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Abstract  

When a company is added to a stock market index, investors who track that index must buy the 

share. This mechanical demand can move the price and change how easily the share trades, 

even though nothing about the company itself has changed. This thesis asks whether the same 

holds for climate benchmark indices, and whether it changed after Russia's invasion of Ukraine 

on 24 February 2022, an event that made European markets considerably more volatile and 

unsettled investors' willingness to pay. The method is an event study of 88 European firms 

added to Bloomberg's Paris-Aligned Benchmark and Climate Transition Benchmark indices 

between April 2021 and March 2023, measured against the STOXX Europe 600. Inclusion 

produces no reliable price gain. The average abnormal return over the eleven days around 

inclusion is −1.23 percent, significant only at the 10 percent level, and it disappears in narrower 

windows. The evidence on long-established sustainability indices is itself mixed — positive 

for DJSI inclusion (Robinson et al., 2011), negative for German firms added to the DJSI World 

(Oberndorfer et al., 2013), and null for FTSE4Good (Curran & Moran, 2007) — and this result 

sits within that range rather than against it, alongside the heterogeneous findings of more recent 

ESG index work (Hawn et al., 2018; Adamska & Dąbrowski, 2021). This price response is no 

different before and after the invasion. Liquidity, however, is. Firms added before the invasion 

became measurably easier to trade afterward, as measured by the Amihud illiquidity ratio and 

the quoted bid–ask spread as a robustness check, whereas firms added after the invasion show 

no such improvement. Cross-sectional analysis indicates why the average price effect is weak: 



 

 ii 

the return is concentrated among firms that were hardest to trade beforehand, as the price-

pressure hypothesis predicts. Because the comparison is cross-sectional, between different 

firms included at different dates rather than the same firms observed under both regimes, the 

invasion cannot be separated from the energy and interest rate shocks that accompanied it. The 

results therefore describe the period rather than isolate the war as its cause.   
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1. Introduction 

Over the past two decades, sustainability and Environmental, Social and Governance (ESG) 

considerations have become increasingly embedded in financial markets. Asset managers have 

introduced a wide range of ESG-labeled products, and institutional investors frequently 

benchmark against sustainability indices. At the same time, the informational content of ESG-

related signals is complicated by the fact that ESG assessments can differ substantially across 

providers due to differences in measurement, scope, and weighting (Berg et al., 2022). In 

parallel, the global investment environment has shifted toward higher geopolitical and 

macroeconomic uncertainty, particularly since Russia’s invasion of Ukraine on 24 February 

2022. This geopolitical regime shift plausibly changes investor priorities and the interpretation 

of sustainability-related classifications, raising the empirical question this thesis addresses: 

whether the market still reacts to ESG index membership in the same way once the investment 

environment has shifted, both in the price of the included stock and in how easily it can be 

traded. 

 

This thesis examines how markets react to the inclusion of European firms in Bloomberg ESG 

indices. It focuses on Bloomberg's ESG index families, specifically the PAB (Paris-Aligned 

Benchmark) and CTB (Climate Transition Benchmark), and identifies inclusion events for 

European firms across these index variants over a study window spanning April 2021 to March 

2023, a two-year period that brackets the invasion on both sides. Because Bloomberg's semi-

annual rebalancing schedule places more index reconstitution events after 24 February 2022 

than before it, the post-invasion subsample is roughly twice the size of the pre-invasion 

subsample; the exact sample construction and subperiod classification are described in Section 

3.2. The final sample comprises 88 inclusion events, 29 before the invasion and 59 after. 

 

From an economic perspective, index membership changes are not merely labels. A large body 

of literature shows that inclusion in widely followed indices can affect both stock prices and 

trading activity. The basic idea is that when benchmarked or index-tracking investors must buy 

the newly included stock, demand increases mechanically around the inclusion event. If 
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demand curves for stocks are downward sloping, this can generate short-run price effects even 

when firm fundamentals have not changed (Shleifer, 1986). 

 

This mechanism has been documented in the classic literature on the S&P 500. For example, 

Harris and Gurel (1986) and Jain (1987) find abnormal price and trading-volume effects around 

index membership changes, while later studies such as Lynch and Mendenhall (1997) and Chen 

et al. (2004) show that the timing and persistence of these effects can depend on implementation 

and rebalancing dynamics. Changes in index membership have also been linked to higher 

trading activity and changes in liquidity, measured by bid–ask spreads and the price impact of 

a given amount of trading (Erwin & Miller, 1998; Hegde & McDermott, 2003). This is the 

second dimension examined in this thesis, and Section 2.1 develops the evidence behind it. 

These mechanisms are particularly relevant in ESG indices, where index classifications may 

influence capital allocation through benchmarked mandates and passive investment. 

 

A growing empirical literature applies event-study methods to changes in sustainability index 

membership and examines whether markets respond to ESG-related index inclusion. Several 

studies treat membership in a sustainability index as an economically meaningful event and 

report abnormal return patterns around reconstitutions and inclusion announcements 

(Oberndorfer et al., 2013; Ramchander et al., 2012; Robinson et al., 2011), though the direction 

varies and some find no significant reaction at all (Curran & Moran, 2007). More recent work 

also shows that ESG index providers may exert measurable market impact through changes in 

index composition, particularly via increased trading activity and rebalancing effects 

(Barontini & Gioja, 2025). 

 

At the same time, this literature shows that the effects of ESG indices are not uniform. 

Reactions differ across index methodologies, institutional settings, and investor environments 

(Adamska & Dąbrowski, 2021; Adamska & Dąbrowski, 2025; Hawn et al., 2018). This is 

directly relevant to this thesis. If the market impact of ESG index inclusion depends on how 

investors interpret ESG classifications, then that impact may also vary over time and across 

market conditions. This study, therefore, examines whether the stock-price and liquidity effects 

of ESG index inclusion in Europe differ before and after the invasion of Ukraine. 
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The empirical approach is an event study. The main return outcome is the cumulative abnormal 

return in a short-run window around the inclusion date, defined as CAR[–5, +5], which sums 

abnormal returns from five trading days before inclusion through five trading days after 

inclusion. Abnormal returns are computed relative to a benchmark return model, following 

standard event-study methodology (MacKinlay, 1997; McWilliams & Siegel, 1997); the 

estimation procedure is set out in Section 3.3. A short-run window is used to reduce 

contamination from unrelated firm-specific news and slow-moving confounders, which is a 

core concern in event-study designs.  

 

In addition to stock price reactions, the thesis examines changes in liquidity conditions around 

inclusion events. This is motivated by the index inclusion literature, which predicts that 

demand-driven rebalancing should manifest not only in prices but also in liquidity conditions 

(Harris & Gurel, 1986; Erwin & Miller, 1998; Hegde & McDermott, 2003). The primary 

liquidity measure is the Amihud (2002) illiquidity ratio, with the relative bid–ask spread as a 

robustness measure (Section 3.4). Examining returns and liquidity together strengthens the 

interpretation: a price effect accompanied by a measurable change in the cost of trading points 

to rebalancing pressure, while one that is not points to a repricing of the firm itself. 

 

These two strands lead to the two hypotheses formulated in Section 2.4. The first asks whether 

the abnormal return around inclusion differs between the pre- and post-invasion periods; the 

second asks the same question of the change in liquidity around inclusion. The results, reported 

in Chapter 4, show no measurable difference in abnormal returns across the two periods, but a 

difference in the liquidity response: the improvement in liquidity that accompanies inclusion 

before the invasion is absent afterward. A cross-sectional analysis reported in Section 4.3 also 

shows that firms that were harder to trade before inclusion earn larger abnormal returns around 

inclusion, consistent with the price-pressure hypothesis (Shleifer, 1986; Harris & Gurel, 1986). 

Chapter 5 discusses these findings in relation to the existing literature, and Chapter 6 concludes. 

 

This thesis contributes to the literature in three ways. First, it extends the ESG index event-

study literature by examining inclusion events in Bloomberg’s PAB and CTB index families, 

which have received less attention than more frequently studied sustainability indices such as 

FTSE4Good, DJSI, or MSCI ESG indices. Second, it studies whether the market reaction to 
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ESG index inclusion differs before versus after the 2022 invasion of Ukraine, thereby linking 

the ESG index literature to a period of heightened geopolitical risk. Third, it analyzes not only 

abnormal stock returns but also the change in liquidity around inclusion events, using the 

Amihud (2002) illiquidity ratio and the quoted bid–ask spread. This makes it possible to test 

whether any return effect is accompanied by the change in trading conditions that rebalancing 

pressure would produce (Erwin & Miller, 1998; Hegde & McDermott, 2003), rather than 

inferring the mechanism from prices alone. 
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2. Literature Review  

2.1. Index inclusion effects in financial markets 

A large body of research in financial economics shows that changes in index membership affect 

stock prices and trading activity. Two mechanisms are usually invoked. Under the price-

pressure view, inclusion creates short-run buying pressure from benchmarked and index-

tracking investors, which can move prices and volume without any change in fundamentals; if 

the effect is a temporary demand shock, part of the initial price move should later reverse 

(Shleifer, 1986; Harris & Gurel, 1986). Under the information view, index membership 

conveys a signal about firm quality, visibility, or monitoring, implying more persistent 

repricing (Jain, 1987). The two are not mutually exclusive, but they leave different empirical 

traces, particularly in the joint behavior of returns and trading conditions. This is why event 

studies of index changes typically examine abnormal returns and liquidity together (Erwin & 

Miller, 1998; Hegde & McDermott, 2003), and it is why this thesis measures both (Sections 

3.3 and 3.4). 

 

Early empirical work documents price and trading effects around index membership changes, 

consistent with this mechanism. Harris and Gurel (1986) show that additions to the S&P 500 

are associated with abnormal price and volume effects, consistent with price pressure from 

index-tracking and institutional rebalancing. Jain (1987) similarly reports abnormal returns 

around S&P 500 inclusions and emphasizes that changes in index membership may reflect both 

demand-based effects and an informational component. Subsequent evidence highlights that 

the timing of index changes and implementation can matter for the return profile, and that 

reactions may partly reflect trading around effective dates and the rebalancing process itself 

(Lynch & Mendenhall, 1997; Chen et al., 2004). For this thesis, the literature also motivates 

the examination of trading activity and liquidity around inclusion events. If index changes 

generate large, coordinated buy and sell orders, trading volume can rise sharply, and liquidity 

conditions can change, for example, through wider or narrower spreads and changes in price 

impact (Erwin & Miller, 1998; Hegde & McDermott, 2003). 

 

Event-study methods are widely used to examine how stock markets react to discrete events 

such as index inclusions. By comparing realized returns with benchmark-implied expected 

returns, researchers can estimate abnormal returns around inclusion dates while filtering out 
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broader market movements (MacKinlay, 1997). The present study follows this framework; the 

market model, estimation window, and abnormal return calculation are specified in Section 

3.3. 

 

2.2. ESG index effects on financial markets 

A growing empirical literature examines whether markets react to changes in sustainability and 

ESG index membership using event-study designs. Early and influential studies interpret 

inclusion in sustainability indices as a potentially meaningful signal about corporate 

responsibility and legitimacy, and document that membership changes can be associated with 

abnormal returns around reconstitution dates (Robinson et al., 2011; Oberndorfer et al., 2013). 

Related evidence from CSR-focused index reconstitutions similarly suggests that index 

membership changes can convey information that markets price, consistent with an 

informational interpretation of CSR/ESG classification (Ramchander et al., 2012). More recent 

work emphasizes that reactions are often heterogeneous across settings and that investor 

interpretation of sustainability membership depends on institutional context and market 

characteristics (Hawn et al., 2018; Adamska & Dąbrowski, 2021). 

 

A key takeaway from this literature is that the direction and magnitude of abnormal returns 

around ESG index changes are not uniform. One important reason is index design. ESG indices 

differ in how they select constituents; for example, best-in-class approaches, negative 

screening, and climate-benchmark methodologies can generate different membership signals 

and different rebalancing flows. Evidence suggests that market reactions can vary 

systematically depending on index construction and the institutional setting in which the index 

operates (Adamska & Dąbrowski, 2021; Adamska & Dąbrowski, 2025). This point is 

particularly relevant for this thesis, which focuses on inclusions in Bloomberg’s PAB (Paris-

Aligned Benchmark) and CTB (Climate Transition Benchmark) index families. Even though 

both fall under the broad “ESG/climate benchmark” umbrella, they represent different degrees 

of climate-alignment constraints and therefore may generate different market interpretations 

and rebalancing intensities. The two benchmarks differ in stringency: the PAB requires a 50% 

reduction in GHG intensity relative to the parent index and applies activity-level exclusions on 

fossil fuel revenues, while the CTB requires only a 30% reduction and applies no activity-based 

thresholds (Bloomberg Index Services Limited, 2025). This regulatory asymmetry implies that 
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inclusion in the PAB conveys a stronger low-carbon signal than inclusion in the CTB. This 

asymmetry would in principle allow a test of whether the two index families generate different 

market reactions. As explained in Section 3.2, the composition of the sample does not permit 

it: only nine of the 88 events are CTB-only, so a PAB/CTB indicator cannot be estimated with 

useful precision, and index membership is reported descriptively rather than used as a 

regressor. 

 

Beyond stock returns, several studies show that index membership changes can affect trading 

activity and liquidity, providing insight into underlying mechanisms. If inclusion effects are 

driven partly by benchmarked demand and rebalancing pressure, one should observe spikes in 

trading activity around effective dates and potential changes in liquidity. Evidence consistent 

with this channel appears in studies that explicitly examine liquidity outcomes around ESG 

index inclusion. For example, evidence from ESG indices in India indicates that inclusion is 

associated not only with price effects but also with changes in liquidity and trading conditions 

in the post-inclusion period (Suresha et al., 2022). This complements the broader index-

inclusion literature (developed largely in the S&P 500 context) that documents abnormal 

volume and liquidity changes around index revisions and supports a demand-pressure 

interpretation (Harris & Gurel, 1986; Hegde & McDermott, 2003; Erwin & Miller, 1998). 

Taken together, these strands motivate examining both returns and liquidity outcomes around 

ESG index inclusion events. 

 

Recent research also highlights the potential “market power” of index providers, particularly 

in ESG-themed indices where benchmarked demand can be substantial, and index 

methodology can influence capital allocation. Barontini and Gioja (2025), for instance, study 

composition changes in ESG indices and document strong trading activity around effective 

change dates along with return patterns consistent with index-driven flows, reinforcing the idea 

that ESG index rebalancing can generate measurable short-run market impact. This perspective 

strengthens the rationale for studying Bloomberg ESG index families directly: if index-

provider methodologies and rebalancing events matter, then the market reaction to inclusion 

should be empirically measurable and may vary across time periods and index designs. 
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Although the literature on ESG index membership has expanded substantially, evidence 

remains mixed across indices, markets, and time periods. Results vary depending on index 

design, institutional context, and investors' interpretation of the membership signal (Hawn et 

al., 2018; Adamska & Dąbrowski, 2021; Oberndorfer et al., 2013). A key gap is that relatively 

little work has directly tested whether the market reaction to ESG index inclusions varies across 

geopolitical regimes, despite strong reasons to expect state dependence (Pástor et al., 2021). 

This thesis addresses that gap by examining inclusion events in Bloomberg’s PAB and CTB 

index families for European firms, comparing the market reaction before and after 24 February 

2022 in both prices and liquidity, as formalized in the two hypotheses below. 

 

2.3. Geopolitical shocks and financial markets 

Financial markets are sensitive to geopolitical events. A substantial body of evidence 

documents that wars, political crises, and uncertainty shocks generate measurable short-run 

market responses, affecting asset prices, volatility, and capital allocation. Geopolitical risk can 

heighten uncertainty and prompt portfolio reallocation, altering how investors weight different 

asset characteristics and risk premia (Caldara & Iacoviello, 2022). Periods of acute geopolitical 

stress can shift the salience of various firm characteristics for investors, including 

sustainability-related attributes. 

 

The invasion of Ukraine on 24 February 2022 represents a particularly sharp and precisely 

timed geopolitical shock. Evidence directly linking this event to changes in ESG-related pricing 

comes from Boccaletti et al. (2026), who examine stock market reactions around the invasion 

and find that firms’ ESG performance systematically moderated their stock market response 

during the conflict. Firms with stronger ESG profiles exhibited more resilient stock market 

performance, experiencing less negative returns relative to firms with weaker profiles, 

suggesting that sustainability-related characteristics acted as a buffer for investors during 

heightened geopolitical stress. This finding implies that ESG attributes are not priced uniformly 

across market conditions, but that their relevance responds to changes in the broader investment 

environment. 

 

For this thesis, the implication is direct, though it requires one bridging step. Boccaletti et al. 

(2026) show that investor valuation of ESG firm characteristics is state-dependent: the same 
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attributes that define climate benchmark eligibility buffered firms during the conflict. The 

connection to index inclusion effects runs through the demand channel: the price and liquidity 

impact of a new inclusion is generated primarily by benchmarked investors who must rebalance 

their portfolios when a stock enters their index. The intensity of that rebalancing demand 

depends on the weight of ESG-aligned mandates in the market at a given point in time and on 

how investors interpret the inclusion signal. If geopolitical stress alters either of those two 

factors, the scale of ESG-benchmarked flows or the informational content investors assign to 

climate benchmark membership, then the market reaction to a specific inclusion event should 

also differ across regimes. Pástor et al. (2021) provide the equilibrium foundation: ESG 

characteristics are priced when investors have preferences for sustainable assets, and those 

preferences are not stable across market conditions. The invasion of Ukraine, therefore, 

provides a clearly defined cutoff for testing whether the market response to ESG index 

classification events is regime-dependent, not because it directly changes index composition, 

but because it plausibly shifts the intensity of ESG-benchmarked demand and the interpretation 

of the inclusion signal. The two hypotheses in Section 2.4 translate this argument into testable 

form, and Section 3.5 specifies how the pre/post partition enters the estimation. 

 

2.4. Hypotheses 

The literature reviewed above yields two testable predictions. Index inclusion generates price 

and liquidity effects because benchmarked investors must rebalance (Section 2.1), and the 

strength of that rebalancing demand depends on both how much capital is tied to ESG mandates 

and how investors interpret the inclusion signal (Section 2.2). Both are state-dependent: ESG 

characteristics are priced only to the extent that investors hold preferences for sustainable 

assets, and those preferences shift with the investment environment (Pástor et al., 2021; 

Boccaletti et al., 2026). If the invasion of Ukraine changed either the scale of ESG-

benchmarked flows or the interpretation of climate benchmark membership, the market 

reaction to inclusion should differ between the two regimes. This is tested separately for prices 

and for liquidity. 
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H1₀: The mean CAR[−5,+5] around ESG index inclusion is equal across the pre- and post-

invasion periods. 

H1a: The mean CAR[−5,+5] around ESG index inclusion differs between the pre- and post-

invasion periods. 

H2₀: The change in Amihud illiquidity around ESG index inclusion is equal across the pre- 

and post-invasion periods. 

H2a: The change in Amihud illiquidity around ESG index inclusion differs between the pre- 

and post-invasion periods. 

 

The change in the relative bid–ask spread serves as a robustness measure for hypothesis 2 

(Section 3.6). 

 

Alongside these two hypotheses, the thesis examines a supplementary cross-sectional question 

that follows directly from the price-pressure mechanism in Section 2.1. If abnormal returns 

around inclusion are generated by rebalancing demand meeting a limited supply of shares, the 

return response should be largest for the firms that were hardest to trade before the event. This 

is not stated as a hypothesis, because it concerns the mechanism behind the return response 

rather than the comparison between regimes, but it is specified in Section 3.5 and tested in 

Section 4.3. 
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3. Data and Methodology 

3.1. Data sources and study setting 

This thesis uses daily market data manually extracted from the Bloomberg Terminal to measure 

abnormal stock returns in a short-run window centered on the effective inclusion date and to 

document how liquidity conditions change from the pre-inclusion to the post-inclusion period. 

The empirical approach follows the event-study framework established in the index inclusion 

literature, which documents that changes in index membership generate measurable short-run 

effects on both stock prices and trading conditions (Harris & Gurel, 1986; MacKinlay, 1997; 

Hegde & McDermott, 2003). All data collection was performed directly through the 

Bloomberg Terminal interface rather than via automated bulk downloads, reflecting the 

constraints of the data access arrangement under which the study was conducted. 

 

Two consequences follow from this mode of collection and are stated here rather than left to 

the limitations section. First, because the series were read from the terminal interface and 

transcribed by hand rather than retrieved through a scripted bulk download, there is no query 

file that a third party could re-execute to reproduce the extraction. The replication package 

accompanying this thesis contains the processed CSV inputs, the Stata do-file, and the run log, 

which together reproduce every result reported below from the assembled dataset, but it does 

not contain the underlying Bloomberg queries, and the raw extraction itself therefore cannot 

be independently verified from those deliverables. Second, Bloomberg's license terms do not 

permit redistribution of raw terminal data, so the source series could not be published alongside 

the thesis even if a query file existed. Manual transcription also carries a risk of recording errors 

that an automated pipeline would not, which is a genuine limitation of the dataset and is 

addressed in Section 5.5. 

 

The inclusion events are constructed from Bloomberg's European ESG equity indices. The two 

index families examined are the Paris-Aligned Benchmark (PAB) and the Climate Transition 

Benchmark (CTB), identified by the Bloomberg tickers ERPPABNE and ERPCTBNE, 

respectively. These were selected because they are the only Bloomberg equity indices with an 

exclusive ESG and climate focus available with complete historical constituent data; other 

Bloomberg indices available for historical constituent analysis incorporate ESG considerations 

only partially and were therefore not suitable for the purposes of this study. The choice to focus 
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on a single index family with a clearly defined and publicly documented selection methodology 

follows the approach of recent ESG event studies, which argue that restricting the sample to a 

coherent index family improves comparability across events and reduces confounding from 

cross-index heterogeneity (Barontini & Gioja, 2025; Adamska & Dąbrowski, 2021). 

 

Both indices belong to Bloomberg's Global Equity Paris-Aligned and Climate-Transition Index 

family, which are regulated EU benchmarks designed to comply with the European 

Commission's Delegated Act on climate benchmarks (Bloomberg Index Services Limited, 

2025). The eligible universe for each European variant is derived from the Bloomberg Europe 

Large and Mid-Cap index. Constituent selection proceeds in two stages: exclusion screening 

and optimized weighting, and the indices are rebalanced semi-annually, in March and 

September. Semi-annual rebalancing dates serve as the identifying events in this study, 

consistent with the broader index inclusion literature in which scheduled reconstitutions 

provide well-defined and externally imposed event dates (Lynch & Mendenhall, 1997; Chen 

et al., 2004). 

 

In the exclusion stage, both the PAB and the CTB apply a common set of baseline exclusions, 

removing firms involved in controversial weapons or tobacco, firms rated non-compliant with 

UN Global Compact or OECD principles, and firms found to significantly harm one or more 

of the six EU taxonomy environmental objectives. These assessments rely on Sustainalytics 

data; any firm not covered by Sustainalytics is also excluded under the precautionary principle. 

The two benchmarks diverge in their activity exclusions, which apply to the PAB only: 

companies deriving 1% or more of revenues from thermal coal extraction, 10% or more from 

oil and gas production or refining, or 50% or more of electricity revenues from fossil fuel 

generation are excluded from the PAB but not necessarily from the CTB. This asymmetry 

means the PAB conveys a stronger low-carbon signal than the CTB, an index design feature 

with potential implications for how markets interpret inclusion within each family (Adamska 

& Dąbrowski, 2025). 

 

In the weighting stage, constituent weights are determined by an optimization that minimizes 

the sum of squared deviations from the parent index weights, subject to climate and ESG 

constraints. The central constraint is a greenhouse gas (GHG) intensity target: the aggregate 
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GHG intensity of the PAB must be at least 50% below that of the parent index, while CTB has 

a threshold of 30%. Beyond this initial reduction, both benchmarks impose a minimum self-

decarbonization rate of at least 7% per year, in line with the IPCC 1.5 °C temperature scenario. 

GHG intensity is measured by normalizing Scope 1, 2, and 3 emissions to enterprise value, 

including cash (EVIC). The indices were launched with a base date of 6 April 2020. 

 

Data acquisition proceeded as follows. First, index constituent lists were examined directly on 

the Bloomberg Terminal. Holdings were reviewed at the end of each month to identify when a 

new company entered the index, after which the search was narrowed to the daily level to 

determine the precise effective inclusion date, defined as the first calendar day on which the 

firm became a constituent. Inclusion events were recorded manually, and events involving the 

simultaneous addition of the same firm to both indices on the same effective date were recorded 

as a single combined event. Second, for each identified inclusion event, daily price data 

adjusted for splits and dividends, trading volume, and bid and ask prices were gathered from 

Bloomberg for each firm across the event window (trading days −5 to +5 relative to the 

inclusion date, plus day −6 as an anchor for computing the day −5 log return) and the estimation 

window (trading days −250 to −31). The STOXX Europe 600 (ticker: SXXP) was selected as 

the market benchmark because it provides the broadest available coverage of the European 

equity market, encompassing large-, mid- and small-cap firms across 17 European countries 

and representing approximately 90% of the free-float market capitalization of the European 

investable universe; it is also the parent index from which the Bloomberg ESG benchmarks 

ultimately derive their eligible constituent universe, making it an internally consistent 

benchmark choice. Daily price data for SXXP were collected over the same set of trading dates. 

Third, daily spot exchange rates were collected from Bloomberg for every currency represented 

in the sample on each date for which price, bid, ask, or volume data were gathered. This step 

was necessary because both the Bloomberg ESG indices and the STOXX Europe 600 are 

denominated in EUR, while several sample firms trade in non-EUR currencies, including SEK, 

GBP, NOK, CHF, DKK, and RUB. Converting all series to a common currency is standard 

practice in multi-currency European event studies and ensures that returns, liquidity measures, 

and control variables are comparable across firms (Hawn et al., 2018). Fourth, market 

capitalization for each firm was collected at t = −1 (the last trading day before the effective 

inclusion date) to ensure the size measure reflects pre-event firm characteristics and is 
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unaffected by any inclusion-related price movements. Market capitalization was converted to 

EUR using the corresponding daily spot rate. All data were compiled in a single Excel 

workbook and subsequently exported to CSV files for import into Stata. Two events were 

excluded from the final sample. One (EXOR NV) had no valid price data in the estimation 

window, preventing OLS estimation from converging. A second (Nordea) was removed as a 

duplicate: the same firm's simultaneous inclusion in both the PAB and CTB on the same 

effective date had been recorded as two separate events and was consolidated into a single 

observation. 

 

This procedure yielded 88 usable inclusion events, 29 pre-invasion and 59 post-invasion, with 

complete data for all primary dependent variables. 

 

3.2. Event definition and sample construction 

For each inclusion event, the event date t = 0 is defined as the first calendar day on which the 

firm appears as a constituent of the index, that is, the effective inclusion date as recorded in 

Bloomberg's index constituent history. It is important to distinguish this from an announcement 

date: there is no formal public announcement of individual additions to Bloomberg's PAB and 

CTB indices prior to the rebalancing date, and t = 0 should therefore be understood as the day 

the inclusion becomes effective rather than the day it becomes publicly known. The day 

immediately preceding inclusion, t = −1, is the last trading day on which the firm is not yet a 

constituent, and returns computed from t = −1 to t = 0 reflect the first trading session in which 

the stock is an index member. 

 

The primary event window is [−5, +5], covering five trading days before and five trading days 

after the effective inclusion date. This window is wide enough to capture both anticipatory 

price adjustment in the days leading up to inclusion and any demand-driven rebalancing in the 

days immediately following it. Anticipatory trading is particularly relevant here because 

Bloomberg's semi-annual rebalancing schedule and publicly available eligibility criteria allow 

sophisticated investors to predict a substantial share of new inclusions before the official 

effective date, consistent with evidence that markets begin positioning ahead of scheduled 

index reconstitutions (Lynch & Mendenhall, 1997; Chen et al., 2004). At the same time, the 

window is short enough to minimize contamination from unrelated firm-specific news, in line 
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with standard event-study design principles (MacKinlay, 1997; McWilliams & Siegel, 1997). 

Two narrower windows, [−3, +3] and [−1, +1], are examined as robustness checks; the 

narrowest window is most informative if the effective inclusion date is cleanly identified and 

price adjustment is rapid, while the wider window captures a greater share of any slow-moving 

reaction. 

 

Although the empirical design follows the standard event-study framework (MacKinlay, 1997), 

two features differentiate this study from a classical informational event study. First, 

Bloomberg index rebalancing dates are publicly scheduled, and the eligibility criteria are 

transparent, meaning that inclusion is not a surprise event, unlike an earnings announcement 

or a merger. The event window is therefore designed to capture both anticipatory and post-

inclusion effects rather than a single-day information release. Second, the comparison of pre- 

and post-invasion subsamples introduces a quasi-experimental element: the invasion of 

Ukraine on 24 February 2022 is treated as an exogenous structural break that partitions the 

event sample into two distinct geopolitical regimes, allowing a test of whether the market 

response to ESG index inclusions is state-dependent (Pástor et al., 2021; Boccaletti et al., 

2026). This design is therefore closer to a comparative event study that exploits a precisely 

timed external shock than to a classical event study focused solely on the informational content 

of individual inclusion events. 

 

Inclusion events are classified into pre- and post-invasion periods using 24 February 2022 as 

the cutoff. Events occurring before this date constitute the pre-invasion subsample (n = 29), 

and events on or after this date constitute the post-invasion subsample (n = 59). The study 

period runs from April 2021 to March 2023, spanning five semi-annual rebalancing cycles and 

covering approximately one year on each side of the invasion. The October 2020 index launch 

rebalancing is excluded because the estimation window [−250, −31] for those events would 

extend into the first half of 2020, a period severely distorted by the COVID-19 market crash 

and the subsequent sharp recovery; including events with estimation windows spanning this 

period would produce unreliable market model parameter estimates and potentially confound 

the abnormal return measures. Events involving the simultaneous addition of the same firm to 

both the PAB and CTB on the same effective date are treated as a single inclusion event, as 

described in Section 3.1. 
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The final sample comprises 88 firm-event observations drawn from five semi-annual 

Bloomberg Climate Paris-Aligned (PAB) and Climate Transition (CTB) index rebalancing 

cycles, supplemented by two off-cycle inclusions, spanning April 2021 to March 2023. Events 

are concentrated around five semi-annual rebalancing cycles: April 2021 (n = 18), September 

2021 (n = 9), March 2022 (n = 21), September 2022 (n = 15), and March 2023 (n = 23). Two 

off-cycle inclusions, one in October 2021 (n = 1) and one in February 2022 (n = 1), supplement 

the regular schedule. The February 2022 inclusion falls ten trading days before the Russian 

invasion of Ukraine on 24 February 2022 and is accordingly classified as a pre-invasion event. 

 

The invasion date divides the sample into 29 pre-invasion and 59 post-invasion events, a 

roughly two-to-one ratio that follows mechanically from the position of 24 February 2022 

within the April 2021 to March 2023 sampling window: four semi-annual rebalancing cycles 

fall after the cutoff versus two before it. Of the 88 observations, 66 firms appear in both the 

PAB and CTB indices, 13 appear exclusively in PAB, and 9 appear exclusively in CTB. The 

pronounced imbalance toward PAB, with only 9 CTB-only observations, means that a 

PAB/CTB membership indicator cannot be included as a regressor in the cross-sectional 

analysis without severely inflating estimation uncertainty; this variable is therefore excluded 

from all regressions, while the index composition is reported in Table 2 for descriptive 

purposes. 

 

Geographically, the sample spans 18 countries of incorporation across eight reporting 

currencies, with several of the smaller entries serving as registration domiciles for firms listed 

on another European exchange. EUR-denominated firms form the largest currency group (n = 

37), followed by SEK (n = 23), NOK (n = 10), GBP (n = 8), CHF (n = 4), DKK (n = 3), USD 

(n = 2), and one RUB-denominated observation. The full event list, including country and index 

family, is reported in Table A1. 

 

Because 51 of the 88 events involve firms that report and trade outside the euro area, the 

treatment of exchange rates requires explicit justification. Every price, bid, ask, and market 

capitalization observation is converted to euros at the Bloomberg spot rate quoted on the same 

trading date, so the conversion is contemporaneous with the observation and no forward-
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looking information enters the series. Daily returns are then computed from the converted price 

series, which means that for non-euro firms the measured return is a euro return: it combines 

the local equity return with the movement of that currency against the euro over the same day. 

This matches the benchmark, since the STOXX Europe 600 and the Bloomberg PAB and CTB 

indices are themselves euro-denominated, and it follows the treatment adopted in multi-country 

European event studies that benchmark against a regional index (Hawn et al., 2018). A common 

currency is also necessary for liquidity analysis because the Amihud (2002) ratio measures 

price impact per unit of trading value and is not comparable across firms unless trading value 

is expressed in a common unit. 

 

Two consequences follow. Since the market model regresses a euro return on the euro return 

of a euro-denominated benchmark, currency movements common to European currencies and 

the euro are absorbed into the estimated slope and intercept rather than left in the residual. 

What is not absorbed is the idiosyncratic movement of an individual currency, which enters 

the abnormal return and inflates its variance for non-euro firms. A larger residual variance 

widens the interval around each estimated abnormal return, so this works against rejecting the 

null hypotheses rather than in favor of them, and the null result for H1 in Chapter 4 should be 

read with that in mind (Brown & Warner, 1985; MacKinlay, 1997). The concern becomes a 

bias rather than added noise only if currency movements are systematically related to the 

inclusion dates themselves. That cannot be dismissed here because the 88 events fall on only 

seven effective dates, so a single large, single-day currency move would affect every non-euro 

firm included on that date at once. The leave-one-event-date-out procedure in Section 3.6 is a 

direct check on this possibility. 

 

The alternative treatment in the international literature is to compute returns in local currency 

and benchmark each firm against its own domestic market index, which removes the currency 

component but gives up a common benchmark and makes the liquidity measures non-

comparable across markets (Griffin, 2002). Because the hypotheses concern a euro-

denominated pan-European index family, and because the liquidity comparison requires a 

common unit, the euro specification is the appropriate one here. Re-estimating the return results 

in local currency against domestic benchmarks would nonetheless be a useful robustness check, 

and is noted as such in Section 5.5. 
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3.3. Measuring abnormal stock returns 

Daily stock returns are computed as log returns from Bloomberg price data converted to euros 

at the same-day spot rate, following the procedure and for the reasons set out in Section 3.2.  

Let Ri,t = ln(Pit / Pit-1) denote the log return for firm i on trading day t, and let Rm,t denote the 

log return on the STOXX Europe 600 (see Section 3.1). For the short daily horizons used here, 

log returns closely approximate simple returns; the difference is of order r²/2 and is negligible 

for typical daily price moves, so this choice has no material effect on the results (MacKinlay, 

1997). Abnormal returns are computed using the standard event-study framework in which 

expected returns are estimated from a benchmark model over a pre-event estimation window, 

and the event impact is measured as the deviation of realized returns from those expected 

returns (MacKinlay, 1997; McWilliams & Siegel, 1997). 

 

The expected-return specification is the market model: 

 

𝑅!" = 𝛼! + 𝛽!𝑅#," + 𝜀!," , 

 

where 𝛼! and 𝛽! are firm-specific parameters estimated by OLS over the pre-event estimation 

window. The market model is the standard benchmark specification in the event-study 

literature and has been shown to produce well-specified test statistics across a wide range of 

event types (MacKinlay, 1997; Brown & Warner, 1985). The estimation window is defined as 

the set of trading days [−250, −31] relative to the event date, yielding a median of 225 trading 

days, or roughly one trading year of daily observations per event. This window is long enough 

to estimate stable market model parameters while excluding the event period and a buffer zone 

immediately before it, which reduces the risk that anticipatory event-related trading 

contaminates the parameter estimates (MacKinlay, 1997; McWilliams & Siegel, 1997). The 

buffer zone trading days [−30, −6] are left unused in the estimation, serving as a clean 

separation between the estimation and event windows. For one event (Nykode Therapeutics, 

included 6 April 2021) the available price history ends closer to the event date, so its buffer is 

shorter than the nominal 25 trading days; the estimation and event windows remain disjoint. 

For a small number of recently listed firms, such as Volvo Cars, which completed its IPO in 

October 2021, the full 220-day estimation window was unavailable. These events were retained 
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as long as OLS estimation converged and produced non-missing parameter estimates. Brown 

and Warner (1985) demonstrate that market model estimates from daily data remain reliable 

with estimation windows substantially shorter than the conventional 220-day benchmark; the 

ability of OLS to converge is the binding practical constraint. One event (EXOR NV) was 

excluded because it lacked any valid price data in the estimation window, preventing OLS from 

running. 

 

Abnormal returns are then computed as: 

𝐴𝑅!," = 𝑅!," − *𝛼%+ + 𝛽%,𝑅#,"-. 

 

The main return outcome is the cumulative abnormal return over the primary event window: 

𝐶𝐴𝑅![−5,+5] = 3 𝐴𝑅!," .
&'

"()'

 

 

The use of a cumulative abnormal return over a multi-day window, rather than a single-day 

abnormal return at t = 0, reflects two considerations. First, as discussed in Section 3.2, 

Bloomberg's semi-annual rebalancing schedule is publicly known and investors may begin 

positioning before the official effective date, so anticipatory price adjustment may occur in the 

days preceding t = 0 (Lynch & Mendenhall, 1997; Chen et al., 2004). Second, even when the 

inclusion date is precisely measured, the price impact of rebalancing-driven demand may be 

spread across several days as index-tracking funds trade towards the new benchmark weights. 

Summing abnormal returns over [−5, +5] therefore better captures the total market reaction 

than a single-day estimate. For descriptive purposes, event-study results are also summarised 

using the average abnormal return on each event day (AARt) and the cumulative average 

abnormal return (CAAR[−5, +5] = Σ AARt) across all events; these are used to illustrate the 

time profile of the market response around inclusion dates in the figures accompanying the 

results, following standard practice (MacKinlay, 1997). Hypothesis tests are based on event-

level CARs rather than cross-sectional averages. 
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3.4. Measuring trading activity and liquidity 

In addition to stock price reactions, this thesis examines how liquidity conditions change 

around ESG index inclusion events. If inclusions generate rebalancing-driven demand 

pressure, this should be reflected not only in abnormal returns but also in changes in transaction 

costs and price impact as index-tracking investors trade towards the new benchmark weights 

(Harris & Gurel, 1986; Hegde & McDermott, 2003). Evidence from the ESG index inclusion 

literature suggests that inclusion events can be associated with measurable changes in liquidity 

conditions in the post-inclusion period (Suresha et al., 2022), motivating an explicit 

examination of liquidity alongside returns. 

 

The primary liquidity outcome is the change in the Amihud (2002) illiquidity ratio between the 

pre-inclusion and post-inclusion periods. Following Amihud (2002), illiquidity on day t for 

firm i is defined as the absolute daily log return divided by the daily value traded in euros, 

scaled by 10⁶ so that the measure is expressed per million euros of trading: 

 

𝐼𝐿𝐿𝐼𝑄!," =
|+!,#|

,-./0!,#
, where 𝑉𝑎𝑙𝑢𝑒!," = 𝑃	𝐸𝑈𝑅!," ∗ 𝑉𝑜𝑙𝑢𝑚𝑒!," ∗ 101. 

 

P EURi,t is the closing price converted to euros as described in Section 3.2, and Volumei,t is the 

daily number of shares traded, so the denominator is the euro value traded on day t. The factor 

10⁶ rescales the ratio to the absolute return per one million euros of trading; without it the 

measure would take values of the order of 10 ⁹ and would be awkward to report and compare. 

Higher values of ILLIQi,t indicate lower liquidity, in the sense that a given amount of trading 

is associated with larger price movements (Amihud, 2002). To reduce the influence of days 

with atypically low trading volume, observations with zero volume are excluded from the 

computation. 

 

Rather than comparing the event window to a long pre-event baseline, this study adopts a 

tighter design that directly contrasts the five trading days immediately before and after the 

effective inclusion date. Specifically, the pre-inclusion average is computed over t = −5 to t = 

−1 and the post-inclusion average over t = +1 to t = +5, with t = 0 excluded from both windows 

to avoid capturing any unusual trading on the event day itself. Each window, therefore, 

averages over five observations per event, with one exception: a single missing volume figure 
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leaves four days in the post-inclusion window, which provides a stable daily mean while 

keeping the comparison tightly centered on the inclusion date. Averaging over five days on 

each side is also a deliberate smoothing choice: it reduces the measure's sensitivity to any single 

atypical trading day immediately before or after inclusion. The event-level liquidity change is 

then defined as: 

 

𝐴𝑚𝑖ℎ𝑢𝑑23-450! = 𝐴𝑚𝑖ℎ𝑢𝑑678"! − 𝐴𝑚𝑖ℎ𝑢𝑑690! , 

 

where Amihudpre,i is the mean ILLIQ over t = −5 to t = −1 and Amihudpost,i is the mean ILLIQ 

over t = +1 to t = +5. A positive Amihudchange indicates that illiquidity increased (i.e., liquidity 

deteriorated) after inclusion, whereas a negative value indicates an improvement in liquidity. 

Because the Amihud ratio can be sensitive to extreme observations when trading volume is 

very thin on isolated days, Amihudchange is winsorized at the first and 99th percentiles prior to 

OLS estimation (Amihud, 2002). It should be noted that at this sample size, the procedure is 

not binding: with 88 observations, the first and 99th percentiles coincide with the minimum 

and maximum, so no observations are in fact trimmed, and the reported estimates are based on 

the unmodified data. The sensitivity of the Amihud results to extreme observations is therefore 

addressed through the rank-based tests described in Section 3.5 rather than through trimming. 

 

As a robustness check, the same change-based design is applied to the relative bid–ask spread. 

Daily quoted spreads are computed directly from Bloomberg bid and ask prices as: 

 

𝑆𝑝𝑟𝑒𝑎𝑑!," =
:8;!,#)<!=!,#

>!=!,#
, where 𝑀𝑖𝑑!," =

:8;!,#&<!=!,#
?

. 

 

The event-level spread change is defined analogously: 

 

𝑆𝑝𝑒𝑎𝑑23-450! = 𝑆𝑝𝑟𝑒𝑎𝑑678"! − 𝑆𝑝𝑟𝑒𝑎𝑑690! , 

 

where Spreadpre,i and Spreadpost,i are the mean relative quoted spreads over t = −5 to t = −1 and 

t = +1 to t = +5, respectively. A positive Spreadchange indicates that transaction costs widened 

after inclusion. Using direct bid and ask prices from Bloomberg rather than an estimator avoids 

the approximation error associated with high-low spread estimators, which can produce 
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negative values for highly liquid stocks and may be unreliable at daily frequency (Corwin & 

Schultz, 2012). The same winsorization is applied to Spreadpre,avg and Spreadpost,avg before they 

enter the cross-sectional regressions, and is likewise non-binding at this sample size; the non-

parametric Wilcoxon tests are in any case unaffected by such truncation. 

 

3.5. Empirical strategy and inference 

The empirical analysis proceeds in two steps, one for each hypothesis. 

 

For hypothesis 1, the analysis implements a standard event-study design and computes 

abnormal returns for each inclusion event over the short-run window [−5, +5]. The primary 

outcome is the event-level cumulative abnormal return CAR[−5, +5], computed using the 

market model described in Section 3.3. To characterize the time profile of the market response, 

average abnormal returns (AAR) and cumulative average abnormal returns (CAAR) are 

reported separately for pre- and post-invasion subsamples (MacKinlay, 1997; McWilliams & 

Siegel, 1997). 

 

For H2, the outcome variables are the change measures described in Section 3.4: Amihudchange, 

the primary measure of illiquidity change, and Spreadchange, a robustness measure. The central 

question is whether the change in liquidity around inclusion differs between the pre- and post-

invasion regimes. 

 

The primary inferential tool for both hypotheses is the event-level OLS regression described 

below. Models are estimated sequentially: first with Post as the sole regressor, then with firm-

level controls added one at a time, to assess the stability of the coefficient of interest across 

specifications. Because the specification with Post as the sole regressor and heteroskedasticity-

robust standard errors is numerically equivalent to a two-sample Welch t-test on the sub-period 

means (Welch, 1947), the first column of each regression table also serves as the formal mean-

difference test between the two subperiods 

 

As a robustness check, the Mann-Whitney rank-sum test (Mann & Whitney, 1947) is used to 

compare the distributions of the outcome variable across sub-periods without imposing 

distributional assumptions. This is particularly relevant for the Amihud illiquidity change, 
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which is heavily left-skewed (skewness −8.41) and leptokurtic as documented in Table 2, 

making OLS estimates sensitive to a small number of extreme observations. Where OLS and 

non-parametric results diverge, the discrepancy is discussed with reference to the distributional 

properties of the outcome variable. 

 

To formally test both hypotheses, the thesis estimates event-level OLS regressions. The 

baseline specification takes the form: 

 

𝑌0 = 𝛼 + 𝛽𝑃𝑜𝑠𝑡0 + 𝛾𝑋0 + 𝜀0 , 

 

where Ye denotes the event-level outcome (CARe[−5, +5] for hypothesis; Amihudchange,e for 

H2), Poste is an indicator equal to one for events occurring on or after 24 February 2022, Xe is 

a vector of pre-event firm-level controls (log market capitalization and market model beta, β̂), 

and εₑ is the error term. Both index fixed effects and time fixed effects are excluded from the 

baseline specification. Index fixed effects are excluded because index membership is close to 

invariant within the sample: 66 of the 88 events are simultaneous inclusions in both the PAB 

and the CTB, leaving 13 PAB-only and 9 CTB-only events. A PAB/CTB indicator would 

therefore be identified from 22 observations, which would inflate estimation uncertainty 

without adding explanatory power. Time fixed effects are excluded for a stricter reason. A 

dummy for each rebalancing cycle would be perfectly collinear with the Post indicator by 

construction, because the invasion date partitions the sample so that every pre-invasion event 

belongs to one of the earlier cycles and every post-invasion event to one of the later cycles; 

Post is an exact linear combination of the cycle dummies. The two cannot be included together, 

and replacing Post with cycle dummies would absorb precisely the contrast the hypotheses are 

about. The Post indicator is thus the most parsimonious way to capture the structural break, 

and sensitivity to individual rebalancing dates is assessed separately through the leave-one-

event-date-out procedure in Section 3.6. Standard errors are heteroskedasticity-robust (HC1), 

following Huber (1967) and White (1980). For H2, the regression is also estimated with 

Spreadchange,e as the dependent variable, as an additional check on the illiquidity result. 

 

Two tests are applied to the full sample rather than to the pre/post contrast. Whether the mean 

CAR across all 88 events differs from zero is tested with a one-sample t-test on the event-level 
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CARs, using the crosssectional standard error of the 88 observations, which is the standard test 

statistic in this literature (Brown & Warner, 1985; MacKinlay, 1997). The one-sample 

Wilcoxon signed-rank test (Wilcoxon, 1945) is applied to the within-period liquidity changes 

on the same basis, since the change distributions depart substantially from normality. These 

full-sample and within-period statistics establish whether inclusion has any effect at all, and 

are logically prior to the pre/post comparison the hypotheses concern. They are reported in 

Section 3.7 and Sections 4.1 and 4.2. 

 

Finally, the supplementary cross-sectional question introduced in Section 2.4 is tested with an 

event-level regression of the abnormal return on pre-event liquidity: CARe [w] = γ₀ + γ₁ 

Liquidity pre,e + γ₂ log(MCap e) + γ₃ β̂ e + γ₄ Post e + u e It is estimated for each of the three 

event windows and for two alternative pre-event liquidity proxies, the Amihud ratio and the 

relative quoted bid–ask spread, each averaged over t = −5 to t = −1 and therefore predetermined 

with respect to the event. Both proxies are winsorized at the 1st and 99th percentiles prior to 

estimation, which, as noted in Section 3.4, is non-binding at this sample size. The price-

pressure mechanism predicts γ₁ > 0. Standard errors are heteroskedasticity-robust (HC1) 

throughout. The results are reported in Section 4.3. 

 

3.6. Robustness checks 

Four robustness checks complement the main analysis. 

 

First, the event-study results for hypothesis 1 are re-estimated using the narrower windows 

CAR[−3, +3] and CAR[−1, +1]. Using shorter windows reduces the probability that 

confounding events contaminate the return estimate and provides a check on whether any 

abnormal return pattern is concentrated near the inclusion date or spread more diffusely across 

the full [−5, +5] window. For each alternative window, the same test battery is applied: one-

sample Wilcoxon signed-rank test, cross-period Wilcoxon rank-sum test, and OLS with and 

without controls. 

 

Second, for H2, the bid-ask spread change (Spreadchange) serves as an alternative liquidity 

measure alongside the primary Amihud illiquidity change. Bid-ask spreads and price-impact-

based illiquidity capture related but distinct dimensions of market quality; spreads reflect the 
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explicit cost of immediacy, whereas the Amihud measure reflects price impact per unit of 

trading volume, and consistent results across both proxies strengthen the interpretation of the 

H2 findings (Amihud, 2002; Corwin & Schultz, 2012). The spread robustness analysis mirrors 

the main H2 structure exactly, including within-period and cross-period non-parametric tests 

and OLS regressions with the same control variables. 

 

A third robustness check addresses event-date clustering. Because all 88 firm-event 

observations fall on only seven distinct rebalancing dates, cross-sectional dependence within 

each date may invalidate the independence assumption underlying the rank-based tests (Brown 

and Warner, 1985; Kothari and Warner, 2007). A common rebalancing-date shock affecting 

all firms reconstituted simultaneously could drive the aggregate results rather than idiosyncratic 

firm-level liquidity effects. As a sensitivity check, a leave-one-event-date-out procedure re-

estimates the Mann–Whitney and Wilcoxon signed-rank tests seven times, each time excluding 

all observations from one of the seven event dates, to assess whether any single date is unduly 

influential. Additionally, following the portfolio aggregation approach described in Kothari 

and Warner (2007) to account for within-date cross-sectional dependence, the 88 firm-level 

observations are collapsed into seven event-date means, and the rank-sum tests are re-run on 

this aggregated dataset. 

Formally, for each event date *d*, the collapsed outcome is 

 

𝑋Q= = 𝑁=)@3 𝑋0
0∈ℇ$

, 

where ℇ= is the set of firm events with inclusion date d and 𝑁= = |ℇ=|. 

 

Fourth, the pre-invasion liquidity results are re-estimated excluding Raspadskaya OJSC, the 

only Russian firm in the sample. Raspadskaya was included on 14 February 2022, ten calendar 

days before the invasion, so its post-inclusion window [+1, +5] spans 15 to 21 February 2022, 

and its liquidity change is measured at the onset of the conflict on an exchange that closed on 

25 February 2022. Because this single event is classified as pre-invasion and is directly exposed 

to the shock it is meant to precede, the within-period Wilcoxon signed-rank tests for the pre-

invasion subsample are rerun on the remaining 28 events to confirm that the pre-invasion 

liquidity improvement does not rest on it. 
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Table 1. Variable definitions and construction 

Variable Notation Definition Window used Unit Data source 

(Bloomberg) Hypothesis 

Inclusion event 

date 
t = 0 Effective date when firm i is 

added to the ESG index 
Event date Date Bloomberg index 

constituent change 

history 

(membership/rebalancing 

records) 

All 

Post-invasion 

indicator 
Poste 1 if event date ≥ 24 Feb 2022, 

0 otherwise 
Event date Dummy Constructed from event 

date 
H1, H2 

Firm return Ri,t Daily log return: ln(Pi,t / Pi,t−1) Daily Decimal Bloomberg daily closing 

prices (PX_LAST) 
H1 

Market 

benchmark 

return 

Rm,t Daily log return on STOXX 

Europe 600 (SXXP) 
Daily Decimal Bloomberg index return 

series (SXXP) 
H1 

Abnormal 

return 
ARi,t ARi,t = Ri,t − (α̂i + β̂i × Rm,t) Daily Decimal Constructed from market 

model estimates 
H1 

Cumulative 

abnormal return 
CARe[−5,+5] Σ+5t=−5  ARi,t [−5, +5] Percentage 

points 
Constructed H1 

Average 

abnormal return 
AARt Cross-event average of 

abnormal return on event day t 
[−5, +5] Percentage 

points 
Constructed H1 

Cumulative 

average 

abnormal return 

CAAR[−5,+5] Σ+5t=−5  AARt [−5, +5] Percentage 

points 
Constructed H1 

Trading volume Voli,t Daily number of shares traded Daily Shares Bloomberg 

(PX_VOLUME) 
H2 

Trading value 

(EUR) 
Valuei,t P EURi,t × Voli,t Daily EUR / day Constructed from price 

and volume data 
H2 

Amihud 

illiquidity 

(daily) 

ILLIQi,t (|Ri,t| / Valuei,t ) x 106(Amihud, 

2002) 
Daily Absolute 

return per 

€m traded 

Constructed H2 

Amihud 

illiquidity 

change 

Amihudchange,e Mean ILLIQ[+1,+5] − Mean 

ILLIQ[−5,−1] 
[−5,−1] and 

[+1,+5] 
Absolute 

return per 

€m traded 

Constructed H2 

Bid–ask spread 

(quoted, 

relative) 

Spreadi,t (Aski,t − Bidi,t) / Midi,t,  Mid = 

(Ask + Bid) / 2 
Daily Decimal Bloomberg (BID, ASK 

mnemonics) 
H2 

Bid–ask spread 

change 
Spreadchange,e Mean Spread[+1,+5] − Mean 

Spread[−5,−1] 
[−5,−1] and 

[+1,+5] 
Decimal Constructed H2 

(robustness) 
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Variable Notation Definition Window used Unit Data source 

(Bloomberg) Hypothesis 

Firm size 

(control) 
log(MCap) Natural log of market 

capitalization, measured pre-

event 

Pre-event Log(EUR 

millions) 
Bloomberg market cap 

series 

(CUR_MKT_CAP) 

Controls 

Market model 

beta (control) 
β̂i OLS estimate of systematic 

risk from market model 

regression over estimation 

window [−250, −31] 

[−250, −31] Ratio Constructed from market 

model estimation 
Controls 

Note. All event windows are defined relative to t = 0, the effective ESG index inclusion date. The estimation window [−250, −31] is used 

solely for estimating market model parameters (α̂ᵢ, β̂i ). Subscript e denotes event level; subscripts i and t denote firm and calendar day. 

Amihudchange,e and Spreadchange,e are the primary and robustness H2 outcome variables, constructed as the difference between the post-inclusion 

window average (days +1 to +5) and the pre-inclusion window average (days −5 to −1). 

 

3.7. Descriptive Statistics 

Table 2 summarizes descriptive statistics for the key variables. The sample comprises mid- to 

large-cap European equities, with a median market capitalization of €10.5 billion (mean €16.1 

billion), confirming that the Bloomberg climate indices are dominated by established, liquid 

firms. A notable asymmetry exists across the two sub-periods: post-invasion firms are 

substantially larger on average (mean €20.2 billion versus €7.9 billion pre-invasion), consistent 

with the broadening of index eligibility criteria over time. The mean market-model beta is 1.08, 

indicating that sample firms move broadly in line with, or slightly more than, the STOXX 

Europe 600 benchmark.  

 

It is worth being explicit about what kind of firms these are, because the composition of the 

sample shapes how the results should be read. Inclusion in the PAB or CTB is not a 

sustainability award. Constituents are selected by an optimization that minimizes deviation 

from the parent index weights, subject to a greenhouse gas intensity constraint measured 

relative to that parent index (Section 3.1). Thus, what qualifies a firm is its emissions intensity 

relative to the eligible universe and its role in the optimized portfolio, not an absolute 

environmental standard. The sample reflects this. Alongside firms whose business is directly 

climate-related, such as Scatec, Corporación Acciona Energías Renovables, Verbund, EVN, 

and Neste, it contains large emitters and heavy industrials, including Volkswagen, Bayerische 

Motoren Werke, Mercedes-Benz, Stellantis, Daimler Truck, Traton, Thyssenkrupp, 

Rheinmetall, and Anglo American. Financials are the largest group, with Svenska 
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Handelsbanken, Skandinaviska Enskilda Banken, Swedbank, Nordea, Commerzbank, Talanx, 

Tryg, Gjensidige, Schroders, Amundi, and DWS all entering during the study period; real estate 

and technology are also well represented. Two structural features follow. The sample is heavily 

Nordic: 42 of the 88 events involve firms incorporated in Sweden, Norway, Finland, or 

Denmark, with Sweden alone accounting for 23 and Germany contributing a further 14. The 

results are therefore more informative about Nordic and German large caps than about 

European equities generally. In addition, the 88 events involve only 81 distinct securities. 

Seven firms enter the index twice within the study period, implying they were also removed at 

an intervening rebalancing, and three pairs of observations are two share classes of the same 

issuer. Neither feature invalidates the event-level design, but both mean that the 88 

observations are not 88 independent firms, which reinforces the case for the event-date 

robustness checks in Section 3.6. 

Table 2 - Descriptive Statistics 

Variable N Mean Median SD Min Max 

Panel A: Full sample  (N = 88) 
CAR[−5,+5] (%) 88 –1.2346 –1.4690 6.8163 –25.7190 16.2396 
CAR[−3,+3] (%) 88 –0.0780 –0.4955 5.5754 –19.0101 14.1490 
CAR[−1,+1] (%) 88 0.1068 –0.1684 3.1789 –8.9205 8.8295 
Amihud illiquidity change 88 –0.0121 0.0000 0.1069 –0.9751 0.1585 
Bid–ask spread change (bp) 88 –0.8142 –0.4693 18.4128 –73.7029 133.0121 
log(Market cap) 88 9.3490 9.2582 0.7887 7.4320 11.4446 
Market model β̂ 88 1.0781 1.0722 0.4487 –0.0209 2.3118 
R² (estimation window) 88 0.2594 0.2460 0.1550 0.0001 0.6236 
Panel B: Pre-invasion subsample  (N = 29,  post = 0) 

CAR[−5,+5] (%) 29 –1.1694 –0.7347 7.0512 — — 
CAR[−3,+3] (%) 29 0.2141 –0.0278 5.9469 — — 
CAR[−1,+1] (%) 29 0.6630 0.3852 3.0048 — — 
Amihud illiquidity change 29 –0.0023 –0.0003 0.0070 — — 
Bid–ask spread change (bp) 29 –6.0993 –1.8103 16.4626 — — 
log(Market cap) 29 8.8010 8.8907 0.6175 — — 
Market model β̂ 29 0.9932 1.0026 0.4634 — — 
R² (estimation window) 29 0.1986 0.1614 0.1566 — — 
Panel C: Post-invasion subsample  (N = 59,  post = 1) 
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Variable N Mean Median SD Min Max 
CAR[−5,+5] (%) 59 –1.2667 –1.8588 6.7593 — — 
CAR[−3,+3] (%) 59 –0.2215 –0.7524 5.4306 — — 
CAR[−1,+1] (%) 59 –0.1666 –0.2572 3.2509 — — 
Amihud illiquidity change 59 –0.0169 0.0000 0.1305 — — 
Bid–ask spread change (bp) 59 1.7836 0.1078 18.8913 — — 
log(Market cap) 59 9.6183 9.4694 0.7246 — — 
Market model β̂ 59 1.1198 1.1380 0.4393 — — 
R² (estimation window) 59 0.2894 0.2723 0.1464 — — 

Note. The sample comprises 88 firm-event observations drawn from five Bloomberg PAB and CTB semi-annual rebalancing cycles and two 

off-cycle inclusion events, April 2021 to March 2023. Post = 1 if the effective inclusion date ≥ 24 February 2022 (Ukraine invasion), 0 

otherwise. CAR[−5,+5], CAR[−3,+3], and CAR[−1,+1] are cumulative abnormal returns over the respective event windows, expressed in 

percentage points. Abnormal returns are computed from the market model estimated over the pre-event window [−250, −31] using the STOXX 

Europe 600 (SXXP) as benchmark. Amihud illiquidity change is the difference between the mean daily Amihud (2002) ratio over the post-

event window [+1,+5] and the pre-event window [−5,−1]. Bid–ask spread change is the analogous difference, expressed in basis points, in 

the relative quoted spread, constructed from Bloomberg BID and ASK mnemonics. log(Market capitalization) is the natural logarithm of the 

EUR market capitalization measured prior to the event. Market model β ̂is the OLS slope from the estimation-window regression. Min and 

Max are omitted for sub-panels B and C. 

 

The final row of Table 2 reports the R² of the market-model regressions themselves, that is, the 

share of the variation in a firm's daily return over the 220-day estimation window [−250, −31] 

that is explained by the contemporaneous return on the STOXX Europe 600. Its average is 

0.2594, so roughly a quarter of daily return variation is common with the European market, 

and the remainder is firm-specific. This is the normal order of magnitude for single stocks at 

daily frequency, and it is reported because the precision of every abnormal return in this thesis 

depends on it: the better the market-model fit, the smaller the residual variance from which 

abnormal returns are constructed (Brown & Warner, 1985; MacKinlay, 1997). The range is 

wide, from 0.0001 to 0.6236, consistent with the heterogeneity of the sample described above. 

 

The primary outcome variable for hypothesis 1, CAR[−5,+5], has a full-sample mean of 

−1.2346 percentage points (median: −1.4690 percentage points) and a standard deviation of 

6.8163 percentage points, indicating substantial cross-sectional dispersion around a modest 

negative average. A one-sample t-test of this mean against zero gives t = −1.699 (p = 0.093, 

SE = 0.7266), so the average inclusion event is associated with a marginally negative abnormal 

return that is significant only at the 10 percent level; the corresponding tests for the narrower 

windows are insignificant (CAR[−3,+3]: t = −0.131, p = 0.896; CAR[−1,+1]: t = 0.315, p = 
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0.753). This full-sample statistic concerns the level of the effect and is distinct from the 

hypotheses, which concern the difference between sub-periods; it is developed in Section 4.1. 

Both H2 outcome variables depart sharply from normality, though in opposite directions. The 

Amihud illiquidity change is strongly left-skewed (skewness −8.41, excess kurtosis 74), with 

a mean of −0.0121, a median essentially at zero, and a minimum of −0.9751, reflecting a small 

number of events with very large liquidity improvements. The relative spread change is right-

skewed (skewness +3.53), with a mean of −0.81 basis points, a standard deviation of 18.41 

basis points, and an interquartile range tightly centered on zero for most of the sample. Both 

distributions depart substantially from normality, which informs the choice of the Mann-

Whitney rank-sum test as a robustness check alongside the primary OLS estimates, as 

described in Section 3.5. 
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4. Results 

4.1. Hypothesis 1 – Pre-versus Post-Invasion Abnormal Returns 

Before comparing the two sub-periods, it is useful to establish whether inclusion has any 

average effect at all. Table 3 reports the full-sample mean cumulative abnormal return for the 

three event windows, together with the one-sample t-tests described in Section 3.5. 

 

Table 3. Abnormal Returns Around ESG Index Inclusion: Full-Sample Evidence 

Event window N Mean 

(%) 
SD (%) SE (%) t-

statistic 
p-value 

CAR[−5,+5] 88 −1.2346 6.8163 0.7266 −1.699 0.093* 

CAR[−3,+3] 88 −0.0780 5.5754 0.5943 −0.131 0.896 

CAR[−1,+1] 88 0.1068 3.1789 0.3389 0.315 0.753 

Note. The table reports mean cumulative abnormal returns (CARs) for the full sample of 88 inclusion events across three event windows. 

Abnormal returns are computed using the market model with the STOXX Europe 600 as benchmark, estimated over the pre-event window 

[−250, −31]. CARs are expressed as percentage points. SE = standard error of the mean. The t-statistic tests H₀: mean CAR = 0 against a 

two-sided alternative with 87 degrees of freedom. * p < 0.10. 
 

Across all 88 events, the mean CAR[−5,+5] is −1.2346 percentage points with a standard error 

of 0.7266, giving t = −1.699 and p = 0.093. The average European firm added to a Bloomberg 

PAB or CTB index therefore earns a slightly negative abnormal return over the eleven-day 

window, but the effect is significant only at the 10 percent level and it does not survive 

narrowing the window: the mean is −0.0780 percent over [−3,+3] (t = −0.131, p = 0.896) and 

+0.1068 percent over [−1,+1] (t = 0.315, p = 0.753). That the negative mean is concentrated in 

the wide window and vanishes near t = 0 indicates that it accumulates in the days before 

inclusion rather than at the inclusion date itself, as Figure 2 makes visible at the daily level. 

This is the opposite of what price pressure predicts at t = 0, where buying by index-tracking 

investors should generate a positive return (Shleifer, 1986; Harris & Gurel, 1986), and it is 

closer to the null and mixed findings reported for other ESG benchmark families (Hawn et al., 

2018; Adamska & Dąbrowski, 2021). Section 5.2 returns to why. 

 

To test hypothesis 1, whether the mean CAR[−5,+5] differs between the pre- and post-invasion 

periods, the sample is partitioned on 24 February 2022 into a pre-invasion subgroup (n = 29) 
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and a post-invasion subgroup (n = 59). Table 4 reports OLS estimates of the pre/post difference 

for the primary event window, estimated sequentially with controls added one at a time. 

 

Table 4. OLS Regressions for Hypothesis 1: CAR[−5, +5] on Post-Invasion Indicator 

Variable (1) (2) (3) 

Post −0.0973 +0.1556 +0.0010 

(1.5725) (1.5972) (1.7919) 

Beta  −1.9974 −1.9770 

 (1.3445) (1.3255) 

log(Market cap)   +0.1859 

  (0.9407) 

Constant −1.1694 +0.8144 −0.8422 

(1.3015) (1.4333) (8.2806) 

R² 0.000 0.017 0.017 

N 88 88 88 

Note. Heteroskedasticity-robust (HC1) standard errors in parentheses beneath each coefficient. The dependent variable is CAR[−5,+5], 

expressed in percentage points. Model (1): Post only. Model (2): Post + market model beta (β)̂. Model (3): Post + market model beta + log 

of market capitalization. Post = 1 for events on or after 24 February 2022. *** p < 0.01, ** p < 0.05, * p < 0.10 (two-tailed). N = 88 in all 

models. 

 

The Post coefficient is economically small and statistically indistinguishable from zero across 

all three specifications. In the simple model, β = −0.0973 percentage points (p = 0.951); adding 

market model beta yields β = +0.1556 (p = 0.923); and adding log market capitalization yields 

β = +0.0010 (p = 1.000). The coefficient is stable across all specifications, confirming that the 

result is not sensitive to the inclusion of controls. Market model beta is negative in both 

specifications that include it (β ≈ −1.98 pp, p ≈ 0.14), suggesting a weak negative relationship 

between systematic risk and CARs that does not reach conventional significance. Log market 

capitalization is essentially zero (p = 0.844). 
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Figure 1 

Mean cumulative abnormal return around ESG index inclusion, by sub-period. The solid blue 

line shows the mean CAR for pre-invasion events (n = 29); the dashed red line shows the mean 

CAR for post-invasion events (n = 59). CARs are cumulated from t = −5 to t = +5 relative to 

the effective inclusion date. The dashed vertical line marks t = 0; the dashed horizontal line 

marks zero. 

Figure 1 illustrates the mean CAR trajectory over the event window for each sub-period. Both 

subsamples exhibit broadly flat profiles with no discernible run-up or post-announcement drift, 

consistent with the t-test evidence. The post-invasion series shows marginally more dispersion 

in the pre-announcement window, but no systematic directional pattern distinguishes it from 

the pre-invasion series. 
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Figure 2 

Mean daily abnormal return around ESG index inclusion, by sub-period. Blue bars show the 

mean AR for pre-invasion events (n = 29); red bars show the mean AR for post-invasion events 

(n = 59). Error bars represent 95% confidence intervals for the mean daily AR. The dotted 

vertical line marks t = 0 (the effective inclusion date); the dashed horizontal line marks zero. 

 

Figure 2 decomposes the event window into individual daily contributions. Neither sub-period 

exhibits a systematic spike at t = 0 or a clear directional drift. The one day that stands out is t 

= −5, where the mean abnormal return is significantly negative in both sub-periods (pre-

invasion −0.94 percent, t = −2.18, p = 0.038; post-invasion −0.52 percent, t = −2.10, p = 0.040). 

This single day accounts for much of the negative full-sample CAR[−5,+5] documented in 

Table 3 and explains why the mean disappears in the narrower windows that exclude it. The 

pre-invasion group shows a somewhat more negative mean AR in the early pre-event days, but 

confidence intervals overlap substantially across days, reinforcing the absence of a statistically 

distinguishable difference between sub-periods. 

 



 

 35 

As a non-parametric robustness check, the Mann-Whitney rank-sum test compares the 

CAR[−5,+5] distributions of the two sub-periods without imposing distributional assumptions. 

The test yields z = 0.635 (p = 0.526), consistent with the OLS finding across all three models. 

 

The absence of a statistically significant difference is not, by itself, surprising given the small 

pre-invasion cell (n = 29). Statistical power is limited: to detect a 1-percentage-point difference 

in CAR[−1,+1] (standard deviation of approximately 3.2%) at the 5% level with 80% power 

would require roughly 160 observations per group, far exceeding the available sample size. 

The failure to reject H10, therefore, reflects both genuine uncertainty and inherent data 

limitations and should not be interpreted as conclusive evidence of no effect. What the data do 

indicate is that, over the estimation period studied, the market response to Bloomberg PAB and 

CTB index inclusions in Europe does not exhibit a measurable structural break around the 

Ukraine invasion. Possible explanations include the broad post-2020 diffusion of ESG 

investing, which may already have priced in the signal prior to the invasion, or the offsetting 

of any war-related risk-premium effect by the simultaneous global energy and commodity 

shock, which complicated portfolio rebalancing decisions. 

 

Taken together, H10 cannot be rejected at any conventional significance level. The null 

hypothesis that mean CARs are equal across the two sub-periods is retained. 

 

4.2. Hypothesis 2 – Liquidity Effects Before and After Index Inclusion 

This section tests Hypothesis 2 by examining whether the liquidity effect of ESG index 

inclusion, measured as the change in illiquidity and bid-ask spreads around the effective 

inclusion date, differs between the pre- and post-invasion periods. Two complementary 

measures are used. The Amihud (2002) illiquidity change is the difference between the mean 

daily Amihud ratio over the five post-event trading days (t = +1 to +5) and the five pre-event 

trading days (t = −5 to −1). The bid-ask spread change is the analogous difference in the relative 

quoted spread, constructed from daily Bloomberg BID and ASK prices. OLS regressions with 

Huber-White heteroskedasticity-consistent (HC1) standard errors are the primary inference 

tool. The Mann-Whitney rank-sum test is reported as a non-parametric robustness check. Table 

5 presents the results. 
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Table 5. OLS Regressions for Hypothesis 2: Liquidity Change on Post-Invasion Indicator 

 Amihud illiquidity change Bid-ask spread change 

Variable (1) (2) (3) (4) (5) (6) 
Post −0.0145 −0.0107 +0.0249 +7.8830** +7.5690** +8.1770* 

(0.0171) (0.0136) (0.0247) (3.9140) (3.7090) (4.5930) 
Beta  −0.0305 −0.0352  +2.4770 +2.3970 

 (0.0311) (0.0334)  (3.1350) (3.0050) 

log(Market cap)   −0.0428   −0.7320 

  (0.0418)   (2.0890) 

Constant −0.0023 +0.0279 +0.4089 −6.0990** −8.5600 −2.0410 
(0.0013) (0.0310) (0.3999) (3.0390) (5.6240) (17.0190) 

R² 0.004 0.020 0.096 0.041 0.045 0.045 
N 88 88 88 88 88 88 

Note. Dependent variables are Amihud illiquidity change, in absolute return per €m traded (columns 1–3), and bid-ask spread change, in 

basis points (columns 4–6). Heteroskedasticity-robust (HC1) standard errors in parentheses beneath each coefficient. Model (1)/(4): Post 

only. Model (2)/(5): Post + market model beta (β)̂. Model (3)/(6): Post + market model beta + log market capitalization. Post = 1 for events 

on or after 24 February 2022. *** p < 0.01, ** p < 0.05, * p < 0.10 (two-tailed). N = 88 in all models. 

 

Amihud illiquidity change. The Post coefficient in the Amihud regression is negative in the 

simple model (β = −0.0145, p = 0.398) and in the one-control model (β = −0.0107, p = 0.436), 

indicating a directional pattern consistent with H2a, in that pre-invasion events show a greater 

reduction in illiquidity, but the result does not reach conventional significance in either 

specification. Adding log market capitalization reverses the sign (β = +0.0249, p = 0.316), 

reflecting OLS's sensitivity to the highly right-skewed Amihud distribution. The OLS evidence 

for the Amihud measure is therefore inconclusive. 

 

Bid-ask spread change. The OLS regression on the spread provides clearer support for H2a. 

The Post coefficient is positive and significant at the 5% level in the simple model (β = +7.8830 

bp, p = 0.047) and in the one-control model (β = +7.5690 bp, p = 0.044), indicating that post-

invasion events are associated with a larger increase or a smaller decrease in bid-ask spreads 

relative to pre-invasion events. Adding log market capitalization reduces precision to 

borderline significance (β = +8.1770 bp, p = 0.079). The coefficient is stable and consistently 

positive across all three specifications. 
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Within-period liquidity changes. The tests above compare the two sub-periods with each 

other. A separate question is whether liquidity changed at all within each sub-period, which the 

one-sample Wilcoxon signed-rank test addresses (Wilcoxon, 1945). The results are asymmetric 

and consistent across both measures. In the pre-invasion subsample the Amihud ratio falls 

significantly around inclusion (z = −3.016, p = 0.0026), with 22 of the 29 events showing a 

reduction, and the quoted spread narrows on the same basis (z = −2.584, p = 0.0098), with 23 

of the 29 events showing a reduction. In the post-invasion subsample neither measure moves: 

the Amihud test returns z = 0.626 (p = 0.531) and the spread test z = 0.015 (p = 0.988), the 

latter almost exactly the value expected under the null. Liquidity therefore improves around 

inclusions before the invasion and does not afterwards, and it is this within-period asymmetry 

that generates the cross-period result reported above. 

 

Non-parametric robustness check. The Mann-Whitney rank-sum test compares the full 

distributions of the two liquidity change variables across sub-periods without imposing 

distributional assumptions. For the Amihud measure, z = −2.597 (p = 0.009); for the bid-ask 

spread measure, z = −2.250 (p = 0.024). Both results are statistically significant and 

directionally consistent with the OLS finding for spread, and corroborate the directional pattern 

for Amihud that OLS was unable to detect at conventional significance levels. 

 

Summary. H2₀ is rejected in favor of H2ₐ: the liquidity change distributions differ significantly 

between the pre- and post-invasion sub-periods. The rejection rests on the rank-based tests of 

the Amihud measure, which is the variable on which hypothesis 2 is formulated: the cross-

period Mann–Whitney test is significant at p = 0.009, and the within-period signed-rank tests 

cleanly separate the two regimes, with a significant improvement before the invasion and none 

after it. The Amihud OLS is directionally consistent but does not reach conventional 

significance, which reflects the sensitivity of least squares to the extreme skewness and kurtosis 

of the Amihud change distribution rather than an absence of effect. The bid–ask spread 

corroborates the same conclusion independently, in both the OLS and the non-parametric tests. 

 

Leave-one-event-date-out robustness. The event-date sensitivity analysis broadly supports 

the main findings. H1 is fully robust: the Mann–Whitney test for CAR[−5,+5] returns no 
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significant result in any of the seven leave-one-out iterations, confirming that the null 

hypothesis for H1 does not depend on any single rebalancing date. The pre-invasion within-

period Amihud improvement (Wilcoxon signed-rank, H2c) is significant in six of seven 

iterations; the exception arises when 6 April 2021 is excluded, which reduces the pre-invasion 

cell from 29 to 11 events, a 62 percent reduction that reflects a mechanical power constraint 

rather than genuine instability. The cross-period Amihud and spread comparisons (H2a, H2b) 

are significant in five of seven and four of seven iterations, respectively; both lose significance 

when either the 6 April 2021 date (the largest pre-invasion rebalancing, contributing 18 of 29 

pre-invasion events) or the 9 March 2023 date (the largest post-invasion rebalancing, 

contributing 23 of 59 post-invasion events) is excluded. This sensitivity reflects the 

concentrated sample structure rather than the influence of outlier firms, but represents a 

genuine qualification: the H2 cross-period finding rests partly on the contrast between these 

two dominant rebalancing cycles. As a complementary check, the 88 firm-level observations 

are collapsed to seven event-date means, and rank-sum tests are re-run on this aggregated 

dataset; all exact p-values exceed 0.62 (H1: p = 1.000; H2a Amihud: p = 0.857; H2b spread: p 

= 0.629). Given that, with only seven date-level observations, the rank-sum test has very 

limited ability to reject the null (Kothari and Warner, 2007), this collapsed test serves as a 

directional rather than an inferential check; the sign of the date-level spread mean is 

nevertheless consistent with the firm-level finding. Full z-statistics for all seven leave-one-out 

iterations and the collapsed date-level means are reported in Table A3 in the Appendix. 

 

Raspadskaya robustness. Because Raspadskaya OJSC is classified as a pre-invasion event 

while its post-inclusion window straddles the onset of the conflict (Section 3.6), the pre-

invasion signed-rank tests are re-run on the remaining 28 events. Both liquidity findings 

survive, and both strengthen. The Amihud result moves from z = −3.016 (p = 0.0026, n = 29) 

to z = −3.165 (p = 0.0015, n = 28), and the spread result to z = −2.915 (p = 0.0036), consistent 

with Raspadskaya's anomalous post-event window having attenuated the pre-invasion 

improvement rather than driven it. The pre-invasion liquidity finding is therefore not the 

product of a single distressed event. 
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4.3. The liquidity channel: cross-sectional evidence 

To investigate whether pre-event illiquidity explains the cross-sectional variation in CARs 

documented in Section 4.1, six OLS regressions are estimated with robust (HC1) standard 

errors. The dependent variable is the cumulative abnormal return over three windows: [−5,+5], 

[−3,+3], and [−1,+1]. The primary liquidity measures are the pre-event Amihud (2002) 

illiquidity ratio (amihud_pre) and the pre-event relative quoted bid–ask spread 

(spread_pre_avg), each averaged over the five trading days immediately preceding the 

inclusion date (t = −5 to −1) and therefore fully predetermined with respect to the event. Models 

1–3 use the Amihud measure and Models 4–6 use the bid–ask spread. All models include 

log(Market capitalization), market beta, and a Post dummy equal to one for events on or after 

24 February 2022 as controls. Results are reported in Table 6. 
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Table 6. Cross-sectional Determinants of CARs: OLS with Robust Standard Errors 

Variable (1) 

CAR[−5,+5] 
(2) 

CAR[−3,+3] 
(3) 

CAR[−1,+1] 
(4) 

CAR[−5,+5] 
(5) 

CAR[−3,+3] 
(6) 

CAR[−1,+1] 
Liquidity proxy: Amihud Amihud Amihud Spread Spread Spread 
Amihud illiq. [−5,−1] 8.6573*** 5.5316** 6.2750*** — — — 

 (2.7476) (2.4450) (1.8016)    

Bid–ask spread [−5,−1], bp — — — 0.0573* 0.0532* 0.0417** 

    (0.0323) (0.0269) (0.0171) 

log(Market cap) 0.1136 0.6988 −0.2417 0.7026 1.2249 0.1867 

 (0.9587) (0.8051) (0.4589) (0.8855) (0.7795) (0.4387) 

Beta −2.4079* −2.3476** −1.2599** −1.6222 −1.7429 −0.6895 

 (1.3696) (1.0710) (0.6154) (1.3560) (1.0515) (0.6067) 

Post −0.3217 −0.9884 −0.7888 −0.5410 −1.2856 −0.9494 

 (1.7693) (1.4594) (0.7972) (1.7854) (1.4428) (0.8204) 

Constant 0.1570 −3.6462 3.9943 −6.8346 −9.8495 −1.0901 

 (8.5326) (7.1228) (4.2059) (7.8668) (7.0544) (3.9851) 

R² 0.066 0.069 0.151 0.063 0.098 0.145 
N 88 88 88 88 88 88 

Note. The dependent variable is the CAR over the indicated window, expressed in percentage points. Heteroskedasticity-robust (HC1) 

standard errors in parentheses beneath each coefficient. Models 1–3 use the pre-event Amihud (2002) illiquidity ratio averaged over t = −5 

to −1 (amihud_pre), in absolute return per €m traded; Models 4–6 use the pre-event relative quoted bid–ask spread (Bloomberg BID and 

ASK mnemonics) averaged over the same window (spread_pre_avg), expressed in basis points, so those coefficients read directly as the 

additional abnormal return in percentage points associated with a one-basis-point wider pre-event spread. Both liquidity proxies are 

winsorized at the 1st and 99th percentiles, which are non-binding at this sample size (Section 3.4). Post = 1 for events on or after 24 February 

2022. *** p < 0.01, ** p < 0.05, * p < 0.10 (two-tailed). N = 88 in all models. 

 

The Amihud illiquidity measure enters positively and is statistically significant across all three 

event windows. In the wide window [−5,+5], the coefficient is 8.6573 and significant at the 1% 

level (p = 0.002); in the intermediate window [−3,+3] the estimate is 5.5316 and significant at 

the 5% level (p = 0.026); and in the narrow window [−1,+1] it is 6.2750 and significant at the 

1% level (p = 0.001). Because the dependent variable is expressed in percentage points, the 

estimate in the widest window implies that a one-unit increase in pre-event Amihud illiquidity 

is associated with an abnormal return that is 8.66 percentage points higher. This pattern is 

consistent with the price-pressure hypothesis: stocks that were harder to trade before index 
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inclusion, as measured by a high price impact per unit of volume, experience larger abnormal 

returns around the event date. The presence of a significant effect in the widest window 

confirms that the cross-sectional liquidity channel operates beyond the very short horizon, 

while the higher precision in the narrowest window indicates that a larger share of the price-

pressure response is concentrated close to the effective inclusion date. 

 

The bid–ask spread measure tells a parallel story. Because the pre-event spread is expressed in 

basis points, its coefficients read directly as the additional abnormal return, in percentage 

points, associated with a one-basis-point wider quoted spread before inclusion. The coefficient 

is marginally significant in the widest window [−5,+5] (β = 0.0573, p = 0.079) and in the 

intermediate window [−3,+3] (β = 0.0532, p = 0.051), and significant at the 5% level in the 

narrowest window [−1,+1] (β = 0.0417, t = 2.44, p = 0.017). A stock entering the event with a 

spread one basis point wider than another therefore earns roughly 0.04 to 0.06 percentage 

points more abnormal return around inclusion. The convergence of the two illiquidity measures 

across all three event windows reinforces the interpretation that the price-pressure channel 

operates around the effective inclusion date, with the strongest precision concentrated in the 

days immediately surrounding it. 

 

Among the control variables, log(Market capitalization) is statistically insignificant across all 

models, suggesting that firm size does not materially predict cross-sectional CARs once 

liquidity is accounted for. Market model beta is negative and borderline significant at the 10% 

level in Model 1 (p = 0.082) and significant at the 5% level in Models 2 and 3 (p = 0.031 and 

p = 0.044, respectively), indicating that stocks with higher systematic risk tend to exhibit 

slightly lower CARs. Beta, however, is not significant in the spread-based models (Models 4–

6). The Post dummy is also insignificant in all specifications (p > 0.25 throughout), indicating 

that the lower average CARs observed in the post-invasion period documented in Section 4.1 

represent a broadly uniform level shift rather than a differential effect that varies systematically 

within each sub-period. 

 

Explained variation is modest, with R² ranging from 6.3 percent in Model 4 to 15.1 percent in 

Model 3. Low R² values are common in cross-sectional event studies; Barberis et al. (2005) 
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and Chang et al. (2015), for example, likewise report single-digit explained variation in similar 

regressions, and this does not undermine the core interpretation. 
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5. Discussion 

5.1. Overview of Key Findings 

This thesis set out to examine whether European firms experience measurable market reactions 

when added to Bloomberg's PAB and CTB climate benchmark indices, and whether those 

reactions differ before versus after Russia's invasion of Ukraine on 24 February 2022. As 

reported in Table 3, the full-sample mean CAR[−5,+5] is −1.2346 percentage points (t = 

−1.699, p = 0.093), borderline significant at the 10 percent level, while the narrower event 

windows yield means close to zero and are insignificant. H1₀ cannot be rejected: the pre- and 

post-invasion subsamples do not exhibit significantly different CARs. H20 is rejected on the 

basis of the OLS analysis for the bid-ask spread measure and the non-parametric Mann-

Whitney robustness tests for both measures. The Amihud OLS is directionally consistent but 

does not reach conventional significance, so the conclusion for hypothesis 2 rests on the spread 

regression and the non-parametric evidence. The most consistent positive finding from the 

cross-sectional analysis is that pre-event illiquidity is a statistically and economically 

significant predictor of CARs across all three event windows. The Amihud illiquidity ratio is 

significantly positive in the [−5,+5], [−3,+3], and [−1,+1] windows, and the bid-ask spread 

corroborates the liquidity channel with marginal-to-significant coefficients across the same set 

of windows; both results hold after controlling for market capitalization, beta, and the post-

invasion dummy. 

 

The overall picture is therefore one of weak, heterogeneous, and statistically inconclusive 

market reactions, which is in itself a substantive result. It suggests that Bloomberg PAB and 

CTB index inclusions in Europe do not generate a systematic, index-driven price effect 

comparable to what has been documented for large mainstream indices, and that the effect is 

concentrated in a liquidity-driven cross-sectional pattern rather than a uniform announcement-

date response. 

 

5.2. Absence of a Systematic ESG Inclusion Effect 

The borderline negative full-sample CAR[−5,+5] is best read against a prior literature on well-

established sustainability indices that is mixed rather than uniformly positive: Robinson et al. 

(2011) find positive abnormal returns around DJSI inclusion, whereas Oberndorfer et al. (2013) 
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document strongly negative returns for German firms added to the DJSI World, Curran and 

Moran (2007) find no significant price impact for FTSE4Good, and Ramchander et al. (2012) 

report an asymmetric reaction around DS400 reconstitutions. The slightly negative mean CAR 

found here sits within this range rather than against it. 

 

Several structural features of Bloomberg's PAB and CTB indices may explain this divergence. 

First, these indices are relatively new, launched with a base date of April 2020, and less widely 

followed than the DJSI or FTSE4Good, which have been tracked by benchmarked funds since 

the early 2000s. The rebalancing demand generated by their semi-annual reconstitutions is 

therefore likely to be considerably smaller in absolute terms. If the primary driver of inclusion 

effects is mechanical demand from passive and benchmarked investors (Shleifer, 1986; Harris 

& Gurel, 1986), then an index with a smaller assets-under-management base will generate a 

proportionally weaker signal. Barontini and Gioja (2025) document economically meaningful 

abnormal returns and a sharp spike in trading volume around ESG index rebalancing dates; the 

Bloomberg climate benchmarks, while growing, have not yet attracted the institutional 

following of longer-established ESG indices, so comparable flows are unlikely here. 

 

Second, the informational interpretation of ESG index inclusion is complicated by the well-

documented divergence in ESG ratings across providers (Berg et al., 2022). Because investors 

cannot easily compare Bloomberg PAB/CTB membership with ratings from MSCI, 

Sustainalytics, or FTSE, the membership signal may carry less weight than inclusion in a more 

visible, widely cited index. This reduces the probability of a strong price reaction driven by 

investor reassessment of firm quality. 

 

Third, the difficulty of identifying a clean ESG inclusion effect is consistent with the broader 

peer-reviewed literature. Hawn et al. (2018) and Adamska and Dąbrowski (2021, 2025) show 

that market reactions to ESG index changes differ systematically across index designs, 

institutional settings, and time periods, and that heterogeneity rather than a uniform positive 

effect is the more robust empirical finding. Recent work examining comparable ESG index 

families similarly finds null or mixed results (Lauronen, 2025; Lumioksa, 2024), which is 

consistent with this pattern, though these studies are not treated as independent evidence of 

field-wide consensus. Taken together, the null full-sample result in this thesis is more 
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consistent with the contemporary ESG event-study literature than with the earlier positive 

findings from well-established indices such as the DJSI and FTSE4Good. 

 

5.3. Hypotheses 1 and 2: Geopolitical Regime and the Ukraine Invasion 

The finding that H1₀ cannot be rejected, that no statistically significant difference in CARs is 

detected between the pre- and post-invasion periods, is the empirical centerpiece of the thesis 

and requires careful interpretation. The point estimates show a negligible difference in 

CAR[−5,+5] (−1.17% pre-invasion vs. −1.27% post-invasion) and a somewhat larger but still 

insignificant difference in the narrow window CAR[−1,+1] (+0.66% pre vs. −0.17% post). If 

anything, the direction of the difference for narrow windows is consistent with the theoretical 

prediction: post-invasion inclusions produce a slightly less positive short-window reaction, 

which could reflect a post-shock reduction in the scarcity premium attached to clean-energy or 

low-carbon assets. However, the absence of statistical significance means this directional 

pattern cannot be distinguished from noise. Theoretically, Boccaletti et al. (2026) show that 

firms' ESG profiles moderated their stock market response during the invasion, and Pástor et 

al. (2021) argue that major shifts in geopolitical risk should alter ESG pricing at the margin. 

The null result for H1 does not contradict these findings: those studies examine the level of 

ESG-related returns, while this thesis examines the incremental market reaction to a specific 

classification event. The invasion may have shifted the ESG return premium generally without 

changing how markets respond to the specific news of index inclusion. 

 

By contrast, H2₀ is rejected. The OLS regressions in Table 5 show that the Post coefficient is 

positive and significant for the bid-ask spread in both the simple model (β = +7.8830 bp, p = 

0.047) and the one-control model (β = +7.5690 bp, p = 0.044), confirming that post-invasion 

events are associated with significantly less spread improvement than pre-invasion events. The 

Amihud OLS coefficient is negative and directionally consistent in the simpler models, but 

does not reach conventional significance (p = 0.398 and p = 0.436). As a non-parametric 

robustness check, the Mann-Whitney rank-sum test confirms that the liquidity change 

distributions differ significantly across sub-periods for both measures: Amihud (z = −2.597, p 

= 0.009) and spread (z = −2.250, p = 0.024). This asymmetry is the substantive finding for H2: 

liquidity improves around inclusions before the invasion but not after. The leave-one-event-

date-out sensitivity analysis in Section 4.2 corroborates this conclusion: the cross-period 
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Amihud and spread contrasts remain significant in five of seven and four of seven leave-one-

out iterations, respectively, with both losing significance only when the two largest rebalancing 

dates are excluded, a qualification that reflects sample concentration rather than a fragile result. 

One caveat applies to the economic magnitude. The Wilcoxon signed-rank test (section 4.2) 

detects directional consistency: 22 of 29 pre-invasion events show a reduction in Amihud 

illiquidity, rather than requiring large changes. The pre-invasion median Amihud change is 

−0.0003 in scaled units, approximately 19% of the median pre-event baseline (amihud_pre 

median = 0.0017 for pre-invasion events); the median spread change is −1.81 basis points, a 

proportionally similar reduction of roughly 19% of the pre-event spread level. These 

proportional improvements are modest but not negligible; however, the aggregate effect is 

likely heterogeneous across liquidity quartiles, with any meaningful effect concentrated in the 

least-liquid events. Future work should disaggregate the H2 result by pre-event illiquidity level 

to determine where the improvement is economically concentrated. 

 

This pattern is consistent with the demand-pressure channel documented by Erwin and Miller 

(1998) and Hegde and McDermott (2003), who find that index inclusion broadens the investor 

base and reduces information asymmetry, improving liquidity. It also matches the one directly 

comparable ESG result: Suresha et al. (2022) find that ESG index inclusion in India is 

associated with measurable changes in liquidity and prices. This thesis adds that the liquidity 

effect is not a fixed property of ESG index inclusion but depends on the market state in which 

inclusion occurs. The improvement Suresha et al. document is present in the pre-invasion 

subsample here and absent afterward. The disappearance of the liquidity improvement in the 

post-invasion period admits at least two interpretations that the present design cannot 

distinguish. The first is a normalization story: as ESG-benchmarked assets under management 

grew after 2022, the incremental demand shock from a specific PAB/CTB rebalancing may 

have become smaller relative to total ESG-related trading activity, reducing its measurable 

footprint on trading conditions. The second, and equally plausible, interpretation is a macro-

financial confounding story: the post-invasion period coincides with a sharp rise in energy 

prices, significant interest rate increases across European markets, and elevated cross-asset 

volatility, all of which tend to widen bid-ask spreads and increase price impact for individual 

stocks independent of index membership. Under this interpretation, any liquidity benefit that 

might have accompanied post-invasion inclusions was obscured by an ambient deterioration in 
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market quality that affected the full post-invasion sample. The two mechanisms are not 

mutually exclusive, and the data are consistent with both. The present design, a before-and-

after comparison of liquidity around a specific inclusion event, cannot isolate which 

mechanism, or combination of mechanisms, drives the asymmetry, and this remains an open 

question for future work with richer data on ESG-benchmarked fund flows. 

 

5.4. The Liquidity Channel: Cross-sectional Evidence 

The cross-sectional results in Section 4.3 provide the clearest evidence in this thesis for a 

specific mechanism. Abnormal returns around inclusion are larger for the stocks that were 

hardest to trade beforehand, on both liquidity proxies and across all three event windows. This 

is the signature the price-pressure hypothesis predicts: if index-tracking demand meets a 

limited supply of shares, the price concession required to fill that demand is larger where 

liquidity is thinner (Shleifer, 1986; Harris & Gurel, 1986).  

 

It is also consistent with the mechanism identified in more recent identification-based work on 

index inclusion. Chang et al. (2015) exploit a regression discontinuity in index assignment and 

attribute the resulting price effects to trading by index-linked investors rather than to 

information about fundamentals, and Barberis et al. (2005) show that index membership 

changes move prices through the trading behavior of a distinct investor clientele. The cross-

sectional result here is the same mechanism observed from a different angle: rather than 

comparing included with non-included firms, it compares included firms with one another and 

finds that the price response scales with how costly they were to trade. 

 

This also explains why the average return effect in Section 4.1 is so weak. Inclusion generates 

no reliable abnormal return for the typical firm in the sample, which is dominated by large, 

liquid Nordic and German constituents, but it does generate one for the illiquid minority. An 

average taken across both groups understates the effect where it exists and overstates it where 

it does not. Explained variation is modest, with R² between 6.3 and 15.1 percent, which is 

normal for cross-sectional event studies (Barberis et al., 2005; Chang et al., 2015) and does not 

undermine the interpretation. 
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5.5. Limitations and Directions for Future Research 

With 88 inclusion events, 29 pre-invasion and 59 post-invasion, the study is severely 

underpowered for detecting moderate effect sizes, particularly in the pre-/post comparisons 

central to H1 and H2. This is not a correctable design flaw but an inherent feature of studying 

a relatively niche index family over a two-year window. Future work could extend the sample 

either by lengthening the study period (the Bloomberg PAB and CTB have been rebalanced 

semi-annually since 2020, offering additional events outside the window studied here), by 

widening the geographic scope to include non-European PAB and CTB variants, or by pooling 

multiple ESG climate benchmark families. 

 

A second limitation concerns the precision of the event date. Bloomberg reports semi-annual 

rebalancing dates, but there is typically a lag between the announcement of upcoming 

constituent changes and their effective date. If sophisticated market participants anticipate the 

rebalancing before the effective date, abnormal returns may manifest in the pre-event window 

rather than around t = 0, attenuating the measured CAR. The flat mean CAR profile shown in 

Figure 1 is consistent with either weak anticipation effects or genuine market efficiency for 

these events. 

 

Third, the use of a single-factor market model may leave residual risk unaccounted for, 

particularly for stocks with strong ESG momentum exposure or factor tilts. Extending the 

model to include Fama and French (1993) size and value factors, or an ESG-specific factor, 

might refine the abnormal return estimates for certain subsamples. 

 

Fourth, this thesis does not study exclusion events, firms removed from the PAB or CTB at 

each rebalancing. The asymmetry between inclusions and exclusions is well documented in the 

S&P 500 literature (Lynch & Mendenhall, 1997; Chen et al., 2004): exclusions often generate 

larger and more significant negative returns than inclusions generate positive returns, possibly 

because selling pressure is more concentrated and less anticipated. An examination of 

Bloomberg PAB/CTB exclusions over the same period would provide a more complete picture 

of the index's market impact and a stronger test of the price-pressure mechanism identified in 

the cross-sectional analysis. 
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A fifth limitation concerns event-date clustering. The 88 firm-event observations are 

distributed across only seven distinct effective inclusion dates (five regular rebalancing cycles 

and two off-cycle additions), with many firms entering the index on the same day. Standard 

heteroskedasticity-robust (HC1) standard errors used throughout the OLS analysis treat the 88 

events as independent, which is unlikely to hold when index reconstitutions affect multiple 

firms simultaneously. If abnormal returns and liquidity changes are cross-sectionally correlated 

within a rebalancing date, the parametric inference may overstate precision. The most exposed 

result is the OLS bid-ask spread coefficient on the Post indicator (p = 0.047 in the simple 

specification), which sits precisely at the conventional 5% threshold and could lose significance 

under corrected standard errors. Event-date-clustered standard errors are not a practical 

remedy: with only seven clusters, cluster-robust inference is itself unreliable. Cameron and 

Miller (2015) document severe size distortions with fewer than approximately fifty clusters. 

This is why the thesis treats the rank-based Wilcoxon signed-rank and Mann–Whitney tests as 

the primary evidential basis for the H2 conclusion; these tests compare distributional ranks 

rather than means and are less sensitive to within-date correlation, though not fully immune. 

The OLS spread result should therefore be read as supplementary corroboration rather than 

independent confirmation. As a partial response to the clustering concern, this thesis 

implements a leave-one-event-date-out procedure and a collapsed date-level rank-sum test; the 

results, reported in Section 4.2, are broadly consistent with the main analysis while confirming 

that the two most heavily represented rebalancing dates exert disproportionate influence on the 

cross-period comparisons. Future work could apply a calendar-time portfolio approach 

(Kothari and Warner, 2007) to formally account for residual within-date dependence. Two 

further qualifications have already been stated where they arise. The dataset was manually 

transcribed from the Bloomberg Terminal and cannot be independently verified using the 

replication package (Section 3.1), which is a limitation of the data rather than the design. And 

all returns are measured in euros, so for the 51 non-euro events the abnormal return carries a 

residual currency component that inflates its variance (Section 3.2). Re-estimating the return 

results in local currency against domestic market benchmarks would be a natural robustness 

check and would establish how much of the imprecision in the H1 tests is attributable to 

currency noise rather than to sample size. 
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6. Conclusion 

This thesis examined the stock market reaction to inclusion in Bloomberg's PAB and CTB 

climate benchmark indices for European firms over a two-year window that straddled Russia's 

invasion of Ukraine on 24 February 2022. Using an event-study methodology with a market 

model estimated over a 220-day estimation window and a main event window of [−5,+5] 

trading days, cumulative abnormal returns were calculated for 88 inclusion events and analyzed 

against two formal hypotheses. 

 

H1₀ cannot be rejected: mean CARs are near zero and statistically indistinguishable across the 

pre- and post-invasion sub-periods, a null result that is consistent with Bloomberg's PAB and 

CTB being specialist climate benchmarks with limited institutional following rather than the 

mainstream indices studied in the established literature. H2₀ is rejected, with the liquidity 

improvement associated with inclusion concentrated in the pre-invasion period and absent after 

the Ukraine shock; the OLS evidence is mixed, and a leave-one-event-date-out sensitivity 

analysis confirms that the hypothesis 2 finding does not depend on any single rebalancing date, 

though sensitivity to the two largest rebalancing cycles is acknowledged as a qualification. The 

post-invasion period also coincides with multiple macro-financial shifts, including energy 

prices, interest rates, inflation, and market volatility, so the design cannot isolate the invasion 

itself as the cause. The most robust finding is cross-sectional: pre-event illiquidity is a 

significant positive predictor of inclusion-period abnormal returns across all three event 

windows, consistent with the price-pressure hypothesis and a demand-driven rebalancing 

channel. 

 

This thesis contributes to the literature in three ways. First, it presents one of the first dedicated 

event studies of Bloomberg PAB and CTB inclusion events, complementing the existing body 

of work on DJSI, FTSE4Good, and MSCI ESG indices. Second, it directly tests whether the 

market reaction to ESG index membership is state-dependent in response to a major 

geopolitical shock, finding no evidence of a structural break in inclusion-period abnormal 

returns around the Ukraine invasion, but documenting evidence of a break in the liquidity 

response to inclusion. Third, it identifies a liquidity channel linking pre-event stock 

characteristics to the magnitude of short-window price responses, offering a mechanism-level 

insight that is robust across specifications. 
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The primary limitation is statistical power: 88 events are insufficient to resolve the moderate 

effect sizes that theory predicts for specialist indices. Future research could address this by 

extending the sample to cover all rebalancing events since the indices' April 2020 inception, 

including non-European variants, or incorporating exclusion events and richer benchmark 

models that control for ESG-related factor exposures. 
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Appendix  

Table A1. Full Sample of ESG Index Inclusion Events 

No. Firm ISIN Index Event date Country Period 

1 Dws group GMBH & co KGAA DE000DWS1007 Both 6 Apr 2021 Germany Pre 

2 Entain PLC IM00B5VQMV65 Both 6 Apr 2021 Isle of Man Pre 

3 Evn AG AT0000741053 CTB 6 Apr 2021 Austria Pre 

4 Getinge AB-b shs SE0000202624 Both 6 Apr 2021 Sweden Pre 

5 Kahoot! AS NO0010823131 Both 6 Apr 2021 Norway Pre 

6 Kongsberg gruppen asa NO0013536151 CTB 6 Apr 2021 Norway Pre 

7 Logitech international-reg CH0025751329 Both 6 Apr 2021 Switzerland Pre 

8 Metso corp FI0009014575 Both 6 Apr 2021 Finland Pre 

9 Nordic semiconductor asa NO0003055501 Both 6 Apr 2021 Norway Pre 

10 Nykode therapeutics asa NO0010714785 Both 6 Apr 2021 Norway Pre 

11 Olav thon eiendomsselskap AS NO0005638858 Both 6 Apr 2021 Norway Pre 

12 Scatec asa NO0010715139 Both 6 Apr 2021 Norway Pre 

13 Siemens energy AG DE000ENER6Y0 Both 6 Apr 2021 Germany Pre 

14 Sinch AB SE0016101844 Both 6 Apr 2021 Sweden Pre 

15 Svenska handelsbanken-b shs SE0007100607 Both 6 Apr 2021 Sweden Pre 

16 Thg PLC GB00BMTV7393 Both 6 Apr 2021 United Kingdom Pre 

17 Thyssenkrupp AG DE0007500001 Both 6 Apr 2021 Germany Pre 

18 Volvo AB-a shs SE0000115420 Both 6 Apr 2021 Sweden Pre 

19 Asm international NV NL0000334118 Both 9 Sep 2021 Netherlands Pre 

20 Beijer ref AB SE0015949748 Both 9 Sep 2021 Sweden Pre 

21 D'ieteren group BE0974259880 Both 9 Sep 2021 Belgium Pre 

22 Dcc PLC IE0002424939 CTB 9 Sep 2021 Ireland Pre 

23 Icg PLC GB00BYT1DJ19 Both 9 Sep 2021 United Kingdom Pre 

24 Inpost SA LU2290522684 CTB 9 Sep 2021 Luxembourg Pre 

25 Samhallsbyggnadsbolaget i no SE0009554454 Both 9 Sep 2021 Sweden Pre 

26 Samhallsbyggnadsbolaget i-d SE0011844091 Both 9 Sep 2021 Sweden Pre 

27 Warehouses de pauw SCA BE0974349814 Both 9 Sep 2021 Belgium Pre 
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28 Industrivarden AB-a shs SE0000190126 PAB 22 Oct 2021 Sweden Pre 

29 Raspadskaya OJSC RU000A0B90N8 CTB 14 Feb 2022 Russia Pre 

30 Aercap holdings NV NL0000687663 Both 10 Mar 2022 Netherlands Post 

31 Bayerische motoren werke AG DE0005190003 Both 10 Mar 2022 Germany Post 

32 Bayerische motoren werke-prf DE0005190037 Both 10 Mar 2022 Germany Post 

33 Bollore SE FR0000039299 PAB 10 Mar 2022 France Post 

34 Coca-cola europacific partne GB00BDCPN049 Both 10 Mar 2022 United Kingdom Post 

35 Ericsson lm-a shs SE0000108649 Both 10 Mar 2022 Sweden Post 

36 Essity aktiebolag-a SE0009922156 Both 10 Mar 2022 Sweden Post 

37 Husqvarna AB-a shs SE0001662222 Both 10 Mar 2022 Sweden Post 

38 Kesko OYJ-a shs FI0009007900 Both 10 Mar 2022 Finland Post 

39 Mercedes-benz group AG DE0007100000 Both 10 Mar 2022 Germany Post 

40 Pandora A/S DK0060252690 Both 10 Mar 2022 Denmark Post 

41 Sagax AB-a SE0004635878 Both 10 Mar 2022 Sweden Post 

42 Schroders PLC-non voting GB00BP9LHF23 Both 10 Mar 2022 United Kingdom Post 

43 Skf AB-a shs SE0000108201 Both 10 Mar 2022 Sweden Post 

44 Stellantis NV NL00150001Q9 Both 10 Mar 2022 Netherlands Post 

45 Stora enso OYJ-a shs FI0009005953 Both 10 Mar 2022 Finland Post 

46 Svenska cellulosa AB-a shs SE0000171886 Both 10 Mar 2022 Sweden Post 
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47 Vat group AG CH0311864901 Both 10 Mar 2022 Switzerland Post 

48 Volkswagen AG DE0007664039 Both 10 Mar 2022 Germany Post 

49 Volkswagen AG-pref DE0007664005 Both 10 Mar 2022 Germany Post 

50 Volvo car AB-b SE0021628898 Both 10 Mar 2022 Sweden Post 

51 Anglo american PLC GB00BTK05J60 PAB 15 Sep 2022 United Kingdom Post 

52 Autostore holdings LTD BMG0670A1099 Both 15 Sep 2022 Bermuda Post 

53 Beijer ref AB SE0015949748 Both 15 Sep 2022 Sweden Post 

54 Bureau veritas SA FR0006174348 PAB 15 Sep 2022 France Post 

55 Corp acciona energias renova ES0105563003 Both 15 Sep 2022 Spain Post 

56 Daimler truck holding AG DE000DTR0CK8 Both 15 Sep 2022 Germany Post 

57 Gjensidige forsikring asa NO0010582521 PAB 15 Sep 2022 Norway Post 

58 Mundys SPA IT0003506190 Both 15 Sep 2022 Italy Post 

59 Nordea bank abp FI4000297767 Both 15 Sep 2022 Finland Post 

60 Rightmove PLC GB00BGDT3G23 PAB 15 Sep 2022 United Kingdom Post 

61 Swatch group AG/the-reg CH0012255151 PAB 15 Sep 2022 Switzerland Post 

62 Tryg A/S DK0060636678 PAB 15 Sep 2022 Denmark Post 

63 Universal music group NV NL0015000IY2 Both 15 Sep 2022 Netherlands Post 

64 Verbund AG AT0000746409 PAB 15 Sep 2022 Austria Post 

65 Volvo car AB-b SE0021628898 Both 15 Sep 2022 Sweden Post 

66 Adevinta AS NO0010844038 CTB 9 Mar 2023 Norway Post 

67 Aercap holdings NV NL0000687663 Both 9 Mar 2023 Netherlands Post 

68 Aker asa-a shares NO0010234552 Both 9 Mar 2023 Norway Post 

69 Amundi SA FR0004125920 Both 9 Mar 2023 France Post 

70 Argenx SE NL0010832176 Both 9 Mar 2023 Netherlands Post 

71 Commerzbank AG DE000CBK1001 Both 9 Mar 2023 Germany Post 

72 Ems-chemie holding AG-reg CH0016440353 PAB 9 Mar 2023 Switzerland Post 
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73 Haleon PLC GB00BMX86B70 Both 9 Mar 2023 United Kingdom Post 

74 Indutrade AB SE0001515552 PAB 9 Mar 2023 Sweden Post 

75 Jde peet's NV NL0014332678 Both 9 Mar 2023 Netherlands Post 

76 Kesko OYJ-a shs FI0009007900 Both 9 Mar 2023 Finland Post 

77 Lundbergs AB-b shs SE0000108847 Both 9 Mar 2023 Sweden Post 

78 Metso corp FI0009014575 Both 9 Mar 2023 Finland Post 

79 Neste OYJ FI0009013296 CTB 9 Mar 2023 Finland Post 

80 Pandora A/S DK0060252690 Both 9 Mar 2023 Denmark Post 

81 Rheinmetall AG DE0007030009 Both 9 Mar 2023 Germany Post 

82 Skandinaviska enskilda ban-c SE0000120784 Both 9 Mar 2023 Sweden Post 

83 Svenska handelsbanken-b shs SE0007100607 Both 9 Mar 2023 Sweden Post 

84 Swedbank AB - a shares SE0000242455 Both 9 Mar 2023 Sweden Post 

85 Swedish orphan biovitrum AB SE0000872095 CTB 9 Mar 2023 Sweden Post 

86 Talanx AG DE000TLX1005 PAB 9 Mar 2023 Germany Post 

87 Traton SE DE000TRAT0N7 PAB 9 Mar 2023 Germany Post 

88 Vantage towers AG DE000A3H3LL2 CTB 9 Mar 2023 Germany Post 
Note. The sample comprises 88 inclusion events drawn from Bloomberg European PAB and CTB climate benchmark indices over the period 

April 2021 – March 2023. "Both" indicates simultaneous inclusion in both PAB and CTB indices at the same rebalancing date. Period: Pre 

= event precedes 24 February 2022 (n = 29); Post = event occurs on or after that date (n = 59). 
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Table A2. Pearson Correlation Matrix 

Variable (1) (2) (3) (4) (5) (6) (7) (8) 

(1) CAR[−5,+5] 1.000  0.835  0.646 0.200  0.214  0.021 -0.130 -0.007 

(2) CAR[−3,+3]  1.000  0.676 0.146  0.228  0.072 -0.175 -0.037 

(3) CAR[−1,+1]   1.000 0.303  0.341 -0.088 -0.145 -0.123 

(4) Amihud [−5,−1]    1.000 0.565 0.087 0.140 0.135 

(5) Bid–ask spread [−5,−1]     1.000 -0.188 -0.084  0.024 

(6) log(Market cap)      1.000  0.004  0.490 

(7) Beta       1.000  0.133 

(8) Post        1.000 

Note. Pearson correlations among the main variables used in the cross-sectional analysis (N = 88). Amihud [−5,−1] and Bid–ask spread 

[−5,−1] are the pre-event illiquidity measures averaged over t = −5 to −1 trading days before inclusion (amihud_pre and spread_pre_avg). 

log(Market cap) is the natural log of the EUR market capitalization. Beta is the slope of the OLS market model from the estimation window. 

Post = 1 for events on or after 24 February 2022. Upper triangle shown; lower triangle omitted by symmetry. 
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Table A3. Event-Date Robustness Checks 
Panel A: Leave-one-event-date-out (Mann–Whitney and Wilcoxon z-statistics) 

Date 

dropped 
Sub- 

period 
Obs. 

removed 
n 

pre 
n 

post 
H1 

CAR z 
H2a 

Amihud z 
H2b 

Spread z 
H2c 

Amihud 

SR z 

H2d 

Spread 

SR z 
2021-04-06 Pre 18 11 59 1.460 −1.089 0.282 –1.067 0.356 
2021-09-09 Pre 9 20 59 −0.237 −2.650** −2.683** –2.800** –2.651** 
2021-10-22 Pre 1 28 59 0.563 −2.517* −2.399* –2.915** –2.687** 
2022-02-14 Pre 1 28 59 0.754 −2.707** −2.508* –3.165** –2.915** 
2022-03-10 Post 21 29 38 1.367 −4.442*** −2.847** –3.016** –2.584* 
2022-09-15 Post 15 29 44 0.417 −2.164* −1.838† –3.016** –2.584* 
2023-03-09 Post 23 29 36 −0.026 −0.554 −1.570 –3.016** –2.584* 

Panel B: Event-date-level collapsed means and rank-sum p-values (n = 7 date-level observations) 
Date Sub-period Mean CAR[−5,+5] Mean Amihud 

change 
Mean Spread change 

2021-04-06 Pre −0.0271 −0.003620 −0.001045 
2021-09-09 Pre +0.0201 −0.000288 +0.0000096 
2021-10-22 Pre +0.0042 −0.000355 +0.000137 
2022-02-14 Pre −0.0364 +0.000174 +0.000907 
2022-03-10 Post +0.0098 −0.048677 +0.000337 
2022-09-15 Post −0.0207 −0.000007 +0.000142 
2023-03-09 Post −0.0280 +0.001205 +0.0000577 

     

Rank-sum p-value  1.000 0.857 0.629 

Note. Panel A reports z-statistics from two-sample Wilcoxon rank-sum (Mann–Whitney) tests (H1, H2a, H2b) and Wilcoxon signed-

rank tests on the pre-invasion subsample (H2c: Amihud; H2d: Spread). Each row drops all firm-events on the indicated event date 

and re-runs the tests on the remaining observations. H2c and H2d test whether Amihudₑ̲̲ and Spreadₑ̲̲ improve within the pre-invasion 

period. Panel B collapses the 88 firm-event observations to 7 event-date means (equal-weighted) and re-runs the rank-sum tests, 

reporting exact p-values; the minimum achievable two-sided p-value with 4 pre- and 3 post-invasion dates is 0.114. All variables 

were winsorized at the 1st and 99th percentiles, which is non-binding at this sample size (Section 3.4). † p < 0.10; * p < 0.05; ** 

p < 0.01; *** p < 0.001. 


