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Abstract

This paper investigates the heterogeneous outcomes of market timing decisions using a causal machine
learning approach, offering more flexibility than traditional methods. Leveraging the diverse transac-
tion profiles of the catastrophe bond market, we show that issuance timing materially affects primary
market spreads, with earlier-issued catastrophe bonds priced more favorably. Capital availability in the
reinsurance market and issuance size drive this variability, among other factors. Our findings highlight
the importance of accounting for heterogeneity in market timing effects, providing new insights into
how strategic timing decisions influence pricing dynamics, with broad implications for asset pricing,
investment strategies, and risk management.
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Introduction

Market timing effects can vary, raising the question of whether traditional econometric ap-
proaches adequately capture this variability. There are severa]ﬂ angles from which market timing
can be interpreted, as evidenced by the extensive body of literature exploring its role across vari-
ous financial contexts—from specific investment vehicles like mutual funds, hedge funds, venture
capital and private equity to broader corporate finance decisions and market dynamics. Some ex-
amples of research in this direction, include but they are not limited to Evans et al.| (2024), |Busse
et al.| (2023), |Glasserman et al.| (2023)), Cao et al.| (2022)), Dixon and Kelley| (2022)), Lewis and Tan
(2016)), Bolton et al. (2013), Ball et al. (2011), Chen and Liang| (2007), Jiang et al.| (2007), Bollen
and Busse (2001), Fung and Hsieh| (2001)), Goetzmann et al.| (2000), Ferson and Schadt (1996),
Fung and Hsieh (1997).

However, a common assumption in much of the literature employing traditional econometric

approaches, such as linear regression, is that the effects of market timing are homogeneouﬂ un-

'For instance, in corporate finance, it often refers to the practice of issuing securities, such as equity or debt, based
on expectations of market trends to achieve favourable financial outcomes (Gao and Lou, [2013)).illustrating that In
contrast, in investment contexts, market timing typically pertains to the ability to predict market movements and adjust
trading strategies accordingly, which applies only to secondary market activities and is unrelated to security issuance.
This research adopts the corporate finance perspective of market timing, although the core idea could be extended to
explore other stances of market timing, such as those in investment strategy.

2To clarify, this notion of homogeneity aligns with the concept of causal effects, or treatment effects, which refer to
the impact of a binary variable (the treatment) on an outcome variable of interest (the control variable). The treatment
effect is estimated to determine how the treatment influences the outcome. When the magnitude and direction of
the treatment effect are consistent across all units, regardless of other characteristics or subgroup differences, this is
referred to as a homogeneous treatment effect model. On the contrary, a heterogeneous treatment effect model allows
for varying effects across units or subgroups in a population and may provide a more accurate understanding of the
impact, see Holland| (1986).



less the sample groups or observational units for which these effects are examined are explicitly
divided into distinct categories in advance to empirically capture some of the heterogeneity in the
market timing impact. While such an approach can provide valuable insights into variations in
effects, there are potential limitations. For instance, observed differences may be influenced by
factors beyond the group characteristics, such as related variables. Additionally, this approach de-
pends on the subjective choice of defining groups or interactions, which may limit the discovery of
unexpected forms of variability. To address these challenges, semi-parametric and non-parametric
methods, such as nearest-neighbour matching (Crump et al., 2008), kernel methods (Lee, |2009)),
Bayesian regression trees (Hill, [2011), and the causal forest (Athey et al., [2019), can be used to
provide greater flexibility in estimating heterogeneous treatment effects. Causal forest, in partic-
ular, has demonstrated potential in finance and economics, with Gulen et al.| (2024) employing
the method to improve inferences on debt covenant defaults through heterogeneous estimates and
Davis and Heller| (2017) utilising it to identify subgroup differences in responses to employment
policy interventions.

Given the advantages of estimating heterogeneous market timing effects using flexible methods
like causal forest, markets with diverse transaction profiles provide an ideal setting for such analy-
sis. The insurance-linked securities (ILS) market, which is tied to insured loss events, attracts large
institutional investors such as pension funds, sovereign wealth funds, multi-asset investment firms,
endowments, and some family offices. Within this market, catastrophe bonds— a prominent type

of ILS— allow investors to indirectly participate in providing insurance coverage for catastrophic



events like natural disasters. Catastrophe bonds, issued by insurers, reinsurers, or governments,
transfer a portion of the risk from catastrophic events to investors in exchange for periodic coupon
payments, with the risk of losing some or all of the principal if predefined triggering events, such
as hurricanes or earthquakes, occur. Though still relatively small compared to global bond and eq-
uity markets, the catastrophe bond market has seen notable growth (Swiss Rel 2024)) reflecting its
increasing role in risk diversification and its alignment with the rising demand for environmentally
and socially responsible investments. However, the market remains opaque, with many transac-
tions occurring over-the-counter. The complexity introduced by customised deal terms, varying
risk profiles, and diverse pricing structures (Barrieu et al., |2025]) creates a unique opportunity to
explore heterogeneous market timing effects.

This study contributes to the broader market timing literature, where traditional models of-
ten assume homogeneous effects, limiting their ability to account for variability in market timing
decisions. By leveraging the flexibility of the causal forest method, we identify these heteroge-
neous effects more effectively than standard econometric approaches. Additionally, our appli-
cation—analysing market timing effects in the catastrophe bond market—is novel, as this area
remains relatively sparse in both general finance market timing research and catastrophe bond-
specific literatureﬂ In this context, studying issuance timing effects on primary catastrophe bond
spreads is crucial, as it directly impacts issuers’ risk transfer costs and investors’ return potential

and risk assessment.

3For a broader discussion on market timing, see the first paragraph of this section. A more detailed review of
catastrophe bond-related literature can be found in [Barrieu et al.|(2025).



In this research, we examine how catastrophe bond issuance timing affects primary market
spreads and what drives heterogeneity in these effects. Using the causal forest method, we first
establish that traditional models, which assume uniform effects, are inadequate in this setting. We
then identify and rank the key factors shaping heterogeneity in issuance timing effects, assess-
ing how they are influenced by capital availability in the reinsurance and ILS markets, as well as
broader market conditions. To support our analysis, we construct a comprehensive dataset, inte-
grating catastrophe bond pricing, structural characteristics, and market sentiment indicators with
financial variables from the reinsurance, ILS, and broader capital markets.

Our findings highlight the importance of capturing heterogeneity in market timing effects, re-
vealing how strategic issuance timing influences catastrophe bond pricing dynamics. We show
that bonds issued earlier in the year tend to have lower spreads, with this effect varying based on
capital availability in the reinsurance and ILS markets and issuance size. Traditional economet-
ric models assume uniform market timing effects, limiting their ability to detect these variations.
By applying a flexible, data-driven approach, we uncover nuanced issuance timing patterns that
standard methods overlook, demonstrating that issuance decisions are shaped by complex, market-
dependent factors rather than following a fixed effect. These insights are critical for both issuers
and investors. Issuers can time issuance strategically to lower risk transfer costs, while investors
gain a deeper understanding of pricing dynamics and market conditions, improving risk assess-
ment and capital allocation. By demonstrating the heterogeneous nature of market timing effects,

our study advances the understanding of market timing in asset pricing and underscores the neces-



sity of flexible estimation techniques. This framework extends beyond catastrophe bonds, offering
insights into other financial markets where issuance timing plays a crucial role in price formation.

The remainder of this paper is organised as follows. Section |[.| outlines the methodology.
Section |II| presents the empirical analysis and results, covering an overview of the data, testing
the homogeneity assumption in market timing, and applying the causal forest method to examine
heterogeneous market timing in the context of catastrophe bond issuance, followed by a discussion

of the findings. Finally, Section [[II.| concludes the paper.

I. Methodology

In this section, we outline the causal forest methodology, detailing its core principles, definition,
and an associated measure used to identify variables driving heterogeneity in treatment effects
(Section . We also describe the causal forest traininﬂ process (Section and explain how
a trained causal forest is used to estimate heterogeneous treatment effects (Section [[][C)) from an

applied perspective. The mathematical aspects of causal forest can be found in|Athey et al.|(2019).

4Training a machine learning model refers to the process of using a dataset, known as the training dataset, to adjust
the model’s parameters or structure to improve predictions. The model learns patterns from the data, enabling accurate
predictions on new, unseen data.



A. Causal Forest

Causal forest builds upon the random forest algorithm (Breiman, |2001), which is an ensemble
of decision treesE] that are randomised to improve prediction accuracy and generalisation for re-
gression and classification taskﬂ Causal forest adapts this approach by integrating methods from
causal inference to estimate heterogeneous treatment effects, particularly the impact of a treatment
or intervention on an outcome variable. Unlike random forest, which focus on minimising predic-
tion error, causal forest aims to maximise the heterogeneity of treatment effects across different
subgroups in a population. This difference affects how tree splits are made: in random forest,
splits are chosen based on their ability to reduce prediction error, while in causal forest, splits are
selected to enhance heterogeneity in treatment effects.

In what follows, we provide a more formal description of the causal forest method. We work
with training dateﬂ which consist of tuples Z; = (X;,Y;, W;) for i = 1,...,n with n being the
number of observations. Here, X; = {X;1, Xjo, ..., X;p} is a feature vector containing P features

and it is an element of R”, ¥; € R is the response and W; € {0, 1} is the treatment assignment

A decision tree is a type of predictive model that organises data by making a series of decisions. It begins with
a "root node," representing the starting point containing the entire dataset. At each step, the data is split into smaller
groups, referred to as "child nodes," based on specific criteria related to input features. This splitting process continues
until the data reaches "leaf nodes", where no further divisions occur, and the final prediction or decision is assigned.
The root node sets the direction, while the branches and nodes represent decision points along the way. A widely used
method for constructing decision trees is CART (Classification and Regression Trees), introduced by Breiman et al.
(1986).

®Regression tasks involve predicting a continuous outcome variable, while classification tasks involve predicting
a discrete category or class. In both cases, decision trees in random forests are used to partition data and make
predictions based on observed patterns in the features.

"Training data refers to the dataset used during the training process to help the model learn patterns and relation-
ships for making accurate predictions.



which takes value 1 if treatment is assigned and 0 otherwise. We aim to estimate the heterogeneous
conditional average treatment effect 7(z) = E[Yi(l) - Y;(O)\Xi = z| at a pre-specified test point
x. The potential outcomes YY) and Y(©) represent the two cases with or without receiving the
treatment. Since only one outcome can be observed under each scenario of receiving the treatment
or not, we cannot estimate 7(z) directly from the observed data Z;. We build a causal forest C'F,
as shown in the equation below, by averaging estimates 7 obtained by training honest causal trees
I" over random sub-samples Z € {i = 1,...,n} of size |Z| = s whilst { ~ = is a source of auxiliary

randomness.

n\ —1
CF(x;Zl,...,Zn):< ) Y Eesll(@:2,....Z,)
5 1<y ig,..,is<n

The term honesty here means that a causal tree is not permitted to look at the responses Y;
when deciding where to make a split, however it can look at the treatment assignments 1/; in order
to reduce bias in tree predictions (Athey et al., 2019).

A common way to quantify the impact of each feature X; on the heterogeneity of treatment
effects is to compute a weighted average of how many times a given predictor was split on at
each depth in the causal forest, see |Athey et al.| (2019), where a higher weight indicates higher
importance. This is the approach we adopt here, although alternative methods exist, as discussed

in [Hines et al .| (2022)), [Boileau et al.| (2023)), and Bénard and Josse| (2023)) for instance.



B. Training

The causal forest is an ensemble of decision trees, so when describing the training process we
primarily focus on the development of the individual trees. In the beginning, a random sub-sample
is drawn from the full training dataset through sampling without replacementﬂ The first node of
the tree, called the root node, encompasses this sub-sample. This root node is recursively split
into child nodes, and the process continues until further splits are no longer possible, resulting in
leaf nodes. The construction of child nodes depends on how splits are determined. At each level,
in the causal tree construction process, a random subset of covariates is selected, and for each
covariate, all possible values are considered as potential split points. The best split is chosen based
on its ability to increase the heterogeneity of treatment effects within the child nodes—the split
that maximizes the difference in treatment effects. Instances with predictor values greater than or
equal to the split value are assigned to the right child node, while the rest go to the left. If a split
does not improve the model fit, the node becomes a leaf node.

The causal forest algorithm requires the selection of several hyperparameterf] similar to those
in the random forest algorithm (Breiman, 2001). These include the number of trees (typically
2,000), the number of variables considered at each split, and the minimum leaf node size, which
determines when the tree-building process terminates. In the causal forest, this minimum size en-

sures that each node has sufficient treated and control samples, enabling balanced treatment effect

8Sampling without replacement refers to the process where each data point is selected only once. This ensures
each tree is trained on a unique subset of the data, which reduces overfitting and promotes diversity among the trees.
9Hyperparameters are key settings that guide the learning process and are tuned to optimize performance.



estimation (Athey and Wager, [2019). Causal forests also introduce additional hyperparameters,
not found in the original random forest, that influence the model’s honesty@] (Athey et al., 2019).
One such parameter, o, controls the maximum allowed imbalance for splits, penalizing splits that
are too imbalanced to avoid bias. The specific hyperparameters used in this study will be discussed

in Section [[JIC]

C. Estimation

The causal forest provides individualised treatment effect estimates, revealing how treatment
impacts vary across observations and allowing researchers to identify key drivers of variability
in treatment outcomes. To estimate treatment effects at specified test point the causal forest
follows the following process: each test point is passed through a causal tree to identify its cor-
responding leaf. The treatment effect is estimated by taking into account the treatment status of
all observations in that particular leaf. This effect is aggregated across all trees to produce a final
estimate for each test point. Here, we use out—of—bagE] (OOB) data as test examples to compute

estimates for each causal tree.

19Honesty refers to the use of different data for splitting nodes and populating the leaf nodes, reducing bias in the
treatment effect estimates.

A test point refers to an observation not used during the training process of a machine learning algorithm and is
typically used for validation or performance evaluation.

120ut-of-bag (OOB) examples are data points excluded from the random sub-sample used to train a specific tree
within a forest-based algorithm. These examples serve as a validation dataset for evaluating model performance during
training; see |[Breiman| (2001).

10



II. Empirical Analysis and Results

The empirical analysis and results are outlined in Section II. In particular, Section in-
troduces the catastrophe bond dataset, accompanied by summary statistics. In Section we
assess the suitability of a traditional econometric method to address the market timing problem
in the context of catastrophe bond issuance. Section [I[][C]outlines the development of the causal
forest model using the catastrophe bond data, while Section [[I][D]presents the results of the esti-
mation in terms of average and heterogeneous treatment effects. Finally, Section delves into

an analysis of the factors driving variation in market timing effects.

A. Data

This study uses a dataset compiled from both private and public sources, with the aim of rep-
resenting, to the best of available knowledge, all nonlife catastrophe bonds issued in the primary
market between December 2009 and May 2018 totaling 934 transactions. The dataset draws on ear-
lier work by Makariou et al.|(2021)) but expanded and refined to overall include, data on investors’
returns, securitized risk loss potential, risk transfer design features, credit ratings, risk modelling
firms involved, issuance timing, sponsor’s reputation related details, risk modelling company de-
tails, capital availability in the ILS and reinsurance markets, and returns in the BB corporate bond
market. The exact variables used in our study along with their definitions and role in our study are

described in Table [l Summary statistics for all variables are presented in Table [2] Table [3] and

11



Figure|l} Some clarifications on the choice of certain variables follow.

The issuance timing in the catastrophe bond market—the treatment effect variable—is repre-
sented by whether a catastrophe bond was issued in the first or second half of the year. This
approach was chosen for several reasons. Firstly, splitting the year in half provides a simple and
interpretable framework for comparing outcomes across a well-defined temporal division. Sec-
ondly, this division allows us to account for seasonal factors that vary between the two periods,
such as the major reinsurance contract renewal season in the first half of the year and the hurricane
season in the second half. Finally, balancing the two classes of the treatment variable is important
for robust estimation of treatment effects. In our dataset, 58% of catastrophe bonds were issued in
the first half of the year, while 42% were issued in the second half, ensuring a reasonable balance.
Details on some of the variables used in our study follow.

The catastrophe bond spread is the response variable given its industry importance for pricing
purposes. It reflects the compensation that investors could earn on the top of the risk free rate
which in a catastrophe bond context reflects the return on low-risk collateral, typically invested in
safe assets like Treasury bills. The spread above this rate compensates investors for the risk of the
bond, such as the likelihood of a natural disaster triggering a payout. The spread at issuance is here
calculated, by subtracting the money market rate component from the coupon (or implied coupon
in the case of zero coupon bonds).

Incorporating whether a catastrophe bond issuance covers a peak region peril combination,

such as US wind related exposures, is important because it indicates the level of risk associated

12



with the catastrophe bond for the investors. Peak perils are typically linked to more understood
perils whilst non peak perils to more niche and less understood exposures. There is no standard
definition but the industry tend to think as peak perils being US wind and earthquake, Japanese
wind and earthquake and Northern European wind, see |Lloyd’s| (2024). The inclusion of peak
perils is critical in defining the risk-return profile of the catastrophe bond, helping investors assess
whether the potential returns justify the increased risk of loss.

Moreover, sponsor reputation can be considered a key market sentiment factor. A well-known
and reputable sponsor (e.g., Swiss Re) may attract more investors, driving higher demand and
resulting in lower spreads. This reputation serves as a market perception factor, influencing investor
confidence and their willingness to engage in the catastrophe bond issuance, therefore we include

it in our analysis.

13



TABLE 1. Overview of variables used in the analysis.

Variable Definition Type Role
catbond_spread Represents the amount of interest earned above the Continuous Response
risk-free rate reflecting the return on low risk col-
lateral such as US Treasury Bills.
early_year_issue Indicates whether a catastrophe bond was issued Categorical Treatment
during the first six months of the year.
AP (Attachment Probability). Reflects the likelihood Continuous Covariate
of losses exceeding the attachment point. For para-
metric triggers, AP represents the probability of
measured parameters surpassing the trigger point.
BB_spread U.S. High Yield BB Option-Adjusted Spread, cal- Continuous Covariate
culated as the difference between a BB-rated yield
index and the Treasury spot curve.
coverage Indicates if protection applies to a series of loss Categorical Covariate
events or a single event.
EL (Expected Loss). The expected annual loss for a Continuous Covariate
given layer, divided by the layer size.
rating A dummy variable that identifies the credit rating Categorical Covariate
of the bond or if it is unrated.
loc_peril Represents a location-peril combination. Categorical Covariate
RoL (Rate on Line). Quarterly values from the Lane Fi- Continuous Covariate
nancial LLC Synthetic Rate on Line Index, reflect-
ing rate levels in the ILS and reinsurance markets.
size The nominal amount of the catastrophe bond. Continuous Covariate
term The duration from issuance to maturity, in years. Continuous Covariate
trigger The mechanism used to activate loss payments. Categorical Covariate
vendor The catastrophe risk modelling software provider.  Categorical Covariate
peak_peril Indicates whether the issuance covers an industry Categorical Covariate
standard or a more exotic region-peril combination
(Lloyd’sl [2024).
Swiss_Re Indicates whether the catastrophe bond was issued Categorical Covariate

by Swiss Re, a leading sponsor in many catastro-
phe bond issuances. It can serve as a proxy for the
sponsor’s reputation (Braun, 2016).

14



FIGURE 1. Histograms of continuous variables (defined in Table [1)), showing the proportion of
total observations (y-axis) as a percentage across ranges of values (x-axis) for each continuous
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TABLE 2. Summary statistics for continuous variables (defined in Table , with units provided
for each variable in parentheses. Basis points (bps) represent 1/100th of a percentage point, or 0.01%,

commonly used to measure changes in financial metrics.

Variable (Unit)

catbond_spread (bps)
EL (bps)

AP (%)

RoL (bps)
BB_spread (bps)

size (USD million)
term (years)

Min. 1st Qu. Median  Mean 3rd Qu. Max.
50.00 375.00 590.00 687.70 871.50 2200.00
1.00 111.00 188.50 274.60 333.80 1735.00
0.02 1.36 2.51 3.72 4.68 25.04
83.57 91.73 96.06 106.97 124.57 159.73
212 261 341 346 414 598
3.00 75.00 130.00 164.70 200.00 1500.00
1.00 3.02 3.18 3.49 4.02 5.12
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TABLE 3. Summary statistics for categorical variables (as defined in Table , presenting the
number of observations and corresponding percentages for each level. Explanations on categorical
variable levels not presented or not implied from the definitions given in Table[I] are provided below. Coverage types
mainly include per occurrence (catastrophe bond payout is triggered by a single large loss) and aggregate (triggered
by multiple events). With respect to loc_peril, abbreviations are explained in brackets as follows: APAC (Asia
Pacific), Typh (Typhoon), NA (North America), SA (South America), Quake (Earthquake), Multi_Peri (various perils
in listed regions). Credit ratings are based on S&P Global; others are converted to S&P Global range unless not rated
(nr). With regards to trigger types: Indemnity (catastrophe bond payout is triggered based on actual loss level),
Parametric (triggered by predefined event parameters such as wind speed or earthquake magnitude), Industry Loss
Index (trigger based on total industry losses), Parametric Index (trigger which combines event parameters with an
impact index), Model (trigger which is based on modelled losses), and Multiple (a combination of different trigger
types). Finally, vendor levels include the following catastrophe risk modelling firms: RMS (Moody’s RMS), AIR
(AIR Worldwide), EQECAT, AON (Aon plc), or "pp" for unknown vendors due to private placement.

Categorical Variable Level No. of Observations Percentage (%)
early_year_issue Yes 542 58.03
No 392 41.97
coverage Aggregate 303 32.40
Occurrence 627 67.10
Both 4 0.50
loc_peril APAC_Quake 51 5.46
APAC_Typh 22 2.36
Europe_ APAC_Multi_Peril 2 0.21
Europe_Quake 12 1.28
Europe_Wind 54 5.78
NA_APAC_Multi_Peril 26 2.78
NA_Europe_APAC_Multi_Peril 36 3.85
NA_Europe_Multi_Peril 39 4.18
NA_Multi_Peril 425 45.50
NA_Quake 80 8.57
NA_Wind 184 19.70
SA_Quake 3 0.32
rating B 141 15.09
BB 286 30.62
BBB 4 0.43
Cccc 4 0.43
nr (Not Rated) 499 53.43
trigger Indemnity 511 54.70
Parametric 29 3.10
Industry Loss Index 325 34.80
Parametric Index 23 2.50
Model 22 2.40
Multiple 24 2.60
vendor AIR 741 79.30
AON 4 0.40
EQECAT 42 4.50
RMS 141 15.10
pp 6 0.60
peak_peril Yes 905 96.89
No 29 3.11
Swiss_Re Yes 306 33.00
No 628 67.00
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B. On Modelling Market Timing using Linear Regression

Linear regression is a widely used method for estimating treatment effects, assuming homogene-
ity, meaning the effect is consistent across all observations in a dataset. While this may be suitable
in some contexts, in others, such as catastrophe bond issuance timing, interactions with multi-
ple bond attributes can be complex, making linear regression too restrictive. Without interaction
terms, the model assumes a uniform effect, and even with interactions, capturing all potential rela-
tionships can be challenging. Given the potential for nonlinear and high-dimensional interactions,
more flexible approaches, such as causal forests, may better suited to account for heterogeneity in
issuance timing effects.

For illustration purposes, we build several linear models to evaluate whwther the homogeneity
assumption holds for our analysis. We begin by estimating the effect of issuing a catastrophe bond
in the first half of the year versus the second using a linear regression model, as shown in Table
Interaction terms are then introduced to examine whether issuance timing effects vary based
on key catastrophe bond characteristics—such as expected loss, trigger type, vendor, and location-
peril. To statistically assess these interactions, we perform an analysis of variance (ANOVA),
which provides an empirical test for heterogeneity in the issuance timing effect. The ANOVA
results in Table [5] show significant interaction terms, indicating that issuance timing effects vary
across catastrophe bonds. This challenges the homogeneity assumption in linear regression and

highlights the need for more flexible methods like causal forests to capture this heterogeneity more

18



effectively.

TABLE 4. In-sample fit of the linear regression model with multiple predictors. The coefficient of
the treatment variable early_year_issue represents the average treatment effect for the full sample in this linear

modelling framework.

Estimate Std. Error
Swiss_Re 6.649 (13.822)
RoL 8.093*** (0.388)
BB_spread 46.570*** (8.477)
term —29.397*** (8.682)
size 0.000*** (0.000)
triggerindemnity —23.661 (14.611)
triggermodel —86.014** (39.013)
triggermultiple —37.079 (42.859)
triggerpar_index —77.544* (42.107)
triggerparametric —217.160*** (36.694)
coverageboth 43.407 (82.489)
coverageoccurrence —44.091*** (13.505)
vendorAON 150.164* (88.099)
vendorEQECAT —1.192 (34.027)
vendorPP 11.905 (71.535)
vendorRMS 45.034** (18.671)
AP —12.364** (5.913)
EL 1.226*** (0.085)
loc_perilAPAC_Typh —69.353 (43.242)
loc_perilEurope_ APAC_Multi_Peril —33.422 (126.002)
loc_perilEurope_Quake —31.963 (75.991)
loc_perilEurope_Wind —190.532%*** (41.902)
loc_perilNA_APAC_Multi_Peril 52.829 (47.312)
loc_perilNA_Europe_ APAC_Multi_Peril 95.890** (40.964)
loc_perilNA_Europe_Multi_Peril 115.517*** (40.080)
loc_perilNA_Multi_Peril 148.571*** (27.868)
loc_perilNA_Quake —47.749 (34.291)
loc_perilNA_Wind 89.258*** (30.176)
loc_perilSA_Quake 61.851 (118.470)
rate_1_excl_minplusBB —134.694*** (18.441)
rate_1_excl_minplusBBB —341.847*** (83.656)
rate_1_excl_minplusCCC —9.984 (94.364)
rate_1_excl_minplusnr —12.422 (18.643)
early_year_issue —75.720%** (13.731)
peak_peril —51.453 (54.719)
Constant —439.530*** (93.603)
Observations 934
R? 0.850
Adjusted R? 0.844

Residual Std. Error
F Statistic

161.592 (df = 898)

145.506*** (df = 35; 898)

Notes: ***Significant at the 1% level.
**Significant at the 5% level.
*Significant at the 10% level.
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TABLE 5. ANOVA results for testing the homogeneity of treatment effects. The first model is the
baseline regression including all the predictors from Table|l} The remaining models include additionally an
interaction term between issuance timing and another variable listed below.

Linear Model Res.Df RSS Df Sum of Sq F Pr(>F)
baseline 898 23,448,442

EL 897 23,148,893 1 302,612  11.607 < 0.001 ***
trigger 893 22,846,433 5 602,009 4706 < 0.001 ***
vendor 896 23,291,432 2 157,010 3.020 0.038 *
loc_peril 889 22,907,251 9 541,191 2.334 0.013 *

Significance codes: 0 “*** 0.001 “*** 0.01 “*> 0.05 *” 0.1 *” 1.

C. Causal Forest Development

The causal forest was developed based on the catastrophe bond dataset presented in Section

II Following the notation outlined in Section I[A] we have n = 934 training examples and

P = 13 predictors. Our treatment effect variable, W, is the binary indicator which takes the

value 1 if a catastrophe bond is issued in the first half of the year, and 0 otherwise. The response

variable, Y, represents the catastrophe bond spread at issuance, while the explanatory variables in

Xi = {Xih Xi27 ceny le} are listed in Table

With respect to the choice of causal forest hyperparameters, we primarily use the default val-

ues suggested by |Athey et al.| (2019), which have been empirically shown to perform well for

our dataset too. These include a causal forest size of 2000 trees, an honesty parameter of 0.5,

a maximum causal tree imbalance of 0.05, and a minimum node size of 5. The hyperparameter

controlling the number of predictors to be considered at each split in the causal tree development

process has been optimised using a cross-validation-based tuning process.
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D. Estimation of Market Timing Effects using the Causal Forest

We present the estimated effects of catastrophe bond issuance timing on primary market spreads,
derived using the causal forest method. Our analysis begins with an evaluation of the averageE] ef-
fects of issuance timing on spreads followed by comparison of these results to those obtained from
the linear regression benchmark (see Table ). We then investigate the heterogeneity of issuance
timing effects by examining how they vary across different subgroups or characteristics within the
catastrophe bond population. Notably, the causal forest method enables the identification of these

subgroups without requiring prior knowledge.

D.1 Average Treatment Effects

Initially, we estimate the average treatment effect (ATEE to assess the overall impact of early
issuance timing on catastrophe bond spreads across the entire population of catastrophe bonds in
the primary market. Next, we compute the average treatment effect on the treated sample (ATTE,
which represents the treatment effect averaged only across catastrophe bonds issued in the first
half of the year. ATT evaluates the direct impact of early catastrophe bond issuance on primary

market spreads since it focuses on the subset of catastrophe bonds that were actually issued early

3The estimation of average treatment effects is based on a variant of augmented inverse propensity weighting
described in Athey et al.|(2019)).

!4In a randomised control trial setting, ATE is known as the overall effectiveness of the intervention.

5In a randomised control trial setting, ATT measures the effectiveness of the intervention for the part of the popu-
lation who receive it.
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in the year. Finally, we compute the average treatment effect on the control sample (ATCE which
estimates the average treatment effect for catastrophe bonds issued in the second half of the year,
assuming they had been issued in the first half instead. Essentially, ATC shows the potential impact
of early issuance timing on late-issued catastrophe bond spreads, answering the counterfactual
question of what if these catastrophe bonds had been issued earlier.

The average issuance timing effect estimates obtained from the causal forest via ATE, ATT,
and ATC are presented in Table[6] All measures are negative, indicating that early issuance timing
generally reduces catastrophe bond spreads at issuance. The ATE estimate of -88.02 basis points
reflects the average reduction in spreads across the entire market, including both treated and con-
trol groups, with a standard error of 8.247 suggesting reasonable precision. The ATT estimate
of -92.607 is slightly more negative, highlighting a greater reduction in spreads for catastrophe
bonds already issued early in the year (treated group) compared to the overall market. Meanwhile,
the ATC estimate of -104.028 is the largest in absolute terms, suggesting that catastrophe bonds
typically issued later in the year could have seen even greater reductions in spreads if issued earlier.

The differences between the ATC, ATT, and ATE estimates (ATC > ATT > ATE) signal het-
erogeneity in the treatment effect of issuance timing on catastrophe bond spreads. This indicates
that the effect is not uniform across the population but varies by subgroup of the catastrophe bond
population, even at this broad level (treated versus control). The smaller ATT estimate suggests

that early-issued catastrophe bonds may have already incorporated the effects of early-year is-

16In a randomised control trial setting, ATC measures the average effect of a treatment on the control group—the
units or individuals that did not receive the treatment.
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suance timing, limiting further spread reductions. The larger ATC estimate implies that late-issued
catastrophe bonds might have benefited more from earlier issuance, potentially due to variations in

market dynamics or underlying factors affecting these bonds during different issuance periods.

TABLE 6. Average treatment effects derived from the causal forest for the impact of catastrophe
bond issuance timing on their spreads. ATE (Average Treatment Effect) represents the average effect of
early-year catastrophe bond issuance on spreads across the entire catastrophe bond population, including both treated
(early-year issued catastrophe bonds) and control (late-year issued catastrophe bonds) units. It quantifies the expected
change in spreads, measured in basis points, due to issuance timing across the entire market. ATT (Average
Treatment Effect on the Treated) focuses on the treated group, measuring the effect of early issuance timing
specifically on catastrophe bonds that were issued early in the year. It quantifies the direct impact of early issuance on
this subset of catastrophe bonds. ATC (Average Treatment Effect on the Control) estimates the potential effect of
early issuance timing on catastrophe bonds that were issued later in the year, offering insights into how spreads might
have been impacted if these late-year catastrophe bonds had been issued earlier. Standard errors (std. err) are
provided for each estimate.

Causal Inference Metric Causal Forest Estimate std.err
ATE -88.017 8.247
ATT -92.607 23.002
ATC -104.028 13.089

For comparison purposes, we look into the linear regression benchmark with multiple predic-
tors presented in Table ] In this case, the ATE is estimated by including the treatment indicator
variable and the relevant covariates as independent variables in the regression model and inter-
preting the coefficient of the treatment variable as the average treatment effect on the outcome
variable, controlling for the other predictors and covariates included in the model. However, since
linear regression does not allow direct estimation of subgroup-specific effects like ATT or ATC
without additional stratification or interaction terms, any comparison between average treatment
effects derived from the causal forest and linear regression alike is limited to ATE.

The ATE estimates from the causal forest and linear regression models align in the direction
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of the issuance timing effect on catastrophe bond spreads but differ in magnitude: —88.017 for the
causal forest versus —75.720 for linear regression. This, roughly, 12 basis point difference may
stem from heterogeneity in the data or the causal forest’s ability to capture non-linear patterns and
complex interactions that linear regression overlooks. Although seemingly modest, a 12-basis-
point difference can have implications in the catastrophe bond market. For issuers, a reduction
in spreads directly translates into lower cost of capital, which can result in savings when issuing
bonds with large principal amounts, often in the hundreds of millions of dollars. These savings
could influence issuers’ decisions about timing future issuances to optimise funding costs. For
investors, even small variations in spreads can alter the relative appeal of catastrophe bonds in
comparison to other fixed-income instruments, potentially affecting portfolio allocation strategies
and risk-return profiles. These insights illustrate the practical value of the causal forest capacity to
uncover differences in how issuance timing impacts catastrophe bond pricing at issuance, which

might not be evident from simpler models like linear regression.

D.2 Heterogeneous Treatment Effects

The aggregate treatment effect measures—ATE, ATT, and ATC—provide valuable insights into
the overall impact of issuance timing on catastrophe bond spreads and points to studying hetero-
geneity further. However, these metrics do not directly capture the heterogeneity of the treatment
effect across different subgroups or characteristics within the catastrophe bond population. To bet-

ter understand and identify such heterogeneity, we turn to the conditional treatment effects derived
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from the trained causal forest.

Unlike traditional linear regression, which requires the specification of interaction terms and
can become computationally intractable as the number of variables and interactions increases, the
causal forest method allows for the efficient estimation of treatment effect heterogeneity across var-
ious subgroups without explicitly modelling every interaction. For instance, with 14 independent
variables (including 13 covariates and the treatment variable), considering second-degree inter-
actions would result in 105 terms, and higher-order interactions would significantly increase this
number, making the model computationally burdensome. The causal forest, by contrast, automat-
ically accounts for complex interactions and non-linear relationships, providing a more scalable
and effective way to capture treatment effect heterogeneity.

A visual representation of the varying impacts of issuance timing on catastrophe bond spreads,as
derived from the causal forest, is provided in Figure 2] The histogram displays the distribution of
spread outcomes across the catastrophe bond population after treatment-issuance in the first half of
the year. The height of each bar reflects the frequency of catastrophe bonds experiencing specific
spread outcomes. Although the overall trend suggests that early issuance is generally associated
with lower spreads, the distribution reveals considerable variability in the estimated treatment ef-
fects. Notably, some subgroups of catastrophe bonds exhibit a positive treatment effect, indicating
that for certain bonds, issuing earlier in the year results in higher spreads, or a "spread markup".
That said, the median estimated conditional average treatment effect (CATE) is -85.098, whilst

the minimum estimated CATE is —523.677 and the maximum one is 326.983. This illustrates the
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complexity of how issuance timing impacts catastrophe bond pricing and emphasises the value of

using the causal forest to reveal this heterogeneity.

FIGURE 2. Histogram of causal forest estimates of heterogeneous treatment effects for the
impact of catastrophe bond issuance timing on spreads. Frequency distribution of estimated spread
differences for early-year issuances versus the counterfactual.
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Further understanding of this variability is essential for tailoring the timing of catastrophe bond
issuances. Following the example of [Willke et al.|(2012)), we examine the impact of heterogeneous
treatment effects on "averages”, as illustrated in Figure [3] Specifically, we plot the estimated
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treatment effects on the y-axis against the values of some selected predictors on the x-axis for
simplicity. The blue line represents the mean CATE as estimated by the causal forest. If treatment
effects were homogeneous, they would be randomly distributed and independent of the catastrophe
bond characteristic of interest. In such a scenario, the conditional estimated treatment effect would
be more or less constant across all catastrophe bonds and independent of the values of other co-
variates. However, in Figure |3 we observe that the variation in treatment effects is not random and
appears to be influenced by the distribution of the continuous covariates. As a result, a decision
to issue a catastrophe bond in the first half of the year based on the average effect estimated for
the entire sample may sometimes underestimate or overestimate the average effect for a specific

subsample.

27



FIGURE 3. Exploring heterogeneity in causal forest treatment effect estimates for some
covariates. For expository purposes, this figure illustrates the variabilty in estimated conditional treatment effects
(CATE) for different continuous covariates, here RoL, size, and BB_spread, with the blue line representing the mean

CATE, as derived from causal forest. The observed heterogeneity highlights that relying solely on the average
treatment effect for the entire sample may result in inaccurate estimations for specific catastrophe bond subgroups,
either underestimating or overestimating the issuance timing impact depending on the covariate values. A more
in-depth analysis of the factors driving heterogeneity in catastrophe bond issuance timing effects is provided in
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E. Drivers of Variation in Market Timing Effects

We proceed by delving deeper into the specific input variables that contribute to the variations

in the effects of issuance timing on catastrophe bond spreads identified by the causal forest.

E.1 Variable Importance Ranking

As mentioned in Section [[J[A] a potential way to calculate the impact of every covariate on the
heterogeneity of treatment effects is to compute a weighted average of how many times a given
predictor was split on at each depth in the causal forest, where a higher weight indicates higher
importance. By using this approach, in Table[7] we show the most important variables, as derived
by the causal forest, in determining the heterogeneity of issuance timing effects on catastrophe
bond spreads.

At a high level, we observe that different predictors have non-equal contribution in explaining
the differences in spreads at issuance between catastrophe bonds issued in the first half of the year
and those issued in the second half. This finding further supports the notion that issuance timing
impacts spreads heterogeneously. Were the effects homogeneous, all the variables would have

exhibited comparable levels of importance in the ranking.
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TABLE 7. Variable importance measures derived from causal forest. A weighted average of how
many times a covariate was split on at each depth in the causal forest. The average importance per class is considered
for categorical variables.

Variable Importance
RoL 0.223
size 0.189
AP 0.157
EL 0.124
term 0.106
BB_spread 0.054
loc_peril 0.070
rating 0.049
trigger 0.008
coverage 0.008
Swiss_Re 0.006
vendor 0.003
Total 1.000

By delving into the variable importance rankings (Table[7)), it is evident that market conditions
in the ILS and reinsurance markets is the most important driver of heterogeneity in issuance tim-
ing effects on spreads. The state of the ILS and reinsurance markets is influenced by a complex
interplay of evolving factors that affect market liquidity throughout the year, making it difficult to
easily explain their impact on driving heterogeneity in the effect of issuance timing. Nevertheless,
some timing-related factors, such as renewal seasons in the (re)insurance industry and reactions
to post-catastrophe events, can provide a framework for interpreting these heterogenous effects.
In particular, reinsurance renewal seasons, which occur at the beginning of the year (January 1st)
and mid-year (June Ist or July Ist), influence the availability of capital for the following months,
potentially affecting catastrophe bond spreads. Moreover, early in the year, fresh data from the pre-

vious year and the end of the US hurricane season can shape risk perceptions, influencing spreads
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on early issuances. The second most important factor in driving heterogeneity in issuance timing
effects is the catastrophe bond issuance size—the amount of coverage offered by the catastrophe
bond. Issuing large bonds early in the year may be cheaper due to fresh investor capital, increased
liquidity, and lower immediate risk perceptions as the main natural disaster seasons (such as US
hurricanes) lie later in the year.

In addition to these top heterogeneity contributors, other factors like attachment probability
and expected loss, which combined can reflect a catastrophe bond risk profile, also drive spread
heterogeneity with respect to issuance timing. As the year progresses, the increased likelihood of
catastrophic events during main disaster seasons widens spreads for later issuances. Other factors,
such as alternative investment options (for example, BB-rated corporate bonds) and the sponsor’s

reputation, play a smaller role in influencing the heterogeneous effects of issuance timing.

E.2 Investigating the Importance of Market Conditions

In the following section, we delve deeper into how market conditions influence the heteroge-
neous effect of issuance timing on catastrophe bond spreads at issuance. As shown in Table[/| the
reinsurance and ILS market conditions are the primary drivers of heterogeneity in our analysis,
represented by the Return on Line index (defined as RoL in Table [I).

According to industry standards, RoL values of 100 or below indicate a soft market envi-
ronment, characterised by ample capital, flat or declining rates, increased competition, and more

relaxed underwriting criteria. In contrast, RoL values above 100 signify a hard market, where the
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opposite conditions prevail. In our dataset, approximately 40% of catastrophe bonds were issued
in hard markets, while 60% were issued in soft markets. Using this classification, we extract the
causal forest’s conditional treatment effect estimates, filter them by market condition (soft or hard),
and create histograms to show the distribution of differences in catastrophe bond spreads based on
issuance timing (early-year vs. late-year issuance), as presented in Figure ] The findings suggest
that the negative impact of early-year issuance on catastrophe bond spreads is more pronounced
under soft market conditions than in hard market conditions. Additionally, in hard market periods,
the relationship between issuance timing and spreads appears to be more variable. This implies
that in soft markets, the timing of issuance plays a clearer role in determining spreads, whereas in
hard markets when market participants face uncertainty, other factors may influence spreads more

strongly.
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FIGURE 4. Histogram of causal forest estimates of heterogeneous treatment effects for the impact of
catastrophe bond issuance timing on spreads. Frequency distribution of estimated spread differences for
early-year issuances versus the counterfactual, under soft (RoL < 100) and hard (RoL > 100) market conditions.
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In Figure[5] we examine how the timing of issuance (early or late in the year) affects catastrophe
bond spreads under soft and hard market conditions for peak and non-peak perils. Due to the
limited number of non-peak peril observations (Table [3), the findings should be interpreted as
indicative trends. Investigating the interaction between peril type and market conditions helps
reveal how both the nature of the risk and prevailing market dynamics influence the issuance timing

effect on catastrophe bond spreads.
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FIGURE 5. Histogram of causal forest estimates of heterogeneous treatment effects for the impact of
catastrophe bond issuance timing on spreads. Frequency distribution of estimated spread differences for
early-year issuances versus the counterfactual, under soft (RoL < 100) and hard (RoL > 100) market conditions for

peak and non-peak peril coverage.
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In soft markets, the negative effect of issuance timing on spreads prevails, regardless of peril
type. However, in hard markets, the effect of early issuance on spreads is more variable. For
peak perils, early issuance can lead to either higher or lower spreads, but the latter is less frequent.
For non-peak perils, early issuance consistently results in higher spreads in hard markets. This
pattern is likely driven by capital scarcity and heightened risk perceptions in hard markets, where
non-peak perils are seen as more uncertain and riskier. Investors, perhaps being cautious early in
the year, may demand higher spreads for these risks, reflecting the lack of fully assessed risk data.
Finally, it is noteworthy that although the peak peril covariate was not found to drive heterogeneity
of issuance timing effects at all on its own (Table[7), its interaction with market conditions shows
the power of the causal forest methodology in capturing complex relationships between factors

influencing the impact of issuance timing on catastrophe bond spreads at issuance.

F. Interpretation

Our research findings reveal that issuance timing has a heterogeneous effect on the primary
catastrophe bond pricing. We show that relying on traditional econometric methods would have
not fully account for directly exploring such heterogeneity and we employ a causal machine learn-
ing method namely causal forest to capture these variations instead. Our results indicate that
catastrophe bonds issued earlier in the year tend to have lower spreads, with an even stronger
effect if late-year issuances had occurred earlier. The strength of this timing effect, however, is

influenced by several factors such as capital availability in the reinsurance and ILS markets and
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the issuance size. In particular, larger issuances, which attract institutional investors and enhance
market liquidity, often reduce perceived risk and result in lower spreads. Similarly, periods of
abundant capital availability amplify the timing related spread discount. Some of the additional
factors driving the issuance timing heterogeneity is the probability of investors incurring initial
loss on their investment and the expected loss of the underlying securitised disaster.

The insights derived from the causal forest approach can inform issuers and investors alike. For
issuers, understanding how market liquidity and capital availability influence the issuance timing
effects can lead to better decisions regarding when to enter the market. By aligning issuance
timing with periods of abundant capital and stronger investor demand, issuers can take advantage
of the pricing discounts that early-year issuances often offer. This could help reduce the cost of
transferring catastrophe risk, an increasingly vital consideration in an era of escalating natural
disasters driven by climate change.

For investors, understanding the heterogeneous effects of issuance timing enhances their ability
to assess risk and pricing more effectively. Recognising that factors such as market liquidity,
capital availability, and issuance size influence pricing dynamics allows investors to align their
strategies with their specific objectives. For risk-averse investors, this knowledge can help identify
opportunities, such as early-year issuances with typically lower spreads, while those seeking higher
returns may focus on issuances offering greater yield potential. This improved understanding
supports more targeted portfolio management and risk mitigation strategies, ultimately fostering a

more efficient allocation of capital in the catastrophe bond market.
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G. Broader implications

Building on these findings, we discuss the broader implications of failing to detect for hetero-
geneity in financial decision-making. Traditional econometric approaches often rely on unifor-
mity assumptions or broad subgroup analyses, which can obscure critical variations in how market
participants respond to changing conditions. In contrast, causal forests provide a data-driven,
non-parametric approach that allows for the detection of non-linear interactions and previously
unobserved heterogeneity.

The failure to account for heterogeneity in market timing can have important consequences
for financial decision-making. In corporate finance, overlooking heterogeneous timing effects can
lead to suboptimal issuance strategies, mispricing of risks, and inefficient capital allocation. Sim-
ilar challenges exist in monetary policy and asset pricing, where uniform-effect assumptions may
fail to capture market segmentation and investor behavior shifts. By identifying context-specific is-
suance timing effects, flexible machine learning approaches, such as causal forests, allow for more
precise risk assessments and better-informed decision-making across financial markets. These in-
sights highlight the need for financial researchers and policymakers to consider flexible estimation

techniques when evaluating financial market timing strategies.
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III. Conclusion

In this paper, we argue that market timing effects may be heterogeneous, emphasising the ad-
vantages of flexible methods for estimating these varying effects over traditional approaches that
assume uniformity. To demonstrate this, we apply the causal forest—a causal machine learning
method designed for estimating heterogeneous treatment effects—and use the diverse catastrophe
bond market as a case study in market timing. Our analysis examines how issuance timing het-
erogenously affects primary catastrophe bond spreads, identifies the key factors influencing these
variations, and assesses the role of overall market conditions in shaping the extent of these differ-
ences.

Our analysis reveals that the impact of issuance timing on primary catastrophe bond spreads is
far from uniform. Early-year issuances are generally associated with lower spreads at issuance, but
the extent of this effect varies greatly depending on market conditions in the reinsurance and ILS
markets and specific characteristics of the catastrophe bonds such as issuance size. We find that,
in soft market conditions, early issuances tend to benefit from a more pronounced spread discount,
particularly for catastrophe bonds linked to peak peril-region combinations. However, this timing
advantage diminishes in hard market conditions, where the opposite effect can sometimes occur,
especially for niche perils.

While our study focuses on the catastrophe bond market, its implications extend to broader

financial markets where timing strategies exhibit variable impacts. By employing the causal forest
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approach, we demonstrate the importance of accounting for heterogeneity in timing effects—an
insight that can benefit corporate bond issuances, structured finance, and alternative asset pricing
models. Future research could build on this work by exploring additional dimensions of timing
strategies, including the role of behavioural finance in issuance decisions or the impact of climate
risk perceptions on catastrophe bond pricing.

Our results provide valuable insights for both issuers and investors, emphasising the impor-
tance of timing strategies that align with market liquidity conditions, investor sentiment, and capi-
tal flows. As financial markets become increasingly complex, machine learning-based approaches
offer a promising alternative to traditional econometric methods for understanding dynamic, het-

erogeneous financial behaviours.
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