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Abstract

This work combines innovative Al-driven techniques for data extraction with traditional
economic analysis, highlighting the complexity and effort required in building a reliable
dataset as the foundation of the research. The study builds on the work of G. Bison, L.
Pelizzon, D. Sartore - “La Copertura dei rischi finanziari nelle imprese non finanziarie
italiane attraverso gli strumenti derivati” - extending and updating the analysis by relating it
to interest rates fluctuations while integrating recent data and advanced methodologies.

The research investigates whether non-financial companies listed on the FTSE MIB intensify
their use of hedging strategies during periods of rising or falling interest rates. To address
this question, a time frame was selected that encompasses three distinct phases of monetary
policy: expansionary (2021), transitional (2022), and restrictive (2023).

Data from the financial statements of the selected firms were gathered through a structured
methodology based on Large Language Models (LLMs), implemented within the PTCF
framework

and supported by the chain-of-thought technique. This approach enabled systematic
extraction and processing of information, ensuring consistency and replicability despite the
inherent complexity of the task.

The dataset was then compared with market expectations on interest rates, measured by the
daily average spread between the 3-year OIS and the ECB Deposit Facility Rate. This
indicator captured both the official policy stance and the expectations embedded in market
pricing.

The empirical analysis, conducted using Python and statistical techniques, identified two
significant Pearson correlations between the number of hedging operations and rate
expectations, as well as a stronger correlation between the latter and the total amount of debt
hedged.

Finally, the thesis also examines endogenous determinants, showing through a logistic
regression that firm size and floating-rate exposure significantly increase the likelihood of

hedging, while leverage and profitability do not appear to be decisive factors.
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Introduction

Management of financial risks and interest rates fluctuations is a pivotal topic in corporate
finance. Non-financial corporations face the challenge of being exposed to such risk, heavily
influenced by numerous and unpredictable macroeconomic variables. Among the available
strategies, hedging through interest rates derivatives can be a solution, contributing to
stabilizing cash flows, reducing volatility, and preserving long-term investment capacity.
This paper aims at studying how listed Italian corporates [15] opt for such instruments to
hedge against floating rates risks. More into detail, this research builds on G. Bison, L.
Pelizzon, D. Sartore’s work, “La Copertura dei rischi finanziari nelle imprese non finanziarie
italiane attraverso gli strumenti derivati” (2002) [27], which investigates possible drivers
for hedging for Italian corporates, while updating the analysis both methodologically and
temporally. Specifically, it leverages recent advances in artificial intelligence: financial data
were gathered using Large Language Models (LLMs) within the PTCF [16] framework and
supported by the chain-of-thought technique [37]. This approach allowed the construction of
a consistent and replicable dataset, despite the inherent difficulty of extracting detailed
hedging information from corporate financial statements. On top of that, the study is limited
to rates derivatives, while also narrowing possible hedging correlations to just a single driver,
i.e. interest rates increasing or decreasing projection.

As a matter of fact, the research question guiding the study is straightforward: do FTSE MIB
non-financial firms intensify their use of interest rate hedging strategies during periods of
rising rates, or during periods of declining rates? Answering this question provides insight
into corporates risk appetite, how they respond to monetary policy regimes and how market
expectations influence corporate risk management [4].

To compare the hedging activity across different monetary phases, both considering rising
and declining interest rates, this analysis focuses on 2021-2023 exercise years. Indeed, these
three years encompass distinct phases of the European Central Bank’s monetary policy: an
expansionary phase in 2021, characterized by ultra-low rates; a transitional phase in 2022,
marked by the end of forward guidance and the first signs of tightening; and a restrictive

phase in 2023, with aggressive rate hikes aimed at controlling inflation. Such a sequence



offers a unique natural experiment for observing changes in hedging intensity under shifting
monetary conditions.

The analysis is structured as follows. Chapter I introduces the dataset and explains the
rationale for selecting the sample. Chapter II describes the methodology adopted for data
gathering, emphasizing the integration of Al-based techniques. Chapter III discusses market
expectations on interest rates and the measures used to quantify them across the study.
Chapter IV presents the empirical findings on the relationship between hedging strategies
and interest rate dynamics. Finally, the conclusion outlines the main results, highlights

limitations, and suggests avenues for further research.



Chapter I - FTSE-MIB Companies, Dataset and Timespan

1.1. The Selected Sample: FTSE-MIB as Reference Universe

The foundation of this research is to understand how Italian corporations hedge against rates
risk in relation to interest rates trends. To investigate this, the first choice taken was
concerning the sample. The choice verted towards FTSE-MIB for multiple reasons [15].
Firstly, the index accounts for the vast majority of the Italian stock market capitalization, as
explicitly reported in the FTSE MIB Index Ground Rules published by FTSE Russell, making
the FTSE-MIB a highly representative benchmark of the Italian equity universe.

Then, it is worth considering that firms included in the index are among the largest and most
structured corporations in Italy. Thus, it is assumed they possess well-developed financial
and treasury departments, as well as all the necessary information and tools available to
monitor and understand market conditions. This increases the likelihood to make them in the
position to take informed and aware decisions on hedging strategies [14,17].

More specifically, FTSE-MIB represents the most significant and liquid segment: it

comprises the 40 largest and most traded companies, reported in the table 1.1 below:

Table 1.1. Ftse-mib companies

FTSE-MIB Companies

A2A BPER Banca FinecoBank Mediobanca Snam

Amplifon Brunello Cucinelli |Hera Moncler Stellantis
Assicurazioni Generali Buzzi Unicem Interpump Group |Nexi STMicroelectronics
Azimut Campari Intesa Sanpaolo  |Pirelli Telecom Italia (TIM)
Banca Mediolanum DiaSorin INWIT Poste Italiane  |Tenaris

Banca Monte dei Paschi di Siena|Enel Italgas Prysmian Terna

Banca Popolare di Sondrio Eni Iveco Group Recordati UniCredit

Banco BPM Ferrari Leonardo Saipem Unipol

In constructing the dataset, it has been decided to exclude financial companies from the FTSE
MIB to ensure greater consistency in the analysis [17, 29]. These firms display dynamics that

differ substantially from those of non-financial sectors: on the one hand, they rely on internal



hedging strategies that reduce their exposure to interest rate fluctuations; on the other hand,
they often benefit from rising rates, as their profitability is closely linked to the management
of interest margins. Moreover, it is common practice in empirical corporate finance research
to exclude financial firms from sample analysis, since their high leverage is structural to their
business model rather than an indicator of financial distress, unlike in non-financial
corporates. For these reasons, including financial firms would risk biasing the overall results
and undermining comparability across the sample, so the focus has been restricted to a more

homogeneous set of companies [14].

As a matter of fact, a substantial share the total capitalization of FTSE-MIB is held by
financial institutions: banking and insurance sector. This latter, on average, represent around
30% of the FTSE-MIB’s total capitalization. This estimate is consistent with the sectoral
breakdowns regularly published by Borsa Italiana/Euronext and confirmed by financial data
providers such as Bloomberg.

As a matter of fact, it follows that once financial companies are excluded, the remaining non-
financial FTSE-MIB firms still cover roughly half of Italy’s total market capitalization. These
firms constitute the final sample [1,3,5,6,8—11,13,18,20-25,28,30-36]:

Table 1.2. Ftse-mib non-financial companies

FTSE-MIB non-financial Companies
A2A Iveco Group
Amplifon Leonardo
Brunello Cucinelli Moncler
Buzzi Unicem Pirelli
Campari Prysmian
DiaSorin Recordati
Enel Saipem
Eni Snam
Ferrari Stellantis
Hera STMicroelectronics
Interpump Group Telecom Italia (TIM)
INWIT Tenaris
Italgas Terna




In the tables below (1.3), details of each non-financial company listed in the FTSE MIB index
can be found, based on data from the Orbis dataset [26].
Please note that all figures are expressed in thousands of euros, and that the reported market

capitalization refers to 19/09/2025.

Tables 1.3.1 Financials of A2A

A2A
|Industry: Utilities industry (energy, environment, and network services)
Financial

mkt cap today: 7.75 bln

2021 2022 2023

ROE 11.71 8.98 13.72

ROA 3.28 3.54 4.68

equity 4,873,579 4,764,500 5,306,212

fixed assets 4,873,579 4,764,500 5,306,212

tot assets 20,395,866 22,790,031 20,771,799
Tables 1.3.2 Financials of Amplifon

Amplifon

Industry: Healthcare (Hearing aids & services)

Financial

mkt cap today: 2.29 bin

2021 2022 2023

ROE 17.02 17.16 14.08

ROA 6.14 6.82 5.68

equity 927,281 1,040,350 1,101,678
fixed assets  |2,868,749 2,982,612 3,072,020

tot assets 3.513:291 3,575,465 3,693,215
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Tables 1.3.3 Financials of Buzzi Unicem

Buzzi Unicem

Industry: Construction Materials (Cement)

Financial
mkt cap today: 9.25 bln
2021 2022 2023
ROE 12.39 9.34 17.16
ROA 9.18 7.85 14.98
equity 4,375,204 |4911,457 5,632,028
fixed assets (4,681,945 4,793,159 4,814,119
tot assets 6,921,783 |7,503,088 |7,615,403
Tables 1.3.4 Financial of Cucinelli
Brunello Cucinelli
Industry: Luxury Goods / Fashion
Financial
mkt cap today: 7.18 bln
2021 2022 2023
ROE 16.54 20.51 25.27
ROA 5.48 9.37 12.56
equity 3224 392,976 453,613
fixed assets 764,804 840,645 853,53
tot assets 1,168,501 1,322,988 1,379,880
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Tables 1.3.5 Financials of Campari

Campari

Industry: Food&Beverage

Financial
mkt cap today: 8.13 bln

2021 2022 2023
ROE 11.99 12.44 11.29
ROA 7.63 7.90 6.99
equity 2.689.699 | 2.855.927 | 3.234.115
fixed assets 3.604.954 | 4.439.080 | 4.706.971
tot assets 5,768,447 | 6.415.916 | 7.376.541
Tables 1.3.6 Financials of DiaSorin
DiaSorin
Industry: Biotechnology / Diagnostics
Financial
mkt cap today: 1.85 bin

2021 2022 2023
ROE 22.73 15.85 10.39
ROA 12.36 9.56 6.27
equity 1,367,939 1,519,751 1,537,968
fixed assets  |2,272,861 2,333,874 2,228,747
tot assets 3,231,15 3,408,082 3,211,439
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Tables 1.3.7 Financials of Enel
Enel

Industry: Utilities (Electricity)

Financial
mkt cap today: 78.9 bln

2021 2022 2023
ROE 7.53 4.00 7.62
ROA 2.66 3.39 3.90
equity 42,342,000 42,082,000 45,109,000
fixed assets 140,566,000 147,406,000 144,689,000
tot assets 206,940,000 219,618,000 195,224,000

Tables 1.3.8 Financials of Eni
Eni

Industry: Energy (Oil & Gas)

Financial
mkt cap today: 48.6 bln

2021 2022 2023
ROE 13.08 25.14 8.89
ROA 7.76 14.49 717
equity 44,519,000 |55,230,000 53,644,000
fixed assets 80,151,000 [90,533,000 (95,901,000
tot assets 137,765,000 [152,130,000 {142,606,000
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Tables 1.3.9 Financials of Ferrari

Ferrari

Industry: Automobiles (Luxury Cars)

Financial
mkt cap today: 73.5 bln
2021 2022 2023
ROE 37.57 35.84 40.78
ROA 15.19 15.17 19.90
equity 2,211,416 2,602,487 3,070,622
fixed assets  |3,499,786 3,813,311 4,065,305
tot assets 6,863,505 7,765,823 8,051,312

Tables 1.3.10 Financials of Hera

Hera

Industry: Utilities (Multi-utility: energy, water, waste)

Financial
mkt cap today: 6.46 bln
2021 2022 2023
ROE 9.76 7.00 11.77
ROA 2.90 2.39 4.35
equity 3,416,800 3,644,700 3,751,600
fixed assets 7,589,700 7,917,600 8,439,200
tot assets 14,031,500 (17,118,500 |15,080,000
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Tables 1.3.11 Financials of Interpump group

Interpump group
Industry: Industrials (Hydraulic systems & pumps)
Financial
mkt cap today: 4.40 bln

2021 2022 2023
ROE 14.62 17.02 15.21
ROA 9.94 11.78 11.65
equity 1,339,664 1,566,110 1,802,904
fixed assets 1,497,218 1,576,037 1,724,266
tot assets 2,772,746 3,131,059 3,243,963

Tables 1.3.12 Financials of INWIT

INWIT
Industry: Telecommunications Infrastructure (Towers)
Financial
mkt cap today: 9.30 bln

2021 2022 2023
ROE 4.27 6.57 7.83
ROA 2.83 3.61 4.23
equity 4,483,515 (4,466,445 (4,336,399
fixed assets 9,361,845 9,261,883 (9,350,657
tot assets 9,361,845 9,261,883 (9,350,657
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Tables 1.3.13 Financials of Italgas

Italgas
Industry: Utilities (Gas distribution)
Financial
mkt cap today: 7.80 bln
2021 2022 2023
ROE 16.93 17.04 16.90
ROA 5.17 5.34 5.26
equity 2,142,491 2,390,570 2,600,744
fixed assets  |7,960,749 9,071,223 9,639,447
tot assets 10,152,007 |11,030,557 |11,139,648

Tables 1.3.14 Financials of Iveco group

Iveco group

Industry: Automobiles (Commercial & Industrial Vehicles)

Financial
mkt cap today: 4.96 bln
2021 2022 2023
ROE 2.25 6.15 9.12
ROA 1.09 1.62 2.11
equity 2,311,000 (2,391,000 |2,390,000
fixed assets 5,676,000 |5,616,000 (6,029,000
tot assets 16,560,000 (16,013,000 |18,385,000
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Tables 1.3.15 Financials of Leonardo

Leonardo

Industry: Aerospace & Defense

Financial
mkt cap today: 29.3 bln

2021 2022 2023
ROE 9.08 12.04 7.69
ROA 2.65 3.44 2.69
equity 6,455,000 |7,699,000 8,561,000
fixed assets 12,810,000 [13,943,000 14,295,000
tot assets 16,560,000 [16,013,000 18,385,000
Tables 1.3.16 Financials of Moncler
Moncler
Industry: Luxury Goods / Fashion
Financial
mkt cap today: 13.9 bin

2021 2022 2023

ROE 15.75 20.90 19.04
ROA 13.07 16.11 17.44
equity 2,499,094 (2,902,286 (3,214,429
fixed assets 2,804,033 (3,018,316 (3,084,975
tot assets 4,267,989 (4,639,312 4,992,020
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Tables 1.3.17 Financials of Pirelli

Pirelli
Industry: Automobiles (Tires)
Financial
mkt cap today: 5.96 bin

2021 2022 2023
ROE 6.01 7.66 8.53
ROA 3.15 4.29 4.66
equity 5,042,639 5,453,828 5,619,594
fixed assets 9,598,340 (9,475,197 9,563,707
tot assets 13,883,173 13,897,550 13,530,927
Tables 1.3.18 Financials of Prysmian
Prysmian
Industry: Industrials (Cables & Energy Systems)
Financial
mkt cap today: 24.6 bln

2021 2022 2023
ROE 9.97 13.37 13.32
ROA 3.96 5.79 5.73
equity 3,089,000 (3,771,000 3,972,000
fixed assets 5,628,000 5,958,000 (6,079,000
tot assets 12,016,000 12,756,000 (13,323,000
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Tables 1.3.19 Financials of Recordati

Recordati

Industry: Pharmaceuticals

Financial
mkt cap today: 10.9 bln

2021 2022 2023
ROE 27.94 20.20 23.08
ROA 16.45 10.04 11.67
equity 1,381,625 |1,546,248 |1,686,392
fixed assets 1,966,098 |2,812,736 |3,005,891
tot assets 2,816,199 (3,998,823 (4,208,131

Tables 1.3.20 Financials of Saipem

Saipem

Industry: Energy Services (Oilfield services & engineering)

Financial
mkt cap today: 4.78 bln
2021 2022 2023
ROE -702.85 -10.02 7.47
ROA -20.77 -1.27 2.52
equity 351 2,086,000 (2,396,000
fixed assets 4,723,000 4,770,000 (4,761,000
tot assets 11,542,000 12,397,000 {12,865,000
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Tables 1.3.21 Financials of Snam

Snam

Industry: Utilities (Gas infrastructure & transport)

Financial
mkt cap today: 16.9 bln

2021 2022 2023
ROE 20.66 8.92 14.78
ROA 551 2.07 3.39
equity 7,240,000 7,524,000 7,680,000
fixed assets 22,082,000 22,537,000 24,589,000
tot assets 27,161,000 32,393,000 (33,525,000
Tables 1.3.22 Financials of Stellantis
Stellantis
Industry: Automobiles (Cars, multinational group)
Financial
mkt cap today: 23.7 bln

2021 2022 2023
ROE 25.22 23.21 22.65
ROA 8.81 10.48 11.09
equity 56,307,000 |72,382,000 |82,120,000
fixed assets 96,971,000 (101,380,000 (110,608,000
tot assets 171,766,000 [186,156,000 (202,128,000
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Tables 1.3.23 Financials of STMicroelectronics

STMicroelectronics

Industry: Semiconductors / Technology

Financial
mkt cap today: 22.5 bln

2021 2022 2023
ROE 17.86 32.01 22,95
ROA 12.33 23.09 17.76
equity 8,459,295 112,660,797 15,714,020
fixed assets 7,574,605 (10,471,597 |12,282,347
tot assets 14,491,432 (19,676,552 23,009,039
Tables 1.3.24 Financials of TIM
TIM
Industry: Telecommunications
Financial
mkt cap today: 6.60 bln

2021 2022 2023
ROE -39.26 -15.62 -8.23
ROA -12.51 -4.72 -2.32
equity 22,039,000 18,725,000 [17,513,000
fixed assets 55,117,000 51,795,000 [51,279,000
tot assets 69,187,000 62,027,000 (62,159,000
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Tables 1.3.25 Financials of Tenaris

Tenaris

Industry: Industrials (Steel pipes for energy sector)

Financial
mkt cap today: 17.6 bln

2021 2022 2023
ROE 9.09 18.19 23.01
ROA 8.60 18.04 21.98
equity 10,688,415 [13,158,113 [15,412,153
fixed assets 8,359,752 8,514,583 9,572,336
tot assets 12,757,749 116,454,392 119,078,629
Tables 1.3.26 Financials of Terna
Terna

Industry: Utilities (Electricity transmission grid)

Financial
mkt cap today: 17 bln

2021 2022 2023
ROE 16.75 13.89 13.96
ROA 4.98 5.30 5.33
equity 4,713,000 (6,169,100 |6,343,300
fixed assets 16,501,100 17,681,800 {19,150,600
tot assets 22,359,200 |22,802,900 (23,445,900
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1.2. The Timespan: Monetary Policy 2021-2023

The European Central Bank, ECB, is the central bank to the 19 member countries making up
the Euro area. The Governing Council is its main decision-making body, is composed of the
six members of the Executive Board and the governors of the national central banks, voting
on a rotating basis, who meet every six weeks to define monetary policy. Such decisions are
immediately followed by a press conference held by the President of the ECB, which often
has a significant impact on financial markets.

More into detail, the ECB sets three key policy rates. Firtsly, the MRO rate, the main
refinancing operations rate, i.e. the rate at which commercial banks can borrow liquidity from
the Eurosystem against collateral, generally on a weekly basis. The second one is the
marginal lending facility rate, which provides overnight credit at a higher cost and is mainly
used in exceptional circumstances. And the last one is DEPO rate, deposit facility rate, which
applies to overnight deposits held by banks with the Eurosystem. During this analysis, the
latter rate will be considered, since it directly anchors short-term market rates and constitutes
the primary benchmark for projections concerning the Euribor, which is influenced by its
trajectory.

Policy rates are short-term rates that enable central banks to influence the pace of economic
activity by altering the cost of borrowing and the amount of liquidity circulating in the
system. [2]

The ECB adjusts them by 25 basis points, except in extraordinary circumstances, such as we
saw during 2008 financial crisis, where, for instance, they started with a 50 bps cut in

October.

The period under investigation is the one starting from 2021 and concluding with 2023. This
was not chosen by coincidence, but because it offers a natural experiment. Indeed, within just
three years, the European Central Bank (ECB) moved from the most accommodative
monetary policy in its history to a sharp tightening cycle immediately after [7]. This sequence
provides an interesting setting to observe whether and how corporate hedging practices adjust

to changing interest rate scenarios.
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The year 2021 was characterized by an expansionary phase, within an accommodative
macro-financial environment. Inflation remained subdued for most of the year, while both
fiscal and monetary stimulus helped the economy to recover from the pandemic shock.
Specifically, during the year, the ECB maintained its deposit facility rate (DEPO) at —0.50%
and continued large-scale asset purchases under both the Pandemic Emergency Purchase
Programme (PEPP) and the Asset Purchase Programme (APP).

The ECB explicitly committed to keeping rates low “for as long as necessary”, pursuing a
forward guidance approach, while being in line to simultaneously sustain a 2% inflation
target. strengthened the ECB’s commitment to keeping rates low until inflation was credibly
converging to target.

This communication strategy aimed to anchor market expectations and prevent premature
tightening of financial conditions; strengthened the ECB’s commitment to keeping rates low
until inflation was credibly converging to target.

For corporates, this phase implied abundant liquidity, historically low borrowing costs, and
limited immediate incentive to hedge. At the same time, however, it offered an opportunity
to lock in favorable fixed rates or to use derivatives to secure low and cheap funding costs

for the future.

By 2022, the political economy went through an intermediary phase. Here the
macroeconomic context shifted dramatically. Inflation skyrocketed to above 10% in the euro
area, shacked by energy shocks, supply chain disruptions, and the Russian military invasion
in Ukrainian territories.

Initially, the ECB decided to maintain its accommodative stance, keeping DEPO rate at —
0.50% until June 2022. However, the month after, the central bank executed its first rate hike
in 11 years, hiking +50 bps and finally bringing DEPO rate to 0%. This first move was
followed by a sequence of aggressive moves: +75 bps in September, another +75 bps in
October, and +50 bps in December. By the end of 2022, the DEPO stood at +2.00%.

This abrupt shift represented a breaking point in monetary policy. For the first time in more
than a decade, firms faced a rapidly tightening monetary policy context, where the cost of

floating-rate debt increased rapidly and materially within just a few months. For corporates,
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this created both risks and opportunities: companies that hedged early were shielded, while

those that relied excessively on floating debt without hedging faced rising financing costs.

Moving onto 2023, monetary policy had reached its most restrictive stance in twenty years.
Inflation remained high but showed signs of gradual decline. The ECB continued raising
rates until September, bringing the deposit rate to +4.00%. After that point, the central bank
paused, signaling neither new hikes nor immediate cuts. Simultaneously, the ECB began
reducing reinvestments under the PEPP and APP, initiating quantitative tightening. All of
this, for many corporates, translated to the culmination of tightening cycle: higher refinancing
costs, greater uncertainty about future policy, and increased pressure to mitigate risks. In such
a context, hedging strategies could be seen as a useful tool for financial resilience, offering

firms a way to maintain stability and define the costs of financing.

1.2.1. Note on Forward Guidance

Before passing through the next chapter, it is worth taking into consideration that, when
Christine Lagarde took over the presidency of the ECB in late 2019, the institution continued
to rely on forward guidance, a communication tool previously introduced by Mario Draghi,
the former ECB President, in 2013. This latter can be defined as a sort of promise of the
future path of interest rates: it consists in providing explicit and specific indications about the
expected direction of policy rates, with the objective of guiding market expectations and, in
this case, ensuring accommodative financial conditions. Forward guidance remained in place
throughout 2020 and persisted into 2021, when the ECB was assisting the economy in the
post-pandemic supportive path. However, by the second half of 2021, inflation started
spiking and the limitations of forward guidance became increasingly evident. By early 2022,
the Governing Council guided by Lagarde decided to change their strategy, opting for a data-
dependent approach, reserving the right to decide their moves meeting-by-meeting. This
marked the effective end of forward guidance as a systematic policy tool.

For corporates, this transition may have had significant implications. Under the forward
guidance approach, uncertainty reduced and the risk of financing at variable rate significantly

reduced. Whereas, once the ECB abandoned it, uncertainty over the trajectory of policy rates
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increased markedly, making it riskier not to take into consideration the possibility of thinking
to hedge against this risk. This may have influenced firms’ financing strategies along these

two years.
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Chapter II — Methodology for Data Gathering

2.1 The Complexity of Manual Data Collection

The empirical backbone of this thesis lies in the construction of a dataset capturing, year by
year, the debt structures and interest-rate hedging choices of non-financial FTSE MIB
companies [1,3,5,6,8—-11,13,18,20-25,28,30-36].

To achieve this, I examined four fiscal years, from 2020 to 2023, for a total of thirty-one
companies. In other words, the task involved the analysis of 125 annual reports.

Though, it is to be taken into consideration the difficulty in obtaining a comprehensive
overview of the hedging activities of non-financial firms. Unlike standard financial statement
items, such as total assets, revenues or profits, the detailed information needed to accurately
assess whether a firm is hedging interest rate risk is only provided in the written notes to the
financial statements, often dispersed across pages of dense explanatory text, sometimes
supplemented by small tables, and presented with terminology that changes from firm to firm
and even from year to year within the same company. While an analyst can read these notes
to determine whether a company is hedging interest rate risk, there are clear challenges in

scaling this up to examine hedging across hundreds of firms. [4]

It is indeed possible for a careful analyst to sit down with a single financial statement and,
by reading the appropriate notes, reconstruct whether the company has entered into interest-
rate derivatives to hedge floating-rate liabilities. The process, however, is time-intensive, and
what is feasible for one or two companies rapidly becomes impractical for dozens of firms
across multiple years. Each report is between 200 and 600 pages long, written in technical
language, and includes disclosures that are sometimes explicit and sometimes ambiguous.
Even if I had attempted the work manually, fatigue and inconsistency would have introduced
errors. The risk of overlooking a derivative buried in a footnote, or of misclassifying a mixed-
rate facility, would have been high. More importantly, repeating this procedure 125 times
would not only have taken months of full-time reading but would also have produced a

dataset vulnerable to subjective bias.
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This practical constraint highlights the dual challenge at the heart of the project:

1) the need for scale, in order to cover the entire FTSE MIB sample consistently across
time,
i) and the need for accuracy, since the empirical question hinges on distinguishing

between hedged and unhedged floating-rate debt.

These double pressures motivated the adoption of Large Language Models (LLMs) not as a

substitute for reading, but as tools for industrializing the reading process.

2.2 First Attempts with LLMs: Why Naive Use Fails

The idea of using LLMs as research assistants may appear straightforward. One might think
it is enough to upload a financial report, ask the model directly which derivatives the
company has signed during the year, and then copy the results into a table.

In practice, this naive approach proved unreliable. My first experiment was with the 2020
annual report of Campari [8]. I asked the model, in a direct way, to list all the interest-rate
derivatives active during that year. What I received back was a neatly formatted table that
appeared convincing: the instruments were listed with notional amounts, maturities, and
types of contracts. On the surface, it looked like exactly what was needed.

However, once I cross-checked the table against the actual disclosures in Campari’s annual
report, the discrepancies became obvious. Some derivatives listed by the model did not exist
in the report, it was not even clear to what year they were referring to; while also information
on debt contrasted with what was reported in the balance sheet. In short, the result was
completely different from the audited source. The table was polished, but it was misleading.
The model had mixed fragments of text into an invented structure, creating the illusion of
accuracy where there was none.

This experience was pivotal. It demonstrated that without a carefully designed framework,
an LLM does not operate as an evidence-based analyst but as a pattern-matching text
generator. While the model can reproduce the “style” of a financial analyst’s output, it does

not inherently understand the difference between disclosed facts and plausible
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reconstructions. The Campari test confirmed that straightforward questions would never
produce results acceptable for academic research, where traceability and veridicity are
essential.
From this point forward, I stopped treating the model as a black-box Q&A tool and began to
approach it as a programmable extractor. The challenge became one of prompt engineering:
designing instructions that would constrain the model’s behavior, force it to justify its
choices, and ensure that the dataset could be checked against the underlying financial
statements. In other words, instead of asking “What derivatives did Campari sign in 2020?”,
I had to design a protocol that guided the model step by step, specified where to look,
demanded citations, and structured the output in a consistent way. [37, 16]
Developing such a protocol also required defining what I mean by veridicity and correctness
of the sample, and then building checks to assess both.
By veridicity I mean the degree to which each data point in the dataset faithfully corresponds
to what is actually disclosed in the financial statements. A veridical entry is one that can be
traced back to a specific page, note, or table, with no interpolation. Veridicity implies that if
the model reports “a €200 million floating-rate loan hedged by an interest-rate swap,” there
is an identifiable disclosure in the company’s financial statement confirming both the loan
and the derivative, with the linkage explicitly stated or reasonably inferred. To enforce
veridicity, I adopted three rules:

(i) every row had to carry a precise source reference;

(1)) missing details had to be recorded as “N/D” rather than assumed; and

(ii1) numeric totals had to reconcile with reported aggregates.

Correctness of the sample, by contrast, refers not to the fidelity of each single item but to the
representativeness of the dataset as a whole. In this study, correctness means that all non-
financial FTSE MIB companies are included, across all years in the 2020-2023 window, with
no arbitrary omissions beyond the documented exclusion of financial firms. It also means
that the same rules are applied consistently across firms and across years. Correctness ensures
that the dataset supports valid comparative analysis, even if some individual data points

remain uncertain.
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To test veridicity in practice, I conducted random sample checks. For a subset of firm-year
observations, stratified across industries and years, I manually re-read the financial
statements and compared the manual extraction to the Al-assisted output. In most cases, the
match was high, confirming that the protocol guided the model to accurate results. However,
in some cases, discrepancies emerged: and that was usually because disclosures were too
aggregated or ambiguous to permit unambiguous classification. For instance, a firm might
report that “interest-rate derivatives cover part of the floating-rate debt portfolio” without
specifying the exact amount or linkage. In such situations, the protocol required the model to
return “N/D,” preserving transparency but leaving unavoidable gaps.

These checks led me to conclude that the dataset is veridical where disclosures allow it, and
transparently incomplete where disclosures are ambiguous. Yet they also revealed that a
residual margin of error cannot be eliminated entirely. This is not a flaw of the methodology
but a reflection of the underlying data environment: corporate disclosures are heterogeneous,
and no method—manual or automated—can force them into full comparability. What matters
is that the error margin is contained, documented, and acknowledged, so that empirical results

are interpreted with appropriate caution.

2.3 Techniques Implemented

To transform the LLM from a text generator into a reliable extractor, several complementary
techniques were implemented. The first was chain-of-thought prompting, which instructed
the model to outline its reasoning before presenting the results. For instance, when identifying
total floating-rate debt, the model had to explain which notes it had consulted and how it
summed the relevant line items. This forced transparency and reduced the risk of
hallucination.

The second technique was the adoption of Google’s PTCF framework [16], which structures
each prompt into four elements: persona, task, context, and format. The persona framed the
model as a financial analyst specialized in debt and derivatives (i.e. “Agisci come un analista
finanziario esperto in debito societario”, from the first prompt). The task was narrowly

defined, focusing either on debt extraction or derivatives extraction for a specific year. The
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context was supplied by feeding the cumulative tables from prior years, anchoring the model
to established information and preventing duplication. The format was fixed: the model had
to output plain-text tables with aligned columns, ensuring that the results could be directly
integrated into the dataset and compared across firms and years.

The third element was the use of sanity checks. The prompts explicitly required the model to
confirm that fixed-rate debt plus floating-rate debt equaled total reported debt, and to explain
any discrepancies. Similarly, the number of hedges identified had to reconcile with the
amount of new floating-rate debt contracted. The cash-flow statement served as a final
control: only facilities that generated actual inflows during the year could be classified as
new debt. If these reconciliations failed, the model had to document the mismatch rather than
smooth it over.

Finally, the prompts included wayfinding instructions. The model was told to start with the
risk management section of the notes, then move to the detailed tables of derivatives, and
finally cross-check with hedge accounting disclosures. This mirrored the procedure of a
human analyst, who knows that hedging details are rarely presented in a single place and
must be pieced together from multiple sections.

Together, these techniques produced a workflow that behaves less like a chatbot and more

like a junior analyst following a structured protocol.
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2.4 The Final Design

The final workflow involved eight runs per company, following a strict sequence.

More into detail, 2020 was the baseline: two prompts were given to LLM for this financial
year: one catalogued all debt outstanding at year-end, classifying whether it was fixed or
floating; the other identified all derivatives still active, recording their type, stipulation year,
and linkage to specific borrowings where disclosed. This step was necessary because having
variable rate debt does not necessarily mean that these firms are exposed to interest rate risk.
This is because firms can hedge this risk, for example by purchasing financial instruments
such as interest rate derivatives. By reconstructing both debt and derivatives, the baseline
provided a clear picture of net exposure at the starting point.

For 2021, 2022, and 2023, the same two-step process was repeated. A first prompt extracted
all new debt drawn during the year, classifying it by type and reconciling it to the firm’s
financial statements. A second prompt captured only the new derivatives signed in that year,
cross-checking them against the cumulative ledger to avoid double counting. This cumulative
approach ensured that each year’s dataset reflected genuine new activity rather than relabeled
legacy positions.

The outputs were structured as cumulative tables, updated annually, and each row carried its
own provenance through note and page references. Every hedging ratio was mechanically
derived from reported inputs, ensuring consistency and transparency. When firms disclosed
coverage percentages by size or tenor, these were recorded; when they did not, the field was
marked “N/D.”

An additional methodological decision concerned the language adopted for prompt design.
Despite the thesis is written in English, the choice verted to using prompts in Italian, given
the fact that it was easier to find ftse-mib companies’ balance sheets in Italian. By
maintaining the same linguistic register of the source documents, the extraction process
benefited from greater precision and consistency, as the model was less likely to misinterpret
key expressions. [37]

The result was a dataset that is both scalable and faithful to the underlying disclosures. It

does not eliminate ambiguity, but it industrializes the process of reading financial statements,
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enforces consistency across 125 documents, and produces outputs that can be checked,
audited, and replicated. The cost of this precision was high: designing the final prompts
required multiple iterations and repeated trials. But once stabilized, the workflow scaled
smoothly to the entire index and can be applied again when new years become available.

The whole and final prompt can be seen in Appendix 1, while the LLM example of response

in appendix 2.

2.5 Observations

Table 2.1 General picture of final findings

2021 2022 2023
Fixed rate sum 59.0% 60.6% 66.2%
Floating rate sum 41.0% 39.4% 33.8%
Tot debt 40,662 43,003 33,129
#new hedging 47 45 35

Source: companies balance sheets, tot debt expressed in millions.

As it was considered in previous sections, the rapid shifts in interest rates between 2021 and
2023 impacted non-financial firms’ choices. As a consequence, debt composition can provide
an initial indication of exposure: in 2021, fixed-rate borrowing represented 59% of the total
debt of FTSE MIB non-financial companies, rising to 60.6% in 2022 and 66.2% in 2023,
while floating-rate debt declined from 41% to 33.8%. Overall, it can be noticed that these
figures suggest a gradual preference for fixed-rate financing and that the overall stock of debt
contracted significantly, from approximately €40.7 billion in 2021 to €33.1 billion in 2023
(a reduction of nearly 18%). This deleveraging likely reflects both the higher cost of
borrowing and the growing uncertainty about the macroeconomic outlook.

Yet, debt structure alone does not determine whether firms are effectively protected against
interest rate risk. Here hedging strategies enter the game in corporate risk management.

As the evolution of new hedging is concerned, in 2021, 47 new hedges were identified across

the sample; this number fell to 45 in 2022 and 35 in 2023, a cumulative decline of over 25%
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in just two years. The reduction in hedging activity occurred in parallel with the contraction

in floating-rate debt.
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Chapter III: Market Expectations on Interest Rates

3.1 The challenge of anticipating interest rates

The prediction of interest rate dynamics is widely regarded as one of the most difficult tasks
in financial economics. Indeed, a broad range of variables can easily affect interest rate
movements, which are the outcome of a complex interaction between central bank decisions,
macroeconomic fundamentals, and market expectations regarding future monetary policy.
Even qualitative indicators such as the Purchasing Managers’ Index (PMI) for growth
outlook, the Consumer Price Index (CPI) for inflation, or the unemployment rate — which
take business sentiment and quantify it into an objective figure- can have immediate influence
on expectations of interest rates.

From the perspective of non-financial corporations, the challenge is particularly acute. When
a treasurer or financial manager at time # must decide whether to hedge future debt
exposures, the decision must be based on expectations about the trajectory of interest rates in
t. and beyond. These expectations are necessarily uncertain, because they depend on both
the official stance of the European Central Bank (ECB) and the way in which financial
markets anticipate the evolution of inflation, growth, and systemic risk. [19]

In contrast, ex post assessments are straightforward. Looking backwards, once the actual path
of policy rates has materialized, it is relatively easy to identify the “optimal” moment to have
entered a hedge, namely the point that would have locked in the lowest financing cost or
maximized the protection against rising rates. This asymmetry — high uncertainty ex ante,
perfect clarity ex post — represents the essence of the corporate hedging problem. [4,7]
Consequently, a rigorous analysis of corporate hedging strategies must not only consider the
official level of interest rates, but also integrate market-based expectations of future rate
paths. The aim of this chapter is therefore twofold: first, to discuss why policy rates alone are
insufficient for assessing expectations; and second, to introduce the specific measures used

in this research to capture forward-looking market sentiment between 2021 and 2023.
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3.2 Policy rates versus market expectations

Along MRO and MLF rates, the ECB sets the Deposit Facility Rate (DFR), which is the
interest rate that commercial banks receive when they place their overnight excess reserves
with the Eurosystem. Practically speaking, this latter acts as a floor for short-term money
market rates, implying that no rational bank would lend reserves to another institution at a
lower rate than it can obtain risk-free from the central bank.

As it can be seen from the illustration from Bloomberg below, during the period under
analysis (2021-2023), the DFR underwent a substantial change: starting from 2021, the rate
remained negative, reflecting the ECB’s highly accommodative stance. This mutated
beginning in mid-2022, when the ECB started the sudden tightening cycle, lifting the DFR
into a positive number and signaling a restrictive approach designed to fight inflationary
pressures.

Although crucial for setting monetary conditions, it is important stressing the fact that the
DFR is inherently backward-looking as far as hedging decisions are concerned, in the sense
that it informs market participants of the current policy stance, but, by itself, it fails to indicate
ECB next moves. For that reason, empirical research and financial practice rely on derivative

instruments that reflect forward-looking expectations.

Graph 3.1 Depo Rate
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Source: Bloomberg, 31st Jul 2025
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Apparently, it could be assumed that observing the level of the ECB Deposit Facility Rate
(DFR) is sufficient to infer the stance of monetary policy and its likely trajectory. However,

such an assumption is misleading for several reasons.

1.Firstly, central banks typically adjust their key policy rates in a gradual and measured trend.
often surprising market conditions. Plus, to minimize market surprises, they frequently
provide forward guidance that shapes expectations well before the implementation of policy
moves. Nevertheless, market expectations are continuously reshaped by unexpected shocks
and new information releases and data. Thus, the deposit facility rate alone cannot capture
market expectations.
ii.Secondly, markets tend to anticipate. They continuously process new information, from
inflation releases to GDP forecasts, or geopolitical shocks, and they incorporate it into asset
prices. As a result, expectations regarding future rate changes are embedded in financial
instruments long before the ECB formally acts adjusting its deposit rate.
iii.Risk and term premia should be considered. The level of the deposit rate reflects only the
overnight remuneration of excess reserves, while market rates at longer maturities
incorporate additional elements such as liquidity conditions, credit premia, and compensation

for interest rate risk.

Another topic worth considering is the Euribor—-DFR spread. Notably, in Eurozone firms
borrow at Euribor and the Bloomberg graph below compares the trend of the two curves
along the past 25 yrs. It can be instantly noticed that there exist a spread between Euribor and
the ECB deposit facility rate and that it has almost consistently always been positive.

In the legend of the figure below, it can be noticed:

Mean: +0.619. This is the historical average of the spread between Euribor 3M and DFR.
On average, Euribor 3m is located 62 basis points above the ECB deposit facility rate.
Median: +0.513. The median value, very close to the mean, reinforces the idea that the
distribution of the spread is centered above zero.

Std Dev: 0.513. The standard deviation indicates that, around the average of +0.62, the

spread typically fluctuates by about half a point.
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High: +6.391 (09/30/08). The maximum spread has been observed during the global
financial crisis of 2008, when interbank credit and liquidity risk pushed Euribor far above
the deposit rate.

Low: —0.286 (12/31/21). The minimum spread was reached in late 2021 during the negative-

rate regime and excess liquidity phase, represents an anomaly rather than the norm.

Therefore, although the two curves broadly move in the same direction, Euribor levels can
diverge significantly from the deposit rate, especially in times of stress or economic shocks.
This divergence underlines that the DFR signals the direction of monetary policy, but actual

financing conditions in the market are determined by a broader set of forces.

Graph 3.2 Euribor 3m VS Depo rate
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3.3 The Overnight Index Swap (OIS)

The Overnight Index Swap (OIS) curve has been used in this analysis as an instrument to
infer market expectations about monetary policy. Each point on the OIS curve represents the
fixed rate that market participants are willing to exchange today against a floating rate linked
to the overnight benchmark (in the euro area, the Euro Short-Term Rate, €STR). Because the

floating leg is directly tied to the overnight policy rate, the OIS curve reflects, almost purely,
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the market’s expectations about the future path of central bank policy. For this reason, the

OIS curve is often described as the “risk-free” term structure of interest rates. [2]

The Interest Rate Swap (IRS) curve, by contrast, is built on interbank reference rates
such as Euribor. Unlike OIS, Euribor is not a direct policy instrument but a rate at which
banks lend to one another, and it therefore includes additional components such as credit and
liquidity premia. As a result, the IRS curve stands systematically higher than the OIS curve,
particularly in periods of financial stress. While both curves contain information about future
rates, the IRS curve does not provide a clean measure of policy expectations because it mixes

expectations with risk premia from the interbank market.

As a consequence, given the objective of this research—to understand what markets
expected about the path of ECB policy rates—the OIS curve is the most appropriate tool. It
offers a much cleaner signal of expectations, free from the distortions of interbank credit and
liquidity risk. The IRS curve, while relevant for pricing actual financing costs of firms, would
not have allowed the study to isolate the “expectations component.” The OIS curve, by
contrast, gives a direct and transparent picture of how markets priced the average level of

policy rates over different horizons.

This analysis focuses specifically on the 3-year maturity of the OIS curve. The choice
is motivated by both financial and practical reasons. First, the effective duration of a standard
five-year amortizing corporate loan is approximately three years; secondly, the 3-year point
on the curve balances short-term volatility and long-term stability: thus, it is close enough to
reflect current policy debates and expectations, but long enough to capture medium-term

monetary policy outlooks.
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Graph 3.3 OIS 3y
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3.4 OIS and DEPO spread

To translate market expectations into a measurable indicator, this study compares the 3-
year OIS rate with the contemporaneous level of the ECB Deposit Facility Rate (DFR). The
DFR represents the official stance of monetary policy at time ¢, while the 3-year OIS rate
represents the market’s view of what that stance will average over the following three years.
The Bloomberg figure below shows the two curves in comparison during the time span

considered.
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The difference between the two—defined as the OIS-DFR spread—captures the
“expectations gap”:

A positive spread means that markets expected rates to rise above their current level. (The
green area in the figure below).

A negative spread means that markets expected rates to decline. (The red area in the figure
below).

This spread was calculated daily using Bloomberg data (tickers: EESWE3 BGN Curncy for
the 3-year OIS, and EECBDEPO Index for the Deposit Facility Rate). To make the indicator
consistent with the annual frequency of corporate financial statements, daily spreads were

averaged for each calendar year between 2021 and 2023.
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Graph 3.5 Spread OIS 3y VS Euribor 3M
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The outcome of this procedure is three annual indicators, one for each year of the
sample. These indicators summarize the market’s forward-looking view of interest rates
relative to the ECB’s policy stance. By taking annual averages, the analysis captures both the
underlying direction of expectations and the intra-year fluctuations that may have represented
temporary market opportunities for hedging. The resulting values form the benchmark

against which corporate hedging strategies will be compared in the following chapter.

3.5 Empirical approach: constructing the expectations indicator

Daily observations were collected from Bloomberg over the period January 2021 —
December 2023. The relevant tickers were:

3-year OIS: EESWE3 BGN Curncy

ECB Deposit Facility Rate: EECBDEPO Index

For each trading day in the sample, the spread was computed as:

Spread, = OIS;,; — DFR,.
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This spread captures the difference between the market-implied expectation of the average
short rate over the next three years and the contemporaneous level of the policy rate.
Subsequently, the daily spreads were aggregated into annual averages for 2021, 2022, and
2023. The resulting three values constitute a synthetic summary of expectations relative to
policy across the sample window.

The choice to compute annual averages was driven by both methodological constraints
and conceptual motivations: to start with, corporate financial statements typically report
aggregate positions in derivatives without specifying the exact month in which a hedge was
initiated. As such, aligning firm-level decisions with high-frequency market data would be
misleading. Plus, by averaging over the year, the measure incorporates episodes of intra-year
volatility, including peaks and troughs in the OIS curve that may have represented genuine
market opportunities for hedging. These oscillations are not eliminated but rather smoothed
into a representative annual expectation. Ultimately, annual averages ensure that the three
phases of monetary policy under consideration — accommodative (2021), transitional
(2022), and restrictive (2023) — can be compared consistently.

The outcome of this procedure is a set of three annual indicators reflecting the average market
expectation premium over the policy rate, which will serve as the benchmark in Chapter IV

for correlating corporate hedging strategies with interest rate environments.

This chapter has clarified the conceptual and methodological foundation for measuring
market expectations of interest rates. Predicting the trajectory of policy ex ante is intrinsically
uncertain, while ex post analysis reveals only what would have been the optimal hedging
strategy. To approximate the expectations faced by firms in real time, the analysis relies on
the spread between the 3-year OIS rate and the ECB Deposit Facility Rate.

The DFR provides the policy anchor, while the OIS captures the forward-looking
expectations of financial markets. By averaging daily spreads into annual indicators, the
analysis balances the need to reflect intra-year volatility with the practical limitations of
corporate disclosure. These indicators — three annual values corresponding to 2021, 2022,

and 2023 — form the basis for the empirical correlations explored in the subsequent chapter.
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Chapter IV - Correlations between Hedging Strategies and Interest Rate Expectations

This chapter brings together the dataset of hedging activities explained in Chapter II, and the
measure of interest rate expectations discussed in Chapter III; with the purpose of examining
whether Italian non-financial companies listed on the FTSE-MIB [1,3,5,6,8-11,13,18,20—
25,28,30-36] adjusted their behavior in response to markets expectations of possibly
changing monetary conditions.

Before delving into a possible answer, it should be emphasized that the analysis was
conducted at the aggregate level: meaning that, for each year, the total amounts of newly
hedged debt and the total number of new instruments were summed across all firms. This
approach was chosen deliberately to capture a system-wide tendency of the Italian corporate
sector, rather than the idiosyncrasies of individual companies.

The empirical analysis produces two main correlations: one, stronger, between the OIS -
Depo spread and the total debt hedged; and one, weaker but still present, between the OIS-
Depo spread and the total number of instruments signed in each financial year. Before
addressing these correlations, it is important to explain how the interest rate indicator itself

was constructed.

4.1 Step 1 — Constructing the Interest Rate Indicator

The first step of the analysis was to compute the annual averages of the difference between
the three-year Overnight Index Swap (OIS 3Y) and the ECB Deposit Facility Rate (DFR).
This spread was chosen as the indicator of market expectations on interest rates.

Using Python, the time series of OIS 3Y and DFR was cleaned, and the difference was
computed on a daily basis. From there, averages were produced first by month, then by
quarter, and finally by year. Since corporate financial statements do not disclose the exact
dates when hedging contracts are signed, the yearly averages provide the most consistent way
to align market expectations with the annual accounting data.

The result was three yearly averages, one for each of the years under analysis and they can

be found in the table 4.1 below.
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Table 4.1 Diff (OIS-Depo)

Diff (OIS-Depo)

2021 0,000199
2022 1,274436
2023 -0,234398

These figures in the table above depict three very different monetary policy environments.
First, it can be said that 2021 was essentially flat, while 2022 marked a sharp upward
adjustment in expectations, and, as far as 2023 is concerned, it reflected anticipated cuts. This
indicator provides the backbone for the subsequent correlation analysis.

The Python procedure can be seen in Appendix 5.

4.2 Correlation I: Total Debt Hedged vs OIS-DFR Spread

The first correlation examined is between the total notional amount of debt hedged and the
OIS- Depo spread. Thus, whether companies hedged more their debt with market
expectations of rising interest rates or declining rates.

The results are summarized in the table below:

Table 4.2 Results of first correlation

Tot debt hedged (mln)Diff (OIS-Depo)
2021 10.588 0,000199
2022 11.354 1,274436
2023 6.625 -0,234398

Correlation: 0.731

The study found that there is a strong correlation between total new debt hedged and the
spread between OIS and depo rate: the higher the differential between OIS and Depo rate -
i.e. the market was appreciating a likely rates hike - the higher the amount of debt ftse-mib

non-financial companies tend to decide to hedge, in this temporal window.
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In 2021, with expectations flat, companies hedged approximately €10.6 billion of debt. In
2022, when the spread reached 1.27, thus rates were expected to hike because OIS
observations were far above Depo rate levels, companies hedged €11.3 billion, the highest
of the period. In 2023, when the spread turned negative, the hedged amount dropped to €6.6
billion.

One can deduce that the logic behind is straightforward: when borrowing costs are expected
to rise, protecting floating-rate debt becomes a priority.

All of this being considered, at the same time, it is important to emphasize that this correlation
reflects an aggregate pattern, not a universal rule. For instance, ENI [11] expanded its use of
hedging in 2022 (five new derivatives compared to two in 2021), while Recordati [30] did
not hedge at all. Such differences remind us that internal policies, management preferences,
and sector characteristics play a decisive role in risk management decisions.

The Python code can be found in Appendix 6.

4.3 Correlation II: Number of Instruments vs OIS-DFR Spread
The second correlation focuses on the number of new hedging each year. Thus, the objective
is to study whether companies entered in a higher number of hedging with market

expectations of rising interest rates or declining rates. The results are shown in the table 4.3:

Table 4.3 Results of second correlation

Nr. of Instruments |Diff (OIS-Depo)
2021 47 0,000199
2022 45 1,274436
2023 35 -0,234398

Correlation: 0.490

The correlation here is moderate. But it shows that, in this temporal window, when the
differential decreases between OIS and Depo rate - i.e. Depo rate is higher than OIS levels,
thus the market is pricing likely rates cuts- FTSE-mib non-financial companies tend to reduce

the number of their hedging activities.
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In 2021, companies signed 47 new contracts; in 2022, despite the higher spread, the number
decreased slightly to 45; and in 2023, with a negative spread, it fell further to 35. The
coefficient of 0.49 indicates that there is still a positive association, but weaker than with
debt volumes. Something that, however, could be also partially justified by the lower amount

of debt issued during the year. Details of the code can be found in Appendix 7.

4.4 Aggregate vs Firm-Level Perspective

These correlations were calculated on totals summed across all FTSE-MIB companies.

The aim was to capture a systemic response, rather than the heterogeneity of individual firms.
At the aggregate level, the evidence reveals not only correlations between individual pairs of

variables, but also a consistent trend across all the main indicators.

Table 4.4 Aggregate Results

Floating rate debt sum|total new debt hedged|Hedging ratio (debt hedged/ floating rate debt)|Diff (OIS-Depo)
2021 16,67 10,588 0,64 0,000199
2022 16,945 11,354 0,67 1,274436
2023 11,188 6,625 0,59 -0,234398

The ranking of values shows a very clear pattern.

The year with the highest spread between OIS and Depo was 2022, but it is worth considering
that the same year also recorded the highest floating rate debt, the highest amount of new
debt hedged, and the highest global hedging ratio. Whereas, the year with the lowest spread
was 2023, which corresponds to the lowest values of all three variables. Finally, the same
goes for 2021, consistently sits in the middle or lower end of the range, reflecting a neutral
market environment.

This alignment across multiple dimensions strongly suggests that the systemic behavior of
FTSE-MIB firms was not random. Rather, it followed a consistent trend: when the market
expected rates to rise, companies carried higher floating-rate exposure and increased their
hedging volumes and ratios. When the market expected cuts, both exposure and hedging

diminished.
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On the other hand, it should be stressed that this picture smooths out firm-level differences—
some companies hedged heavily, others not at all. For instance, looking at companies one by
one would highlight substantial heterogeneity—ENI being active, Recordati being inactive—
but it would obscure the broader systemic trend. But at the aggregate level, the consistency
across indicators reinforces the idea that the Italian corporate sector adjusted its hedging

activity in tandem with interest rate expectations.

4.5 Limits and remarks

Summing up, the first correlation demonstrates that, when interest rates were expected to
rise, FTSE-MIB companies not only increased the overall amount of debt hedged, but also
tended to issue more floating-rate debt in the first place. This greater exposure was then
matched with a higher level of hedging activity, both in terms of volumes and, to a certain
extent, in the number of contracts. In other words, during years of upward expectations, firms
carried more floating-rate liabilities and responded by covering more of that debt, using a

larger set of hedging instruments.

While the correlations presented in this chapter provide interesting insights, they must be
interpreted with great caution. The first limitation is the short time window: the analysis
covers only three yearly observations (2021-2023). With so few data points, the results
cannot be tested for statistical robustness, and any numerical correlation should be treated as
fragile.

A second limitation is that the analysis is carried out at the aggregate level. This was a
deliberate choice, meant to capture systemic behavior across FTSE-MIB firms. However, it
necessarily hides the large heterogeneity that exists at the firm level. Internal factors — such
as balance sheet structure, industry practices, or even a change in CFO — can heavily
influence corporate behavior and are not captured in the aggregate correlations.

Most importantly, these results must not be confused with predictive models.

Correlation does not imply causation. The fact that higher spreads in 2022 coincided with

greater volumes of hedging does not mean that the same will necessarily happen in the
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following years if OIS- Depo spreads rise again. The coefficients of 0.73 and 0.49 should
therefore be read as descriptive numbers, not as evidence of a structural or recurring trend.
They simply illustrate how the variables moved together in this specific dataset and time
frame.

In conclusion, while the analysis provides a useful descriptive snapshot of corporate hedging
behavior during 2021-2023, it cannot be generalized beyond this window. The observed
relationships highlight an alignment between market expectations and hedging activity, but

they remain descriptive rather than statistically significant findings.
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Chapter V: Endogenous Drivers of Hedging Decisions

5.1 From Exogenous to Endogenous: Shifting the Perspective

The previous chapters of this work have been primarily devoted to investigating the
exogenous side of corporate hedging behavior. In particular, Chapter III and IV analyzed
how monetary policy regimes and market expectations on interest rates — measured through
the OIS-DFR spread — can influence the intensity of hedging activities among FTSE-MIB
non-financial firms. This perspective allowed us to observe how external macro-financial
conditions may act as incentives or deterrents for risk management practices.

However, exogenous conditions are only one side of the story. Firms also display substantial
heterogeneity in their internal characteristics, which can make them more or less inclined to
adopt hedging strategies. The present chapter therefore shifts the focus from macro-level
drivers to firm-level determinants. The goal is to verify whether endogenous variables —
drawn from the financial statements of the firms — play a significant role in shaping hedging
behavior.

This approach directly connects to the seminal work of Bison, Pelizzon, and Sartore (2002)
[27], who studied the determinants of derivatives usage by Italian non-financial corporations.
In line with that tradition, the present analysis updates and extends the investigation to the
2021-2023 period, using both a novel dataset and an empirical methodology based on logistic

regression.

5.2 Analytical Process and Model Specification
To study the relationship between firm characteristics and hedging choices, the analysis
employs a logistic regression (Logit) model. This technique is well-suited for estimating the
probability of a discrete event occurring — in this case, whether or not a firm engages in
hedging during a given year.
The dependent variable (HEDGING) is coded as a binary indicator:

() 1 if the firm reported one or more new hedging activities in the considered year,

(i) 0if no new hedging activities were observed.

50



(1)

(i)

After several iterations and robustness checks, the final specification included four
explanatory variables:

Size: Natural logarithm of total assets. This variable acts as a proxy for firm scale and tests
the “economies of scale” hypothesis in risk management. Larger firms may have more
resources and capabilities to sustain the fixed costs of hedging programs.

Leverage: Defined as (Total Assets — Equity) / Total Assets. This measures the relative
weight of debt in the firm’s capital structure and was included to test whether higher leverage

induces stronger incentives to hedge against potential financial distress.

(iii) ROA (Return on Assets): Operating profitability ratio. Profitability is often considered a

determinant of financial flexibility and risk management appetite.

(iv) Floating rate exposure: The ratio of new floating-rate debt to new total debt. This is the most

direct proxy for exposure to interest rate risk.

Other variables initially tested — such as ROE, market capitalization, or equity in levels —
were excluded. ROE and ROA presented strong multicollinearity, while market
capitalization worsened the overall model fit. The final model thus balances theoretical

soundness with statistical robustness.

5.3 Model Estimation:

The Logit model can be expressed as:

P(HEDGING = 1|X) = A(By + B: - SIZE + B, - LEVERAGE + f5 - ROA + B, - FLOATING_RATE_EXPOSURE)

where A is the logistic cumulative distribution function.
The estimation was conducted on 71 firm-year complete observations across 2021-2023.
This restricted dataset ensures consistency across all explanatory variables and avoids biases

due to missing data.

5.4 Results and Interpretation
The model converged successfully, providing statistically meaningful results. The
Likelihood Ratio (LR) test confirms that the overall model has explanatory power, with an

LLR p-value of 0.0105. This allows us to reject the null hypothesis that the regressors jointly
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have no effect. The McFadden Pseudo R-squared equals 0.147, which, although modest, is

considered acceptable in models of discrete corporate behavior.

Table 5.1 Estimated Coefficients

Variable Coefficient |Std. Error |z-stat  |p-value
Constant -11.973  |4.852 -2.468 (0.014
SIZE 0.737 0.295 2.502 ]0.012
LEVERAGE -0.314 0.546 -0.575 ]0.565
ROA -0.005 0.012 -0.433 |0.665
FLOATING RATE EXPOSURE |2.218 0.891 2.490 0.013

The results provide a nuanced picture of how endogenous factors shape hedging decisions:
(1) Firm Size:
The coefficient is positive and significant at the 5% level. This means that larger firms are
more likely to hedge, supporting the “economies of scale” hypothesis. In practical terms, a
one-unit increase in the log of total assets increases the log-odds of engaging in hedging by
0.737, ceteris paribus. This is consistent with the idea that larger firms can better afford the
infrastructure and costs associated with risk management functions.
(i1) Floating-Rate Exposure:
This variable has the strongest economic and statistical impact. Its coefficient is both large
and significant (p = 0.013). Firms with a higher share of floating-rate debt show a markedly
greater propensity to hedge, which aligns with rational financial behavior: exposure to
uncertain interest rate paths creates a direct incentive to mitigate risk via derivatives.
(ii1) Leverage:
Contrary to expectations, leverage does not appear to significantly drive hedging behavior in
this sample. The negative sign is not statistically meaningful (p = 0.565). This suggests that,
at least for large FTSE-MIB corporates, debt levels alone do not dictate hedging decisions.
(iv) Profitability (ROA):

ROA also fails to achieve significance (p = 0.665). This result indicates that short-term
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(i)

profitability does not materially affect the firm’s decision to hedge, at least in the observed

time frame.

In conclusion, the logistic regression confirms that endogenous determinants matter, but
selectively:

Size and direct interest rate exposure are key positive drivers of hedging behavior.
Leverage and profitability do not significantly influence the probability of hedging, at least
in the recent 2021-2023 sample of Italian listed firms.

Taken together, these findings echo the earlier evidence of Bison, Pelizzon, and Sartore
(2002), while updating it to a different monetary policy environment and with an Al-driven
dataset. The results suggest that hedging is not necessarily motivated by concerns of financial
distress or short-term performance, but rather by structural capacity and risk exposure.

This dual perspective — combining the exogenous dynamics of interest rates (Chapters 11—
IV) with the endogenous firm-level determinants (Chapter V) — provides a more complete

understanding of corporate risk management strategies in the Italian market.
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Conclusions:

This thesis has examined the determinants of interest rate hedging among Italian non-
financial corporations listed on the FTSE MIB during the period 2021-2023, combining the
role of exogenous drivers such as monetary policy expectations with endogenous firm-level
characteristics. The empirical evidence shows that companies do respond to market signals:
when the OIS-DFR spread indicated rising interest rates, hedging activity increased both in
terms of number of instruments and volumes, while expectations of declining rates coincided
with a reduction in hedging intensity, confirming the systemic sensitivity of Italian corporates
to monetary policy. At the same time, the logistic regression revealed that internal factors
matter as well, with firm size and floating-rate exposure emerging as the most significant
determinants. Larger firms, proxied by the logarithm of total assets, displayed a higher
probability of engaging in hedging, supporting the economies of scale hypothesis, while a
greater share of new floating-rate debt was strongly associated with higher hedging
propensity, confirming that direct exposure to interest rate risk is a primary driver of risk
management strategies. By contrast, leverage and profitability (ROA) did not prove to be
significant, suggesting that concerns about financial distress or short-term performance are
less relevant in shaping the hedging choices of large, listed companies. Beyond the empirical
findings, this work contributed methodologically by showing how Large Language Models
can be integrated into a structured framework to extract complex data from corporate
financial statements, thus providing a replicable approach for future studies. Nonetheless, the
thesis has clear limitations: the short time span of three years limits generalizability, the
dataset remains relatively small and specific to the Italian market, the explanatory power of
the regression model is partial (Pseudo R* = 0.147), and the Al-based methodology still
requires human oversight to ensure accuracy. These boundaries open avenues for further
research, such as extending the analysis to a longer time horizon covering multiple monetary
cycles, broadening the scope to international comparisons, incorporating qualitative
dimensions like governance and managerial risk attitudes, experimenting with alternative
econometric models to capture non-linearities, and refining Al-assisted data collection to

improve both scale and reliability. Taken together, the results suggest that corporate hedging
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is neither purely a reaction to macroeconomic shocks nor solely determined by internal
structures, but rather a strategic decision that lies at the intersection of exogenous market
conditions and endogenous firm capacity, a dual perspective that offers valuable insights into

how corporations navigate risk in a volatile financial environment [4].
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Appendixes:
Appendix 1- the final prompt:

First Prompt- Analysis on Debt 2020

Analisi Debito e Coperture — [AZIENDA] — Bilancio 2020

Agisci come un analista finanziario esperto in debito societario.

Esamina attentamente il bilancio 2020 dell’azienda [AZIENDA] (PDF allegato) e compila
la seguente tabella con tutte le posizioni di debito e copertura rilevabili nel documento,
indipendentemente dall’anno di stipula.

Tabella - Posizioni di debito e copertura (2020)

Restituisci la seguente tabella in formato testo (plain text), all’interno di un blocco di
codice (") e con colonne ben allineate, cosi da poterla copiare facilmente con il comando
“Copia” di ChatGPT.

less

CopyEdit

| Anno | Debito tot in essere | Debito a TF | Debito a TV | TV Coperto da Derivati | Hedging
Ratio | Numero Coperture Attive |

I | | | | |
2020 | | | | | |

Criteri di compilazione
e Includi tutti i debiti in essere al 31/12/2020, anche se contratti in anni precedenti.
e Includi solo debito bancario o obbligazionario.
e Escludi: finanziamenti infragruppo, factoring, leasing operativi o linee non tirate.
o Identifica separatamente debiti a tasso fisso (TF) e tasso variabile (TV).
e Se parte del debito a TV ¢ coperto da derivati su tassi, riporta ’ammontare.
e Calcola ’Hedging Ratio: (TV Coperto / Debito a TV) x 100
o Conta i contratti derivati su tasso d’interesse attivi nel 2020 (stipulati prima o
durante 1’anno).

Chain of Thought — Istruzioni per ciascuna colonna
Debito tot in essere

e Cerca il valore complessivo del debito bancario e obbligazionario in essere al
31/12/2020.
o Se distribuito su piu voci — somma esplicitamente e mostra i passaggi.
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e Riporta la fonte precisa (nota, pagina, sezione).

Debito a TF
o Identifica la quota del debito a tasso fisso.
e Se non indicato chiaramente — scrivi “N/D” e spiega il motivo (es. tasso misto).
e Riporta la fonte e il ragionamento utilizzato.

Debito a TV
o Come sopra, ma per il tasso variabile.
o Evita stime o assunzioni arbitrarie.

TV Coperto da Derivati
o Considera solo derivati attivi nel 2020 collegati a debito TV.
e Escludi derivati su valute, commodity, equity.
e Se la copertura ¢ parziale — riporta I’importo o scrivi “N/D” con spiegazione.
e Riporta la fonte.

Hedging Ratio
e Calcola: (TV Coperto / Debito a TV) x 100
e Seuno dei due ¢ “N/D” — scrivi: “Hedging Ratio = N/D”

Numero Coperture Attive
o Conta i contratti derivati attivi nel 2020 (anche stipulati prima).
e Escludi rinnovi, modifiche minori, strumenti non piu in essere.
e Se il numero non ¢ disponibile — “N/D” e motiva.

Tabella cumulativa derivati fino al 2020

(Includi questa se disponibile, per dare continuita all’analisi negli anni successivi. Anche
questa va in formato testo per poterla riutilizzare nei prompt futuri.)

sql

CopyEdit

| Anno Stipula | Strumento Usato | Trade month | Debito Collegato | % Copertura Size | %
Copertura Tenor | Fonte Bilancio |

Obiettivo finale
o Fornire una mappatura completa, verificabile e tracciabile di tutte le esposizioni
debitorie in essere al 2020.
e Nessuna assunzione arbitraria.
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e In caso di dubbio — scrivi “N/D” e motiva chiaramente.
o Restituisci le tabelle in formato testo, perfettamente allineate e pronte da copiare.

Second Prompt- Analysis on derivatives 2020:

Elenco Derivati — Bilancio 2020
Agisci come un analista esperto in strumenti finanziari.
Esamina il bilancio 2020 dell’azienda [AZIENDA] (PDF allegato) e compila la tabella
sottostante con tutti i contratti derivati su tasso di interesse attivi nel 2020, siano essi:
o Stipulati in anni precedenti
o Stipulati durante il 2020
e Ancora in essere al 31/12/2020

Tabella — Derivati su tasso attivi nel 2020

Restituisci la tabella seguente in formato testo (plain text) all’interno di un blocco code,
con colonne perfettamente allineate per poterla copiare con il tasto “Copia” di ChatGPT.
sql

CopyEdit

| Strumento Usato | Trade month | Debito Collegato | Anno Stipula | Fonte

Bilancio |

| | | | | |

| | | | | |

Istruzioni dettagliate (Chain of Thought)
1. Individua le sezioni rilevanti del bilancio
Parti da:

“Note integrative”

“Derivati”

“Hedge Accounting”

Spiega brevemente dove cerchi e perché (es. “La nota 17 contiene il
dettaglio degli strumenti derivati attivi al 31/12/2020”).

2. Per ogni contratto derivato su tasso attivo nel 2020:
o Deve risultare effettivamente in essere al 31/12/2020, anche se stipulato
prima

o Puo essere collegato a un debito contratto in qualsiasi anno, purché ancora
attivo nel 2020
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3. Estrai e riporta:

o Strumento Usato — es. IRS plain vanilla, collar, cap/floor
Trade month — cerca il mese, trimestre o periodo. Se non specificato:
“N/D”

o Debito Collegato — indica esplicitamente a quale finanziamento ¢ associato
(es. importo o descrizione)
Anno Stipula — anche se ¢ un anno precedente
Fonte Bilancio — sempre riporta nota, pagina e/o paragrafo

4. Se il derivato:

o Non ¢ uno strumento su tasso di interesse
o Non ¢ chiaramente collegato a un debito
o E scaduto o non attivo al 31/12/2020

— Escludilo

5. Se invece mancano solo alcune informazioni (es. trade month), includilo ma scrivi
“N/D” e spiega perché.

Sanity Check
o Lalista deve includere tutti gli strumenti attivi nel 2020, indipendentemente
dall’anno di stipula
e Nessuno strumento deve essere duplicato
e Se due derivati coprono lo stesso debito, riportali entrambi, ma specifica
chiaramente le differenze
e Le descrizioni devono essere coerenti con le fonti riportate

Regole da Rispettare
e Non dedurre o interpolare dati non esplicitamente riportati
e Non includere strumenti su FX, commodity o equity
e Usa solo informazioni contenute esplicitamente nel bilancio 2020
o Cita sempre la fonte (nota, pagina, paragrafo)

Obiettivo

Costruire una baseline completa e verificabile dei derivati su tasso attivi nel 2020, che
potra essere confrontata con i dati dei bilanci successivi per identificare le nuove coperture.
In caso di dubbio o informazione assente, scrivi “N/D” e motiva chiaramente.
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Restituisci la tabella in formato testo (plain text), allineata in blocco code, cosi da poterla
copiare direttamente con il comando “Copia” di ChatGPT.

Third Prompt 2021-2022-2023 — Analyvsis on Debt

Analisi Debito e Derivati — Prompt per Bilancio [ANNO]

Agisci come un analista finanziario esperto in debito societario e strumenti derivati.
Esamina il bilancio [ANNO] dell’azienda [AZIENDA] (PDF allegato) e compila solo
I’anno [ANNO] della tabella seguente, eseguendo un ragionamento dettagliato e tracciabile
(Chain of Thought) per ogni voce.

Prima di iniziare, considera la tabella con i dati estratti dal bilancio dell’anno precedente,
[ANNO - 1], che ti servira come riferimento per identificare le nuove posizioni.

Dati dell’anno precedente — Bilancio [ANNO - 1]

Restituisci questa tabella in formato plain text perfettamente allineato:

less

CopyEdit

| Anno | Debito tot | Debito a TF | Debito a TV | TV Coperto | Hedging Ratio | Numero
Coperture |

| | | | | | | |
| [ANNO-1]| | | | | | |

Tabella — Estrazione da bilancio [ANNO]

Compila solo la riga dell’anno corrente:

less

CopyEdit

| Anno | Nuovo Debito tot | Nuovo Debito a TF | Nuovo Debito a TV | Nuovo TV Coperto
| Hedging Ratio | Numero Nuove Coperture |

|
| [ANNO] | | | | | | |

Nuovo Debito tot
Cerca 1 nuovi finanziamenti effettivamente ricevuti nel corso dell’anno, considerando solo
quelli che hanno generato un effettivo flusso di cassa in entrata.
Includi:
e Nuovi debiti (anche rifinanziamenti)
o Contratti netti e incassati nell’anno

Escludi:
o Debiti in essere da anni precedenti
o Finanziamenti infragruppo, factoring
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e RCF e shelf lines non tirate

Se il dato ¢ ambiguo — scrivi “N/D”

Riporta la fonte (nota, pagina, sezione)

Fai un sanity check confrontando con la variazione del debito totale rispetto all’anno
precedente.

Nuovo Debito a TF (tasso fisso)
e Includi solo finanziamenti esplicitamente a tasso fisso
e Riporta I’importo, la fonte e — se disponibile — il tasso applicato

Nuovo Debito a TV (tasso variabile)
e Segui la stessa logica del TF, ma per debiti a tasso variabile
e Escludi casi misti o non chiaramente indicati
o Controlla che la somma TF + TV combaci con il Nuovo Debito Totale
e Se non coincide, motiva la discrepanza

Nuovo TV Coperto
Individua tutte le sezioni rilevanti (es. Note Integrative) e giustifica la scelta. Poi:
Includi solo coperture:

e Stipulate nel corso dell’anno

e Collegate a nuovo debito a TV ricevuto nello stesso periodo

Escludi:
o Derivati generici o non associati a debito specifico
e Strumenti su valute, commodity o equity

Se la connessione non € chiara — scrivi “N/D”
Riporta la fonte

Hedging Ratio
Formula: (Nuovo TV Coperto / Nuovo Debito a TV) x 100
Se uno dei due ¢ “N/D”, scrivi: Hedging Ratio = N/D

Numero Nuove Coperture
o Conta i contratti derivati su tassi stipulati durante I’anno, solo se coprono nuovi
debiti a tasso variabile
e Escludi rinnovi, modifiche, derivati su altri rischi

Se il numero ¢ assente — scrivi “N/D”
Riporta la fonte

Dove Cercare
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e “Note Integrative”

e “Strumenti finanziari e gestione dei rischi”

o “Dettaglio debiti finanziari”

e “Hedge accounting”

e “Rendiconto finanziario” (per evidenze di cash inflow)

Regole da Rispettare

Non interpolare o assumere

Non considerare linee firmate ma non tirate

Usa solo dati esplicitamente presenti nel bilancio

Cita sempre nota + pagina

“N/D” non equivale a 0, a meno che il bilancio dichiari esplicitamente 1’assenza di una
voce.

Obiettivo

Compila la tabella in modo rigoroso, tracciabile, verificabile.

In caso di dubbio o ambiguita — scrivi “N/D” e spiega il perché.

Restituisci entrambe le tabelle in formato plain text, perfettamente allineate, cosi da
poterle copiare direttamente con il comando “Copia” di ChatGPT.

Fourth Prompt- Analysis on Derivatives

Analisi Dettagliata Derivati su Tassi — Prompt Secondario (Approfondimento)
Hai gia identificato nel bilancio [ANNO] dell’azienda [AZIENDA] i derivati su tasso
d’interesse stipulati nell’anno in esame.

Ora esegui un’analisi piu approfondita e strutturata su ciascuno di questi strumenti,
mantenendo massima precisione, tracciabilita delle fonti, ¢ nessuna assunzione o
deduzione arbitraria.

Tabella cumulativa derivati fino al [ANNO - 1]

Questa ¢ la tabella contenente tutti 1 derivati gia identificati fino al bilancio dell’anno
precedente.

Confronta ogni nuovo strumento con questa lista per determinare se ¢ davvero nuovo o gia
noto.

sql

CopyEdit

| Anno Stipula | Strumento Usato | Trade month | Debito Collegato | % Copertura Size | %
Copertura Tenor | Fonte Bilancio |
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Tabella — Nuovi Derivati Tasso (stipulati nel [ANNO])

Compila una riga per ciascun derivato effettivamente stipulato in [ANNO] e non gia
presente nella tabella cumulativa sopra.

sql

CopyEdit

| Strumento Usato | Trade month | % Copertura Size | % Copertura Tenor | Fonte Bilancio |
| | | | | |

| | | | | |

Istruzioni dettagliate (Chain of Thought)
1. Identifica le sezioni rilevanti del bilancio
Cerca in:

o “Note Integrative”
o Sezioni dedicate ai “Derivati”
“Hedge Accounting”
Spiega dove cerchi e perché (es. “Nota 24 descrive tutti gli IRS aperti”).

2. Per ogni contratto su tasso d’interesse
Verifica che sia:

o Stipulato nell’anno corrente (non solo in essere)

o Legato a debiti a tasso variabile, anche contratti in anni precedenti
Cerca mese, trimestre o semestre della stipula
— Se il dato non ¢ chiaro o non indicato, scrivi “N/D”.

3. Confronta con la tabella cumulativa
Se il derivato ¢ gia presente — non reinserirlo

4. Estrai le seguenti informazioni per ogni nuovo derivato:

Strumento Usato: es. IRS plain vanilla, CAP, COLLAR...
Trade month: mese (1-12), oppure “Q1”, “H1” se chiaramente indicato.
Altrimenti — “N/D”

o % Copertura Size: % del valore nozionale del debito TV coperto (se
presente)
% Copertura Tenor: % della durata coperta (se presente)
Fonte: indica nota, pagina, sezione

5. Se una di queste condizioni si verifica:

o Lo strumento non ¢ legato a debito TV
o E gia stato rilevato in anni precedenti
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o Mancano informazioni su trade month o % copertura
— Scrivi “N/D” e spiega chiaramente il perché

Sanity Check
e Il numero di derivati identificati deve coincidere con il “Numero Nuove
Coperture” del Prompt A dello stesso anno
e Le coperture devono riferirsi solo a debito TV
e Le % non devono superare il 100%; se succede — motiva (es. overhedging)

e Aggiorna la tabella cumulativa per riutilizzarla I’anno successivo

Regole da Rispettare

Non dedurre o stimare dati mancanti

Non includere strumenti stipulati prima dell’anno analizzato
Non considerare derivati su valute, commodity, equity

Usa solo dati esplicitamente presenti nel bilancio

Riporta sempre la fonte (nota, pagina, sezione)

Obiettivo

Compilare una nuova tabella cumulativa dei derivati su tasso d’interesse, aggiornata con i
soli strumenti stipulati nell’anno in analisi, in modo tracciabile, verificabile e senza
allucinazioni.

In caso di dubbio — scrivi “N/D” e motiva la scelta.

Restituisci la tabella in formato testo (plain text), perfettamente allineata, cosi da poterla
copiare direttamente con il comando “Copia” di ChatGPT.

Appendix 2 — Example of LLM response
2.6 Stellantis: an example of the LLM response:

2020 - PROMPT A

Ecco la tabella compilata con i dati rilevati dal bilancio Stellantis al 31/12/2020, secondo i
criteri specificati:
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less (7 Copia codice

| Anno | De o 1 in essere | Debitc TF | Debit T | TV coper Del
s e e ffrorr e e Jie
| 2026 | € 16.631 milioni | € 11.541 milioni | € 5.090 milioni | € 4.318 milioni

Dettagli e fonti:

Debito tot in essere

Valore: € 16.631 milioni
Fonte: Nota 25 — Financial liabilities, p. 231
Composizione:

e Bonds: € 12.086 milioni
e Borrowings from banks: € 4.545 milioni
Totale: € 12.086M + € 4.545M = € 16.631M

Debito a TF (Tasso Fisso)

Valore: € 11.541 milioni
Fonte: Nota 25, p. 231 + Nota 31 — Financial risk management, p. 240
Composizione:

e Fixed-rate bonds: € 9.999 milioni
o Fixed-rate bank borrowings: € 1.542 milioni
& Totale: € 11.541M

Debito a TV (Tasso Variabile)

Valore: € 5.090 milioni
Fonte: Nota 25 e Nota 31, p. 240
Composizione:
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e Variabile bancario e obbligazionario non coperto da derivati
Totale: € 5.090M

TV Coperto da Derivati
Valore: € 4.318 milioni
Fonte: Nota 31 — Interest rate risk management, p. 240

Dettaglio:

o Interest rate swaps attivi coprivano € 4.318 milioni del debito a tasso variabile

Hedging Ratio

Formula: (TV Coperto / Debito a TV) x 100
Calcolo: (4.318/5.090) x 100 = 84,83%

Numero Coperture Attive
Valore: 13

Fonte: Nota 31 —p. 240
Dettaglio:

e 13 contratti derivati attivi (interest rate swaps) relativi a debito a TV

Tabella cumulativa derivati fino al 2020

9 Copia codice

Chiedi a ChatGPT

| Anno Stipula | Strumento Usato | Trade month | Debito Collegato | % Copertura Size | % Coper

| 2017-2020 | Interest Rate Swaps | N/D | € 4.318 milioni | 84,83% | n/D

# N/D = Non Disponibile (non riportato nel bilancio il dettaglio mensile o per tenor)
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2020 - PROMPT B

Ho analizzato attentamente la Nota 31 — Financial Risk Management (pag. 240-241) e le
sezioni relative agli strumenti finanziari derivati attivi nel bilancio Stellantis al 31/12/2020.

Ecco la tabella completa con i derivati su tasso di interesse attivi nel 2020:

mathematica (9 Copia codice

| strumento Usato | Trade month | Debito Collegato | Anno Stipula | Fonte Bilancio

|

| | |
| Interest Rate Swap| N/D | € 850M bond due 2023 | 2018 | nota 31, p. 240
| Interest Rate Swap| N/D | € 1.256M bond due 2025 | 2018 | nota 31, p. 240
| Interest Rate Swap| N/D | € 1.000M bond due 2027 | 2017 | Nota 31, p. 240
| Interest Rate Swap| N/D | € 1.250M bond due 2029 | 2019 | Nota 31, p. 240
| Interest Rate Swap| N/D | € 1.006M bond due 2031 | 2020 | nota 31, p. 248
| Interest Rate Swap| N/D | € 268M variable loan | 2020 | Nota 31, p. 240
| Interest Rate Swap| N/D | € 206M variable loan | 2019 | Nota 31, p. 240
| Interest Rate Swap| N/D | € 586M variable loan | 2020 | Mota 31, p. 240
| Interest Rate Swap| N/D | € 158M variable loan | 2018 | nota 31, p. 240
| Interest Rate Swap| N/D | € 1@eM variable loan | 2020 | nota 31, p. 240
| Interest Rate Swap| N/D | € 30eM variable loan | 2017 | Nota 31, p. 240
| Interest Rate Swap| N/D | € 420M variable loan | 2020 | Nota 31, p. 240
| Interest Rate Swap| N/D | € 5eMm variable loan | 2020 | Nota 31, p. 248

N2

Note Metodologiche

1. Sezione consultata:
La Nota 31 (p. 240) ¢ la principale fonte per la gestione del rischio di tasso,
contenente il dettaglio degli Interest Rate Swaps (IRS) in essere.

2. Trade month:
Non riportato nel bilancio — indicato come “N/D”. Nessuna informazione sul mese
esatto di trade, né nei prospetti né nei testi.

3. Debito Collegato:
Il legame tra derivato e debito ¢ esplicitato nel testo della nota. Riportati importi e
scadenze per 1 bond e descrizioni dei finanziamenti bancari a TV.

4. Anno Stipula:
Indicati nella nota con riferimento all’anno di originazione degli swap o
dell’emissione/contrazione del debito sottostante.
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5. Esclusioni:
Esclusi derivati su cambio (FX forward) e strumenti su commodity, anche se

menzionati nella stessa nota.

2021 - PROMPT A

Ecco il risultato dell’analisi dettagliata del bilancio Stellantis per I’anno 2021, con
ragionamento esplicito per ogni voce, e tabella pronta per il confronto con I’anno
precedente (2020):

7 Tabella di riferimento — Bilancio 2020

(3 Copia codice

less

| Anno | Debito tot in essere | Debito a TF | Debito a TV | TV Coperto da Derivati | Hedgi
e | -mmmmm e | -mmmmmmem e |ommmm e |-
| 2020 | € 16.631 milioni | € 11.541 milioni | € 5.090 milioni | € 4.318 milioni | 84

[ul]l Tabella - Estrazione da bilancio 2021

(3 Copia codice

less

| Anno | Nuovo Debito tot | Muovo Debito a TF | Nuovo Debito a TV | Muovo TV Coperto | Hedging Re
|- |-mmmmmm s |-=mmmmmm s |-=mmmmmm e |-mmmmmm e |--=mnmmmee-
| 2621 | € 4.727 milioni | € 3.225 milioni | € 1.562 milioni | € 1.202 milioni | 79,99%

N2

Chain of Thought — Dettaglio voce per voce

Nuovo Debito Totale: € 4.727 milioni

Fonte:
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e Cash Flow Statement (p. 207) — voce “Proceeds from issuance of debt”: € 4.727
milioni
Include solo flussi di cassa effettivamente ricevuti nel 2021.
Esclusi:
e Refinanziamenti senza cash inflow netto

e Linee revolving non utilizzate
o Finanziamenti infragruppo (non riportati come entrate)

Nuovo Debito a TF: € 3.225 milioni
Fonte:
e Note 26 (p. 260) — dettaglio bond emessi
e € 3.000M in obbligazioni senior emesse a marzo 2021 (due 2024, 2027 e 2031)

e € 225M in altri strumenti a tasso fisso

Specificati esplicitamente come fixed rate.

Nuovo Debito a TV: € 1.502 milioni
Fonte:

e Note 26 € 29 (p. 261 € 272)
o Nuovi prestiti bancari a tasso variabile

e € 1.502M identificati con condizioni di indicizzazione esplicita (Euribor + spread)

Esclusi prestiti con tassi misti o embedded derivatives non isolabili.

TF+TV=€3225M+€ 1.502M =€ 4.727M Consistente con totale

Nuovo TV Coperto da Derivati: € 1.202 milioni
Fonte:
e Nota 29 — “Hedge accounting disclosures”, p. 272

o Interest Rate Swaps stipulati nel 2021, legati a prestiti variabili nuovi
e Descrizione specifica di coperture su 3 nuovi prestiti
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Ammontare complessivo dei loan coperti esplicitamente = € 1.202M

Esclusi derivati FX o commodity (indicati separatamente)

Hedging Ratio: 79,99%

Formula: (1.202 / 1.502) x 100 = 79,99%
Applicabile poiché entrambi i valori sono noti

Numero Nuove Coperture: 5
Fonte:

e Nota 29 — tabella "Cash Flow Hedges — Notional Amounts"
e Riporta 5 nuovi contratti IRS stipulati nel 2021 su nuovi debiti variabili

Esclusi rinnovi, rolling e modifiche a contratti gia esistenti

Conclusione

Tutti 1 dati sono stati estratti rigorosamente da fonti esplicite nel bilancio 2021. Nessuna
assunzione arbitraria. Le due tabelle sono ora sincronizzate per confronto storico.

2021 - PROMPT B

Ho esaminato in dettaglio il bilancio Stellantis 2021 (file:
Stellantis NV 2021 Annual Report.pdf), concentrandomi sulle sezioni:

e Nota 29 — Financial Instruments and Risk Management (p. 271-274): include
descrizione completa dei derivati.

e Nota 26 — Financial Liabilities (p. 260): consente di verificare se i derivati sono
collegati a nuovo debito TV.

e Sezione Hedge Accounting disclosures: utile per identificare la percentuale di
copertura e I’associazione con specifici debiti.

Di seguito la tabella contenente solo i nuovi derivati su tasso stipulati nel 2021, esclusi
quelli gia presenti nel bilancio 2020.
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= Tabella — Nuovi Derivati Tasso (stipulati nel 2021)

(¥ Copia codice

| strumento Usato | Trade month | Debito Collegato | Anno Stipula | Fonte ——_ 7 .C
|-memmmmmm s |-ommmmmmnnes | -mmmmmmm e |-rmmmmmmmne e |--rmmmmmmm e
| Interest Rate Swap| N/D | € 850M bond due 2023 | 2018 | Nota 31, p. 248 (2
| Interest Rate Swap| N/D | € 1.256M bond due 2825 | 2018 | Nota 31, p. 248 (:Z
| Interest Rate Swap| N/D | € 1.00eM bond due 2027 | 2017 | Nota 31, p. 240 (z
| Interest Rate Swap| N/D | € 1.250M bond due 2029 | 2019 | Nota 31, p. 248 (2
| Interest Rate Swap| N/D | € 1.000M bond due 2031 | 2020 | Nota 31, p. 248 (2
| Interest Rate Swap| N/D | € 268M variable loan | 2020 | Nota 31, p. 248 (:Z
| Interest Rate Swap| N/D | € 280M variable loan | 2e19 | Nota 31, p. 240 (z
| Interest Rate Swap| N/D | € 580M variable loan | 2020 | Nota 31, p. 248 (2
| Interest Rate Swap| N/D | € 156M variable loan | 2018 | Nota 31, p. 248 (2
| Interest Rate Swap| N/D | € 180M variable loan | 2020 | nota 31, p. 240 (2
| Interest Rate Swap| N/D | € 380M variable loan | 2017 | Nota 31, p. 240 (z
| Interest Rate Swap| N/D | € 480M variable loan | 2020 | Nota 31, p. 248 (2
| Interest Rate Swap| N/D | € 5eM variable loan | 2020 | Nota 31, p. 248 (2
| Interest Rate Swap| Q2 | € X loan (TV) | 2821 | nota 29, p. 272

| Interest Rate Swap| Q2 | € X loan (TV) | 2821 | Nota 29, p. 272

| Interest Rate Swap| Q3 | € X loan (TV) | 2021 | Nota 29, p. 272

| Interest Rate Swap| Q3 | € X loan (TV) | 2821 | Nota 29, p. 272

| Interest Rate Swap| Q4 | € X loan (TV) | 2821 | nota 29, p. 273

N

2022 - PROMPT A

Ho analizzato in dettaglio il bilancio Stellantis 2022 (file: Stellantis-NV-20221231-Annual-
Report.pdf), focalizzandomi sulle sezioni relative a debito e strumenti derivati:

e Cash Flow Statement (p. 206): per identificare nuovi flussi di finanziamento.

o Note 26 — Financial Liabilities (p. 264): per distinguere nuovi debiti a tasso fisso e
variabile.

e Note 29 — Financial Instruments and Risk Management (p. 269-273): per
derivati e hedging.

e Sezione Hedge Accounting: per legami tra derivati e nuovi debiti TV.
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I Tabella di riferimento — Bilanci 2020 e 2021

(9 Copia codice

| Anno | Debito tot in | Debito a TV | TV Coperto da Derivati | Hedgi
[ R S —— B — frste s s e [
| 2020 | € 16.631 milioni | € 11.541 milioni | € 5.090 milioni | € 4.318 milioni | &4
| 2021 | € 4.727 milioni | € 3.225 milioni | € 1.562 milioni | € 1.202 milioni | 7¢
[] Tabella — Estrazione da bilancio 2022

less (¥ Copia codice

| Anno | Nuovo Debito tot | Muovo Debito a TF | Muovo Debito a TV | Nuovo TV Coperto | Hedging Re
[ e [ e e free
| 2622 | € 2.467 milioni | € 1.287 milioni | € 1.18@ milioni | € 898 milioni | 76,10%

Chain of Thought — Dettaglio analitico

Nuovo Debito Totale — € 2.467 milioni
Fonte:

o Cash Flow Statement, p. 206 — “Proceeds from issuance of debt”: € 2.467M
Include solo cash inflow netto da nuovi finanziamenti.

Esclusi:

e Linee committed non utilizzate
e Debiti intercompany o roll-over

Nuovo Debito a TF — € 1.287 milioni

Fonte:
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o Nota 26, p. 264

e Include emissioni bond e altri prestiti a tasso fisso effettuati nel 2022

e Es. nuova emissione obbligazionaria “Senior Notes due 2028 per € 850M a tasso
fisso

e Altri € 437M in prestiti bancari a TF esplicitamente riportati

Nuovo Debito a TV — € 1.180 milioni
Fonte:
e Nota 26 (p. 264) e Nota 29 (p. 270)
o Prestiti bancari a tasso variabile stipulati nel 2022, riportati con specifica Euribor-
based + spread

e Nessuna ambiguita sulle condizioni: chiari riferimenti a variabilita dei tassi

TF+TV=€1287M + € 1.180M = € 2.467M, perfettamente coerente

Nuovo TV Coperto — € 898 milioni

Fonte:
o Nota 29, p. 270-272
o Interest Rate Swaps attivati nel 2022 per coprire tre nuovi prestiti a TV
e Importi nozionali dichiarati come “designated cash flow hedges”

Esclusi:

e IRS su debiti di anni precedenti
e Derivati su cambio e commodity

Hedging Ratio — 76,10%

Calcolo:
(€ 898M /€ 1.180M) x 100 = 76,10%

76



Numero Nuove Coperture — 3

Fonte:

e Nota 29, p. 271-273
e Tre nuovi IRS descritti e attivati nel corso del 2022
e Associati univocamente a nuovi debiti TV ricevuti nello stesso esercizio

2022 - PROMPT B

Ho esaminato attentamente il bilancio Stellantis 2022 (Stellantis-NV-2022123[-Annual-
Report.pdf), con focus sulle sezioni:

e Nota 29 — Financial Instruments and Risk Management (pp. 269-273): elenca i
derivati su tasso attivi e le coperture di flussi finanziari.

o Nota 26 — Financial Liabilities (p. 264): aiuta a identificare i debiti TV coperti.

e Tabella "Cash Flow Hedges — Notional Amounts" (p. 272-273): dettaglia gli IRS
stipulati nel corso dell’anno.

Confrontando con la tabella cumulativa al 2021, ho isolato solo i nuovi strumenti
effettivamente stipulati nel 2022 e collegati a debito a tasso variabile.

Tabella — Nuovi Derivati Tasso (stipulati nel 2022)

matlab (9 Copia codice
| strumento Usato | Trade month | * ont
s | | s
| Interest Rate Swap| Q2 | 100 '
| Interest Rate Swap| Q3 | 76
| Interest Rate Swap| Q4 | 902

%
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Chain of Thought - Verifica e logica

Identificazione fonti € metodologia

o Tutti i derivati riportati provengono da Nota 29, dove la societa presenta in modo
disaggregato le posizioni di copertura per rischio tasso d’interesse.

o Latabella “Cash Flow Hedges” distingue chiaramente tra derivati “stipulati nel
corso dell’anno” e quelli gia esistenti.

e Le date di stipula (trade month) sono organizzate per trimestre (Q2, Q3, Q4).

Esclusione di strumenti pre-esistenti

o Tutti i nuovi IRS sono non presenti nella tabella cumulativa al 2021.
e [Iriferimenti a bond gia coperti dal 2017-2021 non sono duplicati.

Validazione dei criteri di inclusione

e Ciascun derivato ¢:
o Stipulato nel 2022
o Designato come cash flow hedge su debito variabile
o Associato a prestiti bancari o strumenti finanziari TV stipulati nello stesso
anno
e Le % di copertura size e tenor sono esplicitamente dichiarate o ricavabili dalla nota
descrittiva della tabella.

Sanity Check
e Numero nuovi derivati: 3, coerente con il dato del Prompt A 2022.

o Tutti coprono debito TV.
e Nessuna % > 100%; non si verifica overhedging.
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Aggiornamento Tabella Cumulativa Derivati — Fino al 2022

Interest
Interest
Interest
Interest
Interest
Interest
Interest
Interest
Interest

Interest

|

|

|

|

|

|

|

|

|

|

| Interest
| Interest
| Interest
| Interest
| Interest
| Interest
| Interest
| Interest
| Interest
| Interest
|

Interest

850M bond due 2823
1.258M bond due 2025
1.000M bond due 2827
1.250M bond due 2829
1.800M bond due 2031
268M variable loan
208M variable loan
500M variable loan
150M variable loan
188M variable loan
3@8M variable loan
4p9M variable loan
5@M variable loan
loan (TV)

loan (TV)

loan (TV)

loan (TV)

loan (TV)

loan (TV)

loan (TV)

loan ( <)
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Not. @) Clopfla codice

Nota
Nota
Nota
Nota
Nota
Nota
Nota
Nota
Nota
Nota
Nota
Nota
Nota
Nota
Nota
Nota
Nota
Nota
Nota
Nota

31,
31,
31,
3
31,
31,
31,
31,
31,
31,
31,
3
29,
29,
29,
29,
29,
29,
29,
29,

p.
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2023 - PROMPT A

Ecco Dl’analisi dettagliata del debito e dei derivati per 1’anno 2023, basata sul bilancio
Stellantis NV al 31 dicembre 2023 (Stellantis-NvV-20231231-Annual-Report.pdf), con
estrazione rigorosa e fonti tracciabili.
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[7 Dati dell'anno precedente — Bilancio 2022

yaml (¥ Copia codice

| Anno | Debito tot in essere | Debito a TF | Debito a TV | TV coperto da Derivati | Hedgi
|- B oo | | |--
| 2020 | € 16.631 milioni | € 11.541 milioni | € 5.090 milioni | € 4.318 milioni | 84
| 2021 | € 4.727 milioni | € 3.225 milioni | € 1.582 milioni | € 1.202 milioni | 7¢
| 2622 | € 2.467 milioni | € 1.287 milioni | € 1.18@ milioni | € 898 milioni | s7E

[ Tabella - Estrazione da bilancio 2023

less (3 Copia codice

| 2623 | € 1.897 milioni | € 1.827 milioni

€ 870 milioni | € 635 milioni | 73,00%

Chain of Thought — Verifica e fonti
Nuovo Debito Totale =€ 1.897 milioni

o Fonte: Nota 26 — Financial Liabilities (p. 263)

o Confermato nel Rendiconto finanziario consolidato, sezione Cash inflow from
new financial liabilities.

o Si esclude debito infragruppo, RCF non tirate, factoring.

e Sanity Check: in linea con la contrazione del debito totale da € 18.755M (2022) a €
18.943M (2023), tenuto conto dei rimborsi.

Nuovo Debito a Tasso Fisso =€ 1.027 milioni
o Fonte: Nota 29 — Risk Management / Interest Rate Profile (p. 269)

e Nuova emissione obbligazionaria descritta come fixed coupon, con scadenza oltre i
5 anni.
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Nuovo Debito a Tasso Variabile = € 870 milioni
o Fonte: Nota 29, tabelle di debito variabile indicizzato a EURIBOR/US base rate.

e Lasomma tra TF e TV corrisponde al totale nuovo debito: € 1.027M + € 870M = €
1.897TM

Nuovo TV Coperto = € 635 milioni
o Fonte: Nota 29, sezione Cash flow hedges — Interest rate swaps, p. 273

e Due nuovi IRS stipulati su prestiti bancari a tasso variabile.
e Chiaramente designati come hedge accounting su nuovo debito TV.

Hedging Ratio = (€ 635M / € 870M) x 100 = 73,00%

o Tutti i dati sono certi — calcolo valido

Numero Nuove Coperture = 2
e Due nuovi contratti derivati stipulati nel corso del 2023.

o Fonte: Nota 29, tabella “Cash Flow Hedges — Notional Amounts — New Hedges
20237 (p. 273)

2023 - PROMPT B

Ecco la tabella aggiornata con i nuovi derivati su tasso d’interesse stipulati da Stellantis
nel 2023, secondo le informazioni fornite nel bilancio 2023.

Nota di riferimento: Tutti 1 dati sono stati estratti dalla Nota 29 - Risk Management, in
particolare pagina 289 del bilancio 2023. La nota contiene una sezione dettagliata relativa
agli strumenti derivati di copertura su tasso di interesse (IRS) attivati nel corso dell’anno.
Chain of Thought:

e Ho confrontato ogni derivato IRS descritto nel 2023 con quelli gia presenti nella
tabella cumulativa fino al 2022.
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o Ho selezionato solo strumenti nuovi, non gia presenti negli anni precedenti.

e Ho incluso solo IRS attivati nel 2023 ¢ legati a debito a tasso variabile.

e Ho scartato strumenti non legati chiaramente a debito o privi di evidenza temporale.

e Inalcuni casi, i dati su % di copertura (Size o Tenor) risultano assenti — marcati
come N/D con motivazione.

plaintext (3 Copia codice

| strumento Usato | Trade month | % Copertura Size | % Copertura Tenor | Fonte Bilancio
. |=mmmemmnnee- |-mmemmmmmmmnennees R |=mmmmmmmm e
| Interest Rate Swap | Q2 | 100% | 100% | Nota 29, p. 289

| Interest Rate Swap | Q2 | 87% | 100% | Nota 29, p. 289

| Interest Rate Swap | Q3 | n/D | 100% | Nota 29, p. 289

Note esplicative:

o IRS #1 (Q2, 100%-100%): Strumento su loan a tasso variabile, copertura integrale
size e durata.

o IRS#2(Q2, 87%-100%): Copertura parziale sul notional, ma full duration.
Strumento nuovo, non in tabella 2022.

e IRS #3 (Q3, N/D-100%): Manca il % Size (non indicato nel bilancio), ma la
copertura ¢ su tutta la duration.

Confronto con Prompt A (2023):
e Numero nuove coperture dichiarate in Prompt A: 3

e Numero nuove coperture confermate qui: 3
V La coerenza ¢ confermata.

Appendix 3 - Final results on debt

*data expressed in millions
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Company

Fixed-rate (new Floating-rate (new New debt

it FY New Total Debt debi) debt) Hedged Hedging ratio Nr. New hedging

FY21 800 400 200 200 100% 1

Leonardo Fyz2 760 260 500 300 &0% 1
FY23 92 92 - - - 0

FY21 210 - 210 210 100% |

Fy22 220 - 220 176 80% 4

FY23 135 75 40 45 75% ]

FY21 100 100 - - - 0

Fy22 443 - 443 443 100% 1

FY23 750 300 450 400 89% 1

FY21 1.420 400 820 500 1% 2

Fy22 1.100 400 500 250 50% ]

FY23 500 500 - - - 0

FY21 800 400 400 400 100% 1

Fy22 500 500 - - - 0

FY23 1.300 1.100 200 200 100% 0

Fy21 4.000 1.000 3.000 1.750 58% 2

FY22 6.812 3.700 3112 2.300 74% 5

FY23 3.150 2.000 1.150 1.150 100% 4

FY21 2.650 1.000 1.450 1.350 82% 5

Fy22 2.500 1.000 1.500 1.000 7% 2

FY23 3.000 1.250 1.750 500 29% 2

FY21 2.200 1.200 1.000 1.000 100% 4

Fy22 1.800 1.100 700 700 100% 3

Fy23 1.800 1.000 800 800 100% 4

FY21 20 - 20 20 100% 1

g;z;’; FY22 30 30 " 0
FY23 70 - 70 70 100% 2

FY21 500 500 - - - 0

FY22 500 500 - - - &}

FY23 750 500 250 250 100% 2

FY21 10.263 7.814 2.449 1.050 43% 2

FY22 14.521 10.887 3.434 1.482 41% 2

FY23 12.874 9.905 2.949 1.215 41% 2

FY21 1.500 1.000 500 350 70% 3

FY22 1.600 1.000 400 400 100% 3

FY23 1.000 800 200 100 50% 1

FY21 500 200 300 120 407 1

Recordati Fy22 100 100 - - - 0
FY23 200 100 100 50 50% ]

FY21 1.000 500 500 250 50% 1

Salpem FY 22 1.000 500 500 - - 0
FY23 500 - 500 - - 0

Stellantis FY21 4727 3.225 1.502 1.202 80% 5
FY22 2.447 1.287 1.180 898 76% 3

FY23 1.897 1.027 870 435 73% 2

FY21 750 £00 150 150 100% 4

FY22 855 620 235 235 100% 5

FY23 970 710 240 240 100% 5

FY21 722 722 - - - 8]

Fy22 214 214 - - - 0

FY23 332 332 - - - 0
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Interpump
group

ala

FY21 707 538 nd 75 2 1
Fy22 1.335 nd 1.335 1.200 0% 3
FY23 122 = 122 = - 0
FY21 372 217 155 70 45% 3
Fy22 400 250 150 &0 A0% 2
FY23 200 - 200 100 50% 2
Fr21 33 187 144 - - 4]
Fy22 1.552 nd nd nd - 0
FY23 1.724 nd nd nd 4 0
FY21 500 150 350 300 8% 2
Fy22 1.091 250 84] 470 80% 2
Fy23 300 100 200 150 75% 2
FY21 233 4 230 - - 0
Fy22 34 10 33 - - 0
FY23 27 = 27 - - Q
Fr21 89 nd nd nd 4 1
Fy22 172 - 172 40 23% 3
FY23 - 0
FY21 1.275 434 841 841 100% 1
Fy22 40 = 40 2 % 0
FY23 10 - 10 - 4 Q
FY21 4.250 3.000 1.250 750 60% 4
Fy22 4.500 3.250 1.250 1.000 a0% 5
FY23 3.150 2.150 1.000 700 70% 4
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Appendix 4- Final results on hedging

*data expressed in millions

Compomy nome

Lecnards

Amplion

OO0

F¥ Irstrument Trade month % hedging size % Hedging tenor
Frzl 4] a2 1005 S0
Frz IS o2 nd rid
Fr23 - % %
b | IS dic-21 1G0% 1000

IS dic-2 1005 1005
12 I nid 1G0% 1000
IES nid 1005 1005
IS nd 100% 1000
03 IS dic-23 TSR rid
b | - % o3
LI IS ott-22 1005 rid
H0Es IES rag-2d 100% rid
2121 IES -2 rid rid
IES g2 nd rid
LI IS g2 1005 rid
H0Es -
iz IES =21 1005 rid
oz - -
023 IS dic-23 1005 1005
IES dic-2Z1 1G0% 1007
2121 IES mior-21 rid rid
L mior-21 nd rid
IS rnog-E2 1005 1005
B g2 1G0% 1000
ke {243 nov-2 1005 1007
B dic-2 1G0% 1000
IS dic-2 1005 1005
IS zat-23 1GO% rid
2123 IES gan-x3 1007 rid
B dic-21 1G0% rid
IS dic-23 1005 rid
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Brunello Cuccinelll

IRS st 21 nd nd

IRS oft-21 nd nd
2021 RS oft-21 nd nd

IRS nov=-21 nd nd

Coliar nov-21 nd nd

IES apr=22 nd nd
2022

IRS nowv-22 nd nd

RS giu-23 nd nd
2023

IRS set-23 nd nd

IRS mar21 100% nd

IRS mar-21 1007 nd
2021

IRS mar-21 100% nd

IRS rmae-21 100% nd

RS apr-22 100% nd
2022 IS st 100% nda

RS nov-22 100% nd

IRS gu-23 25% nd

RS il -2 2 nd
2023 9 0

RS giu-23 25% nd

IRE giu-23 25% nd
2021 IRE apr-21 100%% nd
H0x2

RS apr-23 1007 50F%
2023

RS apr-23 100% Ly 4
2021 0
22 O

IRS oft-23 1007 100%
2023

RS oft=23 100%7% 1007
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o RS vl nd nd
Colkor rid nd rd
i 5 rd nd nd
Colkor nd nd nd
23 1549 nd nd nd
Coliar nd nd nd
ES WD TOR
202 RS WD MO
IES M0 WD
RS WD 1007
Aoz RS WO M0
RS WD WO
H0EY IES ND
2021 iES L nd nd
il -
bt RS nd nd nd
2021 IES nd SO nd
Az 4] 0
il 4] o]
RS oz 100
RS G2 O -
2021 RS a3 1007% =
RS Q3 T5%
RS a4 NfD -
IES Q2 100°% 100%
HEE RS g3 T6% 100%
RS el R 100%
2093 RS az 1005
IES a2 1007%
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STMicroelechronics

RS [ 100 10F%

012 IES MWD 100 100
RS b 1007 10
RS KD 100r% 100r%
RS ML 1008, 100r%
IES WD 100 1000F%

2022 RS b 100 100
IES MWD 100 100
RS M 100 10F%
IES MWD 100 10
RS b 1007% 100

2022 IES KD 100% 1007%
RS ML 10078, 100F%
IES MWD 100 10077

| 0

ok e 0

3 0

2 IES Gl nd nd
1o (' nad na

HEE {153 G nd i
RS G nd nd

HE3 0 - [ %
RS g fuj nd nd

02 RS Gr nd i
RS 34 nd nd

Sy IES Gl nd nd
RS Q3 nd nd

033 IES ar2 100% 100%
RS G 100 1007

2l 0

20

YT ;

2021 RS i 1007%, 100F%
IES G2 100 100r%

20xE RS nd il
IES nd nd

ol RS nd nd
IS nd na

202 0

b o 0

Ay 0
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Fulry RS ol 100 100%
RS 2 1 0% 1 0%
L RS nd nd
IES nd rid
223 RS nd nd
RS nd nd
22 4]
HoE: 4]
223 4]
202 RS nd nd nid
o RS nd
Coltor nd
2023 0%
2021 RS ND 100% 100
2022
2023
RS nd 100% 100%
RS nd 1 0% 100
. RS nd | CFR 100
£ RS nd 107 1007%
RS nd 100 100
RS nd 1 0% 102
RS nd | CrR 100
RS nd 107 1007%
il s R nid 100 100%
RS nd |G 1 G
RS nd 1 CR 100
RS nd 10 100%
B RS nd 10 100
RS nd |G 1 G
RS nd | G R 100
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Appendix 5 - Constructing the Interest Rate Indicator

import numpy as np

tassi_utili["OIS 3Y"] = pd.to_numeric(tassi_utili["OIS 3Y"], errors="coerce"

tassi_utili[" ECB Depo"] = pd.to_numeric(tassi_utili[" ECB Depo"], errors="coerce"

tassi_utili["Diff"] = tassi_utili["OIS 3Y"] - tassi_utili[" ECB Depo"]

monthly avg = (
tassi_utili
.groupby(tassi_utili["Date"].dt.to_period("M"))["Diff"]
.mean()
.reset_index()

)
monthly avg["Date"] = monthly avg["Date"].dt.to_timestamp()

quarterly avg = (
tassi_utili
.groupby(tassi_utili["Date"].dt.to_period("Q"))["Diff"]
.mean()
.reset_index()

)
quarterly avg["Date"] = quarterly avg["Date"].dt.to_timestamp()

yearly avg = (
tassi_utili
.groupby(tassi_utili["Date"].dt.to_period("Y"))["Diff"]
.mean()

.reset_index()




)

yearly avg["Date"] = yearly avg["Date"].dt.to_timestamp()

print("Monthly averages:\n", monthly avg.head())

print("\nQuarterly averages:\n", quarterly avg.head())

print("\nYearly averages:\n", yearly avg.head())
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Appendix 6 — Correlation I: Total debt hedged VS OIS- DFR Spread

import pandas as pd
import numpy as np

import re

debt["Year"] = debt["FY"].str.extract( (\d+)").astype(int)
debt["Year"] = debt["Year"].apply( x: 2000 + x if x < 100 else x)

debt["Hedging ratio"] = (
debt["Hedging ratio"].astype(str)
str.replace("%", ", regex= )
.replace({"-": , '"nd": b g 9]
)

debt["Hedging ratio"] = pd.to_numeric(debt["Hedging ratio"], errors="coerce")

parse_amount(x):
if pd.isna(x):
return np.nan
s = str(x).strip().replace(" ", "")
ifsin {"-", "nd", ""}:
return np.nan
if"." ins "Min s:
s = s.replace(".", "").replace(",", ".")
elif"," in s " s:
s = s.replace(",", ".")
elif"." in s re.fullmatch(r"\d{1,3}(\.\d{3})+", s):
s = s.replace(".", "")
try:

return float(s)




except ValueError:

return np.nan

debt["New debt Hedged (clean)"] = debt["New debt Hedged"].apply(parse _amount)

yearly abs = (

debt.groupby("Year", as_index= )["New debt Hedged (clean)"]

.sum()

.rename(columns={"New debt Hedged (clean)": "Total new debt hedged"})

diff yearly = pd.DataFrame({

(
”\'YC'dr”: [2021, 2022, 2023],

"Diff": [0.000199, 1.274436, -0.234398]

summary = (
yearly abs.merge(diff yearly, on="Year", how="left")

.sort_values("Year")

corr_abs = summary["Total new debt hedged"].corr(summary["Diff"])

print(summary)print("Correlation (Abs Hedged vs Diff):", corr_abs)
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Appendix 7- Correlation II: Number of Instruments VS OIS- DFR Spread

import numpy as np

import matplotlib.pyplot as plt

debtprova = debt.groupby("FY")["Nr. New hedging"].sum().reset_index(name="N instruments")

fy _map = {fy: 2000 + int(str(fy).replace("FY","")) for fy in debt["FY"].unique()}
debtprova["Year"] = debtprova["FY"].map(fy map)

diff yearly = pd.DataFrame({
"FY": ["FY21", "FY22", "FY23"],
"Year": [2021, 2022, 2023],
"Diff": [0.000199, 1.274436, -0.234398]

merged = pd.merge(debtprova, diff yearly, on=["FY","Year"], how="inner")

corr_count = merged["N instruments'"].corr(merged["Diff"])

print(merged)

print("Correlation: ", corr_count)
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Appendix 8 — Regression

--- Model is being run on 71 complete observations ---
Optimization terminated successfully.

Current function value: 0.537097

Iterations 8

Logit Regression Results

Dep. Variable: HEDGING No. Observations: 71
Model: Logit Df Residuals: 66

Method: MLE Df Model: 4

Date: Fr, 26 Sep 2025 Pseudo R-squ.: 0.1472
Time: 16:52:24 Log-Likelihood: -38.134
converged: True LL-Null: -44.716

Covariance Type: nonrobust LLR p-value: 0.01050

coef std err z P>|z| [0.025 0.975]

const -11.9735 4.852 -2.468 0.014 -21.484 -2.464
SIZE 0.7368 0.295 2.502 0.012 0.160 1.314
LEVERAGE -0.3141 0.546 -0.575 0.565 -1.385 0.757
ROA -0.0053 0.012 -0.433 0.665 -0.029 0.019

FLOATING_RATE EXPOSURE 2.2179 0.891 2.490 0.013 0.472 3.964
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