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Abstract: This paper examined the cyclical patterns of mergers and acquisitions (M&A)
in the global water sector from 1982 to 2024, with a focus on both linear and nonlinear
dynamics in M&A waves. Through a univariate analysis using ARFIMA models, we found
that the data exhibited stationary behavior, meaning that in response to an exogenous
shock, the series is likely to revert to its original trend over time. Additionally, the non-
parametric Brock, Dechert, and Scheinkman (BDS) test revealed the complex and irregular
nature of M&A cycles within the sector. To account for this complexity, we applied the
Markov-switching dynamic regression (MS-DR) model, which shows that once the industry
enters a high-activity regime, it tends to persist in this state for extended periods. This
suggests that external shocks or trends—such as regulatory reforms or global water scarcity
concerns—are key drivers that trigger and sustain waves of M&A activity in the sector.

Keywords: M&A; completed; water sector; global; ARFIMA (p,d,q) model; BDS test;
Markov-switching dynamic regression (MS-DR) model
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1. Introduction

The occurrence of numerous activity peaks over more than a century is well-
documented by various sources and datasets on mergers and acquisitions (M&As). Accord-
ing to [1,2], most acquisitions in the past century have occurred in seven distinct waves.
Thirty years ago, Ref. [3] empirically observed that the minimum company size required
to compete effectively across industrial categories has been steadily increasing over the
last twenty years. This finding suggests that business growth and success depend on the
capacity to expand. Companies can expand in two primary ways: through external growth,
via M&As, or through internal investments and resource development.

Mergers and acquisitions are transactions between two independent companies that
either (1) merge to form a new company by exchanging shares (merger), or (2) involve
one company acquiring shares in another and becoming a legal shareholder, taking over
the target’s business (acquisition). Although M&A activity is continuous, it tends to occur
in irregular, cyclical waves rather than in predictable periodic cycles [4,5]. This cyclical
nature is significant due to the profound effects M&A waves have on market structure,
competition, and overall industry dynamics.

Refs. [1,2] argue that most M&A waves over the past century have been shaped by
a unique set of characteristics, such as geographic focus (US, Europe, Asia), financing
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mechanisms (cash, equity, or mixed), transaction types (hostile vs. friendly), and primary
strategies (diversifying or horizontal). Despite these variations, each wave shares common
features regarding its initiation and conclusion.

M&A waves are typically driven by a combination of external and internal factors
that simultaneously influence firms within a sector. Economic cycles, technological ad-
vancements, regulatory shifts, and evolving competitive landscapes all contribute to the
formation of these waves, making them a critical area of study for understanding corporate
strategy and market behavior [6-13].

At a time of increasing global population, rapid urbanization, and escalating climate
challenges, the water industry stands at a crossroads, presenting enormous opportunities
and difficult challenges. In the 21st century, water is becoming a resource of the same
strategic importance that oil held in the previous century. The water sector plays a critical
role, providing essential services that are increasingly valuable both financially and for
public health. With growing recognition of its importance, the sector now faces the world’s
most urgent issue: potential “water bankruptcy” [14].

The United Nations’ Sustainable Development Goals (SDGs), established in 2015, un-
derscore the necessity of ensuring access to clean water and sanitation for human survival.
Yet, the water sector faces mounting challenges, including pollution, aging infrastructure,
and water scarcity. As communities, businesses, and governments confront these obstacles,
a transformative environment is emerging, offering innovative opportunities for sustainable
water management.

Water companies are crucial in this dynamic landscape where technical innovation,
commercial viability, and environmental stewardship converge. They must tackle urgent
issues while simultaneously capitalizing on new opportunities for growth and resilience.
The water and wastewater industry thus is expected to experience growth and market
consolidation in the coming years. However, according to a 2024 Baird analysis (Baird’s
perspective on the global water sector. Global water sector update. First quarter, 2024),
the underlying water supply remains relatively stagnant, pressured by inadequate devel-
opment and maintenance of water infrastructure globally. By 2030, freshwater supply
is expected to fall short of global demand by 40%, which highlights the importance of
investing in desalination, water reuse systems, and policies aimed at preventing water
pollution and misuse.

Globally, the water sector often operates in monopolistic conditions, reducing in-
centives for performance improvement [15]. The industry faces several challenges, in-
cluding asymmetric information [16], externalities [17], and the need for public service
provision [18]. Without appropriate regulation, these factors may worsen environmental
degradation, shift consumer demands, and impose financial pressures on public water
operators [18,19]. Balancing the interests of shareholders and water users is critical to en-
sure proper water pricing and service quality [20]. The combination of regulatory reforms
and diverse regulatory mechanisms aims to provide incentives for industry performance
improvement [21].

Despite widespread agreement on the importance of effective operational management
in the water industry, no country has yet provided a model of best practices, nor are
there comprehensive guidelines for achieving these goals [22]. Encouraging competitive
advantages through high levels of innovation and public—private collaboration could
enhance the sector’s economic performance [23]. Various scholars have reviewed the
sector’s productivity and efficiency, examining diverse factors such as ownership models
and market structures [24-26].

In the context of mergers and acquisitions, a transaction is considered successful
when the acquiring company identifies qualified individuals or assets that complement
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its existing capabilities, enabling the production of new or superior products compared to
competitors [27,28]. Ref. [25] analyzed market structures in the water sector and found that
smaller utilities and multi-service companies are more likely to benefit from economies of
scale and scope. Privately owned water companies are also more likely to exhibit market
arrangements that promote these advantages.

Given that mergers and acquisitions follow a wave-like pattern, it is critical to under-
stand the evolution of the water sector and its responses to external shocks, competitive
pressures, and environmental imperatives.

Some academic papers, such as [29], provide a succinct summary of the M&A literature,
while focusing on variations in corporate acquisition activity over many merger waves.
They first outline the historical context of the emergence and collapse of M&A waves
before reviewing the academic research to assess the benefits or losses suffered by firms
attempting to benefit from these waves.

However, under the assumption of the water industry and the dynamic nature of
these surges, characterized by both linear and nonlinear behavior, advanced econometric
tools are required to properly analyze them.

Despite its importance, little research has focused specifically on the water sector’s
M&A waves, especially from a methodological perspective that combines both linear
and nonlinear analyses. The application of these advanced methods allows for a deeper
exploration of the complex and often irregular cycles that define M&A activity, particularly
in a highly regulated and monopolistic industry like water, where traditional market
dynamics may not fully apply.

This paper aims to fill that gap by applying sophisticated econometric methodologies
to analyze the M&A waves in the global water sector, capturing both the linear and
nonlinear patterns in M&A activity. We seek to provide new insights into how the sector
evolves over time, responds to external shocks, and restructures to meet future challenges.

To investigate the linear and nonlinear dynamics of mergers and acquisitions (M&A)
in the water sector, we employed advanced econometric methodologies previously utilized
in studies such as [30,31].

Prior research, including [32-35], and others, has extensively analyzed M&A waves
in various industries through fractional integration methods. However, this research
contributes to the literature by addressing the unique characteristics of the water sector.

This study pursued three primary objectives. First, it sought to characterize and
understand the temporal behavior of M&A waves in the global water industry, emphasizing
the structural and dynamic aspects of these phenomena. Second, by employing the non-
parametric Brock, Dechert, and Scheinkman (BDS) test, the research investigated the
presence of nonlinear dependencies, underscoring the complexity and irregularity inherent
in M&A cycles. Third, the implementation of a Markov-switching dynamic regression
model facilitated the analysis of regime changes and structural breaks, providing a robust
framework to assess how the sector responds to external shocks and evolves across different
states of the economy.

The structure of this paper is as follows. Section 2 describes the data used for our
study. Section 3 explains the methodologies used to carry out the research. The results are
discussed in Section 4. Finally, the conclusions are found in Section 5.

2. Data

The dataset employed in this research consisted of completed mergers and acquisitions
(M&A) in the global water industry, covering the period from September 1982 to June 2024 (see
Figure 1). The data were sourced from the Thomson Reuters Eikon database, a comprehensive
financial database that provides detailed information on corporate transactions worldwide.
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Figure 1. Completed mergers and acquisitions (M&A) in the global water industry.

For this analysis, we utilized the daily number of completed M&A deals in the water
sector to construct an aggregate monthly time series. By aggregating the data on a monthly
basis, we aimed to capture the broader trends and waves of M&A activity in the water industry.

3. Methodology
3.1. Unit Roots

There are various approaches available for testing unit roots. In this study, we utilized
the Augmented Dickey—Fuller (ADF) test proposed by [36]. Alternative methods, such
as the procedure developed by [37], which relies on a non-parametric estimation of the
spectral density of u; at the zero frequency, can also be applied to improve the power of unit
root tests. Furthermore, this analysis incorporates techniques introduced by [38] and [39].
These approaches, especially when considering deterministic trends, generally produce
comparable outcomes.

3.2. ARFIMA (p, 4, g) Model

Building on the work of scholars such as [40—42], it is now well-recognized that
standard unit root tests exhibit very low power when the underlying data-generating
process is fractionally integrated or characterized by long memory. To account for this,
fractional differentiation orders are considered in the analysis.

Consequently, this study employed the ARFIMA (p, d, q) model, described by the
following equation:

1-L)Yxy=u, t=1,2,... 1)

In formulation, u; is assumed to follow an I(0) process, meaning it is a covariance
stationary process with a constant mean and variance, as well as a spectral density that
is strictly positive at frequency zero. L is the lag operator (Lx; = x;_1), d represents a
fractional differentiation parameter, and x; is a time series integrated of order d (x; ~ I(d)).

The selection of appropriate AR and MA orders for the model was guided by the
Bayesian Information Criterion ([43]) and Akaike Information Criterion ([44]). For both
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the full time series and its subsamples, the parameter d was estimated across all viable
combinations of AR and MA terms (p; g < 2), with 95% confidence intervals applied to
validate the estimates.

3.3. Markov-Switching Dynamic Regression (MS-DR) Model

Our approach is based on the single-index Markov-switching dynamic factor model,
which combines co-movements and business-cycle shifts into a statistical model and was
first developed in the mid-1990s by [45-47]. According to the model, a vector of N economic
indicators, ¢ = (y1,t,--., yn,+)', which are assumed to fluctuate in tandem with the state
of the economy generally, can be broken down into the total of two parts. The common
comovements are explained by the first component, fi = (f1,..., fr+)’, which is a linear
combination of r unseen factors.

The N x 1 time series vector u;, which depicts the peculiar movements in the series, is
the second element. This implies the following formulation:

yr = ANfr +uy, (2)

where u; is the vector of idiosyncratic components and A is the N x r factor loading matrix.

We explain the business cycle asymmetries by supposing that an unobserved regime-
switching state variable, s;, controls the dynamic behavior of the common factors. The
expansion and recession states at time t can be denoted by the labels s; = 0 amd s; = 1,
respectively, in this paradigm. Furthermore, the conventional wisdom holds the state
variable changes in accordance with an irreducible two-state Markov chain, the transition
probabilities of which are determined by

p(st=jlsi1 =10, 80 2=h,..., L1 1) = p(st = jlss—1 = i) = pjj ®3)

where i, j = 0, 1, and {y;,..., y:} represents the information set up to period t. It is
assumed that the common factor vector is subject to an autoregressive process with a
switching intercept

fe=ts T Pr1fir+ -+ Ppfip tar, (4)

where g, is an independent variable of s; white noise with variance X;. The basic idea that the
comovements of the various time series originate from the common component is expressed
by the primary identifying assumption in the model. By presuming that u; and f; are mutually
uncorrelated at all leads and lags, this is accomplished (this theoretical section does not address
additional identifying restrictions that are needed to estimate the model).

The idiosyncratic error u; = (u14,...,un;) is assumed to have an autoregressive
process of order p; for each element u; ;.

Uip = Pialhip1 + -+ PipUipp, + €t

where a white noise process with variance o2 5, is represented by {€;; }. The idiosyncratic

component’s dynamics are expressed in matrix form as
up =pyup+ -+ opuppter

where ¥; = diag(lj)lrj,. .. ,rij), P =max(py,...,pn), and var(e;) = diag (Ulz,su' .., 012\],5,>
(finding the common factors in small-scale factor models requires assuming that the id-
iosyncratic components are uncorrelated in cross-section ([48]); it is assumed that the
idiosyncratic mistakes in large-scale models (N — o0) have a weak correlation).
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This model is particularly suitable for capturing nonlinearities and structural shifts
in time series data, as it allows the parameters governing both the common factors and
idiosyncratic components to change according to latent regimes. The Markov-switching
structure enables the model to distinguish between different economic phases, such as
expansion and contraction, making it highly appropriate for analyzing M&A activity that
may respond asymmetrically to macroeconomic cycles. Moreover, by incorporating a
dynamic factor approach, the model effectively isolates common trends from firm-specific
or sector-specific shocks, thus providing a more refined understanding of the underlying
economic forces.

4. Empirical Results

The unit root/stationarity test is the first study we performed in this research article to
examine the global water industry, covering the period from September 1982 to June 2024.
We used the Kwiatkowski-Phillips—Schmidt-Shin (KPSS) test, the Phillips Perron (PP) test,
and the Augmented Dickey-Fuller (ADF) test to analyze the data and determine if the
time series are non-stationary I(1) or stationary I(0). This is crucial for data analysis since it
makes it possible to interpret the model parameters more consistently. The results can be
distorted by a trend or seasonal volatility, which can lead to incorrect inferences about the
underlying relationships in the data.

Table 1 presents the results derived from the unit root tests. The outcomes reveal
that the time series did not exhibit a clear I(0) stationary or I(1) non-stationary behavior.
While the ADF and PP tests suggest that the series was stationary, the KPSS test indicates
otherwise, showing a stochastic rather than deterministic trend. This implies that the
deviations from the mean in the completed Mé&As were not corrected automatically over
time. Instead, each future value depended on the previous one plus an error term, leading
to the accumulation of past errors. To address this issue, we reanalyzed the series using
first differences, resulting in an I(0) behavior. This outcome aligns with expectations, as
the aforementioned methods only account for integer differentiation degrees, such as 0 for
stationary series and 1 for non-stationary series. Consequently, in subsequent analysis, we
introduced greater flexibility by allowing fractional differentiation, as implemented in the
ARFIMA approach.

Table 1. Unit root tests.

ADF PP KPSS
@) (ii) (iii) (ii) (iii) (ii) (iii)
M&A —4.1819 * -7.0747*  -12.0455*  -11.3027*  -18.1259 * 6.6216 0.305

(i) Refers to the model with no deterministic components; (ii) with an intercept, and (iii) with a linear time trend.
* Denotes a statistic significant at the 5% level.

Given the lower power of unit root tests under fractional alternatives, we further
applied fractionally integrated techniques, employing ARFIMA (p, d, q) models to explore
persistence in mergers and acquisitions within the water sector.

The Akaike Information Criterion (AIC; [44]) and Bayesian Information Criterion
(BIC; [43]) are used to determine the optimal AR and MA orders for the models. However,
caution is warranted, as these criteria may not always be the most reliable for fractional
models [49,50].

The ARFIMA (p, d, q) models offer several advantages over traditional unit root
tests: (1) they accommodate fractional values of dd, providing greater modeling flexibility;
(2) they capture long-term dependencies; and (3) they offer a comprehensive framework
for time series modeling and forecasting.
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Table 2 provides the estimates of the fractional differencing parameter dd and the AR
and MA terms, calculated using [51] maximum likelihood estimator for various ARFIMA
(p, d, q) specifications, considering all combinations of p,q < 2 for each time series.

Table 2. Long memory results using the original time series.

Data Sample Size Model

Analyzed (days) Selected d Std. Error Interval 1(d)
M&A 502 /?(I){ 1;11\3;% 0.33 0.025 [0.29, 0.38] I(d)

We observe from Table 2 that the estimates of what we obtained by focusing on
the original time series of mergers and acquisitions in the water sector was lower than
0.5 (d = 0.33). According to this result, we can determine that since the result of parameter
d was 0.33, the series had a stationary behavior and supported a mean reversion behavior
that implied transitory shocks. That is, in the face of an exogenous shock, the series will
return to its original trend in the future.

Once we fitted the best ARFIMA time series model exhibited in Table 2, we performed
the Brock, Dechert, and Scheinkman (BDS) nonparametric test using the residual values of
the fitted ARFIMA model in order to hypothesize about the independence and identical
distribution of the data.

The hypotheses used to determine the linearity or nonlinearity of the data are as follows:

HO. The information is uniformly and independently dispersed (I.1.D.).
H1. The time series is non-linearly dependent as the data are not L.1.D.
Table 3 displays the estimates of the BDS test for the fitted model, ARFIMA (0, d, 0).

Table 3. Test of the time independence of the water sector.

e/SD m=2 m =3 m=4
0.5 8.7987 ** 13.4112 ** 20.9921 **
1 5.8778 ** 7.8282 ** 9.7256 **
1.5 3.7262 ** 4.7061 ** 5.4933 **
2 2.5557 * 3.3353 ** 3.6368 **

(*), (**) indicate the significancy at 95% and 99% confidence levels, respectively.

As can be seen from Table 3, three different embedding dimensions (it represents the
dimension of the space in which the trajectories of the time series are evaluated) and four
different epsilon values (used to determine whether points in the embedded space are close
to each other) were used in the BDS test procedure to obtain the BDS statistics (that show
how far away the series is from being i.i.d.).

All test values were statistically significant at the 95% confidence level. Therefore, we
rejected the null hypothesis in favor of the alternative. This fact suggests the existence of
nonlinear structures in the data.

Next, we performed a logarithmic transformation of the original data in order to
liberalize the data and we used the ARFIMA models again to obtain the new results for our
long memory analysis.

Table 4 displays the estimates of the fractional differencing parameter d and the AR
and MA terms for the transformed time series in logs.
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Table 4. Long memory results using the time series in logs.
Data Sample Size Model
Analyzed (days) Selected d Std. Error Interval I(d)
M&A 502 A(;{FdII\/ZI)A 0.49 0.015 [0.47,0.51] I(d)

Table 4 presents the new results with the original data transformed into logarithms. The
results are quite similar to the previous ones, where the value of the parameter d suggests the
existence of long memory and mean reversion behavior in the face of exogenous shocks.

To determine whether the log-transformed data and the new ARFIMA model chosen
for the AIC and BIC criteria achieved linearity, we recalculated the BDS test. The results are
shown in Table 5.

Table 5. Test of the time independence of the water sector with the differenced series.

e/SD m=2 m =3 m=4
0.5 11.8454 ** 17.7383 ** 31.1495 **
1 5.3374 ** 7.3855 ** 8.9111 **
1.5 3.7596 ** 4.7191 ** 5.4392 **
2 3.8403 * 4.5324 ** 4.3651 **

(*), (**) indicate the significancy at 95% and 99% confidence levels, respectively.

According to the results presented in Table 5, with the differenced time series, again
we found evidence of nonlinearity effects. That is, the probability was less than 5% at the
significance level, implying a rejection of the null hypothesis that the stock returns series is
linearly dependent.

Due to the results, we presented previously and in order to capture nonlinear behaviors
associated with abrupt changes in a time series, we followed the methodology presented
by [52], a Markov Switching (MS) model.

Table 6 shows the estimates of the Markov-switched dynamic regression model using
the maximum likelihood method.

The adjusted model refers to the MS (2), which means that the model assumes two
possible regimes: i = 0 (intense M&A activity) or i = 1 (“normal” M&A activity). In
section 1 of Table 6, we present the descriptive statistics for residuals. In the normality test,
the value obtained was significant at 5% and 1%, respectively. This result indicates that
the data did not follow a normal distribution. On the other hand, according to the ARCH
1-1 test, it was observed that the variance of the errors was constant over time and that its
behavior did not depend on past observations.

For the Ljung—Box or Portmanteau test (36), the null hypothesis was again rejected
in favor of the alternative. This means that there was autocorrelation (the series was not
random) in at least 1 of the first 36 lags.

Finally, the LR-test for linearity indicates that the result was again significant and
suggests that a nonlinear model provides a better representation of the data.

In Section 2 of Table 6, we present the results from the Markov-switching model that
we estimated. It is noted that each of the regime-specific values and intercepts obtained
from the time series (constant for each regime) served as an indicator to determine the
average growth rate of M&As in the water sector for a specific regime. The results indicate
two markedly distinct regimes. As we can see in states of high M&A intensity, we obtained
a result of 7.46; while for a state of normal M&A activity, it was 1.61, and there was a
deviation with respect to these estimates (sigma) of 2.86.
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Table 6. Estimation of the MS (2) dynamic regression model.

(1) Descriptive Statistics for Scaled Residuals

Normality test: x> = 0.0042307 (0.0000)**
ARCH 1-1 test F(1,495) = 2.4388 (0.1190)
Portmanteau (36) x%(36) = 250.63 (0.000)"*
Linearity LR-test X2(3) = 323.14 (0.0000)** aprox. upperbound: (0.000)**
(2) Estimation Results from MS (2) for the Water Sector
Coefficient Std. Error t-value t-prob
Constant (0) 7.45877 0.1847 404 0.000
Constant (1) 1.61010 0.1964 8.20 0.000
Sigma 2.86019 0.09141
(3) Regime Classification based on Smoothed Probabilities
Start date End date Months  Avg. Prob. Total
Regime 0 1 April 1999 1 January 2001 22 0.949 264 months (52.59%) with average
8 1September 2003 1 October 2023 242 0.991 duration of 132 months
1 September 1982 1 March 1999 199 0.997 238 hs (47 41%) with
Regime 1 1 February 2001 1 August 2003 31 0.952 months ( o 3) uith average
1 November 2023 1 June 2024 8 0.937 uration of 79.35 months
(4) Transition Probabilities (Persistence of the Regime)
Regime 0,¢ Regime 1,¢
Regime 0, + 1 0.99190 0.0089485
Regime1,f+1 0.0081041 0.99105

Note: (**) significant at 1% of significance.

In Section 3 of the Table 6, we placed the focus on the durations of each regime for the
time series we were analyzing. To explain this section, we wanted to make it more visual
in order to make it understandable. For this reason, we decided to represent the results
obtained in this section in Figure 2.

The upper panel presents the smoothed probabilities for the market in regime 0, and
the lower panel presents the smoothed probabilities for the market in regime 1. From the
estimated probabilities, the M&A in the water sector remained under the intense activity
regime for two periods, totaling 264 months. In the regime of normal activity, the sector
carried out mergers and acquisitions in three different periods, totaling 238 months.

Finally, we focused on the degree of persistence. Importantly, persistence seems to be
an important characteristic of M&A, as shown by different studies for the US and the UK
under different approaches (see [5,53,54]). In Section 4 of Table 6, we determined regime
persistence (stability). In other words, if the economy is under a given regime, there is a
probability of remaining in that regime. According to our results, regarding the transaction
and persistence matrix of the regimes, it turns out that regime 0 was more persistent, i.e., the
probability of remaining in this regime in a subsequent period was approximately 99.19%,
and that of moving to regime 2 was of the order of 0.81%. In regime 2, the probability of
continuing this regime in period t + 1 was 99.105%, while the probability of switching to
regime 1 was 0.89%.
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Figure 2. Graphical representation of the regimes.

5. Concluding Remarks

This study provides an in-depth analysis of the cyclical patterns of mergers and
acquisitions (M&A) in the global water sector, spanning the period from 1982 to 2024. By
employing advanced econometric models, including ARFIMA and the Markov-switching
dynamic regression (MS-DR) model, we were able to capture both the linear and nonlinear
dynamics present in M&A activity. The findings offer valuable insights into the behavior of
M&A waves, the persistence of activity regimes, and the role of external shocks in shaping
the sector’s consolidation patterns.

Our results demonstrate that the water industry’s M&A activity exhibits stationary
behavior, meaning that, in the face of exogenous shocks, the time series tends to revert to
its original trend. This characteristic suggests a degree of resilience in the sector, where
short-term disruptions are absorbed, allowing the market to return to its long-term tra-
jectory. However, the application of the BDS test highlighted the presence of nonlinear
dependencies, pointing to the complex and irregular nature of M&A cycles in the sector.
This nonlinearity emphasizes the importance of accounting for sudden shifts and structural
changes when analyzing M&A behavior.

The MS-DR model further revealed that once the water industry enters a high-activity
M&A regime, it tends to remain in this state for prolonged periods. This persistence
suggests that external factors, such as regulatory changes, technological advancements,
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or global water scarcity, are key drivers in sustaining M&A waves. Such factors create
opportunities for consolidation and restructuring, as companies seek to strengthen their
positions in a highly competitive and resource-constrained environment.

These findings have important implications for both policymakers and industry stake-
holders. The stationary yet cyclical nature of M&A activity indicates that strategic interven-
tions, whether regulatory or market-driven, can have long-lasting effects on the industry’s
structure. Policymakers should carefully consider the timing and scope of regulatory
reforms, as these could either amplify or mitigate waves of consolidation. For corporate
strategists, understanding the persistence of high-activity regimes can inform decisions
on market entry, mergers, and acquisitions, helping firms navigate periods of intense
competition more effectively.
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