018].
Moreover, if performance measurements are based solely on the market’s reaction
to a merger announcement or multi-dependent abnormal returns, it makes it
problematic to identify the drivers behind the value creation or destruction process
of mergers.

Consequently, studies of both short- and long-term operating performance
appeared, which generally rely on the accounting approach to measure performance.
These studies have attempted to discover the sources of M&A value creation and to
determine whether the expected economic gains at announcement are realized. For
instance, Ravenscraft and Scherer [1987] conclude that mergers destroy value on
average, while Healy, Palepu and Ruback [1992] state that merged firms experience
improvements leading to higher operating cash flows compared to their industry
benchmark. However, limited data availability, inconsistent sets of performance
factors, and potentially mismatched control groups raise concerns about the
reliability of results.

Eventually, a conclusion was drawn that large-sample studies — whether
following the market or accounting approach — could be unable to capture the
richness of the economic effects of mergers and could capture neither the direction
of these effects, nor their determinants (see [Kaplan 2000, Shao et al. 2021]). In this
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study, certain sampling choices are made to address this problem. Initially, a specific
subgroup of mergers is considered; only mergers in the High Technology sector are
selected because high-tech firms can provide a unique perspective on market value
creation, with their long-term performance being related to certain factors that are
attributable to virtual network effects [Léger and Quach 2009]. At the same time,
selecting a homogeneous sample of companies allows to examine the nature of the
deals more accurately (see [Hackbarth and Morellec 2008, Shao et al. 2018]).

It is worth noting that existing studies mainly applied linear methods to
analyze mergers that in practice do not necessarily have effects that can be linearly
approximated. In the era of big data, machine learning and data mining methods are
often being used to analyze financial time series. Artificial neural networks (ANN)
are a preferred tool for many predictive data mining applications because of their
power and flexibility. To exemplify, Terdsvirta et al. [2005] explore the predictive
power of ANNs for macroeconomic series, and Yu et al. [2007] test them in foreign
exchange markets. Le and Viviani [2018] perform a comparison of traditional
statistical and machine learning methods in predicting bank failure, showcasing the
superiority of the latter. Bouteska et al. [2023] develop a focused time-delayed neural
network to challenge the nonlinearity in energy commodity price formation. As
demonstrated, ANNs are particularly useful in applications where the underlying
process is complex.

The purpose of this study is to offer an analysis of post-merger performance,
limited to a sample of deals in the high-tech industry, by utilizing ANN models with
cross-validation and assessing their accuracy metrics. Additionally, this study marks
areas of potential sources of ex-post market performance, analyzing what
distinguishes more successful mergers from less successful ones with regard to their
market valuation.

DATA

Data selected for the sample

The dataset of mergers is obtained from the Eikon database. The data must
meet the following criteria: 1) The announcement and completion years of mergers
fall within the period of 2011-2021; 2) Mergers are listed as completed; 3) Mergers
are in the High Technology sector; 4) Mergers are between publicly traded
companies; 5) Only domestic mergers are included; 6) Overlapping cases (if the
acquiror engages in several mergers during the analyzed period) are included.

A deal is classified as high-tech if that is the industry of the target’s main
economic activity. It is an important filter as it neutralizes the industry-clustering
effect in analyzing the structure and efficiency of mergers and the consequent
differences in results (see [Mitchell and Mulherin 1996, Andrade et al. 2001, Ahern
and Harford 2014]). Moreover, it allows to adequately consider the deals with a
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conglomerate acquiror. Only mergers between publicly traded companies are taken
into consideration, so that the companies have market data and financial statements
available for the analyzed period. Domestic mergers are selected for the purpose of
avoiding cross-border influence (see [André et al. 2004, Jensen-Vinstrup et al.
2018]). The described approach allows to draw conclusions about the internal effects
of mergers by naturally creating an appropriate industry benchmark.

Financial data for all acquired and acquiring companies is obtained from the
Bloomberg Terminal. In this study, in order to analyze the effects that mergers have
on the market performance of a company, focus is placed on selected financial ratios.
The ratios are calculated using the data extracted from financial statements for 6
consecutive years, starting from the last complete fiscal year before a transaction
occurs (t, reference point), and for the following five years after the transaction is
completed (t+1— t+5).

The ratios used in the study are:
o Profitability ratios — earnings per share (EPS), return on assets (ROA), and return
on equity (ROE),
¢ Liquidity ratio — current ratio (CR),
¢ Solvency ratio — total debt ratio (TD),
e Market value ratios — capitalization per share (CPS), and price-to-book ratio
(P/B).

Two-sample t-tests for performance change significance

Average reference and post-merger financial ratios are compared in pairs (t
and t+1, t and t+3, t and t+5) for each sample using paired two-sample t-tests to find
whether there are significant changes in financial performance, with the hypotheses
being:

e Ho: There is no difference in a US high-tech company’s financial performance
following a merger.

e Ha: The ex-post financial performance of a US high-tech company changes after
engaging in a merger.

The descriptive statistics and results of the tests (at 0.01 significance level) are
presented in Table 1. After removing outliers for the reference variables at (t) point
in time, the analyzed sample consists of 56 mergers (between a total of 84
companies). To address influential cases for the variables at other points in time
(t+1-t+5), 90% winsorization is carried out in order not to be overly exclusive of the
observations. Examining the market value ratios, the tests show an insignificant
decrease of P/B ratio in the short run, in the following year, and insignificant
increases in the longer run, three and five years after the transaction. At the same
time, the tests show substantial growth of CPS in the years following the transaction,
both in the short and the long run. The comparison of the pre-merger and post-merger
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profitability ratios shows that returns on equity and assets note statistically
significant decreases in the year following the transaction, and EPS show a moderate
but insignificant increase five years after the event. These results imply that the
analyzed mergers do not bring superior profitability for the business.

Table 1. Descriptive statistics and t-test results for the financial ratios analysis

Panel A. Descriptive statistics
() (t+1) (t+3) (t+5)
Mean SD Mean SD Mean SD Mean SD
EPS 1385 | 1469 | 1.181 | 1.854 | 1679 | 1.683 | 1.870 | 1.925
Profitability | ROA | 0.057 | 0.062 | 0.034 | 0.058 | 0.052 | 0.049 | 0.043 | 0.044
ROE | 0.118 | 0.152 | 0.070 | 0.124 | 0.130 | 0.143 | 0.263 | 0.583
Liquidity CR 2911 | 1981 | 2636 | 1.692 | 2515 | 1.640 | 2.131 | 1.082
Solvency TD 0.487 | 0.183 | 0.539 | 0.156 | 0.567 | 0.164 | 0.592 | 0.202
P/B 3.686 | 2.713 | 3.661 | 2.733 | 3.875 | 2.349 | 5.076 | 5.446

Ratios

Market CPS | 33.123 | 19.853 | 34.751 | 23.363 | 46.104 | 30.515 | 60.927 | 51.806
Panel B. Test results for the financial ratios
_ (t+1, 0 (43, 1) (t+5, 0
Ratios t-value St;?l.e(dz)- Lower | Upper | t-value St;?l.e(dz)- Lower | Upper |t-value St‘z:l?lle(dz)- Lower | Upper

EPS |-1.535| 0.131 |-0.472| 0.063 | 1.857 | 0.069 |-0.023| 0.610 | 2.563 [0.013| 0.106 | 0.864
Profitability| ROA[-3.952| 0.000 |-0.035| -0.011 | -0.791 | 0.432 |-0.018| 0.008 |-1.748]|0.086|-0.031| 0.002
ROE |-3.616| 0.001 |-0.075] -0.021 | 0.671 | 0.505 |-0.025| 0.049 | 1.8280.073|-0.014| 0.305
Liquidity | CR |-1.409| 0.164 |-0.667| 0.116 |-1.736 | 0.088 |-0.854| 0.061 |-3.091|0.003|-1.286 | -0.274
Solvency | TD |3.827 | 0.000 |0.025] 0.078 | 5.650 | 0.000 |0.051| 0.108 |5.361[0.000| 0.066 | 0.144
Market P/B [-0.089| 0.929 |-0.583| 0.534 | 0.624 | 0.535 |-0.419| 0.797 |1.887 |0.064|-0.086 | 2.866
CPS|1.314 | 0.194 |-0.855] 4.111 | 5.808 | 0.000 |8.502|17.461|4.972|0.000]16.598 | 39.010

Source: own calculations

CR shows a stable decline in liquidity of the merged firms, which means that
their ability to meet financial obligations with available liquid assets decreases each
year following the merger. The TD ratio shows significant increases in leverage each
year following the merger, which is an important tool for growth, but also implies
greater financial risk for a company. Both trends, especially combined, may indicate
a weakening position of the merged firms. At the same time, their market valuation
represented as CPS increases substantially through the analyzed period. Hence,
hypothesis Hy is rejected since mergers are found to influence financial performance,
specifically by decreasing profitability and liquidity, and increasing solvency and
market value of the merged firms.

METHODOLOGY

Methodological background

Over the years, statistical parametric models such as linear regressions with
various modifications have been used to analyze merger activity and its effects. With
recent technological developments, methods such as artificial neural networks have
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been frequently used by scholars in various fields. They consist of interconnected
neurons capable of pattern recognition, prediction, classification, and learning. Each
connection between the neurons has an associated weight that signifies the strength
and direction (positive or negative) of the influence that one neuron has on another.
ANN:Ss learn by iteratively adjusting weights to predict the correct output for a given
set of inputs. The knowledge acquired from the input data is therefore stored in a
system of neuron connections called synaptic weights. As compared with
conventional statistical models, ANNs have several substantial advantages: they are
flexible and adaptive, allowing to analyze data without hypothesizing in advance
certain relationships between dependent and independent variables. Consequently,
if a linear relationship between the variables is appropriate, an ANN would learn the
linear structure and approximate a linear regression, and if a nonlinear relationship
is relevant, the model would seek the best model structure fitting the data [IBM
2012].

In recent years, neural networks have been gradually applied to merger
forecast research. In their large-sample study, Lee et al. [2020] criticize traditional
forecasting methods and use neural networks to account for nonlinearity and
complexity in outcome data, developing a failure prediction model for M&A.
Specifically, by assessing a “withdrawn takeover prediction model” using a neural
network with an enhanced logit activation function, they present the most significant
variables based on importance analysis and showcase the superiority of neural
networks compared to traditional forecasting techniques. Bi and Zhang [2021] using
neural networks provide more insight into the issue by assessing and identifying
additional variables that contribute to M&A failure prediction models. Applying
neural networks, Zhu and Meng [2021] try to assess and interpret synergy effects by
analyzing the rate of changes in the selected financial ratios that represent overall
post-M&A performance. Hence, following the tests, we train neural network models
to examine the data.

Application of Artificial Neural Networks

Acrtificial neural networks in this study are created in IBM SPSS Statistics.
The architecture used is a multilayer perceptron (MLP) — it is a feedforward ANN
with three distinct layers: input, hidden, and output, each comprising several neurons
and having activation functions. ANNs also have a bias neuron, which allows them
to learn underlying patterns in the data and estimate output. Bias can be viewed as
analogous to the error of measurement in linear regression modeling. Activation
functions connect the weighted sums of units in a layer to the values of units in the
succeeding layer.
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The research problem is framed as a classification task aimed at distinguishing
between successful and less successful mergers. Therefore, during experimentation
phase the error (loss) function used is cross-entropy:

L=——[Z4[tlog(p) + (1 — t;) log(1 - p;)]]. (1)

where for N datapoints ¢; is the truth value taking the value of 0 or 1, and p; is the
softmax probability for the it" datapoint. The activation function used in the hidden
layer is hyperbolic tangent:

Y(C) = EEC;Z—C;’ (2)
which takes real-valued arguments and transforms them to the range (-1, 1). The
activation function used in the output layer is softmax:

_ _exp(ck)
yeo) = Fa ©)

which takes a vector of real-valued arguments and transforms it to a vector which
elements fall in the range (0, 1) and sum up to 1.

The sample is divided into two parts for cross-validation purposes, with
approx. 70% of the observations used for training, and the remaining 30% used for
testing. The type of training used is batch, which updates synaptic weights only after
passing through all training data records and is most useful for smaller datasets. It is
commonly favored as it directly minimizes total error, and by its nature is not
dependent on case order. The optimalization algorithm used with batch is scaled
conjugate gradient (SCG), which is based on the second-order gradient supervised
learning procedure. This optimalization algorithm utilizes a trust-region step to scale
the step length (learning rate), where the distance for which the model function is
trusted is updated at each step [Moller 1993]. The model step is used if it lies within
that distance; otherwise, an approximate minimum for the model function on the
boundary of the trust region is used, thus contributing to robustness and stability of
results.

An important element of each classification task is forecast accuracy
validation and quality assessment. Most common measures to test classification
effectiveness are accuracy coefficients based on confusion matrix such as F1 Score,
which can be effective when False Positive (FP) and False Negative (FN) are equally
costly and True Negative (TN) is high, and Matthews Correlation Coefficient
(MCC), which is a measure of correlation between predicted classes and basic truth
and is superior to F1 Score if the classes are of different sizes [Baldi et al. 2000,
Powers 2011, Chicco and Jurman 2020]. A reliable illustration of the models’
effectiveness is Receiver Operator Characteristic (ROC) curve, which measures
sensitivity and specificity of a classifier, and Area Under the Curve (AUC), which
measures the ability of a classifier to distinguish between classes. In this study, the
criteria proposed by Department of Math of the University of Utah [n.d.] to interpret
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AUC are applied: (A) 0.90 — 1 = excellent; (B) 0.80 — 0.90 = good; (C) 0.70 — 0.80
= fair; (D) 0.60 — 0.70 = poor; (E) 0.50 — 0.60 = fail.

The firms’ performance is analyzed in terms of market value (CPS), which is
tested to exhibit statistically significant changes of the highest magnitude. In this
study, two neural network models are created — the first one is trained to predict the
firms’> CPS five years after the merger (t+5), and the second one is trained to analyze
the geometric average returns (GAR) calculated based on the returns of the firms’
CPS from the first to the fifth year after the merger (t+1)—(t+5). Considering that
ANN:Ss are effective classification models, CPS (t+5) and GAR are rescaled to binary
variables (0 — below the mean, 1 — above the mean in the sample). The purpose of
the first model is to predict which business combinations have above-average returns
in the long run compared to other mergers in the sample, based on the information
available already at the time of the deal’s completion. The purpose of the second
model is similar, being the prediction of overall cumulated stock performance in the
years following the merger.

The set of considered factors is based on the hypothesized impact they can
have on stock performance, evidence of which has appeared in M&A studies over
the years (e.g. [Cumming et al. 2023] present their bibliometric analysis of key topics
in M&A research, including studies on aforementioned factors). As a consequence
of limited data availability, an appropriate sample of input variables must be
adequate in number to minimize potential underfitting or overfitting of the model.
Therefore, independent variable importance analysis (sensitivity analysis) is
performed, which computes the importance of each predictor in determining the
neural network by investigating the relative contribution of the uncertainty of the
input variables on the variability in the output levels [Pianosi and Wagener 2015].
After consecutively adjusting for importance and considering parameter estimates
for all available variables during testing, the final sets of five most significant
independent variables are selected for each model.

RESULTS

The architecture of the best-performing ANN models is shown in Figure 1.
The model for CPS is trained with two neurons, and the model for GAR is trained
with four neurons in the hidden layer, excluding Bias. In combination with five input
variables, it provides an adequate amount of data for the assessment of each path.
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Figure 1. The architecture of the Artificial Neural Networks

Synaptic Weight > 0
=== Synaptic Weight < 0

CPS_t5=0
i / CPs_t5=1

* Each model has an input layer (left), a hidden layer with hidden neurons and a bias
neuron (middle), and an output layer (right). The top ANN predicts, as an output variable,
geometric average returns (GAR) calculated for five years following the merger, and the
bottom ANN - capitalization per share (CPS) five years after the merger.

Source: own preparation

Table 2 presents the summary of the ANN models. The model for CPS
shows relative errors of 5.7% and 4.8% in the training and testing samples
respectively, while the model for GAR reports 7.9% and 11.1% errors respectively.
It is worth noting that confusion matrix measures depend considerably on sample
size; nevertheless, the models achieved high accuracy in predicting both below and
above average cases in both training and testing samples. The models for CPS and
GAR report F1 Score of .923 and .918, MCC of .889 and .821, and AUC of .981 and
.967 respectively, which is considered excellent according to the accepted criteria.
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Table 2. Artificial Neural Networks summary

Panel A. Quality Assessment of ANNs
Network Type MLP - CPS MLP - GAR
Input Units 5 5
Hidden Layers 1 1
Hidden Neurons (excl. Bias) 2 4
Accuracy 0.946 0.911
Precision 1.000 0.903
Recall 0.857 0.933
F1 Score 0.923 0.918
MCC 0.889 0.821
AUC 0.981 0.967
Panel B. Confusion Matrix
MLP - CPS MLP - GAR
Training N P Training N P
N 23 0 N 14 2
P 2 10 P 1 21
Testing N P Testing N P
N 12 0 N 9 1
P 1 8 P 1 7

Source: own calculations

The variable importance analysis results and parameter estimates presented in
Table 3 show that the first model estimates the CPS (t) before the merger and
Acquiror Size to have the strongest impact on predicting the CPS five years post-
merger (t+5). The parameter estimates demonstrate a positive impact of CPS (t) on
CPS (t+5) (3.130 in H(1:1) and 1.608 in H(1:2)), and varying influence of Acquiror
Size on CPS (t+5) (.539 in H(1:1) and -1.749 in H(1:2)). Cross-industry Flag,
Acquiror P/B ratio and Target EBITDA also have a relatively significant influence
on CPS (t+5), with a negative impact of cross-industry deals, positive impact of
same-industry deals, negative impact of Target EBITDA, and varying influence of
Acquiror P/B ratio. These results imply that a high-tech merger involving a relatively
smaller bidder and/or a target with lower EBITDA may result in a relatively higher
market valuation five years following the merger, which could be attributed to the
market putting more value on the growth potential, innovation, or strategic focus
rather than the financials.
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Table 3. Importance analysis and parameter estimates of the Artificial Neural Networks

Panel A. Importance (sensitivity) analysis and parameter estimates (synaptic weights)
MLP - CPS
Predictor Hidden Layer Predicted
Input Layer H(1:1) H(1:2) CPS(0) CPS(1)
Importance (Bias) -1.749 -0.203
0.433 CPS (1) 3.130 1.608
0.170 Acquiror Size 0.539 -1.749
Cross-industry Flag (0
0.165 = cross-industry) -2.172 -1.510
0165 (_2ross-in_dustry Flag (1 0.099 1367
= same-industry)
0.145 Acquiror P/B 1.153 -0.171
0.087 Target EBITDA -0.593 -0.099
Hidden Layer
(Bias) -0.449 0.709
H(1:1) -2.655 2.891
H(1:2) -2.406 1.275
MLP - GAR
Predictor Hidden Layer Predicted
Input Layer H(1:1) | H(1:2) | H(1:3) | H(1:4) | GAR(0) GAR(1)
Importance | (Bias) 0.914 | 0.071 | -2.696 | -1.488
0.267 Target Net Income -1.672 | -0.726 | -1.826 | -1.966
0.236 Acquiror Net Income | 3.021 | -2.565 | 1.438 | -0.073
0.187 CPS (1) 0.995 | 0.141 | 2.869 | -1.013
0.160 Acquiror P/B -0.461 | 2.412 | -0.620 | 1.010
0.150 Acquiror ROA 0.096 | -2.661 | -0.463 | -0.649
Hidden Layer
(Bias) -1.958 1.899
H(1:1) 2.699 -3.435
H(1:2) 1.967 -1.742
H(1:3) -2.322 2.685
H(1:4) -0.979 0.827

Source: own calculations

Market perception and investor sentiment often play an important role, as
investors can perceive smaller, high-growth companies as more agile and capable of
achieving strong future performance, which can lead to a more favorable market
valuation. At the same time, the results regarding the acquiror’s capitalization before
the merger imply that the higher it is, the higher the market valuation should be five
years post-merger, which could be attributed to investors overextrapolating past
company performance and perception when assessing the benefits of a merger and
future performance. The Cross-industry Flag coefficients indicate that deals in the
same industry account for higher valuation, while cross-industry deals account for
lower valuation, which could be explained by certain expectations regarding
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enhanced market presence, the knowledge of the industry, and expertise in running
a business and streamlining operations in that industry — or lack thereof.

The increased number of hidden neurons in the second model suggests more
complex relationships between the variables. Sensitivity analysis shows that the
profitability of bidders and targets becomes most significant. The influence of all
independent variables on GAR varies, having opposite directions in different hidden
neurons, except for Target Net Income, which has a negative impact on the
dependent variable. In combination with the different influence directions that
Acquiror Net Income and Acquiror ROA have on GAR, it is indicated that lower
profitability of both sides of mergers contributes to higher market growth in the
following years. The managers and large shareholders of the companies with lower
profitability could be more prudent before approving a critical transaction that may
determine the firm’s future, looking for potential operational improvements, cost
synergies, and increased efficiency, thus allowing the merged entity to unlock and
realize latent value and growth opportunities that were previously untapped. At the
same time, the management of the companies with higher profitability could often
look for an opportunity to invest their excess assets and easily acquire similar
companies with high profitability, not necessarily considering other aspects of
merging and potential implications of such a decision on the future of the business.
A generally positive influence of CPS (t) on GAR could indicate that an already
established strong market position is a prerequisite for higher market value growth
in the following years.

SUMMARY

Using a sample of 56 high-tech mergers between 84 companies in 2011-2021
in the United States, we investigate post-merger performance by applying artificial
neural networks and cross-validating the results. The focus of this study is placed on
three issues: 1) whether mergers have an impact on the financial performance of the
business both in the short and the long run, 2) evaluating the effectiveness of ANNs
in describing and finding trends in financial data, 3) discovering the distinguishers
of more successful mergers from less successful ones in the sample with regard to
their market value.

Firstly, using paired two-sample t-tests, high-tech mergers are found to have
a statistically significant impact on the liquidity and solvency conditions of the
merged firms, with liquidity decreasing and debt leverage increasing each year for
five years following the merger completion. While there is a significant short-term
decrease in profitability, the market value represented as capitalization per share
increases considerably during the analyzed period.

Secondly, artificial neural networks are developed to analyze the data and
classify the mergers into more successful and less successful ones with regard to
their market valuation. Trained ANNSs predict with high accuracy which mergers will
be more successful in terms of market capitalization and average stock returns,
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analyzing the directions and magnitude of the connections between input and output
variables. Contrary to the coefficients of regression models, ANN weights have
intra-variable variation, which provides additional support for the implementation of
ANN s to analyze events such as mergers with potential nonlinear impact. The results
show that important determinants of the long-term market value growth of the newly
merged businesses in the sample are the cross-industry or same-industry nature of
the merger, profitability of both parties of the deal, the bidder’s size and its
capitalization before the merger occurs.

Thirdly, the study provides noteworthy contributions. It shows that ANNSs can
serve as a highly efficient model for analyzing financial data, including merger
performance, due to their flexibility and lack of prior assumptions about the data. A
successfully trained ANN on representative datasets can be used for ex-ante forecasts
of potential value implications of certain business decisions by inputting new
information, for instance about a bidder who previously did not engage in mergers
and is only planning to do so with potential targets. Information of this nature can be
valuable for academics, as well as managers and consultants, allowing them to make
informed strategic and investment decisions. Consequently, future research might
consider expanding the scope by adding more transactions classified by industry or
other attributes, or training and cross-validating different models on separately
classified datasets to capture, for example in textual form, other key trends and
events that might take place. In practice, ANNSs trained on representative datasets
should be regularly retrained on new inputs to adjust for the latest market conditions.

Finally, there are several limitations implying that the results of this study
should not be generalized. Even though neural networks are popular and could be
highly accurate, financial data can be highly sensitive to market shocks and
seasonality. Hence, the modelled results and parameter estimates should be
interpreted with caution as they provide only possible explanations of the trends
observed in the data, especially when the sample is not representative, and the model
used is of a black-box nature. To improve the generalization abilities of ANNSs,
regularization techniques based on loss function or noise introduction can be
considered. Additionally, it should be noted that the number of synaptic weights can
become rather large, therefore making their interpretation lack utility. Model-
agnostic Explainable Artificial Intelligence (XAl) methods can be used to enhance
the interpretability of the black box decision-making process. The complexity of
such events as mergers, limitations of the research method, and issues raised in the
reviewed literature call for further analysis. Given the high levels of observed M&A
activity, which is a data-generative process for these studies, it is vital to use this
opportunity to create knowledge.
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Abstract: The work is a continuation of a series of works by A. Binderman-
Dubik, published in the years 2004-2013, concerning the regional
differentiation of Polish agriculture, in which she used two patterns (models):
negative and positive. These studies showed the superiority of the two-pattern
methods used over the single-pattern methods. Here, methods based on three
patterns (negative, positive, indirect) are used. The author uses the method
considered by the authors: Binderman Z., Borkowski B., Szczesny W. [2020].
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INTRODUCTION

Research by many authors has shown that the indicators of the development
of Polish agriculture have clearly increased after Polish's accession to the European
Union. Nevertheless, despite such a significant increase, the level of agricultural
differentiation the provinces is not decreasing, and what is more, it shows an upward
tendency. This was shown, among others, by the author's work [Binderman A. 2004,
2007, 2012], which examined the regional differentiation of agriculture in the
periods 1989-1998, 1998-2005, and 1998-2010, respectively. The obtained results
showed that in relation to the adopted characteristics, regional differentiation is
clearly increasing. This paper shows that also in the years 2016-2022 the regional
differentiation of agriculture increased. The pandemic and the war in Ukraine have
not disrupted this trend. Compared to the economically developed countries of
Western Europe [Fogelfors, H. (ed.) 2009; Rabinowicz E. 2020], Poland is a country
with a significant agricultural production potential. In addition, the diversity of
natural and economic and organizational conditions means that the degree of
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utilization of the potential of agriculture is regionally differentiation [Harasim 2006,
2009; Krasowicz, Kukuta 2006; Nermend, Mitaszewicz 2016; Poczta, Bartkowiak
2012; Zegar 2003]. In order to analyze complex phenomena, such as the level of
development or the potential of agriculture, and to assess voivodships in this respect,
it is necessary to consider many factors. The use of the potential of agriculture in the
regions is a derivative of the impact of various groups of conditions, both favorable
and restrictive.

The analyses show that Polish voivodships have significant resources of basic
production factors and relatively favorable natural conditions. One of the main
reasons for the low utilization of the potential of agriculture in Poland is the
insufficient development of the agri-food industry. A significant part of the
agricultural commodity production of the voivodships are raw materials for
processing, and not processed products, characterized by a higher share of the so-
called added value. The National Agricultural Censuses 2010, 2020 (NAC 2010,
NAC 2020) showed that in the period of years 2010-2020 the importance of farms
focused on market production increased. In the total number of farms, the number of
the largest and smallest units increased, with an increase in the average area of the
farm.

METHODS OF CONSTRUCTION FOR INIDICATORS OF
DIFFERENTIATION

Ordering composed phenomena characterized in a summary way synthetic
(aggregate) variables are used. The substitution of a sequence of many explanatory
features by a synthetic variable gives a certain assessment of the phenomenon under
study. Pattern methods assume the existence of a hypothetical model object. These
methods use appropriately selected diagnostic variables characterizing the studied
phenomenon and differ from each other as to the method of normalization of
variables and the form of aggregate functions [Cieslak 2023; Hellwig 1968; Kukuta
K. 2000; Malina 2004; Mtodak 2006; Kisielinska 2021; Nowak 1990, Zelias 2000].
In this paper, both two patterns and three patterns will be used at the same time.

Let X =R", R =(—0,0), ne N, denotes an n-dimensional vector space.
Consider the problem of ordering m e N objects Q1, Qz,...,.Qm by ne N variables

(features) meant to describe each of them. Without losing the generality of the
considerations, let us assume that all features may be considered as stimulant. The

symbol X, =(X,,X,,,.... X,,) € X, for i=1,2,...m, will denote the vector of values of
variables describing the i-th object Qi. Assume that W*:={x1, X,...,Xm} denotes the
set of vectors describing the objects Qi, Qz,....Qm. We say that xi>x;, (X>X;)
(ij=1,...m) if X, >xjk(xik ijk) for k=1,2,...,n. On the other hand, Qo, Qm+1 and
Qs will denote objects described by vectors with coordinates:
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i 1m

Xox =MIN Xy Xpyq  =MaX Xy, X :EZ Xig 3 k=12,...n.
1<i<m 1<i<m i=1

It is obvious that the objects: Qo — described by the vector X, and Qm+1— described

by the vector xm+1 are respectively not worse or better than the remaining objects Qx,

Qz2,...,Qm. The components of the vector xs are the averages of the components of

the vectors under consideration, respectively. Directly from the definition, holds the

inequality X, <X, <X_.,. The three objects Qo, Qs and Qm-1 (perhaps fictitious) can
be treated as patterns (extra models) added to the initial, input objects Q1, Qa,...,Qm.

Let d*(x,y) be the Euclid distance between the vectors x,y € R” and d"(Xo,Xm+1)#0.

The most well-known synthetic indicators in the literature built on the basis of
patterns intended for ordering objects are following measures:

/'LL(X) =d *(XO'X) /d *(Xo'xm+1) @

1o (X) =1=d* (X0, X) 1A (Xg, X1 (2)
_ () +5(X) 21 d* (X, X) —d* (X1, X)

) = = T i xxL) ®

1,(X) = mx) d*(Xp,X) @)

1+ 44 (X) = 1(X)  d* (X0, X) +0* (X0, X)

for xe[Xo,Xm+1].

As you can see, the p1 and p, measures use a single model, while the ps and pu
measures use two model, expressed as elementary functions of the p: and po meters.
In the paper [Hellwig 1968] a measure based on only single model (best model) is
given. The theory and applications of the p3 measure are given in the series of works
by A. Binderman [Binderman A. 2006, 2007, 2011] and in the work [Binderman Z.
2010]. The ps measure is related to the TOPSIS method ) [Hwang, Yoon 1981]. In
the next part of our discussions, let us normalize the distance d*(x,y) of the vectors

x,y € R, relative to the assumed model vectors Xo, Xms1, using the formula:

d*(xy)
0% (X Xp0)

Then d(X,,X,.,;) =1 a formulas (1)-(4) take for xe[xo,Xm+1] the form:

d(x,y)=
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(%) = d (X, %) (12)
£,(0) =1=d (X,.1,%) (2a)
154 = [14+d (%0, )~ d (%,,1, )]/ 2 (3a)
1) =d (%0, X) 1 (A (%9 X) + 0 (X5, X)). (4)

It is easy to see that the considered measures, defined by formulas (1a) - (4a) are
standardized in relation to the accepted patterns, i.e. :
Hi(Xo) =0, pi(Xm+1)=1 and 0 <pi(xs)<l for i=1,2,3,4,
where m is the number of objects considered. These measures are standardized utility
functions [Panek 2000; Binderman Z. Borkowski, Szczesny 2020]. Note that if a
given utility function u induces preference relations in the set of m+3 objects
W:= WA Xo, Xm+1, Xsr}={X0X1,X2,++yy Xm, Xm+1, Xsr },

then a composite function g(u(x)), where g: SR—R is an increasing function, as well
as a utility function, generating the same preference relation in the set of objects W
as the function u(x).

Using the above property, it is expedient to normalize the utility function by
choosing such a function g that its value for the worst object X, is equal to 0, and the
value for the best object xm-+1is equal to 1, i.e. that:

1. g(u(xo)) =0; 2. g(u(Xm+2)) =1.

Using the well-known forms of the u(x) function in our work (realizing that
there are infinitely many such functions), we give an example of such a function of
one variable g(u), which would satisfy one more condition:

3. g(u(xsr))=1/2.

The simplest function that satisfies these above three conditions is the linear picewise
function [Binderman Z., Borkowski, Szczesny 2020]

—u dia 0<u<a

2a
u)= _ 9),
&) (u1)+1 dla a<u<1 ©)

where o:= u(Xs).



90 Agata Binderman-Dubik

EMPIRICAL RESEARCH

A set of ten features was selected to describe the regional differentiation of
agriculture after the analysis. All the selected variables were stimulant, which means
that higher values of these features informed about a higher level of development of
the studied phenomenon. The selected variables determine the overall level of
agriculture in given years in Poland, at the same time making it possible to show the
differences that occur between voivodships. Below is the final list of the ten selected
diagnostic variables.

X1 Share of agricultural area as % of total area.

X Gross domestic product in zt., per 1 inhabitant.

Xs Sugar beet yield in tons per 1 hectare.

X Stocking density of cattle per 100 hectares of agricultural land.

Xs Purchase of potatoes in kilograms per 1 hectare of agricultural land.

X Yields of oilseeds in dt per 1 hectare of cultivated area.

X7 Purchase of fruit from trees in kg per 1 hectare of cultivated area.

X Total purchase value of agricultural products in zt per 1 ha of agricultural
land.

Xo Global crop production per 1 ha of agricultural land in zt, according to the
new definition.

X0 Capital expenditures in agriculture, forestry and hunting, in zt per 1 ha of
agricultural land, current prices.

The data considered in the paper do not include the results of the National
Agricultural Census (NAC, NSR - polish), conducted in 2020 by the Central
Statistical Office (CSO, GUS -polish). The results of the work are used only by the
data of the CSO. It is worth mentioning here that the comparison of the results of
NAC 2010 and NAC 2020 shows that the number of farms decreased significantly,
while the average total area and agricultural area increased at the same time [CSO
NAC 2020]. On farms, the number of livestock per 100 hectares of agricultural land
increased in the number of cattle with a marked decrease in the number of pigs. The
area of orchards decreased significantly (by approx. 14%).

The data analyzed in the paper can be presented by means of a three-
dimensional matrix (voivodship x value of feature x year), or by means of a matrix
in which each row represents an object represented by the features of a given
voivodship in a given year. In the work, the latter method was chosen. Proceeding in
this way, m=16x7=132 objects Q1,Qa,...,Q13> were obtained, each of which was
described by n=10 features Xi,X»,...,X10. The values of the adopted diagnostic
variables for 16 voivodships and for 7 years (2016-2022) formed a matrix X, the
matrix with dimensions of 10x132. On the basis of the values assumed by the
diagnostic variables for 16 voivodships in the individual 7 years of the studied
period, three fixed (static), hypothetical voivodships were created: "minimal™ ("the



Regional Diversification of Poland’s Agriculture ... 91

worst" in relation to each voivodship) Qo, "maximum” (“the best" in relation to each
voivodship) Qisz and Q134 "average", Objects Qo, Q133 described appropriately by the
least, most favorable set of feature values. The "mean” object Q1s4 is described by
the average values of the features under consideration between 2016 and 2022. The
hypothetical provinces Qo, Q13s, Q134 in this paper will be represented by vectors Xo,
X133 and xiza  with 10 components each, respectively. These vectors are the
benchmark models for the entire period 1998-2010, they determine the cube [Xo,X133]

in n-dimensional Euclid space R, which means that for every ie[1,132]:

Xi€[Xo,x133]. In this way, a data matrix was obtained for further analysis,
K= % LMO with 135 rows and 10 columns. Since the selected diagnostic variables

had different titers and different orders of magnitude, these variables were
normalized. In order to reduce the variables to comparability, zero unitarization was
selected and applied from among many types of norming. The choice of the method
of normalizing variables was a consequence of the results obtained by the author
(Binderman A 2006, 2010). Normalized values for individual variables with m=135,
n=10 were calculated according to the formulas [Kukuta K. 2000]:

Zij :(Xij_XOj)/(Xm+1j_XOj) for 0<i<134, 1<j<10 (6)

The features transformed in this way, by eliminating the units of measurement,
became mutually comparable. The zjj variables transformed by the zero unitarization
method (MUZ) take values in the closed interval [0,1]. The transformations made
can be symbolically written: Z=[zjj]i3s<10=¢(X), Where X is the observation
matrix,. After the transformation of the variables, the static pattern vectors are
as follows:
Zo=0:= [0,0,...,0], Zizz=1:= [1,1,...,1],

i.e. in the created Z matrix, the first row consists of only zeros, while the
penultimate row consists of only ones.

RESEARCH RESULTS

oW

Is? "72s7""

Let W, W,,...W,, e R (W, W 1 €% ) denote vectors, assigned

alphabetically to voivodeships (w1 — Dolnoslaskie,...,wis — Zachodniopomorskie),
whose components are the values of the m(z) (ms(z)), measure of development in
the individual, seven years of the period 1998-2010, where m(z) (ms(z2)) is
determined by the formula (3a) ((5)). Table 1 shows the results of the research, in
which the rows are the coordinates of the vectors w1, Wa,...,Wis (W1s, Was,...,W1s ).
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Table 1. Values of the measures m(z), ms(z) for the voivodships

Voivodships Measure of | 1619017 2018 | 2019 | 2020 | 2021 | 2022
development
Dolnodlaskic m 0.35 | 0.38 | 0.35 | 0.33 | 0.38 | 041 | 0.40
W1s 0.44 | 048 | 0.45 | 0.41 | 0.48 | 0.51 | 0.51
Kujawsko-pomorskie W2 039 | 044 | 0.38 | 0.39 | 0.46 | 0.47 | 0.50
Was 0.50 | 0.54 | 0.48 | 0.50 | 0.55 | 0.56 | 0.59
| helokie W 0.34 | 0.36 | 037 | 0.35 | 0.41 | 0.41 | 0.46
W3s 043 | 0.46 | 0.47 | 0.44 | 051 | 0.51 | 0.55
Lubuskie Wa 0.24 | 0.29 | 0.17 | 0.18 | 0.20 | 0.24 | 0.27
Was 0.30 | 0.36 | 0.21 | 0.22 | 0.26 | 0.31 | 0.35
Lok W 0.40 | 0.45 | 0.42 | 0.43 | 050 | 050 | 0.54
Wos 0.51 | 0.54 | 052 | 053 | 059 | 0.58 | 0.62
Malopolskic Wo 0.35 | 0.36 | 0.35 | 0.35 | 0.37 | 0.39 | 0.39
Wos 0.45 | 0.46 | 0.45 | 0.44 | 0.46 | 0.49 | 0.49
zoieckie wr 0.50 | 0.52 | 057 | 057 | 0.63 | 0.64 | 0.71
Wrs 0.59 | 0.61 | 0.65 | 0.65 | 0.70 | 0.70 | 0.76
Opolskie W 0.37 | 0.38 | 0.39 | 0.39 | 0.40 | 0.48 | 0.47
Wos 0.47 | 0.48 | 050 | 050 | 0.50 | 0.57 | 0.56
podkarpackic Wo 0.25 | 0.23 | 0.26 | 0.23 | 0.26 | 0.28 | 0.27
Wos 0.31 | 0.29 | 0.33 | 0.29 | 0.33 | 0.36 | 0.35
Podlaskie W10 043 | 0.46 | 0.44 | 043 | 0.49 | 0.55 | 0.54
Wios 0.53 | 0.56 | 0.54 | 053 | 058 | 0.63 | 0.62
Pomorskie W11 0.36 | 0.40 | 0.40 | 0.41 | 0.42 | 0.46 | 0.47
Wits 0.46 | 0.51 | 051 | 052 | 0.53 | 0.55 | 0.56
sk Wi 0.35 | 0.40 | 0.33 | 0.40 | 0.37 | 0.43 | 0.43
W12s 0.44 | 051 | 0.42 | 051 | 0.47 | 0.53 | 0.53
gwi@tokrzyskie W13 033 (033|033 03203 | 036 | 039
Wi13s 042 | 042 | 0.42 | 0.41 | 0.46 | 0.46 | 0.50
Ve o marrakie Wi 0.28 | 0.35 | 0.32 | 0.35 | 0.37 | 0.38 | 0.40
Wiss 0.36 | 0.44 | 0.41 | 0.45 | 0.48 | 0.48 | 0.50
Wielkopolskie W15 0.61 | 0.60 | 0.58 | 0.59 | 0.65 | 0.70 | 0.75
W15s 0,68 | 0.67 | 0.65 | 0.66 | 0.71 | 0.75 | 0.79
Zachodnio-pomorskic Wis 0.28 | 0.25 | 0.20 | 0.26 | 0.31 | 0.32 | 0.33
Wiss 0.36 | 0.32 | 0.25 | 0.33 | 0.40 | 0.40 | 0.42
gap w 037 | 0.37 | 0.41 | 042 | 0.44 | 0.46 | 0.48
Ws 037 | 0,38 | 0.44 | 0.44 | 0.45 | 0.44 | 0.45
average w 036 | 0.39 | 0.37 | 0.37 | 0.41 | 0.44 | 0.46
W 0.45 | 0.48 | 0.45 | 0.46 | 0.50 | 0.53 | 0.54

Source: Author's own calculations

In Table 1, for example, the components of the vector w; are the values of the
m(z)=psz) measure, calculated according to the formula (3a)) for the Dolnoslaskie
Voivodeship in each year of the period 2016-2022 under consideration. On the other
hand, the components of the vector wis form the values of the measure ms(z)=
=g(m(z)), calculated according to the formula (5).It should be noted that the values
of the range (max-min) given in Table 1 show the growing diversity of voivodships
in the years 2016-2022. Differentiation increased by nearly 30% (22%) in this period
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when determining development coefficients according to the formula (3a) ((5)). The
designated measures made it possible to make a ranking of the objects under
consideration. As it is easy to see directly from the definition of the functions m=p3
and g(m), defined by formulas (3a), (5), it follows accordingly that the function g
does not change the relation of preferences in the set of vectors W, induced by the
utility function m.

The tables below present the classification of voivodships, according to the obtained
measures of the level of development in the years 2016-2022.

Table 2. Classification of voivodships in 2016-2022

Voivodships 2016 | 2017 | 2018 | 2019 | 2020 | 2021 | 2022 | 2016-2021
Dolnoslaskie 9 9 10 12 9 10 10 10
Kujawsko-pomorskie 5 5 7 7 5 6 5 5
Lubelskie 11 11 8 11 7 9 8 9
Lubuskie 16 14 16 16 16 16 16 16
Lodzkie 4 4 4 3 3 4 3 4
Malopolskie 8 10 9 10 12 11 13 11
Mazowieckie 2 2 2 2 2 2 2 2
Opolskie 6 8 6 8 8 5 7 7
Podkarpackie 15 16 14 15 15 15 15 15
Podlaskie 3 3 3 4 4 3 4 3
Pomorskie 7 7 5 5 6 7 6 6
Slaskie 10 6 12 6 11 8 9 8
Swietokrzyskie 12 13 11 13 13 13 12 13
Warminsko-mazurskie 13 12 13 9 10 12 11 12
Wielkopolskie 1 1 1 1 1 1 1 1
Zachodnio-pomorskie 14 15 15 14 14 14 14 14

Source: Author's own calculations

Analyzing the arrangement of voivodships according to the level of utility, it
can be seen that in the analyzed period the Wielkopolskie and Mazowieckie
voivodships were at the top of the ranking list. The final places were taken by the
Zachodniopomorskie Voivodeship, the Podkarpackie Voivodeship, and the
Lubuskie Voivodeship in the last place.

Using the results of calculations presented in Table 1, voivodships were
divided into 4 groups, characterized by a similar level of agricultural development.
The division of voivodships into classes for the entire period under study was based
on the values of the average measure of development. For this purpose, distributive
interval series were used, in which the spans of class intervals were equal to
approximately one-quarter of the range for the entire period.

To group the voivodships into four groups I, Il, 11l and 1V, the upper class
boundaries given in Table 3 below were used, in relation to the method of calculating
the development rate and years.(the calculations obtained by the function m=ps; —
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the first four rows, the calculations obtained by the function g(m) — last four rows),
the function m, g(m) are defined by formulas (3a), (5)

The results of the grouping of voivodships for the analyzed period are
presented in Table 4. Analyzing the regional diversity of agriculture in Poland, four
typological groups of voivodships were distinguished.

Table 3. Upper Class Boundaries , according to the method of calculating the synthetic
measures in the years 2016-2022

c 2016 2017 2018 2019 2020 2021 2022
v 0.33 0.32 0.27 0.28 0.31 0.36 0.39
Il 0.42 0.42 0.37 0.38 0.42 0.47 0.51
I 0.52 0.51 0.48 0.49 0.53 0.59 0.63
I 0.61 0.60 0.58 0.59 0.65 0.70 0.75

v 0.396 0.388 0.323 0.333 0.369 0.422 0.457
Il 0.489 0.483 0.433 0.443 0.482 0.532 0.568
I 0.583 0.578 0.542 0.554 0.595 0.643 0.680
I 0.676 0.673 0.652 0.664 0.708 0.754 0.792

Source: Author's own calculations

Table 4. Division of voivodships into groups according to the method of calculating the
synthetic measures in the years 2016-2022

I Wielkopolskie, Mazowieckie

11 Lodzkie, Podlaskie, Pomorskie

I’(ujawsko—pmnorskic, Dolnoslgskie, Malopolskie , Slaskie,
Swietokrzyskie, Warminsko-mazurskie, Lubelskie, Opolskie
v Lubuskie, Podkarpackie, Zachodnio-pomorskie

111

I Wielkopolskie, Mazowieckie

I1 Lodzkie, Podlaskie, Kujawsko-pomorskie, Dolnos$lgskie, Opolskie
Lubelskie, Malopolskie, Slaskie, Swigtokrzyskie,
Warminsko-mazurskie, Pomorskie

v Lubuskie, Podkarpackie, Zachodnio-pomorskie

Source: Author's own calculations

A synthetic summary of results indicates that Poland is a country clearly
differentiated in terms of the level of agricultural development. The change in the
method of calculating voivodeship development indices used in the paper, without
changing the order, changes their grouping. Regardless of the method of calculating
the measure of development, the highest rated group | includes the Wielkopolskie
and Mazowieckie voivodships, the second group is Lodzkie and Podlaskie
voivodships, the third group is Slaskie, Swictokrzyskie and Warminsko-Mazurskie
groups, and the fourth group is Lubuskie, Podkarpackie and Zachodniopomorskie.
The fourth group includes voivodships that are characterized by the lowest level of
agricultural development in Poland, according to the adopted characteristics and
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research methodology. In almost every year of the period under consideration, the
lowest level of agricultural development was shown by the Lubuskie voivodeship.
Comparing the obtained results with the results of the work [Binderman A. 2007,
2012] it is possible to observe a clear progress and advancement of the following
voivodeships: Mazowieckie, L.odzkie, Podlaskie, a slight increase in the following
voivodeships: Podkarpackie, Lubuskie, Matopolskie and Zachodnio-Pomorskie.

CONCLUSION

The results of the conducted research showed that the indicators of development of
Polish agriculture clearly increased in the studied period 2016 — 2022. Despite this
significant increase, the level of diversification of agricultural development in Polish
voivodships is not decreasing, and what is more, it shows an upward tendency. In
order to confirm this phenomenon, it is advisable to carry out a further,
multidimensional analysis of the existing dependencies. The change in the method
of calculating voivodeship development indices used in the paper, without changing
the order, only changes their grouping.
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