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Abstract

In the last three decades, the number of known planets outside the Solar System has grown

into the thousands, spanning a vast parameter space. Characterising the atmospheres of these

extrasolar planets offers a window into their formation histories and chemical compositions.

Spectroscopic observations provide the primary means of probing these atmospheres, and the

James Webb Space Telescope (JWST), alongside upcoming missions such as Ariel, has ushered in

a new era of atmospheric characterisation, providing data with unprecedented signal-to-noise

ratio (SNR), wavelength coverage, and spectral resolution.

To infer atmospheric properties from these observations, we rely on a technique named

atmospheric retrieval, a Bayesian inference approach in which an atmospheric forward model

is iteratively compared to an observed spectrum to estimate the posterior distributions of

atmospheric parameters. The increased data quality from state-of-the-art observatories warrants

a careful re-evaluation of this technique. In this thesis, we investigate the stability of atmospheric

retrieval results in the context of transmission spectroscopy, with a focus on two key pillars:

the forward model and the input data.

In the first part of this work, we investigate the impact of the pressure-temperature (p–T)

prescription in the atmospheric forward model.Using synthetic spectra modelled after the hot

Jupiter WASP-39 b, we construct a dataset spanning a range of vertical temperature structures,

cloud decks, and instrument noise levels for JWST and the upcoming Ariel mission. We perform

atmospheric semi-self-retrievals on these synthetic spectra, using heuristic multipoint p–T

prescriptions of varying complexity. We evaluate the performance of these forward models

through the Bayes factor and the accuracy of the estimated atmospheric parameters. The

results consistently show that an isothermal p–T prescription is insufficient to retrieve known

atmospheric parameters under state-of-the-art observing conditions. A multipoint profile is

favoured in the majority of cases, with parameter recovery plateauing at a four-point profile.

We conclude that a four-point p–T prescription represents the optimal balance between model

complexity and retrieval performance, and should be preferred over isothermal prescriptions in

transmission spectrum retrievals with JWST and Ariel.

In the second part of this work, we investigate the sensitivity of atmospheric retrievals to

variations in the input transmission spectrum, using JWST NIRSpec PRISM observations of

a single transit of WASP-39 b. Retrievals are performed on a baseline spectrum reduced as

part of this work, using the Eureka! pipeline. We compare the resulting parameter posterior
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distributions to homogenised atmospheric retrieval performed on scattered instances of the

spectrum produced in this work, and on independently reduced spectra derived from the

same raw data. This analysis identifies three classes of parameter posterior distributions:

stable Gaussian distributions for well-constrained parameters; stable uniform posteriors for

weakly constrained parameters; and unstable, heavy-tailed posteriors. The presence of unstable

posterior distributions makes robust interpretations of atmospheric characterisation results

difficult, highlighting the importance of a careful assessment of credible interval sizes to properly

reflect this uncertainty.

Taken together, the results of this thesis highlight the importance of rigorous forward model

choices and careful treatment of input data in atmospheric retrievals. As the field moves into

a new era of data quality and abundance, these findings underscore the need for systematic

evaluation of retrieval methodologies to ensure the reliability of inferred atmospheric properties.
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CHAPTER 1

INTRODUCTION

"This is the beginning of knowledge –
the discovery of something we did not know."

Frank Herbert

God Emperor of Dune



CHAPTER 1 – INTRODUCTION

Over the past three decades, the study of planets and their atmospheres has grown far

beyond the confines of our local neighbourhood. The eight planets of the Solar System and their

satellites already exhibit a remarkable diversity in their atmospheric compositions. In the inner

Solar System, we find small, dense planets with comparably tenuous atmospheres. Mercury, the

closest planet to the Sun, has an extremely tenuous, collisionless exosphere directly bounded

to its surface (Domingue et al. 2007). Venus and Earth, twins in their size and mass, have

starkly contrasting atmospheres – Venus’ atmosphere is dense and dominated by CO2 (Marcq

et al. 2017), while Earth’s is comparably tenuous and filled with N2 and O2 (Salstein 1995).

The atmosphere of Mars is even thinner, and mostly comprised of CO2 (Vandaele et al. 2024).

Beyond the inner Solar System and asteroid belt, we find the gas giants, Jupiter and Saturn,

and colder ice giants, Uranus and Neptune. Their atmospheres are dominated by H2 and He,

enriched with some heavier volatiles, such as H2O, CH4 and NH3 (Irwin 2003). Several of

their moons have tenuous gaseous envelopes themselves. Titan, a moon of Saturn, has an

atmosphere mainly composed of N2 and CH4 (Hörst 2017), and Io, in orbit around Jupiter, has

a thin SO2 atmosphere (Lellouch et al. 2007). However, in the context of the rapidly growing

inventory of extrasolar planets, they represent only a limited and possibly atypical sample of the

outcomes of planet formation and evolution. The discovery of thousands of extrasolar planets

has transformed planetary science into a comparative and statistical discipline, enabling the

exploration of exoplanetary parameters across a wide range of masses, system architectures,

and stellar environments.

Unlike the planets of the Solar System, most exoplanets cannot be studied by direct, spatially

resolved observations. Instead, we investigate their physical properties by examining subtle

signatures they imprint on the light we observe from their host stars. These measurements

inform us about atmospheric chemistry, temperatures, and the presence of aerosols, but only

through the interaction of radiation with the atmosphere and the filtering properties of in-

strumentation and noise. As a result, the study of exoplanets is fundamentally an inference

problem – observable quantities are mapped to physical parameters within a model that is

a simplified representation of a complex system. Understanding the limitations of both the

observational data we gather and the models we use to represent them is crucial to reliably

draw conclusions about the nature of an exoplanet’s atmosphere from remote observations.

As our sample sizes have grown, attention has increasingly shifted from individual objects

to exoplanetary populations. Trends in radii, masses, and atmospheric composition have been

used to probe processes such as planetary formation (e.g., Sun et al. 2024) and atmospheric pho-

toevaporation (e.g., Fulton et al. 2017). Disentangling physical correlations from observational

and methodological biases is therefore a key challenge in interpreting exoplanet atmospheric

surveys. If we aim to characterise the atmospheres of extrasolar planets and place them in

frameworks that investigate their characteristics on the level of planetary populations, we first

need to find planets beyond the Solar System. The methods we use to detect exoplanets and

the parameter space they cover are what we will look at first.
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CHAPTER 1 – INTRODUCTION

1.1 Observing extrasolar planets

Two definitions are commonly used to refer to the "first discovered exoplanet": Chronologically,

the first confirmed planets outside the Solar System go back to Wolszczan and Frail (1992).

Using the aptly named pulsar timing technique, they reported on two planet-sized bodies

orbiting the pulsar PSR B1257+12. The first discovered exoplanet orbiting a main-sequence

star was reported by Mayor and Queloz (1995), around the G-dwarf 51 Peg. Through Doppler-

shifted spectral lines originating from the motion of the star-exoplanet pair around a common

centre of gravity, they confirmed the presence of the Jupiter-mass companion 51 Peg b with

the radial velocity method. Since these initial detections, more than 6 000 extrasolar planets

have been discovered and confirmed (NASA EPA 2025). In addition to the pulsar timing and

radial velocity techniques, a variety of observational methods have been employed to detect

exoplanets, significantly expanding the collective database of known planets outside the Solar

System.

Figure 1.1 illustrates the cumulative number of confirmed exoplanets by year. We see that

the first three confirmed exoplanets were discovered using the pulsar timing method (Wolszczan

and Frail 1992; Wolszczan 1994). The yield of this technique has been very modest afterwards,

and today we count only eight exoplanets discovered using this method. In contrast, the radial

velocity technique, starting with the discovery of 51 Peg b (Mayor and Queloz 1995), quickly

became the dominant method for detecting exoplanets. It took almost another decade for

the now-dominant transit technique to emerge with the discovery of OGLE-TR-53 b (Udalski

et al. 2002). The radial velocity and transit methods, which have nearly exponentially expanded

our inventory of known exoplanets, are what we will examine next.
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Figure 1.1: Cumulative number of discovered exoplanets by discovery year. Contributions to the total
cumulative number (black line) are colour-coded by the associated discovery method. Data courtesy of
NASA EPA (2025).
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CHAPTER 1 – INTRODUCTION

1.1.1 Radial velocity

Photons reaching an observer from a source in motion undergo a shift in wavelength corre-

sponding to the relativistic Doppler effect. This shift is described by (Einstein 1905)

λobs “ λ0 ¨
1 `

v
c cospθq

b

1 ´
` v

c

˘2
, (1.1)

whereλobs andλ0 are, respectively, the observed and rest-frame wavelengths, v is the magnitude

of the velocity of the source’s motion, θ is the angle between the source-observer line of sight

and the direction of motion, and c is the speed of light. Equation 1.1 can be used to measure,

for instance, the recession motion of stars by their radial velocities. When v ! c, Equation 1.1

reduces to

λobs « λ0 ¨

”

1 `
v
c

cospθq

ı

. (1.2)

In a system of an exoplanet orbiting around its host star, the motion of the exoplanet will

trigger a corresponding motion of the star around their common centre of mass, also called

the barycentre. This motion happens on top of the previously mentioned recession velocity,

inducing periodic signals in the measured radial velocity of a star. In the limiting case that the

mass of the exoplanet is much smaller than the mass of the star (Mp ! M˚), the amplitude of

this signal follows the relation (e.g., Wright 2018)

K «
Mp sinpiq
?

1 ´ e2

ˆ

2πG
PM˚

˙1{3

, (1.3)

where Mp and M˚ are the mass of the exoplanet and of the host star, e and P are the eccentricity

and period of the exoplanet’s orbit, i is the inclination of the orbital plane from the line of

sight of an observer (i “ 0 represents a face-on orbit), and G is the gravitational constant. In

monitoring the radial velocities of stars, it is therefore possible to detect exoplanets by the

periodic red- and blueshift of the stellar spectrum. We see from Equation 1.3 that the strongest

influence on K comes from the mass of the exoplanet, next to weaker correlations with the

orbital period and eccentricity. This favours the detection of more massive exoplanets. As a

reference point, Jupiter induces a radial velocity modulation amplitude of KJ « 12m s´1 on

the Sun (assuming i “ 0). In contrast, the amplitude induced by Earth is only KC « 0.1 ms´1,

which represents a critical precision threshold value in the search for Earth-analogue exoplanets

orbiting a Sun-like star (Hara and Ford 2023).

Precisely constraining the mass of an exoplanet is a crucial factor when we investigate

both the bulk properties of an exoplanet and its atmospheric properties (Batalha et al. 2019).

However, in accurately deriving an exoplanet’s mass from the radial velocity amplitude, we are

hindered by the geometric factor sinpiq. This means that we can only measure upper limits

on the mass of an exoplanet if the inclination of the system to the observer is not known.
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CHAPTER 1 – INTRODUCTION

Constraining this using additional techniques, such as exoplanetary transits or astrometric

measurements, can improve mass estimates (Wright 2018).

To date, the radial velocity technique is the second-most successful detection method for

exoplanets, with a yield of more than 1 000 confirmed objects (as we see in Figure 1.1). The first

generation of instruments used to detect exoplanets with this technique, such as OHP-ELODIE

(Baranne et al. 1996) and Keck-HIRES (Vogt et al. 2000), operated with a precision comparable

to KJ. However, the latest generation of spectrographs, such as Lowell-EXPRES (Jurgenson

et al. 2016) and VLT-ESPRESSO (Pepe et al. 2021), has reached detection limits of only a few

KC, promising to further widen the parameter space of known exoplanets. In terms of detection

numbers, the success of the radial velocity technique is surpassed only by the transit method,

which monitors stellar brightness.

1.1.2 Transits

If a star-exoplanet system has an exoplanet moving in an orbital plane aligned with the line of

sight of an observer, then, at some point during its orbit, the exoplanet will pass between its

host star and the observer. During this transit, the measured flux from the host star decreases

as part of the stellar disk is blocked by the transiting exoplanet. This reduction in flux is directly

related to the area blocked by the transiting body through

δp “
4πR2

p

4πR2
˚

“

ˆ

Rp

R˚

˙2

, (1.4)

where δp represents the reduction in flux measured from the host star, and R˚ and Rp represent

the radius of the host star and its exoplanetary companion, respectively (as illustrated in

Figure 1.2). In measuring δp, we therefore gain information about the size of an exoplanet

(relative to the size of the star).

Observational constraints limit the range of exoplanets we can detect with the transit method.

They therefore bias the parameter space of the exoplanets we do detect. Firstly, it requires a

close alignment between the exoplanet’s orbital plane and the observer’s line of sight. For an

exoplanet on a circular orbit, the sky-projected distance between the centre of the stellar disk

and the mid-point of an exoplanet’s transit, also called the impact parameter, is given by

b ”
a cospiq

R˚

. (1.5)

It depends on the semi-major axis, a, and inclination, i, of the exoplanet’s orbit, and the radius

of the host star, R˚. In Figure 1.2, we see b in reference to the centre lines of the host star

(dashed grey lines). The minimum inclination for which a non-grazing (i.e., fully occulting)

transit can be observed is given by b “ 1 ´ Rp{R˚. In the limit of Rp ! R˚, this minimum

inclination equivalently provides us with the probability, p, of the transit being detectable if

5



CHAPTER 1 – INTRODUCTION

Host star
Fl
ux

Time

Exoplanet

Figure 1.2: Sketch of an exoplanet transit. The centre of the transit is offset by the impact parameter, b,
from the centre of the stellar disk. The exoplanet reduces the flux measured from the host star by a
factor δp at mid-transit.

the orbit is randomly oriented (Winn 2010)

cospiminq “
R˚

a
“ p. (1.6)

As the ratio of R˚ to a is commonly very small, i is restricted to values close to 90˝. Secondly,

this method relies on long-term, precise photometric monitoring of stars. Therefore, it favours

the detection of exoplanets that frequently (i.e., on a short orbital period) produce a larger

signal (i.e., have a large radius compared to their host star). As a reference, in the Solar System

the transit signal induced by Jupiter is on the order of δJ « 10´2, while the corresponding

value for Earth is δC « 10´4. These signals are also induced only once every 11.83 years and

once every year, respectively. In contrast, Equations 1.4 and 1.6 show that the parameter space

favoured for transit detections is biased towards the detection of large, short-period exoplanets.

The first detection of an exoplanetary transit was not a discovery. Transits of HD 209458 b,

a short-period Jupiter-mass exoplanet, were observed after its initial detection through the

radial velocity technique (Charbonneau et al. 2000; Henry et al. 2000). As we have seen in

Equation 1.6, the low probability of an appropriate viewing angle reduces the likelihood of

detecting exoplanets through transits. However, this problem can be remedied through large-

scale monitoring campaigns, conducted using both ground-based and space-based instruments.

The first exoplanet discovered using the transit technique, OGLE-TR-53 b (Udalski et al. 2002),

was the result of such a monitoring effort. It and many of the best-studied exoplanets today,

such as WASP-39 b (Faedi et al. 2011), K2-18 b (Montet et al. 2015), or the planets of the

TRAPPIST-1 system (Gillon et al. 2016), bear the names of these campaigns. Ground-based

monitoring campaigns predate space-based programmes. The majority of exoplanets discovered

via the transit method using ground-based instruments were and are being observed within

6



CHAPTER 1 – INTRODUCTION

two large-scale monitoring campaigns. The Hungarian Automated Telescope Network (HATNet,

Bakos et al. 2004; Bakos et al. 2013), and the Wide Angle Search for Planets (WASP, Pollacco

et al. 2006) have contributed on the order of 200 exoplanets through their discoveries. Results

from these campaigns have been supplemented by multiple smaller campaigns, such as the

Optical Gravitational Lensing Experiment (OGLE, Udalski et al. 1997) and the Trans-atlantic

Exoplanet Search network (TrES, Alonso et al. 2004).

The remarkable success of the transit method began with the first space-based monitoring

campaigns. The Convention, Rotation, and planetary Transits mission (CoRoT, Auvergne et

al. 2009), operating between 2007 and 2013, has provided a modest yield of 34 exoplanets, but

it paved the way for space missions dedicated to the detection of exoplanets. The Kepler space

telescope (Borucki et al. 2010) and its extended mission K2 (Howell et al. 2014), operating

between 2009 and 2018, have already yielded on the order of 3 000 confirmed exoplanets,

with approximately the same number of candidates still awaiting confirmation (Christiansen et

al. 2025). Combined, Kepler and K2 present the most successful exoplanet-hunting programme

to date. However, the Transiting Exoplanet Survey Satellite (TESS, Ricker et al. 2015) is on its

way to surpass this. Launched in 2018, it has to date discovered about 700 exoplanets, but it

has also (so far) yielded a staggering 7 800 candidates that await confirmation (Christiansen

et al. 2025). In the future, the PLAnetary Transits and Oscillations of stars mission (PLATO,

Rauer et al. 2025) promises to extend our inventory of known exoplanets even further. It aims

to detect small exoplanets (comparable in size to Earth) with orbital periods on par with those

of the rocky planets in the Solar System, diversifying the parameter space of known exoplanets

further. The recently launched Characterising ExOPlanet Satellite mission (CHEOPS, Benz

et al. 2021) will also vitally contribute to this parameter space. While its primary goal is not

the discovery of exoplanets through the transit method, it will detect exoplanetary transits as

follow-ups from already known systems, providing precise radius measurements and improving

the bulk parameters of known exoplanets.

1.1.3 Other methods

As we see in Figure 1.1, the radial velocity and transit techniques are by far the most successful

methods to detect exoplanets to date. However, multiple other methods have also added

significant numbers to the inventory of known exoplanets.

Direct imaging

Detecting exoplanets through radial velocity shifts and transit events relies on measurements

of the host star and how an exoplanet influences it. Contrary to this, the direct imaging of

exoplanets resolves the exoplanet itself as a point-source of light, separate from the host

star. This direct imaging of a stellar companion relies on it having a sufficiently large self-

luminosity and spatial separation from the much brighter parent body to be detectable. The

first substellar companion detected with this technique was the Brown Dwarf Gliese 229 B

(Nakajima et al. 1995), an intermediate object between a giant exoplanet and a small star.
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Since then, direct imaging has also been used to detect stellar companions categorised as giant

exoplanets (Mp ă 13 MJ), but observational limitations naturally shape the typical targets for

this technique. Preferably, they are recently-formed (and therefore hot and more self-luminous)

Jupiter-mass exoplanets at larger orbital distances than probed with the transit or radial velocity

technique. These selection criteria limit the pool of detectable exoplanets. However, since

these young exoplanets are difficult to detect and characterise using indirect methods (due to

stellar variability), direct imaging provides us with observable exoplanets that present ideal

laboratories for investigating planetary formation processes (Pueyo 2018).

Since the first directly imaged exoplanet, 2MASS J1207334-393254 b (Chauvin et al. 2005),

this technique has successfully added on the order of 100 exoplanets to our inventory (as

indicated in Figure 1.1), including the well-studied system of HR 8799 containing four giant

exoplanets (Marois et al. 2008; 2010) and WD-0806-661 b, a cold giant exoplanet orbiting a

white dwarf (Luhman et al. 2011).

Gravitational microlensing

Gravitational lensing describes an effect in which a massive foreground object (the lens) distorts

the photons arriving at an observer from a distant background object (the source). While this

is commonly associated with images of distant galaxies, exoplanet detection occurs through

lensing on a much smaller scale (hence microlensing). In a microlensing event, the lensed source

(a background star) is not resolved. Instead, from the observer’s point of view, a star passing

in front of it acts as a lens, amplifying the source’s brightness. The shape of this brightness

amplification curve, measured over time, depends on the mass distribution within the lensing

system. If exoplanetary companions accompany the lens, the amplification curve will exhibit

distinct shapes that can be used to infer the exoplanet’s mass and separation from the lensing

host star (Batista 2018).

The first detections of exoplanets through microlensing events already revealed the unique

parameter space it accesses: from Jupiter-mass (Bond et al. 2004) to cold Neptune-equivalent

(Gould et al. 2006) and even Earth-sized (Beaulieu et al. 2006) exoplanets. To date, the

microlensing technique has added on the order of a few hundred exoplanets to our parameter

space. Its biggest drawback is the transient nature of microlensing events. The exoplanets

discovered this way are unique in the parameter space of known exoplanets, but they are not

open to follow-up analyses.

Remaining methods

In addition to the techniques discussed above, several other methods have been successfully

used to detect exoplanets. Firstly, the gravitational impact of an exoplanet in a stellar system

does not only manifest in measurable radial velocity changes of the host star. Exoplanets have

also been detected by how they influence the astrometric (or angular) position of the host star

in the sky (DENIS-P J082303.1-491201 b, Sahlmann et al. 2013), and by how they influence
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other companion bodies, such as in the variations they have on the timing of eclipsing binaries

(DP Leo b, Qian et al. 2009) or the transits of other exoplanets (Kepler-19 c, Ballard et al. 2011).

Secondly, exoplanets have also been discovered by their modulation of other measurable

properties of their host stars. This includes the change in stellar pulsation timing (V 391 Peg b,

Silvotti et al. 2007) and pulsation amplitude (KOI-55 b and c, Charpinet et al. 2011), and

through their influence on the gas and dust kinematics of a circumstellar disk (HD 97048 b,

Pinte et al. 2019).

With different observational constraints, the methods used to discover and confirm exoplan-

ets have provided us with a parameter space vastly different from the few examples we have in

our own Solar System. This ‘zoo’ of exoplanets is what we will have a look at next.

1.2 The zoo of exoplanets

Until the discovery of the first exoplanets three decades ago, the only references for planetary

bodies orbiting stars were the planets in the Solar System. In its inner region, four rocky

bodies with bulk compositions similar to Earth (i.e, terrestrial planets) orbit the Sun. In the

outer Solar System, we find more massive but less dense gaseous bodies, collectively called

gas giants. We can further divide these into conventional gas giants (Jupiter and Saturn) and

ice giants (Neptune and Uranus). After three decades of exoplanet discoveries, one of the first

things we have learned is that the structure of the Solar System does not agree with the vast

majority of exoplanet systems we have discovered. We can see this in Figure 1.3, which shows

confirmed exoplanets plotted in the orbital period and exoplanetary radius parameter space.

Figure 1.3 also indicates the parameters of the planets in the Solar System for comparison. In

this parameter space, they appear to form a boundary, with most discovered exoplanets sitting at

shorter orbital periods. As we have seen in Section 1.1.2, this bias stems from the observational

constraints imposed by the transit method, which has yielded the most exoplanets to date and

is the primary method for measuring exoplanetary radii. While we can find a less concentrated

spread of exoplanets in the parameter space of exoplanet mass against orbital period (NASA

EPA 2025), the structure of the Solar System appears to still be an outlier compared to the

exoplanetary systems we know today (Zhu and Dong 2021). We can divide these exoplanets

populating this parameter space into different categories.

1.2.1 Hot Jupiters

At the top of Figure 1.3 sit exoplanets with radii and masses similar to the gas giants in our

Solar System. At long periods, we find giant exoplanets most similar to the Solar System’s gas

giants. However, the bulk of discovered exoplanets in this region orbit their host stars on much

shorter periods. Consequently, they receive a significantly increased amount of irradiation.

We call these exoplanets hot Jupiters. The first exoplanet discovered to orbit a main-sequence

star was of this type (51 Peg b, Mayor and Queloz 1995). While the bulk properties of these

exoplanets are similar to those of Jupiter and Saturn, with atmospheres dominated by hydrogen
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Figure 1.3: Period-radius plot of confirmed exoplanets, showing orbital period (in d, x-axis) against
exoplanet radius (in RC, y-axis). Solar System planet parameters (excluding Uranus and Neptune) are
shown in blue for reference. For better visualisation, the plot is constrained to P ď 2 ˆ 104 d. Data
courtesy of NASA EPA (2025).

and helium, their proximity to the parent star places them in an environment where we do not

find gas giants in the Solar System.

It is still unclear where and how hot Jupiters form. Gas giants in general are believed to form

through either core accretion or gravitational instabilities within the protoplanetary disk. In the

former, rocky cores are proposed to accrete many times their mass in gas from the protoplanetary

disk (Pollack et al. 1996), while in the latter, parts of the protoplanetary disk fragment into

gravitationally bound clumps (Boss 1997). These theories must be linked to the close orbital

distances of hot Jupiters, raising questions about their formation locations. The main hypotheses

for the origin of hot Jupiters are split between in situ formation and migration. In the first

case, conditions of the protoplanetary disk might prevent the fragmentation of the gas, making

in situ formation through gravitational instability unlikely (Rafikov 2005). Core accretion

could operate this close to the host star, but forming a sufficiently large core could be difficult

(Schlichting 2014; Batygin et al. 2016). In contrast, hot Jupiters have also been proposed

to form at much larger orbital distances, where conditions for either formation mechanism

are more achievable, and then migrate to their observed orbital positions. This migration

can be triggered by torques applied from the gas disk (Lin and Papaloizou 1986) or through
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the circularisation of perturbed, highly elliptical orbits (Weidenschilling and Marzari 1996).

However, these processes are sensitive to the conditions of the protoplanetary disk and could

lead to tidal disruptions or migration too far inwards (Trilling et al. 1998; Duffell et al. 2014).

One way to address questions about the formation of hot Jupiters is through investigations

into their atmospheres. The location of an exoplanet’s formation will imprint markers in an

exoplanet’s atmosphere in the form of atomic ratios (Öberg et al. 2011; Mordasini et al. 2016).

Hot Jupiters are ideal targets for atmospheric characterisation. Their comparatively large

sizes and low mean molecular weight (MMW) atmospheres (resulting in a large atmospheric

scale-height) yield a high atmospheric signal-to-noise ratio (SNR). In this work, I will focus on

the characterisation of hot Jupiters, but they represent only a small fraction of exoplanets that

are known to us. We can see an illustration of the distribution of confirmed exoplanets by their

radius in Figure 1.4. This distribution has a small peak at Rp « 12 RC (approximately the size

of Jupiter), but the vast majority of known exoplanets are clustered at sizes of Rp ă 4 RC.

Before we consider the bulk of known exoplanets, there is one noteworthy absence of objects

in the radius-period parameter space. If we look at Figure 1.3, we can find a general dearth of

objects in the regime 5RC ă Rp ă 8RC, especially pronounced for orbital periods of P ă 3d.

This region, often referred to as the sub-Jovian desert, is produced by two mechanisms: tidal

disruption and photoevaporation. As discussed by Owen and Lai (2018), the first creates a

mass barrier for migrating gas giants, forming the upper boundary of this region. The second

mechanism strips smaller, close-in exoplanets of significant parts of their atmospheres, causing

them to shrink and form the lower boundary of the sub-Jovian desert (Owen and Lai 2018),

where the next category of exoplanets begins.

1.2.2 Transitional planets

Exoplanets with radii of Rp P r1.0,4.0s RC fall within a size regime not present in the Solar

System, sitting between the largest rocky bodies and the smallest gas giants. Exoplanets in

this size category have been labelled super-Earths, sub-Neptunes, or mini-Neptunes. Here, we

will use the umbrella term transitional planets. Disentangling their nature and structure is a

question currently at the forefront of exoplanetary research, as we lack directly comparable

bodies in the Solar System.

Explaining the bulk properties of these exoplanets using a combination of their interior and

atmospheric composition is a degenerate problem (Rogers and Seager 2010), leading to several

proposed explanations for their structure. This is supplemented by the radius valley, a defining

feature of the population of transitional planets contributing to their unique nature. If we look

at the distribution of exoplanets by their radius (Figure 1.4), it appears that exoplanets smaller

than 4RC make up a continuous, dominating population of all known exoplanets. However,

studies of this smaller size regime have found a dearth of exoplanets centred at approximately

1.8 RC (Fulton et al. 2017; Van Eylen et al. 2018). We see this in the inset panel of Figure 1.4,

which shows the distribution of exoplanets with radii smaller than 5 RC. Although there
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are observational biases attached to this distribution, especially with the occurrence rate of

exoplanets smaller than approximately 1.2 RC (Fulton et al. 2017), it illustrates two population

peaks separated by a gap.

Two prevalent theories try to explain this gap, tied to the fundamental nature of its underlying

populations. The first considers both peaks to consist of exoplanets of the same type: rocky

cores covered by H2-rich envelopes, referred to as gas dwarfs (Rogers et al. 2011; Rigby et

al. 2024). Exoplanets with larger radii (and masses) can hold on to these envelopes, forming

the peak at Rp « 2.2RC. The second peak at Rp « 1.6RC is made up of smaller exoplanets

that were stripped of their envelopes by photoevaporation or core-powered mass loss (Owen

and Wu 2017; Ginzburg et al. 2018). The gas-dwarf scenario has several open questions

associated with it: Rocky cores might not be able to accumulate significant H2-envelopes

without accreting significant fractions of other volatiles (Fortney et al. 2013), and it is unclear

if their surfaces should be molten, forming magma oceans that imprint molecular signatures

into their atmospheres (Kite et al. 2020; Misener et al. 2023). In contrast to a homogeneous

population, the second theory explaining the radius valley posits that the two populations

are inherently different. Smaller exoplanets are rocky with tenuous envelopes, while larger

transitional planets fall in the broadly labelled category of water worlds. These water worlds have

been proposed to have terrestrial atmospheres (dominated by N2 and CO2) sitting atop planet-

covering oceans, or atmospheres containing significant amounts of H2O (Léger et al. 2004;

Adams et al. 2008; Zeng et al. 2019). A third possibility places tenuous H2-envelopes above

water oceans, dubbed hycean worlds (hydrogen-ocean, Madhusudhan et al. 2021).

One of the current frontiers of observations with the James Webb Space Telescope (JWST,

Gardner et al. 2023) is to determine the bulk atmospheric properties of exoplanets in this size

regime, which can inform us about their interiors and help break the degeneracy in their nature

(Bean et al. 2021). However, the smaller size and expected higher MMW of these exoplanets

make it more challenging to determine their atmospheric compositions. This challenge increases

even more when we move to the last type of exoplanets we will discuss here – dense and rocky

bodies.

1.2.3 Rocky planets

At the bottom of the period-radius parameter space are exoplanets with radii close to the size of

Earth. Explaining the nature of exoplanets falling into the transitional regime is a degenerate

problem. However, as their size approaches Earth’s radius, their bulk density tells us that they

are composed primarily of solid materials (elements such as Fe, Mg,or Si), possibly beneath

comparatively small and tenuous atmospheres (Rogers 2015). I label these exoplanets here as

rocky planets. Due to observational biases, small rocky exoplanets are preferentially detected

around low-mass stars, and most of them are very close to their host stars (with orbital periods

on the order of days). This favourably impacts the SNR of atmospheric observations (Barstow et

al. 2016), but atmospheric characterisation is complicated due to stellar variability (Rackham et

al. 2018; Thompson et al. 2024). It is also questionable if these exoplanets possess atmospheres
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Figure 1.4: Distribution of confirmed exoplanets by their radius (in RC). The main panel shows
all confirmed exoplanets with known radii, binned into radius elements of size ∆Rp “ 0.5RC. The
blue-shaded size range is represented in the inset panel, showing exoplanets with Rp ď 5RC. This
sub-selection is binned in radius elements of size ∆Rp “ 0.25 RC Data courtesy of NASA EPA (2025).

to begin with – at orbital distances this small, increased instellation levels, especially in the

X-ray and ultraviolet (XUV) wavelength regime, could strip away the atmospheres of rocky

exoplanets within astronomically short time scales. This would leave them as barren rocks,

although models do not agree on these scenarios (Nakayama et al. 2022; Van Looveren et

al. 2025). This disparity can be resolved by observing atmospheres around these exoplanets,

without necessarily characterising them. The detection of a rocky exoplanet atmosphere

represents another fundamental frontier in observations with state-of-the-art instruments such

as JWST.

Rocky planets with especially close orbits belong to an even more exotic subcategory in

this parameter space, called lava planets. Although they are not necessarily restricted to radii

comparable to Earth, their orbital proximity differentiates them from their size counterparts

in the transitional planet regime. These exoplanets have surface temperatures high enough

to melt rock, thereby forming a magma ocean on the exoplanet’s surface. Subsequently, their

atmospheres could contain silicates in vapour form (Schaefer and Fegley 2009; Lichtenberg

and Miguel 2025). Few examples of such exoplanets are known and well characterised,

but spectroscopic observations of their atmospheres suggest scenarios ranging from absent
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atmospheres to vaporised silicates or even thick volatile atmospheres (Crossfield et al. 2022;

Zieba et al. 2022; Hu et al. 2024).

1.3 Investigating exoplanetary atmospheres

The discovery of the first extrasolar planets more than thirty years ago has produced a rapidly

accelerating field of research. The parameter space of the exoplanets we have discovered so

far is populated by objects that are significantly different from the planets we know in the

Solar System. However, detecting the presence of planets in stellar systems outside our own is

only the first step in understanding fundamental questions about their formation and nature.

Placing the planets of our Solar System in the broader context of planetary populations requires

us to understand more than the bulk properties of exoplanets. To address pressing questions

about their nature and formation pathways, we need ways to more closely investigate their

atmospheres.

1.3.1 Atmospheric retrieval

To derive the properties of exoplanetary atmospheres, we use a technique called atmospheric re-

trieval. This method uses an inverse modelling approach to estimate atmospheric characteristics,

such as the vertical temperature distribution or the chemical composition, from observational

data. Atmospheric retrieval has its origins in the study of the atmospheres we find within the

Solar System (Rodgers 2000). Inverse modelling methods are used to characterise Earth’s

atmosphere from remote observations (e.g., Stubenrauch et al. 2008; Li et al. 2024). They

are similarly used to characterise the atmospheric thermal, chemical, and aerosol properties

of rocky bodies in the Solar System, including Venus (Marcq et al. 2006; Helbert et al. 2023),

Mars (Guerlet et al. 2022; Kleinböhl et al. 2024), and Titan (Fan et al. 2019).

The information content of exoplanet atmospheric observations is not comparable with

the information contained in Solar System atmospheric spectra. Early characterisation efforts

on the atmospheres of hot Jupiters used simple atmospheric models combined with radiative

transfer calculations to infer the presence of atomic or molecular species in an exoplanet’s atmo-

sphere from low-resolution spectroscopic data (Charbonneau et al. 2002; Tinetti et al. 2007).

Madhusudhan and Seager (2009) proposed a way of using a parametric atmospheric forward

model combined with millions of model evaluations to characterise exoplanet atmospheres

driven by observational data. Since then, atmospheric retrievals have advanced significantly,

and numerous frameworks have been developed for these purposes. For a comprehensive list

of state-of-the-art atmospheric retrieval frameworks, I refer to MacDonald and Batalha (2023).

As inverse modelling techniques, atmospheric retrieval frameworks follow the core principle

of statistical inference driven by observational data, and require three components: (1) a

reliable dataset, (2) an atmospheric forward model, and (3) a parameter estimation method. I

illustrate the general workflow of an atmospheric retrieval framework in Figure 1.5. It rests

on two main pillars – the inference-guiding observational data and the forward model. The

14



CHAPTER 1 – INTRODUCTION

Atmospheric spectrum Atmospheric model

Input parameters (com-
position, p-T profile, ...)

Radiative transfer 
calculation

Parameter estimation 
scheme

Posterior distributions,
model evidence, ...

Raw observation

Data reduction 
assumptions

Observational data Forward model
Parameter inference

Figure 1.5: Structure of atmospheric retrieval frameworks. An atmospheric forward model is used to
generate synthetic observations via radiative transfer calculations. These are compared to observed data.
A parameter-estimation scheme is used to explore the parameter space of the forward model, resulting
in posterior distributions for its parameters.

type of atmospheric observational data influences how the forward model is constructed, given

the expected information it encodes. In general terms, it includes fixed parameters (such as

planetary and stellar bulk properties) and variable parameters that encode prescriptions for

the atmospheric chemical composition, the pressure-temperature structure, and the presence

of aerosols. Synthetic observations calculated from this model are then compared with the

observational data in an iterative scheme, yielding an ensemble of forward-model parameters

at the end of the parameter-estimation process.

Chemistry

Forward models need to account for the chemical structure of the exoplanet’s atmosphere.

In the heuristic approach of ‘free chemistry’, molecular profiles are fitted individually for

each species considered. These profiles are defined in the domain of the forward model,

characterised by their vertical (or pressure-dependent) shape. Each profile is determined by n

free parameters, representing the vertical nodes on which it is anchored. The vertical positions

of these nodes can be free parameters themselves, raising this number to 2n per species. Because

this introduces a large number of free parameters into the forward model, molecular profiles in

this approach are often considered vertically homogeneous, thereby coarsely determining the

presence and abundance of atmospheric absorbers (Changeat et al. 2019; Al-Refaie et al. 2022).

Self-consistent chemical models can substitute for this flexible but coarse implementation of

chemistry. They reduce the number of free parameters by trading them off against more rigid

model assumptions, relying on underlying chemical networks and often derived under the

assumption of thermochemical equilibrium. Atmospheric molecular profiles are inferred based

on the minimisation of Gibbs-free energy (Stock et al. 2018; Woitke et al. 2018; Agúndez

et al. 2020). Recently, chemical forward models have been developed that seek to circumvent

these constraints by introducing additional free parameters to mimic disequilibrium processes
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(Constantinou and Madhusudhan 2024) or by incorporating disequilibrium chemistry using

reduced chemical networks (Al-Refaie et al. 2024).

Pressure-temperature structure

The vertical temperature structure in retrievals is captured in the atmospheric pressure-

temperature (p–T) profile. Similar to chemical profiles, ‘free’ n-point p–T profiles are con-

structed by interpolating between n temperature values retrieved within the atmospheric

pressure domain. The simplest form of this is an isothermal profile, characterised by a constant

temperature throughout the atmosphere. Heuristic p–T profiles offer significant flexibility

in determining the atmospheric temperature structure, but at the cost of a large number of

free parameters. The degree of complexity of such a profile needs to be carefully investigated

to ensure that the information content of the data is preserved and that the estimation of

other forward-model parameters is not inadvertently biased (e.g. Rocchetto et al. 2016; Lueber

et al. 2024). In contrast, parametric p–T prescriptions provide a trade-off between a smaller

number of free parameters and more rigid assumptions. One common parametric implemen-

tation is the ‘Guillot’ profile (Guillot 2010; Line et al. 2012). It assumes thermochemical

equilibrium in the atmosphere and approximates atmospheric radiation in three channels, split

between two optical and one infrared channel, and depends on five free parameters. The

Guillot profile is physically motivated through the assumption of radiative equilibrium, but it

produces isothermal atmospheres at low pressures, which might not be an accurate reflection of

an exoplanet’s atmosphere (Barstow and Heng 2020; Fortney et al. 2021). The ‘Madhusudhan’

profile (Madhusudhan and Seager 2009) is another common parametric p–T profile. It uses

three layers defined by generalised exponential profiles, designed to reproduce temperature

profiles observed in the Solar System planets and from self-consistent atmospheric models

of exoplanets. The Madhusudhan profile provides more flexibility in resolving temperature

inversions at the cost of one additional free parameter compared to the Guillot profile, and has

problems reproducing the deep atmospheric temperature structure from self-consistent models

(Blecic et al. 2017).

Clouds

The inclusion of clouds inevitably complicates atmospheric retrievals, as it adds additional free

parameters into the forward model. A simple prescription to account for the presence of clouds

in an exoplanet’s atmosphere is to assume a wavelength-independent opacity step function at a

specified pressure, often referred to as grey clouds. Flat-opacity clouds add only a single free

parameter to the forward model, but they can break down when the underlying data covers

larger wavelengths (Barstow and Heng 2020). With increasing quality in observational data and

the expected diversity in signatures from aerosols (Gao et al. 2021), more complex parametric

and self-consistent prescriptions to account for the distribution and nature of aerosols have

been implemented (Ormel and Min 2019; Ma et al. 2023; Changeat et al. 2025).

This diversity in atmospheric forward-model parametrisations might seem daunting. How-

ever, it pays to consider the type of underlying data that is fed into the parameter estimation
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process. This determines the kind of atmospheric information we are mainly probing and

informs us on how to set up our retrieval schemes. The different types of observational data,

and what we have learned from them, are what we will examine next.

1.3.2 Transmission spectroscopy

Transmission spectroscopy refers to spectroscopic observations of an exoplanet’s transit. As we

have seen in Equation 1.4, the drop in flux measured during transit directly encodes information

about the radius of the exoplanet. While exoplanet detections using the transit method rely on

photometric observations to determine an exoplanet’s bulk size, panchromatic observations of

the transit show that this radius depends on the observed wavelength. We can express this as

δppλq “

ˆ

Rppλq

R˚

˙2

, (1.7)

where δppλq and Rppλq are the wavelength-dependent transit depth and radius of the exoplanet,

respectively, and R˚ is the radius of the host star. We see an example of this in Figure 1.6,

which shows the measured radius of a hot Jupiter from a panchromatic transit recorded with

JWST. The panchromatic variations of the measured radius originate from the fact that the flux

measured during a transit passes through the exoplanet’s atmosphere, where it is attenuated

primarily by molecular absorption. Figure 1.6 also shows where the absorption by H2O and

CO2 is expected to be very pronounced, corresponding to significant increases in the measured

exoplanetary radius (Zhang et al. 2024a).

Transmission spectroscopy has been primarily used to investigate the atomic and molecular

inventory of exoplanetary atmospheres. The first exoplanet to have a detected atmospheric sig-

nature was the hot Jupiter HD 209458 b. Using observations with the Space Telescope Imaging

Spectrograph (STIS), Charbonneau et al. (2002) reported the detection of absorption by Na and

Vidal-Madjar et al. (2003) recovered the signature of escaping H through Lyman-α absorption.

These atomic absorption features are constrained to a very narrow wavelength range. The

first broadband absorption features in exoplanetary atmospheres were discovered shortly after.

Barman (2007) reported on the absorption by H2O in the atmosphere of HD 209458 b, by

covering a larger wavelength range than the previous atomic absorption feature analyses.

Tinetti et al. (2007) used data from the Spitzer space telescope Infrared Array Camera (IRAC)

to uncover absorption of H2O in the atmosphere of the hot Jupiter HD 189733 b. Observations

taken with the Wide Field Camera 3 (WFC3) onboard the Hubble Space Telescope (HST) have

been a major driving force in the study of exoplanet atmospheres in transmission. WFC3 data

have been used to study exoplanetary populations, focusing on the detection of H2O absorption

signatures and the influence of atmospheric clouds (Sing et al. 2016; Tsiaras et al. 2018).

With the advent of JWST, the wavelength coverage, spectral resolution, and SNR of exoplanet

transmission spectra have been significantly improved. Observational capabilities of JWST

extend between approximately 1 µm and 12 µm, making it more amenable for the absorption
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Figure 1.6: Example of an exoplanet transmission spectrum, showing wavelength (in µm, x-axis)
against transit depth (in %, y-axis). The data shown here are from an observation of the hot Jupiter
HD 189733 b (JWST NIRCam, Zhang et al. 2024a).

signatures of molecular ro-vibrational lines. One of the best-studied hot Jupiters observed with

JWST in transmission is WASP-39 b. The absorption signature of CO2 was first detected in its

atmosphere using JWST (JTERS23). Its chemical composition has since been characterised by

absorption signatures from Na,K, H2O, COand SO2 (Ahrer et al. 2023; Alderson et al. 2023;

Feinstein et al. 2023; Rustamkulov et al. 2023; Powell et al. 2024). The abundances of

SO2 inferred from these observations indicate a production by photochemical processes (Tsai

et al. 2023), making this the first detection of a disequilibrium process in an exoplanet’s

atmosphere. This detection has also been reported in the atmospheres of other hot gas giants

since then (Dyrek et al. 2024; Barat et al. 2025; Gressier et al. 2025), opening the door

to detailed investigations into the chemical processes that shape giant planet compositions

(Crossfield et al. 2025).

As we move down the parameter space of exoplanets shown in Figure 1.3, atmospheric

characterisation becomes more difficult, even with state-of-the-art instruments. Atmospheric

signals for these exoplanets become smaller, and many of them show indications of high-

altitude cloud cover that mute spectral features (Brande et al. 2024). A famous example of

this is GJ 1214 b. Extensive studies with both HST and JWST have repeatedly revealed a

mostly flat transmission spectrum, making it difficult to determine its atmospheric properties

(Berta et al. 2012; Kreidberg et al. 2014a; Ohno et al. 2025). Transitional planets such as

K2-18 b and TOI-270 d have proven more amenable to characterisation efforts. Observations

with HST have provided conflicting results between H2O and CH4 absorption features in the

atmosphere of K2-18 b (Tsiaras et al. 2019; Bézard et al. 2022). JWST has been able to break

this degeneracy, enabling the characterisation of bulk atmospheric constituents (such as CH4

and CO2) in the atmospheres of transitional planets (Madhusudhan et al. 2023; Holmberg and

Madhusudhan 2024).

Characterising the atmospheres of rocky planets using transmission spectroscopy presents

a hurdle currently not surmountable with state-of-the-art data. A prominent example of
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this is the TRAPPIST-1 system, which contains seven approximately Earth-sized exoplanets.

Observations with HST and JWST have revealed flat transmission spectra for the exoplanets in

this system (de Wit et al. 2018; Gressier et al. 2022; Espinoza et al. 2025; Piaulet-Ghorayeb

et al. 2025), consistent with the absence of light, hydrogen-dominated envelopes around

these exoplanets. While they cannot rule out tenuous secondary atmospheres, theory suggests

that the exoplanets in this system would be bare rocks, stripped of their atmospheres (Van

Looveren et al. 2024). Their host stars further complicate the atmospheric characterisation of

rocky planets via transmission spectra. The activity of low-mass stars can mimic or mask the

transmission signal of these targets (e.g. Rackham et al. 2018), leading to a high likelihood of

contaminated transmission spectra (Lim et al. 2023; Radica et al. 2025).

It is worth noting that the high-quality transmission spectra obtained with JWST potentially

contain more information than is extracted using one-dimensional terminator models. Firstly,

efforts have been made to extract asymmetric information from the morning and evening limbs

during exoplanetary transits (Espinoza et al. 2024; Murphy et al. 2024). Secondly, assumptions

about the data of transmission spectra neglect the thermal emission from the exoplanet’s

night side, which points towards the observer during a transit (Kipping and Tinetti 2010).

Lustig-Yaeger et al. (2025) recently presented a first foray into extracting thermal and chemical

information about the night-side of a hot Jupiter using the infrared excess during its transit.

1.3.3 Emission spectroscopy

180˝ after a primary transit, an exoplanet will disappear behind its host star in an event we

call a secondary eclipse. If we compare the flux we measure inside and outside this occultation,

we can gain information about the flux coming from the exoplanet itself through the dip in the

light curve (similar to what we have seen in Figure 1.2). The depth of this dip, ∆e, encodes

information about the flux contribution coming from the exoplanet’s dayside, (Winn 2010)

∆epλq “
Fp

F˚

pλq “
IpR2

p

I˚R2
˚

pλq. (1.8)

Here, Fp and F˚ represent the specific flux of the exoplanet and host star, Ip and I˚ their specific

intensities, Rp and R˚ their radii, and λ the measured wavelength. The eclipse depth shown

in Equation 1.8 encodes information about the flux from the exoplanet’s dayside relative to

the flux of the host star at the same wavelength. While this combines thermal emission and

reflected light, emission spectroscopy at infrared wavelengths primarily measures the thermal

emission of an exoplanet’s atmosphere. An exoplanet emitting as a blackbody would produce a

smooth curve, representative of the exoplanet’s effective temperature. However, the presence

of an atmosphere alters the observed flux from an exoplanet’s dayside. Consequently, emission

spectroscopy is sensitive to the molecular composition of the exoplanet’s atmosphere and

its thermal structure. We see this in Figure 1.7, which shows the eclipse spectrum of a hot

Jupiter recorded with JWST. The reduction in eclipse depth centred at 4.3 µm is caused by the

absorption of CO2, meaning that the observed flux comes from higher and cooler region of the
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Figure 1.7: Example of an exoplanet emission spectrum, showing wavelength (in µm, x-axis) against
exoplanet dayside flux ratio (in %, y-axis). The data shown here are from an observation of the hot
Jupiter HD 189733 b (JWST NIRCam, Zhang et al. 2024a).

atmosphere at this wavelength (Zhang et al. 2024a). In the presence of a thermal inversion,

molecular absorption features become emission features, making emission spectroscopy an

ideal technique to characterise the thermal structure of an exoplanet’s atmosphere.

As with transmission spectroscopy, the detection and characterisation of exoplanets based

on secondary eclipses are most amenable to hot Jupiters. Charbonneau et al. (2005) reported

the first photometric measurement of infrared emission from an exoplanet by measuring the

secondary eclipse of the TrES-1 b. The first multiband measurements, translating to a very low

resolution spectrum, were reported by Deming et al. (2005) for the hot Jupiter HD 189733 b.

Emission spectroscopy performed with HST has enabled the study of the molecular inventory

and thermal structure of hot Jupiters, extracting information about their atmospheric H2O

content and the presence of thermal inversions (e.g., Kreidberg et al. 2014b; Haynes et al. 2015;

Changeat et al. 2022). With the advent of JWST, the broader accessible wavelength range has

enabled more detailed characterisations of several hot Jupiters, determining their atmospheric

metallicity (August et al. 2023; Schlawin et al. 2024; Gressier et al. 2025) and identifying the

presence of CH4 in cooler gas giants below temperatures of 1000 K (Bell et al. 2023; Wiser

et al. 2025).

Characterising smaller exoplanets through emission spectroscopy becomes increasingly

complex, as the flux contribution from the exoplanet’s atmosphere to the total measured flux

becomes vanishingly small (Mukherjee et al. 2025). Particularly hot exoplanets are among

the more amenable targets. One outstanding example is the observation of the lava planet

55 Cnc e. Analyses of emission spectra taken with JWST have hinted at a possibly volatile-rich

atmosphere of this exoplanet (Hu et al. 2024), but variability in the eclipse spectra makes

conclusive interpretations difficult (Patel et al. 2024). The search for an atmosphere enveloping

an Earth-sized exoplanet has also been a focus of emission measurements performed with JWST.

Although not amenable to characterisation, observations of these exoplanets can point towards

the presence or absence of atmospheres. So far, these emission photometry and spectroscopy
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observations have been mostly consistent with airless bodies or very tenuous atmospheres

(Greene et al. 2023; Zieba et al. 2023; Weiner Mansfield et al. 2024; August et al. 2025;

Wachiraphan et al. 2025). Future observational campaigns, such as the 500-hour Rock Worlds

JWST programme (Redfield et al. 2024), will further investigate the prevalence of atmospheres

around rocky exoplanets.

As with analysis of transmission spectra, more detailed analyses of the light curves during a

secondary eclipse can provide spatial information about the exoplanetary atmosphere. During

the ingress and egress of a secondary eclipse, the dayside of the exoplanet is partially eclipsed

by its host star, allowing a mapping of its brightness distribution. This technique is commonly

referred to as eclipse mapping (Williams et al. 2006; Rauscher et al. 2007) and is the only method

of deriving both longitudinal and latitudinal information about an exoplanet’s atmosphere. It

has been successfully applied to derive information about the dayside temperature distribution

and hot-spot position of two hot Jupiters: HD 189733 b (Wit et al. 2012; Majeau et al. 2012;

Rauscher et al. 2018) and WASP-18 b (Coulombe et al. 2023; Challener et al. 2025).

Lastly, combined-light flux measurements are not the only method of observing exoplanetary

atmospheres. Spectroscopic observations of directly imaged exoplanets directly probe atmo-

spheric emission. Because they have no other observables, models used to infer the properties

of these exoplanets have to account for additional unknown parameters, such as the planetary

mass or radius, in the inference. Spectroscopic observations of these objects were historically

restricted to ground-based instruments (Barman et al. 2011; Konopacky et al. 2013; Greenbaum

et al. 2018; Zhang et al. 2024b). However, the increased sensitivity of JWST has enabled the

characterisation of cooler and smaller planetary-mass companions (Miles et al. 2023; Matthews

et al. 2024; Balmer et al. 2025; Voyer et al. 2025).

1.3.4 Phase curve spectroscopy

Transmission and emission spectra represent observations of exoplanetary atmospheres over

fractions of their orbits, focusing on the atmospheric terminator or the dayside region, re-

spectively. Observing the totality of an exoplanet’s orbit (or phase curve) adds significant

information to measurements, as it tracks spatial information about the atmosphere, such as

day-to-night heat distribution and hot-spot offsets driven by atmospheric dynamics (Cowan

et al. 2007). Figure 1.8 illustrates this, showing the broad-band phase curve of a hot Jupiter

recorded with JWST, centred on the exoplanet’s primary transit. The long-term sinusoidal

trend of this observation encodes the contribution of the exoplanet’s dayside to the measured

flux. The peak of this curve is shifted compared to the time of the exoplanet’s eclipse, indicating

that the hottest part of its atmosphere is longitudinally offset from the sub-stellar point (Bell

et al. 2024).

Observing phase curves and inferring atmospheric properties from them is non-trivial.

Compared to transmission or emission spectroscopy, observations of a complete orbital phase

take significant time investment and rely on long-term instrument stability (Knutson et al. 2012).
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Figure 1.8: Example of an exoplanet phase curve showing time (in d, x-axis) against normalised flux
(relative to the stellar flux, y-axis). The data shown here are from an observation of the hot Jupiter
WASP-43 b (MIRI LRS, Bell et al. 2024).

With HST, phase curves of a few amenable hot Jupiters have been observed (Stevenson et

al. 2014; Kreidberg et al. 2018; Arcangeli et al. 2019; Mikal-Evans et al. 2022), resolving

diurnal variations in temperature and atmospheric H2O abundances. Advances with JWST

have enabled the phase-curve characterisation of smaller exoplanets, such as the hazy and

high-MMW atmosphere of the transitional planet GJ 1214 b (Kempton et al. 2023) or the

atmosphere-less Earth-sized planet GJ 367 b (Zhang et al. 2024c).

Traditional analyses of phase-curve data employ one-dimensional atmospheric retrieval

approaches to recover atmospheric characteristics at individualised points in the orbital phase

(e.g, Stevenson et al. 2014; Kreidberg et al. 2018). More recently, novel approaches have been

developed to perform unified retrievals that properly couple the atmospheric model across

multiple dimensions, including the spatial (e.g., Irwin et al. 2020; Chubb and Min 2022) or

wavelength domain (Changeat et al. 2024).

1.4 Research questions and thesis outline

With the recent launch of JWST and the upcoming launch of the Ariel space mission, the science

yield from observations of extrasolar planets is poised to increase by orders of magnitude.

This revolution in data quality inescapably urges us to re-evaluate the methodologies we

use to derive atmospheric properties in the context of state-of-the-art observational data. In

this work, we will examine how this leap in data quality affects two fundamental pillars of

atmospheric retrieval – the parameter-defining atmospheric forward model and the inference-

guiding observational data. Chapter 2 provides an overview of the methods used in this

thesis. This encompasses the instruments of JWST and how we perform data reduction, the

atmospheric radiative transfer model and its components, and the statistical framework we

use to infer atmospheric properties. Using these methods, we will evaluate the state-of-the-art

methodology to characterise exoplanet atmospheres from transmission spectra by addressing
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the following questions:

How strong can model assumptions bias the results of atmospheric retrievals?

The parametrisation of the forward model is a central pillar of atmospheric retrievals. In the SNR

regime of exoplanet atmospheric observations, the information contained in the spectra can be

limited. Overly complex models might not be supported by the data, while underparameterised

forward models can bias atmospheric retrieval results. Rocchetto et al. (2016) showed that

an isothermal p–T profile can bias atmopsheric retrieval results of transmission spectra. They

considered idealised observational scenarios, simulating multi-instrument JWST transmission

spectra of a cloud-free hot Jupiter. Since then, observational data from JWST have become

available, demonstrating that combining datasets from different instruments is nontrivial. In

Chapter 3, we will investigate whether the biases reported by Rocchetto et al. (2016) translate

into single-instrument, single-transit observations with realistic noise levels, and whether they

are uniform across all instruments. To investigate this, we will examine atmospheric retrievals

of simulated hot-Jupiter transmission spectra with realistic observational noise and assess

the impact of using p–T profiles of varying complexity on the reported retrieval parameter

estimates.

How stable are atmospheric retrieval results against perturbations of the underlying

data?

The underlying observational data guide the parameter estimation process in atmospheric re-

trievals. By definition, Bayesian inference frameworks assume these data are ‘correct’. However,

analyses of JWST data have shown that using different data reduction pipelines can affect

the extracted atmospheric spectrum (e.g., Ahrer et al. 2023; Coulombe et al. 2023). Differ-

ences in these pipeline-coupled spectra propagate into the posterior distributions of forward

model parameters (e.g., Powell et al. 2024; Davenport et al. 2025; Schmidt et al. 2025). In

Chapter 4, we will investigate how these differences manifest on the level of an individual

data reduction pipeline. We will identify differences in a transmission spectrum derived from

the same raw data using the same data reduction pipeline but with different assumptions in

individual reduction steps. We will perform end-to-end data reduction of a transit observation

performed with JWST, deriving the transmission spectrum of a hot Jupiter. By scattering this

spectrum, we will investigate how stable atmospheric retrieval results are under uncorrelated

data perturbations. We will contrast this with a stability analysis of results we derive from

already existing transmission spectra of the same exoplanet. These were derived from the

same raw data using the same pipeline, allowing us to quantify the impact of pipeline-level

differences in the data on atmospheric retrieval results.

Chapter 5 summarises the findings of this thesis. We will provide answers to the research

questions posed above and consider the broader implications that they have for atmospheric

characterisation efforts in the era of JWST and Ariel.
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METHODOLOGIES

"For a moment, nothing happened.
Then, after a second or so, nothing continued to happen."

Douglas Adams

The Hitchhiker’s Guide to the Galaxy
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This Chapter provides an overview of the methods used throughout this work. Section 2.1

describes the instrument used in this work, the observational data that comes from it, and

how raw observational data is reduced into finished data products. Section 2.2 covers the

methodology used to characterise exoplanet atmospheres from these observations, including a

description of the radiative transfer calculations used to derive transmission spectra from an

atmospheric model and the atmospheric retrieval framework used in this work. Section 2.3 dis-

cusses how to merge the observational data and spectral models using the statistical framework

of Bayesian inference.

2.1 The data: Transmission spectra

The work presented here focuses on the atmospheric characterisation of hot Jupiters using their

transmission spectra. The source of these spectra is the James Webb Space Telescope (JWST,

Gardner et al. 2023), a space-based observatory launched on 25 December 2021 in orbit around

the Sun-Earth L2 point. Before the launch of JWST, exoplanet atmospheric spectroscopy from

space was driven by two other observatories: HST and the Spitzer Space Telescope (Spitzer).

With the launch of JWST, these observations have entered a new era in terms of wavelength

coverage, spectral resolution, and sensitivity.

2.1.1 The James Webb Space Telescope

JWST is a 6.5 m infrared (IR) space telescope jointly developed between the National Aeronau-

tics and Space Administration (NASA), the European Space Agency (ESA), and the Canadian

Space Agency (CSA). Initially conceived as the Next Generation Space Telescope (HST & Beyond

Committee et al. 1996), it represents the culmination of approximately 30 years of develop-

ment and serves as a successor to HST. Compared with the previous state of the art, JWST

has radically improved the quality of exoplanetary atmospheric observations. We see this in

Figure 2.1, which compares transmission spectra of a hot Jupiter taken with HST and Spitzer

to observations of the same exoplanet with JWST. In the top panel, we see transmission spectra

from HST’s Space Telescope Imaging Spectrograph (STIS) and Wide Field Camera 3 (WFC3).

These transmission spectra represent a combination of three and two transits, respectively (Sing

et al. 2016), and each cover only narrow wavelength ranges of ∆λ« 0.7µm. In comparison

to that, the JWST NIRISS transmission spectrum is the result of a single transit (Feinstein

et al. 2023), covering a wavelength regime about twice as wide (∆λ« 2µm). The improved

data quality of JWST is even more apparent when we look at wavelengths longward of 3 µm. In

the bottom panel of Figure 2.1, We see observations taken with the 3.6 µm and 4.5 µm channels

of Spitzer’s Infrared Array Camera (IRAC) instrument (Sing et al. 2016). In this wavelength

regime, they represent less an atmospheric spectrum, and more individual photometric radii.

Compared to that, the JWST NIRSpec observation (Alderson et al. 2023) spanning∆λ« 2.5µm

already allows a visible identification of atmospheric absorption features.

These examples show the capabilities of two of JWST’s instruments in observing exoplanet
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Figure 2.1: Illustration of transmission spectra of the hot Jupiter WASP-39 b. Both panels show
wavelength (in µm, x-axis) against transit depth (in %, y-axis). (Upper panel) A comparison between
transmission spectra taken by HST and JWST. Results from HST STIS (Sing et al. 2016) are shown
in blue, from HST WFC3 (Sing et al. 2016) in yellow. Results from JWST NIRISS presented in Carter
& May et al. (2024) are shown in black. (Lower panel) A comparison between transmission spectra
taken by Spitzer and JWST. Spitzer IRAC results (Sing et al. 2016) are shown in red. Results from JWST
NIRSpec (F290LP/G395H) presented in Carter & May et al. (2024) are shown in black. The data were
retrieved from the Atmospheric Spectroscopy Table (https://doi.org/10.26133/NEA36).

atmospheres through primary transits. In total, JWST carries four IR instruments, each providing

imaging and spectroscopic capabilities. Together, they have 17 operating modes encompassing

both static and time-series observation (TSO) capabilities (Gardner et al. 2023). Three of

the instruments (NIRCam, NIRISS, and NIRSpec) operate in the near-infrared (NIR), and

one of them (MIRI) operates in the mid-infrared (MIR). This results in a total operational

wavelength range from 0.6 µm to 28 µm. JWST is a multi-purpose observatory serving the

astronomical scientific community from cosmology and early-universe observations to Solar
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System physics. The focus of the work I discuss here is on observations obtained with NIRSpec,

but all instruments of JWST have been successfully used to study the atmospheres of exoplanets.

As part of the early release science (ERS) programme to investigate JWST’s capabilities of

studying transiting exoplanets, it observed the hot Jupiter WASP-39 b (Faedi et al. 2011) with all

NIR instruments. Results from these analyses have directly emphasised the leap in data quality

from previous state-of-the-art observatories. One of the most important findings from these

early investigations was the identification of SO2 in the atmosphere of WASP-39 b (Rustamkulov

et al. 2022; Alderson et al. 2023). This was the first observational indicator of photochemical

processes altering the composition of an exoplanet’s atmosphere away from thermochemical

equilibrium (Tsai et al. 2023). A follow-up transit observation in the MIR with JWST confirmed

this finding (Powell et al. 2024), making WASP-39 b one of the most well-studied exoplanets

with JWST. As each of its instruments covers different wavelength regimes at varying spectral

resolutions, its capabilities enable the study of exoplanetary atmospheres in unprecedented

detail.

NIRCam

The Near-InfraRed Camera (NIRCam) instrument performs observations with several broad-,

medium-, and narrow-band filters, split into a short-wavelength (SW) channel from 0.6 µm to

2.3 µm, and a long-wavelength (LW) channel from 2.4 µm to 5.0 µm (Horner and Rieke 2004;

Rieke et al. 2023). NIRCam has five observational modes and was primarily designed to perform

imaging (Gardner et al. 2023). It is one of two instruments onboard JWST used to directly

image exoplanets with its coronographic capabilities (the other is MIRI). To spectroscopically

observe exoplanet transits, it uses a grism time series (GTS) mode in its LW channel. This

results in spectra between 2.4 µm and 5.0 µm (depending on the implemented filter) at a

spectral resolution of R « 1500 (Greene et al. 2017). LW-channel spectroscopy is paired

with SW-channel observations. These are either photometric or in the form of low-resolution

spectroscopy at R « 300 (Schlawin et al. 2016; Rieke et al. 2023). The ERS transmission

spectrum of WASP-39 b observed with NIRCam primarily covers a broad absorption feature by

H2O centred at approximately 2.8 µm (Ahrer et al. 2023).

NIRCam has a K-band sensitivity threshold of 4.0 mag to 4.5 mag (Rieke et al. 2023),

enabling transit observations of the brightest host stars among the instruments of JWST. This

has allowed observations of the lava planet 55 Cnc e (Hu et al. 2024), the young, Neptune-sized

AU Mic b (Implementation Cycle 4; PID: 5311; PI: A. Feinstein) and the archetypical hot Jupiter

HD 189733 b (Zhang et al. 2024b). The host stars in these systems have K-band magnitudes

of 4.02 mag, 4.53 mag and 5.54 mag, respectively (Cutri et al. 2003), making them brightest

host stars observed with JWST to date.

NIRISS

The Near-InfraRed Imager and Slitless Spectrograph (NIRISS) instrument operates in four obser-

vational modes, primarily designed for spectroscopy. It also has redundant imaging capabil-
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ities that overlap with those of NIRCam (Doyon et al. 2012; 2023). The single-object slitless

spectroscopy (SOSS) mode is specifically designed to perform spectroscopic observations of

exoplanetary transits, with a J -band sensitivity threshold of 6.3 mag and a spectral resolution of

R « 700 (Doyon et al. 2023). The grism used for SOSS produces three orders of cross-dispersed

spectra covering 0.6 µm to 2.83 µm. The first (0.84 µm to 2.83 µm) and second (0.6 µm to

1.4 µm) spectral orders are marginally overlapping due to technical constraints, making spectral

extraction non-trivial, while the third order is not meant for science yield, with most of its

transmission blueward of 0.6 µm (Albert et al. 2023).

The broad wavelength coverage of NIRISS encompasses major absorption features from

H2O and CH4 in its first order, as well as from K in its second order. During commissioning,

NIRISS observed the hot Jupiter HAT-P-14 b, tentatively identifying absorption by H2O in its

atmosphere, together with a high cloud deck (Albert et al. 2023; Liu et al. 2025). As part of

the ERS, NIRISS has produced a transmission spectrum of WASP-39 b. This spectrum is also

illustrated in the upper panel of Figure 2.1 (upper panel). Feinstein et al. (2023) reported

clear identifications of absorption features by H2O and K in the atmosphere of WASP-39 b

from this observation. NIRISS has also been used to disentangle the degeneracy between

absorption features from H2O and CH4 in the sub-Neptune K2-18 b (Benneke et al. 2019; Blain

et al. 2021; Bézard et al. 2022). Together with complementary observations from NIRSpec,

absorption by CH4 has clearly been identified in its atmosphere (Madhusudhan et al. 2023;

Schmidt et al. 2025).

NIRSpec

The Near-InfraRed Spectrograph (NIRSpec) is designed to perform both single-object and multi-

object spectroscopy in 4 observational modes, covering wavelengths from 0.6 µm to 5.5 µm

(Jakobsen et al. 2022; Böker et al. 2023). It observes exoplanet transits in the bright object

time series (BOTS) mode using a fixed slit together with a variety of dispersion and filter

element combinations, as described in Birkmann et al. (2022). Using a prism as the dispersion

element in combination with a clear filter, it can perform low-resolution (R « 100) spectroscopy

from 0.6 µm to 5.5 µm with a high J -band sensitivity threshold of approximately 10.5 mag,

making the observation of bright host stars difficult. NIRSpec BOTS also offers combinations of

medium-resolution (R « 1000) or high-resolution (R « 3000) gratings with filters to cover parts

of this total wavelength range. This decreases the J -band sensitivity threshold to below 6 mag

for some combinations (Gardner et al. 2023). NIRSpec disperses its spectra onto two detectors

(labelled NRS1 and NRS2). When using the prism or medium-resolution gratings, these spectra

are dispersed solely onto NRS 1, while observations taken with the high-resolution gratings

are dispersed over both detectors, creating a gap of approximately 0.1 µm in the spectrum

(Birkmann et al. 2022).

NIRSpec has been used extensively to observe transiting exoplanets. Around 40% of obser-

vational programmes during the first four cycles of JWST make use of one of its observational

modes (TrExoLiSTS 2026). The NIRSpec prism mode provides the widest continuous wave-
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length coverage of any NIR instrument modes available for JWST. As part of the ERS, WASP-39 b

was observed in this mode, deliberately achieving saturation below approximately 2.2 µm to

improve the SNR of the observation. This data has led to the first detection of CO2 in the

atmosphere of an exoplanet (JTERS23). Rustamkulov et al. (2023) presented an investigation

into retrieving information from the saturated part of the detector, providing a continuous NIR

spectrum constraining several atmospheric trace species, including Na, H2O, CO2, and SO2.

The combination of the high-resolution G395H grating and F290LP filter is another ob-

servational mode extensively used to observe exoplanet transits with JWST. It covers the

long-wavelength wing of the broad H2O absorption feature centred at 2.8 µm, as well as signif-

icant absorption features of methane at 3.4 µm and of CO2 at 4.2 µm. Alderson et al. (2023)

presented an analysis of a WASP-39 b transmission spectrum taken in this observational mode,

identifying absorption by H2O, CO2, and SO2. The G395H/F290LP mode also complements

observations with NIRISS. HAT-P-14 b (Liu et al. 2025) and K2-18 b (Madhusudhan et al. 2023;

Schmidt et al. 2025) are examples of exoplanetary atmospheres observed with both modes.

This provides continuous wavelength coverage comparable to that of NIRSpec prism, but with

a lower sensitivity threshold (allowing for observations of brighter host stars) and higher

spectral resolution. A drawback of this is the uncertainty in detector-level (for NRS1 and NRS2)

and instrument-level (between NIRISS and NIRSpec) offsets between individually observed

transmission spectra (e.g., Madhusudhan et al. 2023; Carter & May et al. (2024)).

MIRI

The Mid-InfraRed Instrument (MIRI) is the only instrument onboard JWST that performs

observations in the MIR, in a wavelength range from 5 µm to 28.5 µm (Rieke et al. 2015; Wright

et al. 2023). It has four operational modes, encompassing imaging (including coronography)

and spectroscopy, and is the only instrument for which all observational modes have been

used to observe exoplanet atmospheres. MIRI’s coronography mode allows it to directly image

exoplanets, complementing the capabilities of NIRCam in the NIR.

A primary driver of exoplanet observations with MIRI is the low-resolution spectroscopy

(LRS) mode, which operates with a fixed slit or in a slitless mode (Kendrew et al. 2015).

LRS provides spectra with a resolution of R « 100 in a wavelength range of 5 µm to 12 µm,

and has been used to observe transmission and emission spectra, as well as exoplanet phase

curves. After the extensive ERS observational campaign of WASP-39 b found evidence of the

absorption of SO2 in its atmosphere, a MIRI LRS observation was used to further confirm the

presence of SO2 through absorption features at 7.7 µm and 8.5 µm (Powell et al. 2024). LRS

has been used to study a wide range of exoplanets in transmission, emission and through phase

curves, including hot Jupiters (Dyrek et al. 2024; Inglis et al. 2024), sub-Neptunes (Kempton

et al. 2023; Madhusudhan et al. 2025), and rocky planets (Alam et al. 2024; Tusay et al. 2025).

The medium-resolution spectroscopy (MRS) capabilities of MIRI have been used to observe

eclipses of HD 189733 b (PID: 1633; PI: D. Demming) and 55 Cnc e (PID: 7875; PI: M. Zhang).

However, there are no published results of these observational programmes as of the writing of
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this thesis.

The photometric imaging capabilities of MIRI have also been used to study exoplanet

atmospheres, specifically in the search for atmospheres around rocky planets, using the F1280W

and F1500W filters centred at 12.8 µm and 15 µm, respectively. Imaging in the F1500W

filter covers a strong absorption band of CO2, which is expected to be one of the dominant

atmospheric constituents for rocky planets (Lichtenberg and Miguel 2025). A comparison with

measurements in the F1280W filter (outside the CO2 features) allows a determination of the

atmospheric pressure or CO2 abundance (Deming et al. 2009; Ih et al. 2023). This has been

achieved for the hot rocky planet TRAPPIST-1 b, where MIRI observations point towards the

absence of an atmosphere (Ducrot et al. 2024). The Rock Worlds Director’s Discretionary Time

(DDT) programme has committed 500 additional observational hours to continue the work

of observing eclipses of rocky exoplanets with the F1500W filter to find indications of CO2

absorption (Redfield et al. 2024).

2.1.2 Data reduction

The raw observational data from JWST are stored in the Mikulski Archive for Space Telescopes

(MAST) for access by the scientific community. In addition to that, the jwst pipeline (Bushouse

et al. 2024) is used to provide automatically reduced and calibrated data products. To further

fine-tune and process these data products, many frameworks are being developed to handle

exoplanet TSO data from JWST, with varying approaches and levels of accessibility. The

JExoREs pipeline (Holmberg and Madhusudhan 2023) builds on the automatically reduced

data products retrievable from the MAST as *.calints files. Data reduction frameworks

such as tshirt (Glidic et al. 2022), FIREFLy (Rustamkulov et al. 2022), tiberius (Kirk

et al. 2017; Kirk et al. 2021), and the work presented in Voyer et al. (2025) incorporate and

modify the low-level data reduction stages performed by the jwst pipeline. The SPARTA
pipeline (Kempton et al. 2023; Xue et al. 2025) performs data reduction fully independent

of the jwst pipeline. Irrespective of the underlying approach, the data reduction of JWST

observations relies on reference files (such as wavelength maps and bias frames) managed

through the calibration reference data system (CRDS)1, which maps sets of reference files into

a unique context (*.pmap).

In this work, we use Eureka!2 (Bell et al. 2022), an end-to-end data reduction pipeline

wrapping around jwst, as well as performing independent light-curve extraction and fitting.

The stages of Eureka!, including the correction, reduction, and extraction steps of exoplanet

atmospheric observations, are what we will examine next.

1https://jwst-crds.stsci.edu/
2Version 0.10.dev0+g3c10926.d20230426
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Figure 2.2: Illustration of JWST up-the-ramp readout pattern. A series of integrations makes up one
exposure with JWST.

Data structure of JWST observations

To understand the reduction process of raw observational data taken with JWST, it is useful to

review the structure of these data products (JDox 2026). At the highest level, data recorded

by JWST is separated into exposures. While this is a generic term used in astronomy, in the

context of JWST it specifically refers to the pixel readout during a single ‘expose’ command.

The data structure within a single exposure is divided into multiple smaller units, illustrated in

Figure 2.2. A single exposure consists of a series of integrations, separated by detector resets.

These integrations are read out in an up-the-ramp scheme, subdivided into individual groups of

frames. The number of frames per group, and if frames get dropped between groups, depends

on the readout pattern of the instrument selected for a given exposure. The lowest level of data

interacted with in the data reduction process is group-level data. For TSOs, the data reduction

and calibration process transforms the group-level ramps into signal rates for each integration.

In the context of this work, these signal rates represent the high-cadence brightness monitoring

required to observe exoplanetary transits in detail.

Stages of Eureka!

The execution of Eureka! is split into several stages, corresponding to pipeline stages of jwst
and light-curve data analysis. We see a flowchart of these stages in Figure 2.3, which illustrates

the data products generated by each step, along with the associated dimensions where relevant.

The summary of the individual stages below is based on the official documentation of jwst
(JWST pipeline documentation 2025) and Eureka! v0.10 (Eureka! documentation 2023).

It is worth pointing out that, while broadly following the same steps and ideas, there are

variations in the execution of these steps for the individual instruments of JWST (the biggest

being between the reduction of MIRI data and data from the NIR instruments). The descriptions

below default to the reduction of data from NIRSpec.

Stage 1: Detector processing

The first stage of Eureka! acts primarily as a wrapper for the jwst pipeline. Baseline
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Figure 2.3: Flow chart of JWST data reduction. Each panel represents a stage in the data reduction process. Data dimensions and associated units after the
completion of the stage are provided where relevant. x and y refer to the detector image pixel directions, ngr and nint to the number of groups and integrations,
respectively, and λ to the wavelength.
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initialisation steps are applied first, including the data quality mask. Pixels are checked for

saturation based on the full-well capacity of the 16-bit detectors (216 “ 65536 counts). A

superbias frame is subtracted from every group in this step (based on a specific CRDS context),

removing fixed detector biases from the science data.

The detector-level processing of this stage applies a reference pixel correction step. This

is based on the fact that the readout electronics impose a signal at every readout on each

pixel. Because the readout electronics consists of multiple amplifiers, this signal can vary with

each readout amplifier (Rauscher et al. 2022). The reference pixel correction uses physical

reference pixels at the edges of each instrument’s detector. The mean signal of the reference

pixels associated with each amplifier is subtracted from the pixels it is representative of. The

data are then corrected for the non-linearity of the detector response. As the signal on the

detector increases, the detector’s response to incoming photons (converting them into electrons)

becomes nonlinear. Pre-calculated polynomials for each pixel of the detector correct for this,

transforming the signal back into a linear ramp (Robberto 2011). After this, the dark current is

subtracted from the data using CRDS-context-specific dark frames.

A crucial step in the first stage of data reduction is the detection of jumps in the ramp-level

raw data. These are usually caused by cosmic-ray impacts. Jumps in the up-the-ramp data are

flagged based on the two-point difference method described in Anderson and Gordon (2011),

following

|di ´ medpdq|

σi
ą r. (2.1)

Here, di represents the distance between the group-level values yi and yi`1 for a pixel, medpdq

is the median of all di for each pixel, σi is the expected noise for di, and r is a rejection

threshold value. If a jump is detected, the corresponding pixel is removed, and the step is

repeated until no more jumps are identified. This step can only be performed on data with

three or more groups, as it requires at least two distances. If this is not the case, the jump

rejection step is skipped during data reduction.

Observations by JWST also suffer from additional readout amplifier-induced noise that

temporally follows a 1/f power spectrum. This manifests (visually) in stripping patterns

imprinted in the fast-readout direction of the detector. As this behaviour changes on a group-

by-group level, the 1/f noise must be removed before ramp fitting collapses the group data

(Rauscher 2015; JDox 2026). In Eureka!, this is addressed through group-level background

subtraction (GLBS). This step performs a background-subtraction routine at the group level,

masking the source and determining the background level through the median level or a

polynomial fit.

At the end of the first stage, the group-level data are transformed into a count rate (counts

per second) for each pixel. Each detector ramp is linearly fitted using a least-squares algorithm

with ‘optimal weighting’, as described in Fixsen et al. (2000). A last step rescales the science

data if a non-standard gain setting was used in the observational setup. With this, the raw
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four-dimensional data (x , y, ngr, nint) have been collapsed into a three-dimensional data cube

of px , yq detector images for each integration.

Stage 2: Data calibration

Stage 2 begins with a step transforming the positions from detector frame coordinates to a

world coordinate system, and maybe more importantly, assigns an indicator to the direction of

the dispersion axis - either horizontally or vertically aligned with the image frame. Subsequently,

the two-dimensional data are correlated with a wavelength map, and a source type (defaulting

to a point source for TSOs) is assigned to the observation for further processing. The data

are also flat-field corrected at this stage. Flat-fielding involves dividing the science frame by

a flat-field image to correct for the non-uniform detector response to a uniform illumination

source. It is worth noting that the order of the first few steps (after transforming the coordinate

systems) depends on the observing mode.

Stage 2 also includes a photometric calibration step, which allows a transformation of

units. For point sources, the count-rate data resulting from stage 1 can be converted into

flux-density values. It is noteworthy that this step is unnecessary for relative measurements

such as transmission or emission spectroscopy. In these cases, we care about relative changes

in the signal, which does not require us to calibrate the data away from counts as a unit. Lastly,

stage 2 includes a spectral-extraction step that can be applied to retrieve source spectra for each

integration. We will do this in the next stage and do not need to perform it here. By the end

of stage 2, we have produced a wavelength-calibrated three-dimensional dataset containing

two-dimensional detector images of pixels pλ, yq for each integration.

Stage 3: Spectral extraction

With stage 3, Eureka! leaves the jwst pipeline framework. This stage is primarily concerned

with extracting the spectral signal from the calibrated integration frames. For spectral extraction,

we need to specify a signal and background region in the cross-dispersion direction, y , of the

detector. The signal region is centred on the source point spread function (PSF), which is

determined through a Gaussian fit. Stage 3 performs outlier rejection in the temporal direction

using a double-iteration σ-threshold routine. Column-by-column background subtraction can

be performed in this stage by specifying a polynomial of degree n to fit to the background

region determined in this stage.

This leaves a background-free, calibrated and corrected detector image containing pixels

with coordinates pλ, yq. Each of these pixels has a signal, fλ,y , and variance, σλ,y , associated

with it. A standard spectral extraction routine might produce an object’s wavelength-dependent

spectral signal, sλ, as

sλ “
ÿ

y
fλ,y . (2.2)

This represents the sum of the pixel-based signal over all pixels in the extraction aperture at a

35



CHAPTER 2 – METHODOLOGIES

specific wavelength. The variance of this extraction is the sum of the individual, pixel-level

uncertainties, or

σ2
λ “

ÿ

y
σ2
λ,y . (2.3)

The spectral extraction routine implemented in Eureka! is based on the ‘optimal spectra

extraction’ routine described in Horne (1986). It modifies Equation 2.2 by incorporating

the wavelength-dependent spatial profile of the source, Pλ. In Eureka!, the spatial profile

can be constructed using a variety of methods, including a polynomial or Gaussian fit, or

through a median over all integrations. Through a positivity (Pλ,y ě 0 @ y) and normalisation

(
ř

y Pλ,y “ 1) requirement, the spatial profile provides a way of assigning a contribution factor

to each pixel in the extraction aperture to the total signal. This spectral signal is then extracted

following

sλ,opt “

ř

y
fλ,y

σ2
λ,y

¨ Pλ,y
ř

y wλ,y
, (2.4)

where the weight, wλ,y , is dependent on the pixel-level variance and spectral profile through

wλ,y “
P2
λ,y

σ2
λ,y

. (2.5)

The variance of the optimal spectral extraction is subsequently given by the inverse of the

weight as

σ2
opt,λ “

ÿ

y
w´1
λ,y . (2.6)

The construction of the spatial profile and optimal spectral extraction rely on the pixels

included in the extraction aperture. These two processes are applied iteratively, checking for

outliers through a rejection threshold, rt , using the inequality

| fλ,y ´ sλPλ,y |

σλ,y
ą rt , (2.7)

until no new pixels are rejected between two iterations. The optimal spectral extraction routine

achieves a better SNR over the standard routine by assigning pixels far from the peak of the

spatial profile less weight (Horne 1986). At its end, stage 3 of Eureka! has produced a

time-series of wavelength-dependent signals for our transit observation.

Stage 4: Light-curve generation

Stage 4 of Eureka! extracts the time-series data crucial to transmission spectroscopy. Light-

curves are extracted in two ways. Firstly, spectroscopic light-curves are extracted by binning the
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data along the dispersion direction into N spectroscopic channels. At the highest-resolution level,

N can be equal to the number of pixels in the dispersion direction of the detector. In addition, a

broadband (also called white) light-curve is created by integrating over the wavelength domain,

producing a photometric transit observation. The creation of light-curves is associated with

another iteration of outlier rejection along the time axis. This can be performed on both the

unbinned data and, if chosen, on the λ-binned light-curves. The outlier rejection is performed

using a rolling median box filter with a user-specified width and rejection threshold. At this

stage, Eureka! can record spectroscopic drift and pointing jitter, and optionally correct for a

wavelength drift through spectral cross-correlation.

The white light-curve can provide information about the non-spectroscopic parameters of the

exoplanet-star pair. It summarises a photometric transit depth and other relevant information.

The spectroscopic light-curves are the most essential data products of this stage. In the following

step, Eureka! performs model fits to these light-curves to ultimately determine the depth

of the light-curve at the mid-transit time. This directly translates to the spectroscopic radius

of the exoplanet. Arranging these radii with respect to the observed wavelength gives us the

characteristic transmission spectrum of an exoplanet. At the end of stage 4, we have therefore

arrived at a wavelength-dependent time-series dataset ready to be characterised by a transit

model.

Stage 5: Light-curve fitting

The fifth stage of Eureka! is now disconnected from any data reduction steps. It is concerned

with parameter estimation through fitting the extracted light-curve data. The general fitting

routine combines astrophysical and systematic effects to form a light-curve model. Bayesian

inference is used to move through the parameter space of the model using a sampling algorithm.

By design, Eureka! is highly modular in this stage. It allows defining a wide variety of

expressions to fit the light-curve data.

For this work, the astrophysical transit model is based on the batman Python package

(Kreidberg 2015). We can summarise the necessary parameters of batman in the vector

p transit “ pP, t0, i, a, e,ω,δq. Here, P represents the orbital period of the exoplanet, t0 the time

of the transit mid-point, i the orbital inclination, a the semi-major axis, e the orbital eccentricity,

ω the argument of periapsis, and δ the transit depth. These parameters are used to calculate

the observed flux during transit (Mandel and Agol 2002; Kreidberg 2015),

Fpt; p transitq “ 1 ´

ĳ

Spt;ptransitq

Ipµq dS. (2.8)

Here, Fpt; p transitq represents the time-dependent reduction in measured flux during the transit,

relative to an out-of-transit baseline, Spt; p transitq the area of the stellar disk obscured by the

transiting exoplanet, and Ipµq the sky-projected intensity of the star. This intensity plays an

important role in the transit model. It is usually assumed to be radially symmetric, but not

uniform. The radial variation of the intensity over the stellar disk is characterised by limb
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darkening, describing its dependence on the angle between the line of sight and the emergent

intensity, θ , often summarised in µ “ cosθ . Eureka! can incorporate the characterisation

of this intensity variation, Ipµq, in a variety of functional forms. Notable among those are

the commonly used quadratic limb-darkening law described in Kipping (2013), and the multi-

parameter laws introduced in Claret (2000).

Observations of exoplanetary transits are not free of systematics. The astrophysical model

defined through batman is insufficient to capture the overall behaviour of the time-series

signal. We can account for systematics stemming from the instrument itself by modifying

the astrophysical model. Commonly, this includes ramping effects materialising as long-term

temporal trends. Eureka! can account for these systematic trends by incorporating polynomials

and exponential functions in time. It also allows the inclusion of Gaussian processes and fit

parameters to account for changes in the PSF of the source (such as mirror-tilt events, Alderson

et al. 2023). Lastly, Eureka! also allows for the inclusion of a photometric scatter parameter,

which represents additional scatter necessary to bring the joint model fit to a reduced-χ2 value

of unity.

The astrophysical and systematic models are combined into a total model representing the

signal behaviour with respect to time. This total model is fit to the light-curve data produced

in stage 4. A sampling algorithm, such as Markov Chain Monte Carlo (MCMC, Metropolis et

al. 1953; Hastings 1970) or Nested Sampling (NS, Skilling 2006), moves through the parameter

space of the joint model, providing parameter estimates at the end of the fitting process. As

this process closely overlaps with the inference framework of atmospheric retrieval, I refer to

Section 2.3 for a more detailed overview.

Stage 6: Exoplanet spectral extraction

The final stage of Eureka! acts primarily as a clean-up and transformation stage. It takes the

parameter estimates from the prior stage and transforms them into more user-friendly outputs.

No further modifications are made to the fitted data here. At the end of the Eureka! pipeline,

we have produced an exoplanet’s transmission spectrum in the form of its wavelength-dependent

radius (an example of which we have seen in Figure 2.1).

2.2 The forward model: 1D radiative transfer

With the observational data in place, we now want to consider how we can build a model that

represents this data. Our goal is to create a model that can accurately simulate a transmission

spectrum observed by JWST, accounting for the interaction of light with the exoplanet’s

atmosphere. Repeated evaluations of this model will allow us to estimate its parameter values

that best represent our observed data. To make this iterative process fast and flexible, we

perform our calculations in one dimension.
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2.2.1 Basic concepts of radiative transfer in atmospheres

Our model needs to characterise the interaction of radiation with the atmosphere of an exoplanet.

In the following section, we define the basic concepts of these interactions, labelled under the

umbrella term of radiative transfer. This follows the explanations in Goody and Yung (1995)

and Liou (2002).

Radiative quantities

First and foremost, it will be beneficial to define the radiative quantities relevant to us. We

declare spectral intensity as

Iλ “
dEλ

cospθq dAdΩ d t dλ
, (2.9)

in units of J m´2 sr´1 s´1 m´1. Equation 2.9 defines Iλ as the differential amount of radiative

energy, dEλ, in a specified wavelength interval, λ to λ` dλ, which crosses an area element,

dA, in a time interval, d t, and in directions constrained to a solid angle, dΩ, oriented to dA

by an angle, θ . The spectral intensity is a directional quantity, usually confined to a ‘pencil’

(or beam) of radiation, illustrated in Figure 2.4. Marginalising (or integrating) the spectral

intensity over the entire (hemispheric) solid angle removes the directionality of this quantity.

This integral results in the spectral flux density,

Fλ “

ż

Ω
Iν cospθqdΩ“

dEλ
dAd t dλ

, (2.10)

in units of J m´2 s´1 m´1. Furthermore, if we consider the spectral flux density across all

wavelengths, we arrive at the (total) flux density,

F “

ż 8

0
Fλ dλ“

dEλ
dAd t

, (2.11)

Figure 2.4: Illustration of a pencil of radiation, confined to a solid angle, dΩ, moving through an area
element, dA, at an angle, θ , oriented to the area normal vector, n⃗.
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in units of J m´2 s´1, and if we consider the flux density from a total area, we derive the (total)

flux,

f “

ż

A
F dA “

dEλ
d t

. (2.12)

in units of J s´1. These are the most essential quantities that we consider in the transfer of

radiation, or radiative energy, through a medium. They are often used interchangeably, but

aspects like the directionality of Iλ and wavelength-marginalisation of F are key distinctions

between them.

Another relevant term in the context of radiative transfer is the concept of optical depth. It

characterises how opaque a medium is to radiation. In a medium with mass density ρ, a given

mass extinction coefficient kλ, and a depth s, we can define the optical depth as

τpλ, sq “

ż s

0
ρ kλ dŝ. (2.13)

The equation of radiative transfer

Radiative transfer describes how the specific intensity of a beam of radiation, Iλ, is changed to

Iλ` dIλ after traversing a medium. In this process, energy might be removed or added to the

beam. If it is removed, we call the process extinction, and if it is added, we call the process

emission. Therefore, I denote the total change in spectral intensity as

dIλ “ dIλ,ext. ` dIλ,emi., (2.14)

We first want to look at the intensity changes by extinction processes. Two processes are

primarily used to characterise extinction: (1) absorption, where the radiative energy is absorbed

by the material and converted into another form; and (2) scattering, where the radiative energy

is specifically diverted out of the pencil of radiation by particles after it was absorbed. We

define dIλ,ext. through

dIλ,ext. “ ´kλρIλ ds, (2.15)

where ρ denotes the mass density of the material, kλ the mass extinction cross section (com-

bining extinction from absorption and scattering, in units of m2 kg´1), and ds represents the

travelled path. The negative sign arises because the intensity is attenuated (energy is removed),

whereas all other properties of the equation are positive.

Opposite to this, the intensity might be intensified by (1) emission from the material it passes

through, and (2) scattering from other directions into the pencil of radiation. Following the

same approach as for attenuation, the increase in intensity is given by

dIλ,emi. “ jλρ ds, (2.16)
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where we define a source function coefficient, jλ, with the same meaning as the mass extinction

cross section, kλ. It has the units of J kg´1 s´1 sr´1 m´1. We can then express the total alteration

of the intensity of the radiation pencil as a combination of Equations 2.15 and 2.16,

dIλ “ p jλ´ kλ Iλqρ ds. (2.17)

It is sometimes convenient to define a source function as Jλ :“ jλ{kλ. This then allows us to

rearrange Equation 2.17 into the general equation of radiative transfer,

1
kλρ

dIλ
ds

“ Jλ´ Iλ. (2.18)

It is also worth pointing out that in a non-scattering medium in local thermodynamic equilibrium

(LTE), the source function, Jλ is given by Planck’s function, BλpTq, where T denotes the

temperature of the medium. If we substitute this into Equation 2.18, we arrive at Schwarzschild’s

equation,

1
kλ

dIλ
ds

“ BλpTq ´ Iλ (2.19)

Beer-Bougher-Lambert law

Now we will consider a simplifying case – one where we do not care about contributions from

emission or diffuse scattering. In this case, the equation of radiative transfer simplifies to

dIλ
kλρ ds

“ ´Iλ. (2.20)

This is a simple differential equation. Suppose we are now interested in the attenuation of

the intensity along a path of length s. In that case, the solution to Equation 2.20, under the

assumption that the intensity at the beginning of the path is Iλp0q, is

Iλpsq “ Iλp0q exp

ˆ

´

ż s

0
kλρ ds

˙

. (2.21)

If we assume that the medium along the path is homogeneous, the mass extinction cross section,

kλ, is constant. We can recognise that the integral in Equation 2.21 is the optical depth we

have defined in Equation 2.13. With this, we arrive at the Beer-Bouguer-Lambert law,

Iλpsq “ Iλp0q exp p´τλq . (2.22)

This relation is the central equation in the technique of transmission spectroscopy, where we

are concerned with the change in spectral intensity, Iλ, of stellar light as it passes through the

atmosphere of an exoplanet on its way to an observer. It states that this change follows a simple

exponential decrease, dependent on the nature and length of the medium it traverses. As it

does not depend on any directional quantities, Equation 2.22 also applies to the flux-density
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and total flux.

Lastly, we can rearange Equation 2.22 to arrive at the definition of monochromatic transmit-

tance, T ,

Tλ “
Iλpsq

Iλp0q
“ exp p´τλq . (2.23)

This is a conveniently normalised number that tells us how much incident radiant intensity is

transmitted through a medium.

2.2.2 TauREx

To perform radiative transfer calculations through an atmospheric model and compare the

results to observations, I use the fully-Bayesian retrieval framework TauREx 3 (Al-Refaie

et al. 2021; 2022, referred to as TauREx henceforth)3. It allows us to set up an atmospheric

forward model, defined by the physical properties of the star-exoplanet system and the exo-

planet’s atmosphere, and then iteratively perform radiative transfer calculations through this

model to compare it to observational data.

Atmospheric forward model setup

Atmospheres are three-dimensional objects, but computational requirements in the inference

process generally limit us to simplified models. In this work, we will use one-dimensional

atmospheric columns as a representative stand-in for the total atmosphere. The base of this

model is a reference exoplanetary body. It is defined by its mass, Mp, enclosed in its radius,

R0. We can assume this radius corresponds to the solid surface of a rocky planet or a fully

opaque, high-pressure layer of a gas giant. On top of this reference radius sits the atmospheric

model domain. It is bounded by pBOA and pTOA, pressure values that represent the top of the

atmosphere (TOA) and bottom of the atmosphere (BOA), respectively. The model domain

between these is divided into a fixed number of layers, each with associated local properties.

These local properties define the altitude profile of the atmospheric model domain through

z0 “ 0

zl “ zl´1 `∆zl

∆zl “ ´Hl´1 log

ˆ

pl

pl´1

˙

(2.24)

In these relations, l represents the index of the atmospheric model layer and zl the associated

altitude. This altitude is calculated with respect to R0 (hence z0 “ 0). The change in altitude

from one layer to another, ∆zl , then depends on the scale height of the previous layer, Hl´1,

and the pressure of layer l, pl , and of the previous layer, pl´1. The local scale height is defined

3Version 3.2.4
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through

Hl “
kB Tl

µl gl
, (2.25)

where kB, Tl , µl , and gl are the Boltzmann constant, as well as the temperature, MMW, and

acceleration due to gravity of layer l, respectively. These parameters form the skeleton of our

atmospheric model.

Throughout this work, we will use consistent ways to characterise key vertical structure

components of the forward model. One of these is the temperature structure of the atmosphere,

encoded in a p–T profile. For this work, we will define this profile through a multipoint, or

n-point, approach. A multipoint profile consists of n p–T pairs, ppn, Tnq, forming a vertical

temperature profile using a smoothing window (with a default size of 10 layers) to avoid

discontinuities. If n “ 1, this is equivalent to a vertically homogeneous (os isothermal)

temperature profile. Another important part of the forward model is the vertical chemical

structure. In this work, we will use constant profiles defined through a mixing ratio (MR). For

an atmospheric gas-phase constitutent m (such as H2O), the mixing ratio is defined as

Xm “
nm

ntot
, (2.26)

where nm and ntot represent the number density of the constituent and the total number density,

respectively. TauREx uses the ideal gas law to calculate the total number density,

nl,tot “
pl

kB Tl
, (2.27)

for each layer of the forward model domain. The MRs are required to sum to unity. Outside of

the individually defined atmospheric constituents, TauREx therefore also relies on fill-gases,

defined by ratios between each other. In gas giant exoplanets, these are commonly assumed to

be H2 and He. Lastly, we want to consider the presence of atmospheric aerosols. Clouds and

hazes can impact radiative transfer through both absorption and scattering processes. In this

work, we will consider a simplified characterisation of aerosols through a flat-opacity cloud

deck. This is implemented as an absorption step function in the atmospheric forward model.

These parameters define our forward model, providing an environment for radiative transfer

calculations within this domain. In the next section, we want to take a look at how we produce

observables from these calculations to relate them to our measurement data.

Effective planetary radius

When we observe an exoplanet’s atmosphere through spectroscopically measuring its primary

transit, the key quantity we are interested in is its wavelength-dependent radius, Rppλq. To fit

observables in radiative transfer models, we make use of a concept called the effective planetary

radius. The derivation I present here follows explanations in de Wit and Seager (2013).
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We start from an observational assumption – when we observe the primary transit of exo-

planets, the apparent radius of the planet we measure may change with respect to the observed

wavelength. We have seen in Equation 1.7 that the measured radius of an exoplanet varies

with wavelength due to the interaction of the observed stellar radiation with the exoplanet’s

atmosphere. We now impose that the wavelength-dependent radius of the exoplanet, Rppλq,

can be expressed with two components,

Rppλq “ R0 ` rpλq. (2.28)

Here, R0 represents a wavelength-independent reference radius at which the exoplanet is

opaque in all wavelengths, and rpλq represents a wavelength-dependent attenuation term. The

reference radius might be, for example, the solid part of a rocky planet, or the high-pressure

interior of a gas giant. Using this, we express the wavelength-dependent transit depth measured

during a primary transit, δpλq, as

δpλq “
rR0 ` rpλqs

2

R2
˚

“
R2

0 `

“apλq
hkkkkkkkkkikkkkkkkkkj

2 rpλq R0 ` rpλq2

R2
˚

“
R2

0 ` apλq

R2
˚

, (2.29)

where R˚ represents the radius of the host star, and we have collected all wavelength-dependent

factors into an attenuation term, apλq, that modifies the reference size, R0, of the exoplanet.

Physically, we know that the attenuation of stellar flux during an exoplanet’s transit traces back

to the radiative transfer through the exoplanet’s atmosphere. Since Equation 2.23 describes the

intensity transmitted through a medium, we know that the reduction of the intensity follows

1 ´ T “ 1 ´ expp´τpλ, rqq. Here, we consider that the ray of light moves through a planetary

atmosphere at a distance, r, from the centre of the body, being attenuated by the optical depth,

τpλ, rq, of the atmosphere. In this geometry, illustrated in Figure 2.5 (panel A), the optical

depth (following from Equation 2.13) is calculated as

τpλ, rq “ 2
ż 8

0
ρpr̂q kλpr̂q d x with r̂ “

a

r2 ` x2. (2.30)

The factor 2 in this Equation accounts for the assumption of a symmetric path in the approach

and recession to the point r “ r̂.

Now we make a crucial equivalence: the reduced intensity recorded by an observer can be

described by two scenarios. Firstly, the physically accurate description of radiation from the

host star passing through an infinitely expanded atmosphere, which gradually loses opacity

with distance from the centre of the body. Secondly, a solidly opaque disk with a fixed radius.

From the point of view of an observer that cannot spatially resolve the atmosphere of the

exoplanet passing in front of the host star, these two assumptions produce the same amount of
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B

Figure 2.5: Illustration of radiative transfer through an exoplanet’s atmosphere. (Left) Side view, with
the host star on the left and the observer on the right of the panel. (Right) Front view, with the host star
behind the exoplanet.

intensity reduction. We can therefore set up the equation

πR2
ppλq

loomoon

solid disk

“

ż 8

0
2πrr1 ´ expp´τpλ, rqqs dr

loooooooooooooooooomoooooooooooooooooon

diffuse atmosphere

. (2.31)

We solve this integral by splitting it into two parts. The distance from the centre of the body,

r, can be expressed through the sum of the reference radius, R0, and the altitude above it, z.

This is also shown in Figure 2.5 (panel B). We therefore make the following adjustments to

Equation 2.31:

rpzq “ R0 ` z Ñ zprq “ r ´ R0,

dr
dz

“ 1 Ñ dr “ dz.

We can substitute the variable in Equation 2.31 and adjust the integration boundaries from

p0, 8q to p´R0, 8q, resulting in

πR2
ppλq “ 2π

ż 8

´R0

pR0 ` zq r1 ´ expp´τpλ, zqqs dz

“ 2π

»

—

—

—

–

ż 0

´R0

pR0 ` zq r1 ´ expp´τpλ, zqqs dz
loooooooooooooooooooooomoooooooooooooooooooooon

A

`

ż 8

0
pR0 ` zq r1 ´ expp´τpλ, zqqs dz

looooooooooooooooooooomooooooooooooooooooooon

B

fi

ffi

ffi

ffi

fl

.

(2.32)

We solve part A of this split integral first. The integration is influenced by the assumption we
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made about the optical depth,

τpλ, zq “

$

&

%

8 for z ď 0

τpλ, zq otherwise,
(2.33)

or, in other words, the exoplanetary body is fully opaque at any radius, r, below the reference

radius, R0. This allows us to solve the integral A straightforwardly:

A “

ż 0

´R0

pR0 ` zqr1 ´

“0
hkkkkkkikkkkkkj

expp´τpλ, zqqs dz “

ż 0

´R0

pR0 ` zq dz

“

„

R0z `
z2

2

ȷ0

´R0

“ R2
0 ´

R2
0

2

A “
R2

0

2
(2.34)

We plug this back into Equation 2.32, giving us

πR2
ppλq “ 2π

«

R2
0

2
`

ż 8

0
pR0 ` zq r1 ´ expp´τpλ, zqqs dz

ff

,

R2
ppλq “ R2

0 ` 2
ż 8

0
pR0 ` zq r1 ´ expp´τpλ, zqqs dz. (2.35)

As a final step, we compare Equation 2.35 with Equation 2.29 and find an expression for the

attenuation term, apλq,

apλq “ 2
ż 8

0
pR0 ` zqr1 ´ expp´τpλ, zqqs dz. (2.36)

This results in the central relation of chromatic planetary radius behaviour used in atmospheric

retrievals. In the next section, we will look at how our assumptions in creating the atmospheric

forward models inform the calculation of this attenuation term.

Optical depth calculation

Combining Equation 2.29 and Equation 2.36,

δpλq “
R2

0 ` 2
ş8

0 pR0 ` zqr1 ´ expp´τpλ, zqqs dz

R2
˚

, (2.37)

provides us with several parameters that are key to calculating the transit depth of our model

atmosphere. The previously discussed reference radius of the exoplanet, R0, as well as the radius

of the host star, R˚, define a wavelength-independent baseline transit depth. The atmospheric

altitude profile, encoded in z, plays a significant role because it defines the domain in which

our radiative transfer calculations are performed. From Equation 2.24 and Equation 2.25, we

see that it is strongly affected by the temperature, T , and MMW, µ. One of the defining parts
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determining the chromatic transit depth is the calculation of the atmospheric optical depth. In

a heterogeneous atmosphere, we can generalise its calculation by a combination of multiple

contributions,

τpλ, zq “
ÿ

i

τipλ, zq. (2.38)

Here, i represents the different types of processes that can contribute to the total optical depth

of the atmosphere.

Molecular absorption

In the IR spectroscopy of exoplanet atmospheres, absorption by rotational and vibrational (or ro-

vibrational) transitions of molecules represents one of the key processes shaping an atmospheric

spectrum (Tennyson 2019). The optical depth contribution from absorption by an atmospheric

gas-phase constituent, m, follows our already established definition in Equation 2.13. Restating

it here, it reads

τmpλ, zq “

ż

σmpλ, zq Xmpzq ntotpzq dz, (2.39)

where Xmpzq and ntotpzq are the altitude-dependent MR and total number density profiles,

respectively, andσmpλ, zq represents the absorption cross section of the atmospheric constituent

(in m2 molecule´1), which depends on the local pressure and temperature, encoded in the

altitude profile. In Figure 2.6, we see the characteristic, wavelength-dependent absorption cross

sections of several molecules often considered in the characterisation of exoplanet atmospheres.

The distinct features at specific wavelengths (such as at 4.2 µm for CO2) indicate that molecular

absorption plays a key role in shaping the transmission spectra of exoplanetary atmospheres.

Computing the temperature- and pressure-dependent cross sections for molecules is a computa-

tionally intensive and complex task, requiring the calculation of individual transition lines and

absorption profiles. TauREx uses pre-computed cross sections at a resolution of R “ 15000

(Chubb et al. 2021). These are derived from theoretically calculated and experimentally deter-

mined line-lists available databases such as the ExoMol project (Tennyson et al. 2020), and the

HITRAN (Gordon et al. 2022) and HITEMP (Rothman et al. 2010) archives.

Rayleigh scattering

Rayleigh scattering describes the scattering of electromagnetic radiation by particles much

smaller than the wavelength of the radiation (Liou 2002). In TauREx, the Rayleigh scattering

absorption cross section for an atmospheric constituent, m, is calculated through (Keady and

Kilcrease 2002; Liou 2002)

σRay
m pλq “

128π5

λ4
¨ Fmαmpηq2. (2.40)
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Figure 2.6: Illustration of molecular absorption cross-sections. Each panel shows wavelength (in µm,
x-axis) against cross-section (in cm2 molecule´1, y-axis). The sources for each cross sections are: CH4
(Yurchenko et al. 2017); C2H2 (Chubb et al. 2020); C2H4 (Mant et al. 2018); CO (Li et al. 2015);
CO2 (Yurchenko et al. 2020); HCN (Barber et al. 2014); H2O (Polyansky et al. 2018); H2S (Azzam
et al. 2016); NH3 (Coles et al. 2019); SO2 (Underwood et al. 2016). Each cross-section is retrieved from
the ExoMol database in the provided TauREx format (at R “ 15 000) for p “ 10´3 bar and T “ 1000 K.
These are binned onto 200 log-uniformly distributed wavelength points in the range r0.6, 12.0sµm using
the FluxBinner-class in TauREx.

48



CHAPTER 2 – METHODOLOGIES

1 10

−32

−30

−28

−26
lo

g 1
0
(σ

Ra
y
[m

2
m

ol
ec

ul
e−

1
])

H2

He

1 10
−50

−48

−46

−44

lo
g 1

0
(σ

C
IA
[m

5
m

ol
ec

ul
e−

2
])

H2-H2

H2-He

Wavelength [µm]

Figure 2.7: Illustration of Rayleigh scattering and CIA cross-sections from 0.6 µm to 12 µm. Each panel
shows wavelength (in µm) on the x-axis. (Left) Rayleigh scattering cross sections (in m2molecule´1)
for H2 (blue) and He (red) as defined in the scattering.py routines for TauREx. (Right) CIA cross-
section (in m5molecule´2) of H2–H2 (black, Abel et al. 2011; Fletcher et al. 2018) and H2–He (grey,
Abel et al. 2012) pairs at a temperature of T “ 1000 K. Collision-induced absorption (CIA) from H2–H2
pairs is only available for λě 1µm.

where αmpηq represents the molecular polarisability of m, which depends on its refractive index,

η, and Fm represents a depolarisation correction factor. Due to the dependence of σRay
m pλq on

η, these cross sections are only calculated for a select set of species. This includes the typical

atmospheric background gases H2, He, N2, and O2, as well as CH4, CO2, CO, H2O, and NH3

(Hollis et al. 2013). Since the Rayleigh scattering cross section only depends on wavelength

and the properties of the scattering particle, its optical depth contribution takes the form

τRay
m pλ, zq “ σRay

m pλq

ż

χmpzq ntotpzq dz. (2.41)

Due to the strong wavelength-dependence of Rayleigh scattering, its contribution to opacity is

most prominent towards shorter wavelengths, where it can dominate the continuum of trans-

mission spectra. In Figure 2.7 (left panel), We see the σRay
m pλq for H2 and He as they are defined

in TauREx, calculated for wavelengths from 0.6 µm to 12 µm. The typical proportionality of

λ´4 we see in Equation 2.40 is slightly modified by particle-dependent properties.

Collsion-induced absorption

Collision-induced absorption (CIA) is a process where pairs of molecules acquire a temporary

dipole during collisions, enabling them to absorb electromagnetic radiation in spectral regions

in which they might be inactive in isolation (Frommhold 1994). In TauREx, the a contribution

to the optical depth from CIA between two atmospheric constituents, m and n, is defined as

τCIA
mn pλ, zq “

ż

σCIA
mn pλ, zqχmpzqχnpzq ntotpzq2 dz, (2.42)

with constituent-specific MRs, χmpzq and χnpzq, and the CIA cross section, σCIA
mn pλ, zq. TauREx

uses CIA cross sections available at the HITRAN archive, compiled from theoretical calculations

and experimental data (Terragni et al. 2025). We see the CIA absorption cross-sections for

H2–H2 and H2–He pairs in Figure 2.7 (right panel). Its contribution to the total optical depth

dominates at high pressures due to its proportionality to ntotpzq2.
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Clouds

The presence of aerosols can heavily alter a transmission spectrum compared to an equivalent,

aerosol-free case (Marley et al. 2013). As reviewed in Gao et al. (2021), aerosol models

in atmospheric retrievals span a wide range of complexity. Single-variable parametrisations

can capture first-order effects of aerosols on an atmospheric spectrum (such as reducing

the amplitude of absorption features), while more complex models offer a more physical

interpretation at the cost of a larger number of parameters. In this work, we will consider a

simple characterisation of clouds through a flat-opacity cloud deck. Its contribution to the total

optical depth is defined through a step function,

τcloudpλ, zq “

$

&

%

8 if ppzq ě Pcloud,

0 otherwise.
(2.43)

Here, Pcloud defines a pressure level considered the top of the cloud deck. The model atmosphere

becomes fully opaque at pressures larger than Pcloud, equally for all wavelengths.

2.3 The inference: Bayesian statistics

Both the extraction of the transit depth from exoplanet TSO data and the inference of exoplanet

atmospheric parameters from panchromatic transit depth values rely on a statistical framework

categorised under the umbrella term Bayesian statistics. Statistics in the Bayesian sense treats

probability as a degree of belief, and is centred around an equation known as Bayes theorem

(Trotta 2008). This equation is used to both infer the parameters of individual models and

to evaluate the performance of competing models. As it is central to the whole statistical

framework, we will start with its derivation. This follows Trotta (2008) and Sharma (2017).

2.3.1 Bayes theorem

Let us consider two events, which I will denote with A and B. These could represent the

result of a coin toss, the roll of a specific number on a six-sided die, or a measurement of

data. Subsequently, we denote the probability of these two events occurring as PpAq and PpBq,

respectively. Taking this, we can define the joint probability of these two events occurring

as PpA, Bq. This describes a combination of event A happening, or PpAq, and then event B

happening given that event A has happened, or PpB|Aq. The second term is called the conditional

probability, PpB|Aq. The joint probability for both events is then the product of both probabilities,

or

PpA, Bq “ PpAq ¨ PpB|Aq. (2.44)
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The joint probability PpB, Aq is equivalent to PpA, Bq. Using this, we derive an expression for

the conditional probability PpB|Aq,

PpA, Bq “ PpB, Aq,

PpAq ¨ PpB|Aq “ PpBq ¨ PpA|Bq,

PpB|Aq “
PpA|Bq ¨ PpBq

PpAq
. (2.45)

Equation 2.45 is commonly called Bayes theorem. It is central to inverse modelling processes.

We can explicitly define A and B in the context of atmospheric parameter inference from

spectroscopic observations. Event A describes the observation of an exoplanet’s atmosphere,

labelled as a set of measurements d “ tdiuiPI . Event B denotes the model we use to represent

an exoplanet’s atmosphere, M. This model consists of assumptions we hold to be true and

parameters we can freely vary. Therefore, we map event B to a set of parameters representative

of the atmospheric model, or θ “ tθiuiPI . This maps the elements in Equation 2.45 to

PpBq ” πpθ q,

PpA|Bq ” Lpθ q,

PpB|Aq ” Ppθ |dq,

PpAq ” E.

(2.46)

Our prior degree of belief in the model parameters is encoded in PpBq “ πpθ q, called the

prior probability or parameter prior. Commonly, priors for individual parameters are defined by

a uniform distribution,

πpθiq “ Upai , biq “

$

&

%

1
bi´ai

, θi P rai , bis “ Θi ,

0, otherwise
(2.47)

where Θi is the domain of θi , or by a normal distribution,

πpθiq “ N pµi ,σ
2
i q “

1
b

2πσ2
i

¨ exp

˜

´
pθi ´µiq

2

2σ2
i

¸

, (2.48)

where µi and σ2
i represent the mean and variance. Priors that define the distribution of lnpθiq,

equivalently called log-uniform and log-normal, are also common.

We want to update our prior degree of belief in the light of the observations, forming a

posterior probability, PpB|Aq “ Ppθ |dq. We do this using the conditional probability, PpA|Bq “

Lpθ q, which is called the likelihood of the data. Typically, this likelihood is defined as a normal
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distribution on the data,

Lpθ q “
ź

iPI

1
b

2πσ2
i

¨ exp

«

´
pdi ´ mipθ q2

2σ2
i

ff

, (2.49)

where di is the i-th data points, σ2
i is its associated variance, and mipθ q is the associated model

predicition of di

The last term, PpAq “ Ppdq ” E is called evidence, or sometimes marginal likelihood or prior

predictive. It represents the probability of observing the data, accounting for all possible values

of θ under the prior. We can assume that a vector of model parameter values is represented by

θ j “ tθ
j
i uiPI . We know that the model posterior, as a probability, is a normalised quantity,

ÿ

j

Ppθ j|dq “
ÿ

j

Lpθ jqπpθ jq

ppdq
“ 1, (2.50)

which provides us with an expression for the evidence,

ppdq ” E “
ÿ

j

Lpθ jqπpθ jq. (2.51)

In the case of a continuous parameter space, this is equivalent to the expression

E “

ż

ΘM

Lpθ qπpθ q dθ , (2.52)

where ΘM “ tθ : πpθ q ą 0u represents the support of the prior (or the integration domain).

With these terms, we arrive at the commonly used equation to relate parameter posterior

probabilities to the likelihood of the data,

Ppθ |dq “
Lpθ q ¨πpθ q

E
. (2.53)

2.3.2 Moving through the parameter space

Our goal in using Bayesian inference to characterise exoplanet atmospheres is to explore

Ppθ |dq. In this context, we can find two major algorithmic strategies to move through this

parameter space: Markov Chain Monte Carlo (MCMC, Metropolis et al. 1953; Hastings 1970)

and Nested Sampling (NS, Skilling 2006). As we have seen in Section 2.1.2, MCMC can be used

to fit models to light-curve data in the data reduction of JWST observations with Eureka!.

However, this plays only a minor role in my work. We will revisit the details of using the MCMC

algorithm emcee (Foreman-Mackey et al. 2013) in this context in Chapter 4. For comprehensive

reviews of MCMC algorithms and their applications, I refer to Craiu and Rosenthal (2014) and

Sharma (2017). The focus of my work is on the posterior analysis produced by TauREx, which

is based on an NS algorithm. Below, I will therefore focus on describing the operations of NS

and how it is implemented in TauREx. This overview is based on the work of Skilling (2006),
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Feroz et al. (2009), and Ashton et al. (2022).

The goal of NS is the calculation of the Bayesian evidence (Equation 2.52). The accumulation

of parameter posterior samples, which is a crucial result for our planned model analysis, is a

by-product of this process. NS uses a relation between the likelihood and prior of the model

parameter space to rewrite this evidence integral. We can define a prior volume, V , as

V pΛq “

ż

LąΛ
πpθ q dθ . (2.54)

Here, Λ represents a likelihood threshold value and πpθ q the prior on the parameter space.

Equation 2.54 defines the prior probability mass enclosing a region of the parameter space

where L ą Λ. V pΛq is a monotonically decreasing function of Λ in the domain V pΛq P r0,1s.

We can use the inverse of Equation 2.54 to express the likelihood as a function of the prior

volume, LpV q. This enables us to rewrite the multi-dimensional expression for the Bayesian

evidence (Equation 2.52) as a one-dimensional integral,

E “

ż

ΘM

Lpθ qπpθ q dθ “

ż 1

0
LpV q dV. (2.55)

We see an illustration of this in Figure 2.8. The iso-likelihood contours in a two-dimensional

parameter space (left panel) translate into likelihood values associated with prior volumes

(right panel). The area under the curve in the right panel of Figure 2.8 represents the Bayesian

evidence we want to evaluate. If we evaluate a set of likelihoods Li “ LpViq for i P r1, Ms, then

we can approximate the Bayesian evidence through numerical integration (or quadrature) as a

weighted sum,

E ě

M
ÿ

i“1

Li wi , (2.56)

where wi represents the weight associated with LpViq The core algorithm of NS revolves around

the iterative evaluation of Equation 2.56, walking up the curve in Figure 2.8 (right panel) and

computing the model evidence.

In TauREx, NS is implemented through the MultiNest algorithm (Feroz et al. 2009)4. It

uses a trapezium approach to determine the weights in Equation 2.56,

wi “
Vi´1 ´ V`1

2
, (2.57)

and performs the sampling routine as follows. A number of points, nlive (referred to as live

points), are drawn from the full prior, πpθ q, with an initial prior volume of V0 “ 1. These

samples are ordered by their likelihood values, and the sample with the smallest likelihood (L1)

is discarded from the set of live points. Subsequently, a replacement point, nnew, is drawn with

the requirement Lnnew
ą L1. This reduces the prior volume to V1 “ α1 ¨ V0, where α1 P r0,1s

4specifically the PyMultiNest Python package (Buchner et al. 2014)
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Figure 2.8: Schematic illustration of the prior volume and Bayesian evidence. (Left) Iso-likelihood
contours, LpViq in a two-dimensional parameter space, (θ1, θ2), enclosing prior volumes, Vi “ V pLiq.
(Right) The transformed LpV q-function, associating the prior volumes, Vi , with the enclosed likelihood
values, LpViq.

is a compression factor. In this iterative process, NS therefore allows us to step through the

parameter space, compressing the sampled area to the prior volume with the highest likelihood.

We repeat the process of updating the set of live points until the evidence is determined to

some specified precision, ϵ. At the i-th iteration, the largest contribution to the evidence that

can be made by the remaining prior volume is

∆Ei,max “ Lmax ¨ Vi , (2.58)

where Lmax is the maximum likelihood of the current set of live points. The associated prior

volume, Vi , can be approximated by

Vi “ expp´i{nliveq. (2.59)

If ∆Ei,max ď ϵ ¨ E, the algorithm stops. At this point, the sampling process has provided us with

a total of N samples. These include a total of M inactive points (which have been replaced in

the sampling process) and a final set of nlive live points, or N “ M ` nlive. We can then refine

the evidence with a final increment from the current live points through

∆Efinal “

nlive
ÿ

j“1

L j wM` j , (2.60)

where wM` j “ XM {nlive for all j. Once we have found E, we can analyse the posterior sample

distribution, N . Each point in this set (also called the trace) is associated with a posterior
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weight, calculated through

pi “
Li wi

E
. (2.61)

The posterior samples and their associated weights now allow us to calculate statistical measures

on the sampled model parameters.

2.3.3 Results of Bayesian inference

In the context of Bayesian inference, we are primarily concerned with two outcomes of the

inference process: parameter estimates and model performance. The former evaluates the

results of an individual model, informing us about the region of the model’s parameter space

that can best reproduce a dataset. The latter is helpful for comparing the performance of

multiple models against one another.

Estimated model parameters

During the inference process for a specific atmospheric forward model, the sampling algorithm

produces multidimensional vectors of forward-model parameters, θ j “ tθ
j
i uiPI , at each itera-

tion. After the sampling process is finished, these vectors make up the posterior samples (or

simply posteriors) of the model. To report the results of an atmospheric retrieval, we summarise

the posteriors in the form of credible intervals. If we say that θi is one of the parameters of our

model, defined on the domain Θi , then a credible interval, C Ă Θi , is defined by

ż

C
Ppθi|dq dθi “ α. (2.62)

Here, Ppθi|dq is the posterior probability distribution of θi , and α P r0, 1s defines the fraction

of the posterior probability mass contained in C . Given the observed data and the model, there

is a posterior probability of α that θi is in C .

Credible intervals are not uniquely determined. We can place a credible interval of size α in

any subset C P Θi that fulfils Equation 2.62. Throughout this work, we will examine parameter

estimates for each model parameter using a centred credible interval (CCI). The CCI is centred

on the median (50%-quantile) of the marginalised parameter posterior, and we calculate its

boundaries as

CCIα “

”

q
´

0.5 ´
α

2

¯

, q
´

0.5 `
α

2

¯ı

, (2.63)

where α denotes the size of the CCI, and q represents the quantiles associated with the empirical

cumulative distribution function (CDF) of the parameter. Since NS produces weighted posteriors,

the empirical CDF of each parameter is defined through the cumulative sum of these weights,

ordered in the prior space of the parameter.

The size, α, of any credible interval is a subjective choice we need to make. Contrary to

55



CHAPTER 2 – METHODOLOGIES

the frequentist concept of the confidence interval, we do not assume an underlying analytical

distribution to the credible interval. It merely represents the statement that "we assign a degree

of belief (probability) of α to the assumption that the value of the parameter sits within the

credible interval". A common choice of credible interval is CCI68, which draws parallels to

the standard deviation of a normal distribution. However, as posterior distributions do not

necessarily follow a standard normal distribution, the boundaries of a CCI68 do not simply

scale the same as an nσ confidence interval. We therefore need to be careful in documenting

the size of the credible interval we derive from our results.

Model performance

Model comparison allows us to assess the performance of a set of competing models, M “

tMiuiPI , with the goal of finding a balance between model parsimony and fit quality. We can

employ several metrics to evaluate model performance, which supplement each other with

different kinds of information.

The Bayes factor

We can use Bayes theorem not only to update our degree of belief in the parameters of a

specific model. It also allows us to compare our degrees of belief across different models used

to represent the same data. Starting again from Bayes theorem (Equation 2.45), we substitute

event A as our observation, but now event B is not the set of parameters making up a specific

model, but rather a whole set of models, M. The posterior probability of any model Mi P M
follows the relation

PpMi|dq “
Ppd|MiqPpMiq

řI
j“1 Ppd|M jq PpM jq

. (2.64)

We can interpret this the same way we did Equation 2.46: PpMiq represents the prior probability

we assign to Mi, Ppd|Miq represents the likelihood of the data over the entire parameter

space of the model (the model evidence, Ei , we have defined in Equation 2.52), and PpMi|dq

is the posterior probability of Mi. The denominator of Equation 2.64 is now the likelihood

of the data over the entire ensemble of models. If we want to compare our degrees of belief

in two models after we have considered the data, we can use Equation 2.64 to construct the

expression

PpMi|dq

PpM j|dq
“

Ppd|Miq

Ppd|M jq
¨

PpMiq

PpM jq
. (2.65)

Equation 2.65 represents the ratio of posterior probabilities between two models, Mi and

M j, also called the posterior odds. It is a measure of how well one model has performed in

representing the data compared to another model, and is therefore inherently a relative metric.
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Table 2.1: Categories for evaluating the Bayes factor between two models, Mi and M j , following Kass
and Raftery (1995). Posterior odds, Bi j , are rounded to the nearest integer. The two-model posterior
probability is computed assuming M “ tMi ,M ju. For negative values of lnpBi jq, the interpretation of
the Bayes factor switches in favour of model M j .

lnpBi j q
Posterior Two-model

Description
odds posterior probability

0 1:1 0.500
1 3:1 0.731 Positive evidence for Mi
2 7:1 0.881
3 20:1 0.953 Strong evidence for Mi
4 55:1 0.982
5 148:1 0.993 Very strong evidence for Mi
6 403:1 0.998

The ratio of model evidence values defines the Bayes factor,

Bi j “
Ppd|Miq

Ppd|M jq
“

Ei

E j
“ B´1

ji . (2.66)

It is a conversion factor that transforms the prior odds of two models into posterior odds. If we

assume that all models in the ensemble have equal prior odds, then the posterior odds of two

models are simply equal to the Bayes factor,

PpMi|dq

PpM j|dq
“ Bi j (2.67)

Judging the value of Bi j is subjective. In and of itself, it provides us with a way of calcu-

lating the posterior odds ratio between two models trying to represent the same data. The

interpretation of Bi j , therefore, is subject to the desired standards of scientific evidence. In this

work, I will use the categories suggested by Kass and Raftery (1995), which are based on the

natural logarithm of the Bayes factor, lnpBi jq. I list these categories in Table 2.1. Following

them, an odds ratio of less than 3:1 does not consitute an evidence worth mentioning. On

the other end of this scale, an odds ratio of more than 148:1 constitutes very strong evidence.

I note that we will not analyse the Bayes factor in the context of commonly used detection

significances, or σ-values. A common method to make Bayes factors more ‘interpretable’ in the

context of atmospheric retrievals is to translate them into σ-values. This is done by inverting

an expression of the Bayes factor in terms of the frequentist p-value, presented in Sellke et

al. (2001, Equation 2). However, this conversion is applied erroneously, as recently pointed

out by Thorngren et al. (2025). There is also no need to specifically convert the Bayesian

interpretation of posterior model probability into a frequentist significance value. Therefore,

we will stick to interpreting Bayes factors as what they represent: the posterior odds ratio of

two competing models.

The application of the Bayes factor has some caveats we need to be aware of. Firstly,
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the definition of Bi j in Equation 2.67 assumes that equal prior odds for the models we are

comparing. While assigning proper prior odds to models can be difficult, this represents an

additional source of uncertainty that influences the posterior odds analysis. Secondly, as Bi j

is computed from the model evidence, Equation 2.52 shows us that it is strongly sensitive to

πpθ q. A weaker (or broader) prior distribution extending into regions of the parameter space

with low likelihood will lower the evidence, possibly unduly penalising models (Thorngren

et al. 2025). Lastly, Bi j is a relative metric. It can find the most favoured model out of M, but

it does not guarantee that this model is a good fit to the data. Therefore, we will supplement

the use of the Bayes factor with other metrics. This will provide us with a more comprehensive

picture to judge the performance of individual models in an ensemble.

Reduced χ-square

One of the most widely used quality-of-fit metrics is the reduced χ-square statistic,

χ2
ν “

1
ν

¨

D
ÿ

i“1

pdi ´ miq
2

σ2
i

, (2.68)

where, for a total of D measurements, the vector pdi ,σi , miq contains the observed data,

standard deviation, and model prediction of the i-th data point. The factor ν“ D´n represents

the degrees of freedom of the model, defined as the difference between the total number of

data points, D, and the number of free parameters of the model, n. Equation 2.68 informs us

about the average squared discrepancy between the data and prediction per degree of freedom,

normalised to the error of the data.

χ2
ν is a point estimate. It uses only a single value, mi , to compare against the data. Bayesian

inference provides us with a range of values, the credible interval. To determine χ2
ν in this

work, we will use the median model, constructed from the medians of all parameter posterior

distributions. The χ2
ν value provides us with a way of checking how well the posterior prediction

for a model fits the data, complementing the relative comparison provided by the Bayes factor.

Akaike information criterion

The Akaike information criterion (AIC, Akaike 1974) was derived as an estimator of the

information loss incurred when using an approximate model to represent a true data-generating

process. It is calculated as

AIC “ ´2 ln
`

L̂
˘

` 2 n, (2.69)

where L̂ represents the maximum likelihood of the model and n the number of model parameters.

It provides us with a way of comparing the performance of models relative to each other without

depending on the model priors. In this work, we will use the corrected Akaike information
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criterion (Burnham and Anderson 2004, referred to as Ψ from here onwards),

Ψ “ ´2 ln
`

L̂
˘

` 2 n
loooooooomoooooooon

AIC

`
2 npn ` 1q

D ´ n ´ 1
, (2.70)

where D represents the number of data points. Ψ modifies the AIC when D{n ă 40, and

converges to the AIC if D becomes large.

Like χ2
ν , Ψ is a point estimate, using the maximised likelihood. However, it represents a

relative metric, similar to the Bayes factor. As an estimate of information loss, smaller values of

Ψ are better. In an ensemble of models, M “ tMiuiPI , each model is therefore associated with

∆i “ Ψi ´Ψmin, (2.71)

where Ψmin is the defined as Ψmin “ mintΨpMiq : Mi P Mu. Models with ∆i ď 2 are consid-

ered to have substantial support from the data, comparable to the model with Ψmin, while

models with∆i ě 4 and∆i ě 10 have considerably less and essentially no support, respectively

(Burnham and Anderson 2004).

Parameter recovery accuracy

When characterising exoplanet atmospheres using atmospheric retrieval, we do not have

the luxury of knowing the true values of the parameters we estimate. However, when we

perform retrievals on synthetically generated transmission spectra, we have full control over

the input parameters used to generate them. In these cases, we can perform parameter self-

retrievals. Let us assume that the forward model used to generate a synthetic transmission

spectrum has I parameters, φ “ tφiuiPI . We can use a retrieval model, characterised by J

parameters, θ “ tθ ju jPJ , for an atmospheric retrieval of this synthetic dataset. The overlap

of parameters between the forward model and the retrieval model, or φ X θ , contains K

parameters, ξ“ tξkukPK . For each ξk P ξ, we can determine if the atmospheric retrieval has

successfully found the underlying, true parameter if φk,GT P Cαpξkq. Here, φk,GT is the value of

φk used to calculate the forward model. The rate of these successful self-retrievals depends on

the credible interval we choose. For the parameter accuracy evaluation we will perform in this

work, we choose CCI99.7 as the credible interval.
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CHAPTER 3 – INTRINSIC LIMITS OF RETRIEVALS

In this Chapter, we will explore the role of the forward model in atmospheric retrievals,

which determines the parameters we estimate in the inference process. In this context, it is

crucial to understand both (1) how much model complexity is supported by the underlying

data, and (2) in which ways the setup of the forward model can bias the retrieval results and

influence our conclusions. To address these aspects of the forward model setup, we focus on

how to characterise the pressure-temperature (p–T) profile in the retrieval of the transmission

spectrum of a hot Jupiter. Part of this work was previously published in Schleich et al. (2024).

It also contains previously unpublished work in preparation for submission as Schleich et al. (in

prep.)

3.1 Context and motivation

As shown in Chapter 2, the technique of atmospheric retrieval rests on several main pillars: the

observational data, the atmospheric forward model, and the statistical sampling method. If we

want to test the reliability of atmospheric retrieval results, each of these pillars provides an

avenue to assess it. While the statistical sampling of atmospheric retrievals is fully guided by

the underlying observational data, the parameter estimates are necessarily constrained by the

forward model.

Section 2.2 has provided us with an overview of various ways in which the physical char-

acteristics of an exoplanet’s atmosphere are incorporated into these forward models. One of

these is the vertical p–T profile. Within the Solar System, where atmospheres are accessible

to in-situ measurements, we have already found a variety of complex p–T structures (e.g.,

Seiff et al. 1998; Fulchignoni et al. 2005; Koskinen et al. 2015; Limaye et al. 2017). In the

context of exoplanets, where we rely solely on indirect measurements, we necessarily have to

use simplified models to represent data with lower information content. In Section 1.3.1, we

have already seen an ensemble of commonly used p–T prescriptions. Heuristic, or ‘free’, p–T

profiles retrieve individual temperature values at different pressure levels within the atmosphere

(which can themselves be free parameters). They offer significant flexibility in retrieving the

atmospheric temperature structure, but at the cost of an increasing number of free parameters.

Parametric or analytic profiles offer a trade-off between a smaller number of free parameters

and more rigid assumptions (e.g. Madhusudhan and Seager 2009; Guillot 2010).

Extracting information about the p–T structure of an exoplanet’s atmosphere is commonly

associated with the analysis of emission spectra. They probe large pressure ranges on an

exoplanet’s dayside by observing its thermal emission. Line et al. (2012) and Line et al. (2013)

investigated the impact of using parametric and heuristic p–T profiles in the retrieval of these

datasets. By performing retrievals on synthetic spectra, they find that a preference for the

parametric profile transitions to a preference for the heuristic profile with increasing SNR

and spectral resolution. Blecic et al. (2017) draws a similar conclusion when analysing the

one-dimensional retrieval of synthetic hot Jupiter emission spectra created from 3D radiative-

hydrodynamic simulations. They compared the performance of two parametric profiles and
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found that, in high spectral resolution and SNR cases, a more flexible parametrisation produces

a better representation of the mean underlying p–T structure.

In contrast, transmission spectra probe the atmospheric temperature profile only indirectly

through the atmospheric scale height (as we have seen in Equation 2.24). The instruments

of HST, the previous state-of-the-art for space-based transmission spectroscopy, only cover a

narrow wavelength range (∆λ ă 1µm). Consequently, an isothermal p–T prescription has

found ample application in analyses of these data (e.g., Tsiaras et al. 2018; Roudier et al. 2021),

which probe only a narrow vertical region of an exoplanet’s atmosphere. Improving the data

quality changes this assumption. Rocchetto et al. (2016) investigated the impact of using

different p–T prescriptions on observations of a quality expected from JWST. Their results,

derived for an idealised scenario represented by a cloud-free hot Jupiter observed with the

full wavelength coverage of JWST, indicate a strong bias in the retrieved MRs of atmospheric

constituents when an isothermal p–T profile is used.

The recent launch of JWST and the upcoming launch of the Ariel space mission (Tinetti

et al. 2021) motivate us to investigate this closer. Their instruments can observe transmission

spectra over a much broader wavelength range and at significantly improved SNR. In this

Chapter, we systematically investigate the role of the p–T profile in the retrieval of exoplanet

transmission spectra. We do this using simulated data, which provides us with complete

information about the true parameters used to generate it. As an exoplanetary model, we use

the hot Jupiter WASP-39 b, the most well-studied exoplanet by JWST to date. We simulate

observations for all four instruments of JWST (NIRCam, NIRSpec, NIRISS, and MIRI), and for

the upcoming Ariel space mission. The resulting synthetic spectra cover a variety of input p–T

profiles, as well as attenuation of the spectrum by atmospheric aerosols in the form of a cloud

deck. We perform homogeneous atmospheric retrievals on these spectra, using a large range

of heuristic p–T profiles. This allows us to quantify the necessary and supported p–T profile

complexity to correctly recover an exoplanet’s atmospheric parameters from its transmission

spectrum.

3.2 Methods

To investigate the behaviour of parameter estimates in atmospheric retrievals, we need control

over the true values of these parameters. In real observational data, the ground-truth of these

parameters is unknown. We therefore synthetically generate datasets for atmospheric retrievals,

which consist of two parts. The atmospheric transmission spectrum is created by performing

radiative transfer through an atmospheric forward model. This spectrum is then combined

with error bars, representing our uncertainty in the individual transit depth values.

Our synthetic observations are modelled after the star-planet system of WASP-39. It consists

of a late-G type host star orbited by a hot Jupiter, WASP-39 b, at a period of approximately

4 d (Faedi et al. 2011; Mancini et al. 2018). WASP-39 b has been extensively observed with

JWST within the ERS programme, providing us with transmission spectra from all four of its
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Table 3.1: Parameters of the WASP-39 system. Stellar and planetary parameters and uncertainties are
taken from Mancini et al. (2018).

Parameter Value Unit

Star (WASP-39)

Stellar mass (M˚) 0.918 ˘ 0.047 M@

Stellar radius (R˚) 1.013 ˘ 0.022 R@

Effective temperature (Teff) 5485 ˘ 50 K
Metallicity (rFe{Hs) 0.01 ˘ 0.09 dex
Surface gravity (log g) 4.41 ˘ 0.15 dex

Planet (WASP-39 b)

Planetary mass (Mp) 0.281 ˘ 0.032 MJ
Planetary radius (Rp) 1.279 ˘ 0.040 RJ

Equilibrium temperature (Teq) 1116`33
´32 K

Orbital period (P) 4.0552941 ˘ 3.4 ˆ 10´6 d
Semi-major axis (a) 0.0486 ˘ 5 ˆ 10´4 AU
Inclination (i) 87.83`0.25

´0.22
˝

instruments. The system parameters that form the foundation for our synthetic forward models

are given in Table 3.1.

3.2.1 Synthetic input data

We then create a grid of synthetic transmission spectra by performing radiative transfer calcula-

tions through one-dimensional atmospheric models. We set the atmospheric pressure domain of

these models as log10pp rbarsq P r1; ´9s, with 110 atmospheric layers. As a standardised setup

for all cases, we construct a primary atmosphere dominated by H2 andHe. Additionally, we

include CH4, CO, CO2, H2O, and H2S as atmospheric absorbers with constant MRs throughout

the atmosphere. We also include contributions from CIA of H2 – H2 and H2 – He, and Rayleigh

scattering as implemented in TauREx. We can see the values defining the gas phase of our

atmospheric model and the sources associated with their optical depth contribution in Table 3.2.

Figure 3.1 shows how these contributions form a synthetic transmission spectrum, extending

from 0.5 µm to 12 µm and using the system parameters of WASP-39 b, illustrated for a constant

atmospheric temperature of Teq “ 1116K. The spectrum is dominated by the absorption

features of H2O, with minor regions at longer wavelengths where CO2 and H2S become the

dominant absorbers. The continuum of the spectrum is dominated by Rayleigh scattering at

short wavelengths (λ ă 1µm), and then by CIA. CH4 and CO are spectrally less active, only

showing minor regions where their contribution surpasses the underlying continuum. Using

this fixed chemical setup, we create a small grid of forward models to systematically investigate

the influence of different p–T prescriptions in the retrieval of state-of-the-art transmission

spectra.
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Table 3.2: Atmospheric species for synthetic forward models. Values for volume-mixing ratios, XM, are
inspired by the results presented in JTERS23

Parameter Value Sourcea

He { H2 0.13
H2–H2 (Abel et al. 2011)

H2–He (Abel et al. 2012; Fletcher et al. 2018)

XCH4
1 ˆ 10´7 Yurchenko et al. (2017)

XCO 4 ˆ 10´3 Li et al. (2015)
XCO2

5 ˆ 10´5 Yurchenko et al. (2020)
XH2O 5 ˆ 10´3 Polyansky et al. (2018)
XH2S 5 ˆ 10´4 Azzam et al. (2016)
a Sources for He { H2 refer to CIA cross sections, sources for XM refer to molecular

absorption cross sections.
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Figure 3.1: Absorption contributions from atmospheric constituents, showing wavelength (x-axis, in µm)
against transit depth (y-axis, in %). Individual contributions are colour-coded for molecular constituents
of the atmosphere, as well as for the total contributions from CIA and Rayleigh scattering. The total
transmission spectrum is shown as a black solid line (calculated using an isothermal temperature profile
with T “ 1116 K).

Pressure-temperature profiles

Our focus in this Chapter is on the role of the p–T profile in atmospheric retrievals of trans-

mission spectra. Consequently, we move beyond the simplified isothermal assumption and

create synthetic transmission spectra using two different p–T profiles, defined by eleven (p,

T) pairs distributed log-uniformly within the atmosphere. This defines the first parameter in

our grid of atmospheric forward models. The left panel of Figure 3.2 illustrates the resulting

profiles. We differentiate between them by their behaviour with decreasing pressure. The first

profile (shown in blue) is less complex, with a purely negative temperature gradient. We refer

to it as ‘monotonic’ from here on. The other one (shown in red) has a more complex vertical

structure, characterised by a temperature inversion between a negative temperature gradient

in the lower atmosphere and a positive temperature gradient in the upper atmosphere. We

refer to this profile as ‘inverse’ from here on. The shapes of the two profiles are inspired by the

cases of the hot Jupiters WASP-76 b and WASP-77 A b presented in Changeat et al. (2022) for
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Figure 3.2: Summary of the temperature structure used to generate synthetic transmission spectra.
(Left) p–T structure within the atmospheric forward model domain, showing temperature (x-axis, in K)
against pressure (y-axis, in bar). The ‘monotonic’ profile is shown in blue, while the ‘inverse’ profile is
shown in red. The circles show the eleven p-T nodes used as input. The solid lines show the interpolated
vertical temperature structure. (Right) Transmittance maps for the monotonic (upper panel) and inverse
(lower panel) case, showing wavelength (x-axis, in µm) against transit depth (y-axis, in %).

the ‘monotonic’ and ‘inverse’ profiles, respectively.

We see the impact of using these two p–T profiles on our synthetic transmission spectra in the

right panels of Figure 3.2. It shows the wavelength- and pressure-dependent transmittance for

the monotonic and inverse case. As the monotonic case is hotter at higher pressures, the model’s

scale height is larger. This inflates the atmosphere, pushing the region probed in transmission

to higher altitudes. In contrast, the inverse p–T profile is cooler at lower altitudes, meaning

that lower regions in the atmosphere are probed. We can see this prominently at approximately

2.5 µm. The overall shapes of the transmittance map and the resulting transmission spectra are

closely overlapping.

Atmospheric cloud deck

In constructing our synthetic spectra, we also want to be mindful of the impact of clouds.

Rocchetto et al. (2016) investigated the role of the p–T profile in an idealised scenario, not

considering any cloud cover. Observations have shown us that aerosol formation is ubiquitous in

the atmospheres of exoplanets, spanning a wide range from spectrally clear to heavily clouded,

where increasing cloudiness leads to muted spectral features (Sing et al. 2016; Gao et al. 2021).

We want to account for this in our synthetic forward models, quantifying how atmospheric

cloudiness influences the p–T profile analysis. We choose a simple model prescription for

clouds in the form of a flat-opacity cloud deck, defined as an optical-depth step function at

a fixed cloud-top pressure (Equation 2.43). This is the second parameter that defines our

grid of forward models. We include three different cases of the cloud-top pressure to cover
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Figure 3.3: Impact of different cloud-top pressure levels on a transmission spectrum, showing wavelength
(x-axis, in µm) against transit depth (y-axis, in %). The transmission spectra were generated using the
inverse p–T profile, with a cloud-top pressure of 1 bar (solid line), 10´3 bar (dashed line), and 10´5 bar
(dotted line).

a wide range of possible modulations to the transmission spectrum, placing the cloud top at

log10ppcloud rbarsq P t0, ´3, ´5u. We label these as high-pressure, medium-pressure, and low-

pressure clouds, respectively. Figure 3.3 illustrates the influence of these cases on a synthetic

transmission spectrum. In the high-pressure cloud case (solid line), the synthetic spectrum

shows significant modulations across the whole wavelength range. In the medium-pressure

case (dashed line), the spectrum becomes more muted, especially at wavelengths shorter than

1 µm. Figure 3.2 (right panels) show us that this is where the deepest regions of the atmosphere

(p ă 10´3 bar) are probed, which become obscured by the medium-pressure cloud deck. In the

low-pressure cloud case (dotted line), the spectrum is mostly flat, only showing modulations at

wavelengths larger than 2µm, significantly reducing the information it contains.

Transit-depth precision

To transform our synthetic transmission spectra into simulated observations, we need to combine

them with wavelength-dependent uncertainties in the transit depth. The third parameter

defining our grid of forward models is therefore the precision of the transmission spectrum,

σtd, corresponding to the instrument cases we consider. These are summarised in Table 3.3,

and Figure 3.4 shows their associated transit-depth uncertainty maps.

First, we consider an observation taken with NIRSpec in its prism mode. For this case,

we generate the transit depth uncertainty in two different ways. On the one hand, we use

uncertainty values associated with a Eureka!-based data reduction of the NIRSpec PRISM

observation of WASP-39 b. This ‘realistic’ noise is based on the data reduction performed in

Chapter 4. As a small difference from the finalised data reduction process, the light-curve fitting

for this noise case was performed with an additional point-scatter parameter (e.g., JTERS23,

Rustamkulov et al. 2023), slightly increasing the transit-depth uncertainty compared to the

transmission spectrum presented in Section 4.2.1. We smooth this error curve by fitting a
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Table 3.3: Instrument cases used to generate synthetic transmission spectra.

Instrument λmin [µm] λmax [µm] Ra σtd [ppm]a

JWST

NIRSpec PRISM 2.25b 5.29 410 104 / 238c

NIRSpec G395H 2.73 5.17 1999 425
NIRISS SOSS 0.63 2.81 834 260
NIRCam F322W2 2.42 4.02 1101 295
MIRI LRS 5.13 11.86 34 239
JWST (full)d 0.63 11.86 1391 339

Ariel

WASP-39, 2 orbits 0.55 7.64 100 369
HD 209458 0.55 7.64 100 100
a The resolution, R, and transit depth uncertainty, σtd, are represented by median values.
b The NIRSpec PRISM observation is saturated at wavelengths shorter than λmin.
c The first and second value represent the Pandexo and DRS case, respectively.
d This case uses the noise levels from NIRISS SOSS, NIRSpec G395H and MIRI LRS.

fourth-order polynomial to it, correcting for outliers and deriving a more general wavelength-

dependent noise curve this way. We label this case as data-reduction scaled (DRS). We also

use the JWST noise-simulation tool Pandexo (Batalha et al. 2017) to generate a second set of

transit-depth error bars for the NIRSpec PRISM setup. We run Pandexo using the observational

parameters corresponding to the NIRSpec PRISM observation of WASP-39 b performed in

observational cycle 1 (PID: 1366), and the default assumptions from ExoCTK1 (excluding a

noise floor) with the system parameters listed in Table 3.1. For future reference, we label this

case Pandexo. Excluding a noise floor from it represents a more optimistic assumption about the

transit-depth uncertainty than in the DRS case. Both noise curves are shown in Figure 3.4 with

grey and golden markers representing the DRS and Pandexo case, respectively. Including both

allows us to investigate the influence of the transit-depth SNR on the retrieval accuracy from

a single instrument. The error bars in the Pandexo case are smaller than in the DRS case by

approximately a factor of 2.3, representative of a SNR increase associated with a combination

of approximately five transits.

Secondly, we consider the other instrument modes of JWST that have been used to measure

a transmission spectrum of WASP-39 b. This includes the first and second spectral orders of

NIRISS, NIRSpec with the F290LP/G395H filter and grism combination, the NIRCam long-

wavelength channel using the F322W2 filter, and MIRI LRS. For the NIR observations, we take

the error bars presented in Carter & May et al. (2024). The authors performed a homogeneous

data reduction analysis of all NIR observations of WASP-39 b. We use the values of σtd based

on free limb-darkening coefficients (LDCs)2 at the native instrument resolution. To transform

these observation-specific transit depth uncertainties into more general error curves, we smooth

1Exoplanet Characterisation Toolkit, https://exoctk.stsci.edu/pandexo/
2Retrieved from https://doi.org/10.5281/zenodo.10161743
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Figure 3.4: Instrument noise cases used to create the synthetic transmission spectra, showing wavelength
(x-axis, in µm) against transit depth uncertainty (y-axis, in pmm). The noise curves are labelled by each
instrument case, as described in the text.

them to remove outliers. For a more detailed description of this, I refer to Appendix A. For

the case of MIRI LRS, we take the values of σtd presented in Powell et al. (2024)3 based on a

data reduction with Eureka!. These data are not available at the native instrument resolution.

Rather, it is binned into 28 spectral channels with a width of 0.25 µm.

Lastly, we consider noise levels for observations of the upcoming Ariel mission. We simulate

this noise using the most recent version4 of ArielRad (Mugnai et al. 2020). When using WASP-39

as the host star, we mimic an observation resulting from two stacked transits by reducing the

simulated noise level by a factor of
?

2. This represents a Tier 2 target for Ariel, designed

to investigate the atmospheric structure and composition of individual exoplanets (Tinetti

et al. 2021; Edwards and Tinetti 2022) We label this case as ‘Ariel-WASP’. As a comparison, we

also perform ArielRad noise simulations using the canonical hot Jupiter host star HD 209458.

A single transit using HD 209458 as the host star places our simulated observation in Ariel’s

Tier 3 target category, representing the highest expected data quality, apart from dedicated

phase curve observations (Tinetti et al. 2021; Edwards and Tinetti 2022). We label this case as

‘Ariel-HD’ for future reference.

Final grid of synthetic spectra

To summarise the extent of our grid of forward models: we combine two input p–T cases

and three cloud-pressure cases with nine noise scenarios. This provides us with a total of 54

synthetic transmission spectra. Using these, we can investigate the impact of using varying p–T

prescriptions in atmospheric retrievals across a wide range of wavelength coverage, SNR, and

expected underlying atmospheric structure. The smallest wavelength coverage we consider

comes from NIRCam F322W2 (∆λ“ 1.60µm), while the widest coverage is associated with

the full JWST case (∆λ“ 11.24µm). For spectra simulating JWST observations, the spectral

resolution is generally high. The MIRI LRS case is an exception to this, with a resolution

approximately two orders of magnitude lower than the NIR JWST cases. For simulated Ariel

observations, the median spectral resolution masks a discontinuous combination of photometric

3Retrieved from https://doi.org/10.5281/zenodo.10055845
4ArielRad v2.4.26, ExoRad v2.1.111, and the Payload config files v0.0.17.
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and low-resolution instruments

As we are interested in investigating the potential biases of using different p–T prescriptions

in the retrieval of atmospheric properties, we do not scatter these synthetic spectra. Adding

randomisation through a self-scattering step would introduce additional, non-controllable

biases into the retrieval results. We use the non-scattered instances of each spectrum as an

idealised case, representing the averaging of results from a larger set of randomised instances

(e.g., Feng et al. 2018; Changeat et al. 2019).

3.2.2 Atmospheric retrieval

To investigate how the p–T prescription impacts retrieval results, we now perform semi-self-

retrievals using TauREx. In all of them, we use 750 live points and a tolerance of 0.5 for the

natural logarithm of the evidence. Table 3.4 provides an overview of the retrieval parameters

and their associated prior distributions.

Seven of the model parameters are self-retrieved – the reference radius, Rp, the five MRs of

atmospheric trace constituents, XM, and the cloud-top pressure of the flat-opacity cloud deck,

pcloud. These are homogeneous in all retrievals. To handle the p–T structure of the atmosphere,

we consider heuristic, or ‘free’, p–T profiles of varying complexity. In the simplest case, this

encompasses an isothermal profile, adding one free parameter to the model. Increasing the

complexity, we construct multipoint profiles with two, four, six, and eight pressure nodes. For

all these profiles, the first and last pressure nodes are anchored at the bottom of the atmosphere

(BOA) and top of the atmosphere (TOA), respectively. For the remaining pressure nodes, we

make the informed choice to slightly cluster them around the expected probed region of the

atmosphere. As we see in Figure 3.2 (right panels), this region extends approximately between

10´2 bar and 10´6 bar. Consequently, we place the nodes at values of log10ppi rbarsq given by

• t1, ´9u for the two-point profile,

• t1, ´3, ´7 ´ 9u for the four-point profile,

• t1, ´1, ´3, ´5, ´7, ´9u for the six-point profile,

• t1, ´1, ´2, ´3, ´4, ´5, ´7, ´9u for the eight-point profile.

Lastly, we also perform a full self-retrieval using an eleven-point p–T profile. The temperature

nodes of this case are placed at the same pressure values as the nodes of the input profile

(Figure 3.2). Using these six heuristic p–T prescriptions will give us a detailed overview of

the supported and necessary vertical temperature structure when retrieving the transmission

spectrum of a hot Jupiter. The number of free parameters in these cases increases from eight (the

isothermal case) to 18 (eleven-point full self-retrieval). In total we perform 324 atmospheric

retrievals to cover our grid of synthetic spectra.

Retrieval performance metric

To assess the performance of all atmospheric retrievals, we use the performance metrics
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Table 3.4: Parameters for the retrieval of synthetic transmission spectra. In multipoint retrievals, Ti
refers to the temperature at each individual pressure node.

Parameter Prior type Range Associated unit

Self-retrieval

Rp uniform r1.0,1.5s RJ
XM log-uniform r10´12, 10´0.1s –
pcloud log-uniform r10´9; 10s bar

Multipoint p–T profile

Ti uniform r300,3000s K

described in Section 2.3.3, specifically the Bayes factor, lnpBi jq, and the parameter recovery

accuracy. We will highlight the Bayes factor calculated using two reference cases, the eleven-

point self-retrieval, lnpBm,11ptq, and the isothermal retrieval, lnpBm,isoq. In the first case, we are

evaluating model preference under an optimistic assumption about the information content

of each synthetic spectrum – that it contains sufficient information about the atmosphere

to recover the full complexity of the underlying p–T structure. In the second case, we are

evaluating model preference based on parsimony – if retrievals with complex p–T profiles have

posterior odds below a given threshold, the simpler model is preferred.

Next to the Bayes factor, we also look at the accuracy of the retrieval, defined by successful

parameter recoveries. For each self-retrieved parameter, θ , we count it as successfully recovered

if the CCI99.7 of the estimated parameter encompasses the known input value, θGT. For easier

visualisation, we calculate the distance between the true parameter value and the median of

the parameter posterior distribution,

∆θ “ θGT ´ medpθq. (3.1)

We then scale ∆θ by the width of the credible interval. Because the CCI99.7 is not necessarily

symmetric around the median in the parameter space of θ , we calculate this scale as

Ωpθq “

$

&

%

∆θ
medpθq´qθ p0.0015q

, θGT ă medpθq,
∆θ

qθ p0.9985q´medpθq
, θGT ą medpθq.

(3.2)

Here, qθ p0.0015q and qθ p0.9985q represent the edges of the CCI99.7 A parameter then counts

as successfully retrieved if Ωpθq is less than or equal to unity. Parameters with Ωpθq ą 1 are

overestimated, as the true parameter value is smaller than the range of the CCI. For Ωpθq ă ´1,

the opposite is true. We summarise the retrieval performance by counting the successfully

retrieved parameters, nsuccess, against the total number of parameters identical between the

forward model and retrievals, ntot. For each instrument case we have simulated, this gives us

ntot “ 42 from seven self-retrieved parameters (five molecular MRs, XM, the planetary reference

radius, Rp, and the cloud-top pressure, pcloud), two input p–T cases (monotonic and inverse)
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and three input cloud cases. In addition to this, we assess the accuracy of the retrieved p–T

profiles. To do this, we empirically compare the credible intervals of the retrieved p–T profiles

to the true temperature structure underlying the synthetic spectra.

3.3 Results

3.3.1 NIRSpec PRISM

The selection of p–T prescriptions we have chosen provides us with a fine-grained overview

of the balance between model complexity and data information content across all synthetic

spectral cases we consider. We start with analysing the retrieval results for the NIRSpec PRISM

instrument cases. As we see in Table 3.3, the difference between the DRS and Pandexo noise

case allows us to investigate the impact of an increased observational SNR, while holding the

underlying instrument constant.

Model preference

We first investigate how our models perform when assessed using the Bayes factor. In Figure 3.5,

we see the evaluation of lnpBm,11ptq in the DRS and Pandexo noise case, summarised for all

cloud-top pressure values and underlying p–T profiles. Two distinct behaviours manifest in

these results. Firstly, the Bayes factor peaks at different models based on the underlying p–T

structure of the synthetic spectra, as we see in the left and right panels of Figure 3.5, respectively.

In the monotonic case, the two- and four-point retrievals are strongly to moderately preferred,

while the posterior odds of more complex models decline towards unity. In the inverse case,

the preference for the two-point profile vanishes. We still see a positive preference for the four-

point profile in the high-pressure cloud cases. Here, the spectra contain enough information to

favour the four-point profile over the other multipoint cases. When the spectral features of the

synthetic spectra become more muted (medium-pressure clouds), this preference disappears,

leaving the multipoint models with inconclusive posterior odds.

A notable exception to this behaviour is the performance of the isothermal profile. In the

majority of cases, it is strongly disfavoured against all other multipoint profiles, based on

lnpBm,11ptq. Since the Bayes factor is a relative measure, this underlines the preference peaks

we observe in the monotonic and inverse cases. The isothermal profile is clearly insufficiently

flexible to capture the impact of either of the underlying p–T structures on the synthetic

transmission spectra. Only when they become strongly muted (low-pressure clouds) is the

Bayes factor insufficient to reasonably distinguish between any of the models.

Comparing the retrievals performed with the DRS noise case to those with the Pandexo

noise case, we see that the two distinct behaviours we identified before are exacerbated. The

peaks of the preference curves are more pronounced, encompassing the medium-pressure cloud

cases as well. The isothermal profile is now strongly disfavoured even in the low-pressure

cloud cases. This aligns with the fact that the increased SNR in the Pandexo case indicates

that the spectra contain more information. These Bayes factor evaluations already tell us
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Figure 3.5: Bayes factor comparison for retrievals of the DRS and Pandexo synthetic datasets. All panels
show the number of temperature points in the atmospheric retrieval (x-axis) against the Bayes factor in
reference to the full self-retrieval (y-axis). The data points are separated into retrievals performed on
synthetic spectra generated with high (pcloud “ 1 bar, circles), medium (pcloud “ 10´3 bar, squares), and
low (pcloud “ 10´5 bar, diamonds) cloud-top pressure values. The grey shaded areas denote the Bayes
factor thresholds given in Table 2.1, and cases fulfilling | lnpBm,11ptq| ą 6.5 are dented by black arrows.
(Top) Results for retrievals of the DRS spectra generated with a monotonic (left, panel a) and inverse
(right, panel b) p–T profile. (Bottom) Results for retrievals of the Pandexo spectra generated with a
monotonic (left, panel c) and inverse (right, panel d) p–T profile.

that we should substitute isothermal p–T prescriptions for more flexible profiles. This aligns

with the results presented in Rocchetto et al. (2016), which showed that isothermal retrievals

performed on simulated, cloud-free JWST spectra of hot Jupiters can significantly bias the

retrieved atmospheric MRs.

Parameter accuracy

Evaluating the accuracy of the retrieved parameters provides us with a more detailed view of

the performance of individual p–T prescriptions. In Figure 3.6, we see the accuracy of the

estimated parameter associated with retrievals performed on the DRS spectra. The retrieval

results of the seven self-retrieved parameters in each model are split by the underlying input

p–T profile and cloud-top pressure. As we have determined, the increase in SNR from the

DRS case to the Pandexo cases exacerbates the model preference behaviour. Therefore, the

behaviour we observe in the retrieval accuracy of the DRS cases provides us with a lower bound

for the Pandexo case.

We focus on the MRs of the atmospheric trace species (H2O,CO2, H2S,CO, andCH4) first.

When the information content in the synthetic spectra is high (high- and medium-pressure

clouds, marked by circles and squares), the isothermal profile clearly fails to retrieve the correct

MRs. This manifests in the accuracy curves shown in Figure 3.6 flaring outside of the grey
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Figure 3.6: Parameter retrieval accuracy in the DRS case. The individual panels represent the self-
retrieved parameters in each retrieval: MRs of H2O, CO2, H2S,CO, andCH4, planetary reference radius,
and cloud-top pressure. All panels show the number of temperature points in the atmospheric retrieval
(x-axis) against the scaled distance of the input parameter value from the parameter posterior median
(Ωpθq, y-axis). The accuracy curves are colour-coded by the underlying p–T case, where blue represents
the monotonic profile and red the inverse profile. Individual markers denote the high-pressure (circles),
medium-pressure (squares), and low-pressure (diamonds) cloud-top input cases. Values of |Ωpθq| ą 2
are denoted by empty markers with arrows.

area, marking |Ωpθq| “ 1. We see this most prominently for H2O and CO2. These species

create the most distinct features in the synthetic spectra (Figure 3.1). For H2S and CO, this

bias is less prominent, but the isothermal retrievals still fail to recover the correct MRs. CH4 is

a slight outlier in this. Due to the low underlying abundance and lack of distinct absorption

features in the synthetic spectra, the posterior distributions associated with CH4 are significantly

broader. Following from this, the ranges of the CCI99.7 are wider, more easily encompassing the

underlying true value. Notably, we find that the isothermal bias in retrieving atmospheric MRs

is anti-symmetric between the monotonic and inverse case. In the monotonic case (blue curves),

Ωpθq ă ´1, indicating that the MRs are underestimated. In the inverse case (red case), the

opposite is true. In contrast to the isothermal retrievals, the more complex p–T prescriptions

consistently retrieve the atmospheric MRs in the presence of high- and medium-pressure clouds.

This picture shifts when we consider the low-pressure cloud cases (shown with diamonds),

where all p–T prescriptions struggle to accurately retrieve the input parameters.

For the reference radius, Rp, and cloud-top pressure, log10ppcloudq, we observe a less distinct

behaviour. The isothermal profile fails to retrieve the correct radius in the monotonic case, while

the two-point profile does the same in the inverse case. It is also the only profile that incorrectly

retrieves the cloud-top pressure in the inverse case with high-pressure clouds. Otherwise, the

cloud-top pressure is consistently correctly retrieved by all p–T prescriptions. An exception to

this is the inverse case with low-pressure clouds, where we again see that all retrievals fail to

produce the correct cloud-top pressure.
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Retrieved p–T profiles

Based on the Bayes factor on parameter retrieval accuracy, we can already tell that, in the

context of the multipoint p–T profiles, the two- and four-point cases should be our focus.

None of the more complex p–T profiles provides an advantage in the accuracy of the retrieved

parameter. Because of their increased number of free parameters, they are disfavoured based

on their posterior odds.

In Figure 3.7, we see the retrieved p–T profiles for the isothermal, two-point, and four-point

assumptions in the context of the DRS case, compared to the true underlying vertical tempera-

ture structure. In the monotonic p–T case (top row), we can clearly see that two temperature
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Figure 3.7: Retrieved p–T profiles in the DRS case. Each panel shows temperature, (in K, x-axis)
against pressure (in bar, y-axis). Retrieved profiles are shown for the isothermal (orange), two-point
(red) and four-point (blue) cases. For retrieved p–T profiles, the solid line indicates the median and the
shaded area the corresponding CCI99.7. In all panels, the input p–T profile is shown as a dashed black
line. (Top) Retrieval results for the monotonic case. From left to right, the three panels are ordered by
increasing input cloud-top pressure, indicated by the horizontal dotted line. (Bottom) Same, but for the
inverse case.
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points are sufficient to capture the underlying p–T structure, which (at first order) is a simple

negative temperature gradient. The retrieved four-point profile also encompasses the input

p–T profile, meaning that it successfully retrieved the underlying temperature structure. Com-

paring this to the inverse case (bottom row), the two-point profile is insufficient to reproduce

the temperature inversion point at 1 mbar, significantly underestimating the temperature in

the high-pressure regime of the atmospheric forward model as a result. In both cases, the

isothermal profile, by its construction, is unable to capture any vertical temperature gradient.

Both the behaviour of the Bayes factor preference curve (Figure 3.5) and the asymmetries

in the parameter accuracy (Figure 3.6) are directly correlated to this inability to capture the

true vertical temperature structure. We can compare the expected pressure regime probed

in transmission with the retrieved temperature profiles. As we have seen in Figure 3.2, the

probed pressure regime in the transmission spectra extends approximately between 10´2 bar

and 10´6 bar in a cloud-free case. In the monotonic case, we see that the isothermal retrieval

solution underestimates the true atmospheric temperature in the probed pressure regime. In

the inverse case, the opposite is true. This is anti-correlated with the bias in atmospheric MRs

from isothermal retrievals we have observed before. The source of this anti-correlation is the

influence of the local atmospheric scale height, Hl , in the transit geometry. Equation 2.25 tells

us that Hl is directly proportional to the local temperature. Increasing the temperature, and

therefore Hl , increases the path length of the local atmospheric layer (Equation 2.24). This

directly influences the calculation of the optical depth (Equation 2.39), compensating for a

longer path length by decreasing the molecular MRs. If the temperature is underestimated,

this bias reverses.

This probed region of the atmosphere also influences the width of the retrieved temper-

ature profile CCIs. All multipoint profiles are anchored with two temperature nodes at the

BOA and TOA. For the two-point profile, the posterior distributions of these two nodes are

comparatively narrow, as the retrieval converges to the temperature gradient registered in the

probed atmospheric region. In the case of the four-point profile, this information constrains

the posterior distributions of the two intermediate temperature nodes, which sit closer to the

probed atmospheric region. Consequently, the posterior distributions of the BOA and TOA

temperature nodes are unconstrained, as they span nearly the entire temperature prior range.

This behaviour holds until the case in which the low-pressure cloud deck masks much of the

probed atmospheric region, leading to the multipoint profiles becoming highly unconstrained.

Increased SNR

As we have observed in the evaluation of the Bayes factor, increasing the observational SNR

from the DRS case to the Pandexo case exacerbates the shape of the preference curve. This

is also true for the parameter accuracy, which is summarised in Figure B.1. In the case of

high-pressure and medium-pressure cloud decks, the values of Ωpθq are larger in the Pandexo

noise case, because the CCIs derived from the parameter posteriors are narrower. This is also

true for the retrieved p–T profiles. For the multipoint profiles, the credible intervals of the
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temperature nodes closest to the probed atmospheric region are narrower. For the four-point

profile, the credible intervals of the BOA and TOA temperature nodes remain unconstrained,

comparable to the DRS case. When a low-pressure cloud deck masks most of the information

contained in the synthetic spectra, the behaviour of the parameter accuracy curves and the

shape of the retrieved p–T profiles more closely overlap with what we have seen for the DRS

case.

3.3.2 Panchromatic preferences

Analysing the simulated observations for NIRSpec PRISM has provided us with a comprehensive

overview of the preferred p–T parametrisation to use in a specific instrument scenario. We

extend this to cover a large range of instruments from JWST and Ariel. This provides a

comprehensive overview of the importance of p–T complexity over a wide range of spectral

resolutions, wavelength coverage, and SNR.

Model preference

We first extend the analysis of model preference based on the Bayes factor. Figure 3.8 sum-

marises the previously established Bayes factor analysis for our whole grid of synthetic spectra,

encompassing 324 individual retrievals (including the two prior NIRSpec PRISM cases). The

correlation between the shape of the Bayes factor preference curve and the underlying p–T

profile stays consistent in our extended grid. For the monotonic input case, it peaks at the

two-point profile, which is sufficient to capture the simpler, purely negative temperature gra-

dient. In the inverse input case, the peak of the preference curve is shifted to the four-point

profile. Here, more than two temperature nodes are necessary to capture the more complex

temperature inversion in the input profile.

The magnitude of the model preference, meaning the value of the Bayes factor, is correlated

with the instrument case underlying the synthetic spectrum. Datasets that span a wide wave-

length range, combined with high spectral resolution, exhibit the strongest model preference

peaks. This includes the full JWST range, NIRISS SOSS, NIRSpec G395H, and Ariel-HD. The

behaviour of this preference curve is tied to the underlying, true p–T structure. As we see in

Figure 3.8, in the monotonic case we find posterior odds of up to 150:1 and 90:1 for two-point

and four-point retrievals, respectively. This indicates that they are significantly preferred over

more complex profiles. The peak in model preference is muted in the inverse case, where the

performance of individual multipoint profiles based on lnpBm,11ptq is less conclusive. However,

we do see a plateau in the model preference curve. Notably, for simulated spectra both spanning

a wide wavelength range and high spectral resolution (NIRISS SOSS, JWST full, Ariel-HD,

and Ariel-WASP), this plateau begins at the four-point profile, already excluding the two-point

retrievals based on their posterior odds. In contrast, for cases with high spectral resolution

but smaller wavelength coverage (NIRSpec G395H, NIRCam F322W2), this plateau starts at

the two-point profile. This is directly linked to the extent of the atmospheric vertical region

probed by the data. In the former case, the broader wavelength coverage (combined with
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Figure 3.8: Bayes factor values for the total grid of synthetic retrievals. p–T profiles used in the
retrievals are given on the x-axis, and different simulated instrument cases on the y-axis. The cells are
colour-coded by their Bayes factor in reference to the eleven-point retrieval (numbers in bold). Below
these, the smaller numbers represent the Bayes factor in reference to the isothermal retrieval. The left
and right columns represent the monotonic and inverse cases, respectively. In each column, the rows
represent different input cloud-top cases.
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a low-lying cloud deck) probes a large region of the atmosphere, indicating that neither the

isothermal nor the two-point profile can adequately capture the complexity of the underlying

p–T profile. In the latter case, the limited wavelength coverage results in a narrower probed

region of the atmosphere, and simpler models suffice. Here, the isothermal profile provides

insufficient flexibility to capture the underlying p–T profile, but the information in the spectra

is sufficiently represented by a simple gradient (i.e., two points).

The magnitude of the model preference is also strongly correlated with the cloud deck

underlying the synthetic spectrum. We see this trend by examining the individual rows in

Figure 3.8. The gradient in model preference values is most pronounced in the high-pressure

cloud top cases, where each spectrum contains the most information. Considering cloud

decks at increasingly lower pressures, this model preference behaviour becomes more muted.

In the medium-pressure cloud case, models with more complex p–T prescriptions are still

strongly preferred over the isothermal retrievals. However, the model preference now plateaus

at the two-point retrievals in both the monotonic and inverse cases. With a low-pressure

cloud deck at 10´5 bar, the preference curves fully flatten out in most cases, showing no more

distinct preference over the multipoint retrievals compared to the isothermal case. Only the

full-wavelength JWST case still has noticeably lower posterior odds for the isothermal retrievals.

The MIRI LRS simulation is an outlier, showing no discernible preference among the different

p–T cases, even in the high-pressure cloud-top cases. It is distinguished from the other simulated

spectra by its large wavelength coverage but comparatively low spectral resolution. As we see

in Table 3.3, the simulated MIRI LRS spectra cover approximately∆λ“ 6.7µm, more than four

times the wavelength coverage of the narrowest simulated spectra, the NIRCam F322W2 cases.

However, the simulated NIRCam spectra have a spectral resolution approximately 30 times

that of the MIRI LRS spectra. Both the MIRI LRS and NIRCam F322W2 cases have comparable

average transit-depth uncertainties. This indicates that, to recover a p–T profile more complex

than an isothermal approximation, spectral resolution plays a more significant role compared

to total wavelength coverage.

Retrieval accuracy

Next, we analyse the retrieval accuracy for all self-retrieved parameters. In Figure 3.9, we

see a summary of this for each instrument case. For a full overview of each individual self-

retrieved parameter, I refer to Appendix B. Generally, the parameter recovery rates follow trends

very similar to those of the model preference curves. Isothermal retrievals exhibit the worst

performance among all retrieval cases. For most instruments, we see that the recovery rate is

on the order of 50% or lower. Only the MIRI LRS and Ariel-WASP cases are outliers in this,

showing a better performance for the isothermal profile. Both of them have a comparatively low

average spectral resolution, indicating that they contain low amounts of information to infer a

vertical temperature structure. Even in these outlier cases, the isothermal profile still performs

worse than all other p–T prescriptions. We also observe that the recovery rate generally peaks

at the four-point retrievals, which most consistently achieves a near-perfect recovery score. The
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Figure 3.9: Fraction of successfully retrieved forward model parameters for different simulated instru-
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the normalised number of successfully retrieved parameters (y-axis). Results are split between the
monotonic case (diamonds) and the inverse case (pluses).

performance of the two-point profile, as well as of the more complex p–T prescriptions, does

not reach this level.

We have already seen that the underlying p–T profile plays a significant role in determining

a bias in these self-retrieved parameters. In Figure 3.9, the parameter recovery rates are

therefore separated for the monotonic and inverse cases, each with a respective target of

ntot “ 21 parameters. The general trends in parameter accuracy persist when we examine

them separately by input p–T case. However, the performance of the two-point profile drops

for the inverse case. This is especially noticeable in the high information-content cases of the

full JWST range, NIRISS SOSS, and NIRSpec G395H. For the results in the monotonic case, the

two-point profile performs on par with the four-point profile, scoring a recovery rate of at or

close to 100%. In the inverse case, this drops to only 70%, while the four-point profile stays at

its higher score. As illustrated in the initial NIRSpec PRISM results, the two-point profile most

often fails to retrieve the planetary reference radius, Rp.
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Figure 3.10: Retrieved p–T profiles for additional simulated instrument cases. All underlying spectra
were generated with a high-pressure cloud deck. Retrieval results are shown for the isothermal (orange),
two-point (red) and four-point (blue) cases. For each retrieved p–T profile, the solid line indicates the
median and the shaded area the corresponding CCI99.7. Each panel shows temperature (in K, x-axis)
against pressure (in bar, y-axis). Columns are separated by the simulated instrument case indicated in
the label, where the top panel shows retrievals on spectra with an underlying monotonic p–T case, and
the bottom panel shows the same, but with an underlying inverse p–T case.

We can map the exact nature of these biases by extending our analysis of the retrieved p–T

profiles to the underlying input p–T structures across all simulated instrument cases. As before,

we focus on the results from the isothermal, two-point, and four-point retrievals. None of the

more complex p–T prescriptions shows significant support in terms of their posterior odds, or

any advantage in their parameter recovery accuracy. In Figure 3.10, we see the retrieved p–T

profiles in the monotonic and inverse case for all instruments. As we have seen in Figure 3.7,

increasing the cloud-top pressure consistently broadens the CCIs for the retrieved multipoint

p–T profiles. We therefore highlight the retrieved p–T profiles in the high-pressure cloud case,

where each spectrum contains the most amount of information.

The general trends we have observed in the model preference behaviour and parameter

accuracy curves continue here. Spectra with wide wavelength coverage and high SNRs (the

full JWST range, NIRISS SOSS, and Ariel-HD) produce retrieved temperature profiles with very

narrow CCIs. In the monotonic case, this shows that both the two-point and the four-point

profiles very closely overlap with the input p–T structure. In the inverse case, this narrow
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retrieved temperature profile results in the two-point profile missing the underlying vertical

p–T structure by a significant amount. This contributes to the reduced parameter recovery

score for the two-point profile in the inverse case we have observed in Figure 3.9. This mainly

manifests in a wrongly retrieved reference radius, as the two-point profile underestimates the

temperature at the BOA. As follows from Equation 2.37, it compensates for the less vertically

extended atmosphere by increasing the reference radius. MIRI LRS proves again to be an outlier

in this, where the retrieved p–T profiles have significantly wider credible intervals. Especially

in the monotonic case, we see that the multipoint retrievals span a significant fraction of the

prior space (T P r300,3000s K), placing next to no constraints on the retrieved p–T structure.

This is reflected in the accuracy curve for the MIRI LRS retrievals, which indicates an almost

uniform performance of all p–T cases.

3.4 Limitations

To properly contextualise our results, it is important to be aware of the limitations imposed on

the investigation we have carried out here. Firstly, we need to consider the setup of our radiative

transfer forward model. The underlying p–T profiles we selected were of arbitrary complexity,

covering a negative temperature gradient and a more complex structure with a temperature

inversion point. Additionally, we chose to model a H2 /He – dominated atmosphere, which,

due to its low MMW, provides a prime target for detailed atmospheric characterisation. The

chemical structure of our mock atmosphere was inspired by previously described results for the

hot Jupiter WASP-39 b (JTERS23) and did not incorporate physiochemical-informed choices of

the atmospheric chemical structure based on the chosen p–T profile.

The way we constructed the chemical profiles of our mock atmosphere also deserves specific

attention. We constructed our grid of synthetic transmission spectra assuming MRs that are

constant within the model domain. This is important to guarantee that, when performing

atmospheric retrievals using the same approximation, we do not introduce any additional

biases by oversimplifying the chemical structure. However, the anti-correlated bias between

the temperature and chemistry implies that an oversimplified chemical structure could induce

the same bias in retrieved temperature. Changeat et al. (2019) showed that using constant MR

profiles when the underlying true chemical profile is more complex introduces this degenerate

bias in retrieving an isothermal p–T profile.

It is also worth highlighting that, for the multipoint p–T prescriptions, the location of the

pressure nodes influences the performance of the associated retrieval, especially in reproducing

ground-truth p–T profiles, as is the case here. By fixing the pressure nodes, we inherently risk

missing a significant ‘feature’ of the underlying p–T structure, such as the inversion point of the

inverse profile. To counteract this, we could include the pressure nodes of the profile as free

parameters as well. However, this effectively doubles the number of free parameters associated

with any multipoint profile, significantly increasing the computational requirements of running

such retrievals (Changeat et al. 2021). An intermediate solution to this could be to determine

82



CHAPTER 3 – INTRINSIC LIMITS OF RETRIEVALS

the pressure region with the maximum optical depth contribution in situ during the retrieval

and cluster any pressure nodes in this region. Waldmann et al. (2015) presented an approach

like this for the retrieval of exoplanetary emission spectra, performing a multi-stage approach

to dynamically adjust the complexity of the retrieved p–T profile.

Lastly, we have only investigated non-scattered, synthetic data. Datasets derived from real

observations will have additional noise characteristics attached to them. Lueber et al. (2024)

presented an in-depth analysis of the information content of JWST transit observations of the

hot Jupiter WASP-39 b, exploring the question of p–T complexity in the case of real data. In

several cases, they found a preference for an isothermal prescription based on a Bayes factor

analysis. This is in contrast to the results of this Chapter, which favour implementing a p–T

profile at least as complex as a two-point profile. If atmospheric retrievals of real datasets

produce inconsistent results based on the complexity of the p–T prescription, it would indicate

an unresolved underlying bias. The anti-correlation between the p–T profile and molecular

MRs we have found here is one possible source for this. However, other sources of model

biases, such as oversimplified chemical profiles (Changeat et al. 2019), three-dimensional

effects (Espinoza and Jones 2021; Pluriel et al. 2022), or poorly constrained exoplanetary

masses (Changeat et al. 2020; Di Maio et al. 2023), could equally impact the transmission

results.

In this Chapter, we have explored how impactful the setup of the forward model can be

on the results of atmospheric retrievals. It is a crucial pillar in any inverse Bayesian problem,

determining the parameters that represent the data, and which of these are part of the parameter

estimation process. However, Bayesian inversion processes must always assume that the data

are ‘true’, since they fully guide the inference process. If there are uncertainties about how the

data are prepared, it becomes non-trivial to estimate their impact. How data preparation (or,

in other words, reduction) differences propagate into the results of atmospheric retrievals is

what I will discuss in the next Chapter.
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In this Chapter, we will investigate the role of the input data in the atmospheric retrieval pro-

cess. In Bayesian inference, the parameter estimation process is fully guided by the underlying

dataset and the associated likelihood ascribed to each data point. In this process, we assume

that the dataset guiding the inference is ‘true’, meaning free of systematics and other errors.

However, transforming observations of exoplanetary transits into spectra used for inference

processes takes a significant number of steps. It is therefore imperative to know how reliable

characterisation results are, considering that one single instance of an exoplanet atmospheric

spectrum might not be the true instance. Parts of this work were previously published in

Schleich et al. (2025).

4.1 Context and motivation

The input dataset guides the statistical sampling of the atmospheric forward model parameters,

directly influencing the parameter posterior distributions through the likelihood of the data.

With the advent of JWST, the quality of datasets that we can use to infer the atmospheric

characteristics of exoplanets has dramatically increased. This has brought with it new challenges

that need to be addressed to appropriately adjust the methodology we use to infer atmospheric

properties.

The assumptions we make, and the techniques we apply at different stages of the data

reduction process, propagate into differences in the resulting atmospheric spectrum and may

influence atmospheric characterisation efforts. At the level of different instruments, combining

transmission spectra introduces the problem of disagreement between mean transit depths.

Accounting for possible offsets between spectra can lead to different conclusions about at-

mospheric characteristics (e.g., Madhusudhan et al. 2023; Edwards et al. 2024). We can

remove this problem by considering only the results of individual instruments. However, this

introduces the question of temporal and chromatic binning of the data (e.g., Morello et al. 2022;

Davey et al. 2025), and the physical nature of the host star in the form of its limb-darkening

(Morello et al. 2017; Keers et al. 2024), which can act as additional sources of biases. At even

lower data levels, the utilisation of different data reduction pipelines and assumptions can

introduce discrepancies in atmospheric spectra, which propagate into differences in forward

model parameter estimates (e.g., Mugnai et al. 2024; Davenport et al. 2025). Maximising the

potential of state-of-the-art observatories such as JWST requires us to be aware of, investigate,

and, ideally, account for all these different sources of bias.

Our goal in this Chapter will be to investigate how random and systematic differences in a

transmission spectrum propagate in atmospheric characterisation results. For this, we examine

a transit observation of WASP-39 b (Faedi et al. 2011), a Saturn-mass hot Jupiter orbiting a

G-type host star. It is one of the most deeply studied exoplanets by JWST to date. As part of

the ERS programme for transiting exoplanets (PID: 1366, PI: N. Batalha, Co-PIs: J. Bean and

K. Stevenson), it has been targeted for panchromatic transit observations with all three NIR

instruments of JWST. These observations have resulted in the detection of multiple atomic and
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molecular species in the atmosphere of WASP-39 b, notably the first detection of CO2 in the

atmosphere of an exoplanet (JTERS23), as well as absorption from H2O,Na, andK (e.g., Ahrer

et al. 2023; Alderson et al. 2023; Feinstein et al. 2023; Rustamkulov et al. 2023). However,

the tentative detection of sulphur dioxide (SO2) in the atmosphere of WASP-39 b (Alderson

et al. 2023) sparked significant additional interest in this exoplanet. It proved to be the first

detection of a product of photochemistry in an exoplanet’s atmosphere (Tsai et al. 2023). A

DDT programme using MIRI to observe a transit of WASP-39 b in the MIR (PID: 2783, PI:

D. Powell) successfully confirmed the identification of absorption signatures by SO2 (Powell

et al. 2024). In sum, WASP-39 b is one of the few exoplanets to date that has a combined

panchromatic transmission spectrum covering the full wavelength range of JWST instruments.

However, placing precise constraints on the identified atmospheric constituents of WASP-

39 b has proven difficult. Characterisation results depend on the forward model setup and

the assumption taken in the data reduction process (e.g., Constantinou et al. 2023; Lueber et

al. 2024). To investigate this sensitivity in detail, we will first produce a transmission spectrum

of WASP-39 b from scratch by reducing the raw NIRSpec PRISM observation of its transit. We

then analyse the impact of perturbations in the dataset used for atmospheric retrievals on the

parameter posterior distributions.

4.2 Observational data

The dataset we analyse here is a NIRSpec bright object time series (BOTS), using the prism

as the dispersion element. It covers one primary transit of WASP-39 b, and was taken on 10

July 2022 (14:04 – 23:38 UT). This observation spans approximately 8 hours, encompassing

21 500 integrations, each with five groups. Our data reduction process starts with the raw

observational data (i.e., the non-calibrated Stage 1b, or .uncal, files) obtained from the

MAST. As a primary input dataset, we produce our own transmission spectrum from this raw

observational data. To test how sensitive the results of atmospheric retrievals are to random

perturbations of the input data, we create self-scattered instances of this transmission spectrum.

We then compare these results to already available spectra derived from the same raw data,

using the same pipeline.

4.2.1 Data reduction

To perform the data reduction, we use the pipeline Eureka! (Bell et al. 2022), which itself is

based on the jwst pipeline (Bushouse et al. 2024). As both pipelines were, and still are, under

heavy development, it is imperative that we version-control our results. For documentation

purposes, I therefore note that we use Eureka! v0.101 and jwst==1.8.2, with the CRDS

context jwst_1202.pmap. Apart from the steps highlighted below, we follow the standard

JWST data reduction routine for TSOs described in Section 2.1.2, using the default settings of

Eureka!.
1specifically eureka==0.10.dev0+g3c10926.d20230426
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Figure 4.1: Integration-averaged detector counts for the centre of the spectral trace, showing detector
x-position (x-axis) against count value (y-axis). The values are colour-coded by the five groups in this
observation. The solid and dashed black lines denote the full-well capacity and 60% of it, respectively.
The grey-shaded area denotes the region where the signal exceeds the 60% threshold for group 5.

Data reduction and calibration

We start at stage 1 of Eureka! with the raw observational data of the JWST observation

mentioned above. It is noteworthy that in this observation, saturation was intentionally achieved

at shorter wavelengths to increase the SNR at longer wavelengths (JTERS23). In Figure 4.1,

we see the integration-averaged detector counts for pixels in detector row 16 (approximately

where the signal peak is located) for each group. At group 5, full-well saturation is reached

for x P r80,120s. We will use this to restrict the detector region we consider for spectral

extraction. We skip the reference pixel correction, as there are no reference pixels in this

subarray (Birkmann et al. 2022). For the jump rejection step, we use a threshold of 10σ to

reject outliers, rather than the default 4σ. For observations with as few groups as is the case

here, a threshold as small as 4σ leads to excessive fractions of detector pixels being flagged as

outliers (JTERS23; Rustamkulov et al. 2023). A higher threshold circumvents this problem. We

also perform the group-level background subtraction (GLBS) step introduced in Eureka! v0.7,

which accounts for 1{ f -noise introduced during detector readout (JTERS23). We define the

background region for this step as being outside of y P r5;22s. After inspecting the detector

images of this observation, we also manually mask several pixels that, at the time of data

reduction, are not flagged as bad pixels2. To synthesise the background, we fit a second-order

polynomial to each row of the detector, using an outlier rejection threshold of 5σ. We skip

the gain-scale step, which is not relevant for our relative measurements, and then collapse the

group-level data to integration-level data by fitting the observational ramps, transforming the

data into count-rate detector images.

We then proceed to stage 2, where we perform additional calibration and unit-conversion

steps. At this stage, we skip the flat field step – at the time of data reduction, the reference

files for this were incomplete, meaning that this step did not work as intended (e.g. Alderson

et al. 2023; Sarkar et al. 2024). We also leave out two more steps that are not necessary for

2This pixel map can be found at https://doi.org/10.5281/zenodo.15697940
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our purposes – the photometric calibration (from count rate to flux density) and 1D spectral

extraction at this stage. At the end of stage 2, we have applied the wavelength map to our

two-dimensional countrate images.

After these steps, we proceed to stage 3 of Eureka! to extract the one-dimensional spectra

from the data. At this point, we constrain the data to non-saturated regions of the detector.

We conservatively set 60% of the full-well capacity as the saturation threshold to avoid strong

nonlinearity effects. This restricts the data to pixels falling into x P r160; 512s (in the dispersion

direction), as we see in Figure 4.1. On this restricted data cube, we then perform a double-

iteration outlier rejection step along the time axis, with a threshold of 5σ. We then perform

the ‘optimal spectral extraction’ routine implemented in Eureka!. For this, we use an aperture

half-width of six pixels, centred on pixel row 16, and a background half-width of nine pixels.

This is the optimal combination to keep the spectral aperture half-width as large as possible

(Horne 1986), while maximising the overall spectral precision. In this step, we construct the

spatial profile using the median frame and perform outlier rejection with a threshold of 10σ

for the spatial profile and 60σ for the optimal spectral extraction routine.

Extraction of spectroscopic light curves

In stage 4, we extract the light curve data from our observation, both in spectroscopic form and

as an integrated white-light curve. We restrict the data to wavelengths below 5.3 µm as the

throughput of PRISM becomes negligible beyond this range (Jakobsen et al. 2022). Combined

with the restriction we imposed on the lower end of the subarray in the previous stage, this

effectively constrains our wavelength range to λ P r2.24, 5.30sµm. We perform a final round

of outlier rejections in the time direction here, using a rolling median from a box with a width

of 100 data points, using a rejection threshold of 5σ. After this, we extract the light curves

from each pixel column of the detector image, and normalise each light-curve by its median.
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λ [µm]

0.01
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M
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Total noise (simulated)
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Figure 4.2: Spectroscopic light-curve precision, showing wavelength (in µm, x-axis) against median
absolute deviation (MAD, y-axis). Blue points represent the measured light-curve precision. The solid
grey and black lines represent the simulated photon noise and total noise, respectively. The grey dotted
line indicates 1.75 times the photon noise, and channels exceeding this limit are marked with red crosses.
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These light curves might still be influenced by errors in the data, such as problematic pixels

we did not account for or spurious events. As a last correction mechanism, we therefore compare

the precision of our extracted light curves with the expected precision from an instrument

simulation. We measure this precision as the median of absolute differences (MAD) for each

time series,

MAD “ medianp|xt`1 ´ xt|q, (4.1)

where t represents the time axis, and x t and x t`1 are two successive data points. Figure 4.2

shows these channel-level precision values, compared to the expected noise levels from an

instrument simulation. We perform this simulation using the JWST Exoplanet Simulator

(JexoSim, Sarkar and Madhusudhan 2021), considering all noise sources included in JexoSim

and ten realisations. The simulation setup mimics the real observational setup with five groups

per integration and a fixed bin size of one pixel. The system parameters of WASP-39 b are queried

from within JexoSim. In Figure 4.2, the solid black line shows the precision predicted from

JexoSim using all noise sources. In comparison, the solid grey line indicates the contribution of

photon noise. It is readily apparent that photon noise is the dominant noise component over

almost the entire wavelength regime. Only towards the longer end of our wavelength regime

do we see that the total noise decouples from the photon noise contribution. This is where we

expect to see an increased importance of read-out noise (Sarkar and Madhusudhan 2021). For

our purposes, we consider detector columns to be excessively noisy if the light curve precision

falls outside of a factor of 1.75 times the expected photon noise (marked as a dotted grey line

in Figure 4.2).

Extracting transit-depth information from our data will require us to fit a transit model

to the light curves. For non-chromatic parameters (such as the transit mid-point time, t0,

or inclination, i), we make use of a channel-integrated white-light curve with much higher

precision. To construct this light curve, we exclude the wavelength channels flagged during

the precision analysis (red crosses in Figure 4.2) and perform an additional time-series outlier

rejection, using a rolling median with a threshold of 3σ.

Light curve fitting

To fit both the white-light curve and the spectroscopic light curves we have extracted, we use a

combined model that accounts for the astrophysical signal and systematics. The parameters of

this model are summarised in Table 4.1.

As described in Section 2.1.2, the astrophysical model depends on the radius-ratio of the

exoplanet and host star, Rp{R˚, the transit mid-point time, t0, the exoplanet’s orbital inclination,

i, eccentricity, e, and period, P, the argument of the orbit’s periapsis, ω, and the scaled semi-

major axis, a{R˚, summarised in the parameter vector p transit. These parameters form the

baseline of the light-curve model, which is further modified by the non-uniform intensity of

the stellar disk. We account for this stellar limb-darkening by using the four-parameter law
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Figure 4.3: Dynamic light-curve fit results for the NIRSpec PRISM transit of WASP-39 b. All panels
show integration number (x-axis) against wavelength (y-axis, in µm). (Top) Observational data, where
the colour map indicates the median-normalised signal. (Middle) Panchromatic transit light-curve
model, where the colour map represents the median-normalised signal. (c) Residual map between
the observation and model. The colour map shows residuals normalised against the measurement
uncertainty, σobs.
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Table 4.1: Light-curve fitting parameters. For the application of the combined model parameters, ‘all’
refers to the parameter being free in both the fitting of the spectroscopic and the white-light curves,
‘white’ indicates that the parameter is free in the white-light curve fit and fixed for the spectroscopic
light-curve fits, and ‘fixed’ denotes parameters that are fixed in all cases. The values for normally
distributed priors are taken from Mancini et al. (2018).

Parameter Unit Prior / Value Application

Astrophysical model

Rp R˚ N
`

0.148, 0.0152
˘

all
t0 d U p59770.81,59770.86q white
i deg N

`

87.83,0.252
˘

white
a R@ N

`

11.4, 1.02
˘

white
P d 4.0552765 fixed
e – 0 fixed
ω deg 90 fixed

Systematics model

c0 – N p1, 0.052q all
c1 – N p0, 0.012q all
c2 – N p0, 0.012q all

described in Claret (2000), where the intensity of the stellar disk is defined as

Ipµq

Ip1q
“ 1 ´

4
ÿ

k“1

ak

´

1 ´µk{2
¯

. (4.2)

Here, ak represents the LDCs, and µ“ cospθq, where θ represents the angle between the line

of sight and the emerging intensity. We choose the four-parameter law over the commonly

employed quadratic law, as the latter has been shown to introduce biases in the retrieved transit

depth (Morello et al. 2017; Keers et al. 2024). The LDCs of this four-parameter prescription are

fixed, and pre-calculated from a grid of 3D stellar models (Stagger, Magic et al. 2015) using

the Python package ExoTiC-LD (Grant and Wakeford 2024). The last part of our light-curve

model requires us to account for instrument systematics. We fit a quadratic polynomial, S, with

coefficients c0, c1, and c2 to each of the spectroscopic and to the white-light curve, accounting

for temporal systematic trends. Our final light-curve model has the form

Fptq “ Ftransitpt; p transit, a1, a2, a3, a4q ˆ Spt; c0, c1, c2q (4.3)

We then fit each light-curve model using the MCMC algorithm emcee (Foreman-Mackey

et al. 2013). For the white-light curve, we perform a fit using seven free parameters

pRp, t0, i, a, c0, c1, c2q. In contrast, we fit the spectroscopic light curves using four free pa-

rameters pRp, c0, c1, c2). We fix the values of t0, i, and a to the results of the white-light curve

fit, as we can assume that they will not change with respect to different wavelengths. The
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fit parameters are summarised in Table 4.1. Globally, we use 20 walkers with 5 000 steps

and a burn-in phase of 500 steps. We analyse the convergence of the fit for each channel

using the mean autocorrelation time (mACT), calculated across all walkers and parameters.

The individual spectroscopic channels have an mACT between approximately 40 and 50

steps, and the white-light curve has an mACT of 60 steps, which we can deem sufficient to

ensure convergence (Foreman-Mackey et al. 2013). In Figure 4.3, we see a summary of the

light-curve fitting results in the form of a two-dimensional light curve. It shows the signal

(in the form of the median-normalised flux) with respect to both time and wavelength. The

top panel represents the observational data. In the centre of the panel, we clearly see the

transit of WASP-39 b as a panchromatic reduction in the observed signal. We also see that the

measurements become noisier at longer wavelengths, where the SNR decreases. The central

panel shows the fitted light-curve model for each channel, and the bottom panel shows the

resulting fit residuals, scaled to the associated uncertainty value of each data point, σobs.

Extraction of the transmission spectrum

The last step in our data reduction routine is the extraction of the transmission spectrum.

We do this at the pixel-resolution level, where we have performed the light-curve fitting. We

then use these values to produce the transmission spectrum using a weighted arithmetic mean

(WAM) with a fixed bin size of three pixels. This accounts for the typically assumed resolution

element size of 2.2 pixels for NIRSpec (Jakobsen et al. 2022). The final transmission spectrum

is calculated as

δ̄p “

ř3
i“1 wi δp,i
ř3

i“1 wi

with σδ̄ “
1

ř3
i“1 wi

, (4.4)

where δ̄p and δp,i represent the binned and pixel-level transit-depth values, respectively, and

σδ̄ describes the uncertainty of δ̄p. We define the associated weights, wi , as the inverse of the

variance values, σ2
i , associated with each δi .

It is noteworthy that the MCMC sampling we have performed to fit the light-curve models has

yielded a posterior distribution for each model parameter, including Rp. Eureka! reports the

associated parameter estimates as CCI68. These intervals are not necessarily symmetric around

the median. However, the likelihood we use to perform atmospheric retrievals (Equation 2.49)

is a normal distribution. Consequently, we make the approximation of determining σi for

each pixel-level transit depth as the arithmetic mean between the lower and upper wings of

the CCI. Recently, Davey et al. (2025) investigated the impact of asymmetric error bars on

the atmospheric retrieval of JWST-quality data. They reported that an average asymmetry

of approximately 80% can critically influence atmospheric retrievals. The asymmetry in the

error bars from our light-curve fitting results reaches a maximum of 7.5%, which is well below

this threshold. We therefore deem that our approximation should not significantly impact the

retrieval results.
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Figure 4.4: NIRSpec PRISM transmission spectrum of WASP-39 b, showing wavelength (in µm, x-axis)
against transit depth (in %, y-axis). Grey data points represent the transit-depth values extracted at the
detector’s pixel resolution. Black data points show the transmission spectrum binned with a fixed bin
size of three pixels. Data points marked in red are excluded from the binning process.

We see the final transmission spectrum resulting from our data reduction process in Fig-

ure 4.4, together with the underlying pixel-resolution spectrum. The data points marked in red

are the channels we have found to be excessively noisy (see also Figure 4.2), which we exclude

from the binning process. Henceforth, we label this spectrum as ‘SP-TW’ (for Spectrum - This

Work).

4.2.2 Panchromatic perturbation

While we assume that our spectral instance represents the ‘true’ state of the observation,

unaccounted biases can influence the results of our parameter estimation process. This is

compounded by the fact that the individual data points of a transmission spectrum influence

the posterior distributions in a non-uniform manner. To judge the reliability of our retrieval

results, we therefore assess how strongly our parameter estimates depend on these data points.

One method used to judge the weight of individual data points in the parameter estimation

process is the leave-one-out cross-validation (LOO-CV) technique. It works by fitting a forward

model to a dataset with one datum removed (Gelman et al. 2014). With the typical number

of data points from pre-JWST data, this would require tens of retrievals. However, with

the current state-of-the-art data, this jumps to several hundreds to thousands of retrievals

at native JWST instrument resolution. Current implementations of LOO-CV make use of

numerical approximations to circumvent this computational boundary (Vehtari et al. 2017;

Welbanks et al. 2023; Murphy et al. 2025). An additional complication for tests like this is that

atmospheric absorbers produce correlated signals within an atmospheric transmission spectrum

through their panchromatic absorption cross-sections. We have seen an example of this in

Figure 2.6. A comprehensive investigation into the dependence of the posterior distributions on

the underlying data would therefore also require us to perform retrievals excluding all possible

combinations of data points. For a spectrum with n data points, this would necessitate 2n

retrievals, making this computationally infeasible for native-resolution transmission spectra
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Figure 4.5: Summary of the scattered instances of SP-TW. Results from scattered instances are colour-
coded consistently in all panels. (a) Scattered transmission spectra, showing wavelength (in µm, x-axis)
against transit depth (in %, y-axis). The original instance of SP-TW (labelled ‘Ref.’) is shown in black.
(b) Differences between the scattered instances and the reference spectrum, showing wavelength (in µm,
x-axis) against residuals (in units of σRef., y-axis). The dotted black lines represent levels of ˘3σRef.. (c)
Distributions of normalised residuals of the scattered instances, binned in steps of 0.5σref.. (d) Empirical
cumulative distribution functions (eCDF) for the normalised residuals. In panels (c) and (d), the black
dashed line represents the PDF and CDF of a standard normal distribution, respectively.

from JWST.

Therefore, we opt to perform a simplified test to initially assess the stability of our retrieval

results to perturbations in the underlying dataset. We generate a set of ten new spectra by

successively creating randomised instances of SP-TW. We create each of these instances by

individually drawing new transit-depth values from a normal distribution, N pµtd,λ,σ2
td,λq,

where (µtd,λ, σtd,λ) represent the pairs of transit-depth mean and standard deviation making

up SP-TW. While this test is not sensitive to correlated noise, it assesses the stability of posterior

distributions under perturbations in the data following a normal distribution. If we want

to consider this in the context of perturbations stemming from the data reduction process,

we can interpret these scattered instances as deviations following random noise. We see the

original instance of SP-TW and all ten scattered instances in Figure 4.5, together with the

residuals between the new mean transit-depth values and the baseline they were scattered

from (normalised by σtd,λ). Applying a one-sample Kolmogorov-Smirnov (K-S) test to these

residuals gives us p-values between 0.14 and 0.97, providing us with the sanity check that all

scattered instances of SP-TW really are self-scattered from a normal distribution.

4.2.3 Published transmission spectra

In Section 4.2.1, we have derived a transmission spectrum of WASP-39 b from a single-transit

NIRSpec PRISM observation. However, previous analyses of the same dataset already exist. We

know that the underlying data guide Bayesian inference processes. If the same data is prepared

independently using ostensibly the same method (i.e., independent reductions of observational
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Figure 4.6: Comparison of existing transmission spectra of WASP-39 b. In each panel, results associated
with SP-TW, RU-23, and CA-24 are colour-coded in black, orange, and blue, respectively. (a) Transmission
spectra, showing wavelength (in µm, x-axis) against transit depth (in %, y-axis). (b) Differences between
RU-23 and CA-24 against SP-TW, showing wavelength (in µm, x-axis) against residuals (in units of
σSP´TW, y-axis). The dotted line indicates ∆δp “ 0. (c) Distributions of normalised residuals of RU-23
and CA-24, binned in steps of 0.5σSP´TW. (d) Empirical cumulative distribution functions (eCDF) for
the residuals of RU-23 and CA-24. The results of a one-sample K-S test against a standard normal
distribution are provided in the legend of the figure. In panels (c) and (d), the black line represents the
PDF and CDF of a standard normal distribution, respectively.

data using the same pipeline), then we have to assume that homogeneous inferences applied

to all these data will give us the same answer. However, this is not always the case. Mugnai

et al. (2024) showed that spectra derived with different pipelines can systematically bias

atmospheric retrieval results. Similarly, Edwards et al. (2024) highlighted the impact of

changes in data reduction assumptions on uniform analyses of multi-instrument datasets. Here,

we go one step further down this ladder and compare the results of data reductions performed

with the same reduction pipeline. We therefore want to perform comparative atmospheric

retrievals. Using SP-TW as a baseline, we perform homogenised atmospheric retrievals on

existing transmission spectra derived from the same observational data to investigate the

reliability of our retrieval results. These spectra are summarised in Figure 4.6.

Rustamkulov et al. (2023)

The first NIRSpec PRISM transmission spectrum of WASP-39 b was presented in JTERS23.

However, this spectrum was derived only for wavelengths longer than 3 µm due to conservative

estimations on detector saturation. The first spectrum covering the full PRISM wavelength

range was presented in Rustamkulov et al. (2023), with a specific focus on recovering the

saturated region of the detector. Of the four pipeline results presented in their work, we use

the Eureka!-based reduction to achieve the closest possible overlap with our data reduction3.

Henceforth, we will refer to this spectrum as ‘RU-23’.

3The data for this were retrieved from https://doi.org/10.5281/zenodo.7388031
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Carter & May et al. (2024)

Carter & May et al. (2024) presented a reanalysis of all NIR transit observations of WASP-39 b

from the ERS programme. Out of the results presented in their work, we use the transmission

spectrum derived at native instrument resolution (bin_scale1) with fixed LDCs4. It is worth

noting that the Eureka!-based reduction presented in their work is based on the ‘baseline’

spectroscopic time series from Rustamkulov et al. (2023), which was derived with the FIREFLy
data reduction pipeline. The closest overlap we can achieve between the results from Carter &

May et al. (2024) and SP-TW therefore begins with the light-curve fitting. From here onwards,

we will refer to this spectrum as ‘CA-24’.

Comparison of the spectra

Table 4.2 lists the differences between the data reduction steps applied in this work to derive

SP-TW, the Eureka!-ExoTEP data reduction presented in Rustamkulov et al. (2023) to derive

RU-23, and the FIREFLy-Eureka! data reduction presented in Carter & May et al. (2024) to

derive CA-24. I note that, in the case of CA-24, the steps prior to the light-curve fitting refer to

the data reduction of FIREFLy-based dataset discussed in Rustamkulov et al. (2023). Steps

not listed are performed under the same assumptions in all three cases.

In their original forms, both RU-23 and CA-24 cover the full wavelength range of NIRSpec

PRISM, including the saturated part of the detector. For our analysis, we constrain both spectra

to the wavelength range covered by SP-TW (approximately 2.2 µm to 5.3 µm) to enable a fair

comparison with respect to the contained information. The global shape of all three spectra

closely overlaps. Two main absorption peaks, a broad one centred at 2.7 µm and a narrower

one centred at 4.4 µm, are clearly identifiable in all three cases. A minor increase in transit

depth, centred at 4.1 µm and covering only a few data points, is also visible in all three spectra,

but more ambigiously than the two major features.

We do note that the wavelength maps of all three spectra do not fully coincide. We are

not comparing the transmission spectra at the pixel level, but rather at the resolution of the

instrument. Consequently, differences in binning will propagate into slightly offset wavelength

bin centres. To evaluate the wavelength-dependent differences between SP-TW and the other

two spectra, we calculate the point-wise residuals by linearly interpolating RU-23 and CA-24

onto the wavelength map of SP-TW. Applying a one-sample K-S test to the normalised residual

distributions shows us that neither of them is consistent with a standard normal distribution.

The p-value of the K-S performed on the RU-23 residuals can reject this underlying hypothesis

with a significance of more than 3σ. We also clearly see this in Figure 4.6. The distribution of

the RU-23 residuals is clearly offset from 0 (panel c), and the resulting empirical CDF is shifted

to the left, indicating an overall negative offset. In the transmission spectrum, this manifests

most prominently in the region from approximately 2.8 µm to 3.9 µm, where the transit depth

of RU-23 is consistently smaller than both CA-24 and SP-TW.

Applying the K-S test to CA-24 shows that the hypothesis of its residuals following a normal

4The data for this were retrieved from https://doi.org/10.5281/zenodo.10161742
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Table 4.2: Main data reduction differences between SP-TW, RU-23, and CA-24. CRDS context jwst_1202.pmap was used to derive SP-TW.

Step SP-TW RU-23 CA-24

jwst pipeline version 1.8.2 1.6.0 1.6.2

Stage 1 and 2

Bias subtraction jwst_nirspec_superbias_0299 Custom Custom

Dark current subtraction Yes Yes No

Reference pixel correction No Top / bottom 6 px Top / bottom 6 px

Jump rejection 10σ No No

GLBS 2nd order polynomial Median (top / bottom 6 px) Yes, but unspecified

Stage 3

Spectral half-width 6 px 4 px Variable

Time series outliers 100 px box-car (5σ) 20 px box-car (3σ) unspecified

Light-curve fitting

Systematic trend Quadratic Linear Linear

Limb-darkening 4-parameter (fixed) Quadratic (fitted) Quadratic (fitted)

Error bar inflation No Yes (χ̄2
ν to 1) unspecified

Pre-fit binning No (pixel-level) No (pixel-level) Instrument resolution
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distribution is rejected at a level of 2σ. The differences between it and SP-TW are more subtle

than for RU-23. However, in the empirical CDF we see that the tails of the CA-24 residual

distribution deviate from the expected normal distribution CDF. The fact that neither of the two

residual distributions is consistent with a normal distribution implies that both of them show

systematic differences compared to SP-TW. As we see in Figure 4.6 (panel b), these differences

are most pronounced at short wavelengths. This is a result of the much smaller transit-depth

uncertainties in this wavelength regime. Towards longer wavelengths, these differences vanish

as the error-bar sizes increase for all spectra.

4.3 Atmospheric retrieval of WASP-39 b

Before we perform comparative atmospheric retrievals on both the randomly scattered instances

of SP-TW and the already existing transmission spectra of WASP-39 b, we need to define

a uniform model setup for all cases. This will allow us to robustly compare the posterior

distributions resulting from these retrievals.

4.3.1 Method

We perform all atmospheric retrievals using TauREx, with a global setup closely overlapping

the retrieval methodology we have used in Chapter 3.

Retrieval setup

To retrieve the atmospheric characteristics of WASP-39 b, we make use of the WASP-39 system

parameters we have already seen in Table 3.1. We define the atmospheric forward model in the

pressure regime log10pp rbars P t1, ´9u with 110 atmospheric layers and using H2 andHe as

background gases, with He/H2 = 0.13. Based on the results in Chapter 2, we choose a heuristic

multipoint profile with four fixed pressure nodes to represent the atmospheric p–T structure.

We place these nodes at log10ppi rbarsq P t1, ´3, ´7, ´9u. We define the atmospheric profiles of

additional trace species with vertically constant MRs. In the radiative transfer calculations, we

consider molecular absorption using cross-sectional data from the Exomol project (Tennyson

et al. 2020; Chubb et al. 2021), HITRAN (Gordon et al. 2022), and HITEMP (Rothman et

al. 2010), as well as CIA from H2–H2 (Abel et al. 2011) and H2–He (Abel et al. 2012; Fletcher

et al. 2018) pairs, and Rayleigh scattering as incorporated in TauREx. We also consider the

opacity contribution from a flat-opacity cloud deck defined through the cloud-top pressure,

pcloud. The free parameters of our forward models are the reference radius, Rp, the temperature

values at the four pressure nodes, Ti, the individual molecular MRs, XM, and the cloud-top

pressure, pcloud. These parameters, and the priors we use for them, coincide with the parameters

given in Table 3.4. For all retrievals, we use 700 live points and an error tolerance of 0.5 for

the natural logarithm of the evidence.
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Model tuning

The reference radius, p–T profile, and cloud prescription are fixed parts of our model setup.

However, we tune the atmospheric forward model by investigating the preferred inventory of

trace gases. To do this, we start with a baseline model containing CO (Li et al. 2015), CO2

(Yurchenko et al. 2020), H2O (Polyansky et al. 2018), and CH4 (Yurchenko et al. 2024). These

species are major spectrally active C- and O-bearing gases in H2–He dominated atmospheres

in the temperature regime we expect for WASP-39 b (e.g., Mollière et al. 2022), and have

previously been reported in characterisations of the atmosphere of WASP-39 b (e.g., Tsiaras

et al. 2018; Wakeford et al. 2018; JTERS23). We then investigate the inclusion of additional

molecular opacity sources by comparing the baseline model’s performance with that of models

with an extended molecular inventory.

We judge this performance based on three metrics. Firstly, the Bayes’ factor, lnpBm,0q,

between an altered model, m, and the baseline, index with ‘0’. We consider an altered model to

have considerable support against the baseline if lnpBm,0q > 3, which corresponds to posterior

odds of more than 20 : 1 in favour of the altered model. This initial search builds a list of

extended models preferred over the baseline. We then perform a second round of model tuning

by considering all unique combinations of the preferred molecules, and evaluate lnpBm,0q for

each of these combinations. Next to the Bayes factor, we also use the corrected AIC, Ψ, and the

reduced Chi-square square value, χ2
ν . These two values provide comparative metrics based on

point estimates of the retrieval results, namely the maximised likelihood and median model for

Ψ and χ2
ν , respectively.

Parameter estimation results

To summarise the weighted posterior samples resulting from the NS parameter inference, we

again use CCIs derived from the marginalised parameter traces. For the retrievals we perform

here, we calculate CCI95 for each retrieved parameter.

It is noteworthy that a common credible interval size used in the evaluation of atmospheric

retrieval results is a centred interval containing 68% of the posterior probability mass, or CCI68,

which is then reported as a ‘1σ’ interval. The implied equivalence between the Bayesian and

frequentist result statistic only holds true when the associated posterior distribution is close to

being a normal distribution. If it is heavily asymmetric, then the edges of the σ-equivalent CCIs

do not simply scale with the z-score. Consequently, the ‘1σ’ credible interval can induce false

confidence in the parameter estimation result. This compounds with limitations on parameter

accuracy originating from current stellar and planetary models (e.g., Rackham et al. 2018;

MacDonald et al. 2020), current opacity models (Niraula et al. 2022; 2023), and from inherent

model uncertainties (Barstow et al. 2020; Nixon et al. 2024).

4.3.2 Retrievals using SP-TW

To determine the appropriate molecular inventory of our baseline atmospheric forward model

containing CO,CO2, H2O,and CH4, we test the inclusion of the hydrocarbons C2H2 (Chubb
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Table 4.3: Model performance metrics for the model tuning performed on the SP-TW dataset. The
columns show the ID and corresponding molecular inventory of the forward models used for model
tuning. The Bayesian evidence, lnpEq, is used to calculate the Bayes factor, lnpBm,0q, in reference to the
baseline model, M0. The cAIC, Ψ, is used to calculate the relative metric ∆m “ Ψmin ´Ψm (where Ψmin
corresponds to M20). The last two columns indicate the number of free parameters in the model, as
well as the reduced χ-square metric, χ2

ν , of the median model.

ID Model description ln E ln Bm,0 Ψ ∆m # FP χ̄2
ν

Baseline

0 CO,CO2, CH4, H2O 642.02 – -1306.02 55.00 10 3.26
1 Removed CO 634.52 -7.50 -1304.88 56.14 9 3.26
2 Removed H2O 515.48 -126.54 -1063.76 297.26 9 6.00
3 Removed CH4 642.73 0.71 -1309.45 51.57 9 3.21
4 Removed CO2 193.96 -448.06 -423.07 937.95 9 13.28

Initial opacity search

5 Added SO2 647.65 5.63 -1323.51 37.51 11 3.06
6 Added H2S 661.40 19.38 -1350.08 10.95 11 2.75
7 Added HCN 647.20 5.18 -1322.10 38.92 11 3.08
8 Added C2H2 648.95 6.92 -1321.43 39.60 11 3.09
9 Added C2H4 640.31 -1.72 -1303.85 57.17 11 3.29
10 Added CH3 641.84 -0.18 -1303.80 57.22 11 3.29
11 Added NH3 641.02 -1.00 -1303.70 57.32 11 3.29

Combinations of {C2H2,HCN,H2S,SO2}

12 Added {H2S,HCN} 663.67 21.65 -1348.69 12.33 12 2.77
13 Added {H2S,SO2} 662.52 20.49 -1353.36 7.66 12 2.72
14 Added {HCN,SO2} 651.16 9.14 -1329.87 31.15 12 2.99
15 Added {C2H2, SO2} 656.27 14.24 -1345.07 15.95 12 2.81
16 Added {C2H2,HCN} 649.54 7.52 -1327.72 33.30 12 3.02
17 Added {C2H2,H2S} 663.65 21.63 -1354.81 6.21 12 2.70
18 Added {H2S,SO2,HCN} 664.08 22.06 -1351.26 9.76 13 2.74
19 Added {C2H2,HCN, SO2} 657.63 15.60 -1344.19 16.83 13 2.83
20 Added {C2H2, H2S,SO2} 666.06 24.03 -1361.02 – 13 2.63
21 Added {C2H2, H2S,HCN} 664.01 21.99 -1352.96 8.06 13 2.72
22 Added {C2H2, H2S,HCN, SO2} 665.88 23.85 -1358.32 2.70 14 2.66

et al. 2020) and C2H4 (Mant et al. 2018), the methyl radical CH3 (Adam et al. 2019), the

nitrogen-bearing compounds HCN (Barber et al. 2014) and NH3 (Coles et al. 2019), and the

sulfur-bearing compounds H2S (Azzam et al. 2016) and SO2 (Underwood et al. 2016). The

results of this model tuning process are summarised in Table 4.3 in the form of lnpBm,0q, Ψ,

and χ2
ν .

Firstly, we perform a validation test by running atmospheric retrievals individually, excluding

the baseline molecules. Removing CO2 and H2O produces the most significant differences in

lnpBm,0q, with values of ´446.06 and ´126.54, respectively. This is an expected result – in the

transmission spectrum of WASP-39 b, we can visually identify the absorption features of CO2
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(centred at 4.4 µm and H2O (centred at 2.7 µm). Consequently, removing these two molecules

from the forward model results in significantly worse model performance. Removing CO is also

signifcantly disfavoured, with lnpBm,0q “ ´7.5. The removal of CH4 leads to an inconclusive

Bayes factor, not favouring the adjustment of the baseline to a significant degree. As a result,

we leave the baseline model intact when searching for additional molecular contributions.

Next, we perform our initial model tuning step. We find a strong model preference (translat-

ing to posterior odds of more than 150:1) for models where the baseline molecular inventory has

been individually extended with H2S,SO2, HCN,and C2H2. Out of these, including H2S has the

strongest effect on the Bayes factor, resulting in a value lnpBm,0q “ 19.38. A combined model

containing all four of these molecules is also very strongly favoured, with lnpBm,0q “ 23.58

At this point, it is worth noting that the bottom-up model-tuning approach we use here con-

trasts with the top-down approach described in Benneke and Seager (2013). When we add

contributions to a small baseline, the value of the Bayes factor can be exaggerated, leading

to the spurious identification of molecules (Welbanks et al. 2026). We see this behaviour

in the initial extension of the baseline model. However, we also perform retrievals with all

possible combinations of the molecules selected in the first step. This allows the molecules

to compete with each other, and confirms that the fully extended model is still preferred to a

sufficiently large degree. All models containing H2S produce the biggest increase in posterior

probability compared to the baseline. This is also reflected in the χ2
ν of the respective models.

When considering all three model performance metrics, we see that model M22, extended

with {H2S, SO2,HCN, C2H2}, and model M20, extended with {H2S,SO2, C2H2}, perform on an

equivalent level. They result in, respectively, a Bayes factor of 23.58 and 24.03, and a χ2
ν of

2.66 and 2.63. M20 is the model with the smallest Ψ, making it the most preferred out of the

whole ensemble based on the corrected AIC. However, the ∆m between M20 and M22 is 2.70.

This makes M22 the only model with any significant support compared to M20 based on Ψ, as

the next-smallest value is 6.21 for M17, already classified as having considerably less support.

We adopt the fully extended model M22, containing molecular absorption contributions from

{CH4, C2H2, CO,CO2, HCN,H2O,SO2}, as the fiducial model. We are not making any claims

about the detection or detection significance of any atmospheric constituents based on the

model-tuning process, beyond the posterior probabilities associated with the Bayes factor. Using

the Bayes factor to derive σ-values and report the detection of atmospheric constituents runs

the risk of misrepresenting its relative nature (Schmidt et al. 2025; Welbanks et al. 2026). Here,

we want to analyse the impact of perturbations in the transmission spectrum on parameter

posterior distributions derived from atmospheric retrievals. With an equal performance between

M22 and M20, we therefore choose the fully extended model including HCN to provide us with

an additional point of comparison.

Retrieval results

With a fiducial model in place, we can now analyse the associated retrieval posteriors and

parameter estimates. Figure 4.7 provides us with a comprehensive overview of the retrieved
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Figure 4.7: Atmospheric retrieval results of the fiducial model applied to SP-TW, showing the posterior
distributions of the molecular MRs. The main diagonal shows the associated marginalised posteriors
with resulting parameter estimate medians (points) and CCI95 (error bars). The inset plot in the top
right shows the median retrieved p–T profile (dashed line) and CCI95 (shaded region).

molecular MRs and the associated p–T profile. In Figure 4.8, we see the CCI95 of the total

model (top panel), as well as the individual molecular contributions to the median model

(bottom panel). The parameter estimates of all model parameters are listed in Table 4.4.

The main molecules that shape the transmission spectrum are H2O,CO2, andH2S. We

have already been able to visually identify the broad absorption of H2O, which extends from

2.3 µm to 3.5 µm. The resulting inferred MR is log10pXH2Oq P r´1.04, ´0.75s. The absorption

by H2O also dominates beyond 4.7 µm, where another major cross-sectional peak then falls

outside the wavelength range of our transmission spectrum. Similarly, CO2 produces the most

prominent feature in the transmission spectrum, centred at 4.4 µm. A secondary absorption

peak of it is visible at approximately 2.8 µm. From the atmospheric retrieval, we infer a MR of
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Figure 4.8: Median model fit of the fiducial model to SP-TW. Both panels show wavelength (in µm,
x-axis) against transit depth (in %, y-axis). (Top) Median model (dashed blue line) and CCI95 (shaded
area) of the fiducial model. SP-TW is shown as black data points. (Bottom) Contributions to the median
model of individual molecular opacity sources (colour-coded by molecule). The flat-opacity cloud deck
is indicated with a dashed grey line. The total median model is shown in black, and SP-TW as grey data
points.

log10pXCO2
q P r´2.23, ´1.86s. The third dominant constituent, both by its inferred MR value

and its contribution to the optical depth, is H2S. It shows a broad absorption feature from

3.5 µm to 4.5 µm (where it has the dominant contribution to the transmission spectrum), and a

narrower feature centred at 2.6 µm. Its inferred MR is log10pXH2Sq P r´2.97 ´ 2.05s. All three

of these species have posterior distributions that are close to normal distributions, and the

CCI95 constrains them to within 1 dex. For H2O and CO2, this is further narrowed to 0.5 dex

This indicates that the underlying transmission spectrum contains sufficient information to

confidently constrain their molecular MRs.

In contrast to these well-constrained MRs, we only find upper limits for CO and CH4. In their

marginalised posteriors, this manifests as close-to-uniform distributions with sharp edges at

the respective upper limit. In Figure 4.8, we see that CO has no significant absorption features

in the wavelength range of our transmission spectrum. Its main contribution comes from the

region longwards of 4.5 µm. Consequently, the credible interval of the CO MR is very wide,

encompassing most of the prior range. We can place its upper limit at log10pXCOq ď ´2.74.

Compared to CO, CH4 has a well-known absorption feature centred at 3.4 µm, which we can
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see in the contributions to the median model. Because the transmission spectrum does not

prominently display this feature, the posterior distribution of CH4 is more constraining in its

upper limit, which we can place at log10pXCH4
q ď ´5.28.

Lastly, our fiducial model also contains SO2, C2H2, and HCN. For all three of these molecules,

the parameter estimates encompass a wide range of the prior space, with corresponding CCI95

sizes of approximately 5.5 dex to 7.0 dex. This indicates that the MRs of these molecules

are not very well constrained by the underlying data. However, we also note a significant

difference in the shape of the marginalised posterior distributions of these molecules. For

HCN, the case is similar to CO and CH4. Its uniform posterior distribution points to an upper

limit in the parameter estimate, with log10pXHCNq ď ´4.48. The contribution of HCN to the

median model is not visible in Figure 4.8 because its low median MR places it below the cloud

deck. As a reference, Figure 2.6 illustrates the cross-section profile of HCN. In contrast, the

marginalised posteriors of SO2 and C2H2 are close to normal distributions at first glance. SO2

produces a distinct absorption feature at 4.0 µm, and C2H2 has two minor absorption peaks at

approximately 3.1 µm and 3.8 µm, the latter of whch sits closely on top of H2S. The skewed

nature of their posterior distributions is underlined by the fact that the median values of their

CCIs are log10pXSO2
q “ ´4.66 and log10pXC2H2

q “ ´4.86, respectively, which sit very close to

the upper boundary of their CCI95. In these cases, calculating a CCI with a width of 68% and

declaring it a ‘1σ’ uncertainty would provide a misleading sense of confidence in the parameter

estimate. If we do this for SO2, the CCI1σ (written as a commonly used point estimate and

uncertainty value) is log10pXSO2
q “ ´4.66`0.37

´0.85. This scales the true lower boundary of the

CCI95 to 7σ, rather than the actual equivalent of 2σ. When reporting parameter estimates from

atmospheric retrievals, this highlights the importance of properly calculating and indicating

the corresponding credible interval, rather than scaling an apparent σ-value.

In Figure 4.7, we also see the retrieved four-point p–T profile of WASP-39 b, indicated by

its median (dashed line) and CCI95 (shaded area). The temperature at the two intermediate

pressure nodes (placed at 10´3 and 10´7 bar, respectively) is well constrained, with a CCI-

width of approximately 500 K. The temperature profile in this region behaves very closely to

an isotherm. In contrast, the temperature values at the two boundary nodes, placed at the TOA

and BOA, are much less constrained. At the TOA (p “ 10´9 bar) the credible interval of the

temperature has a width of 1500 K, encompassing half the prior space. In this pressure region,

the atmosphere is fully transparent. Consequently, there is little information to constrain the

temperature value. The absorption of XUV radiation is expected to heat the thermospheres of

hot Jupiters by significant amounts (Fortney et al. 2021), making this behaviour of the p–T

profile a plausible possibility. However, the setup of our atmospheric forward model indicates

that this could also be a model degeneracy. As we have seen in Chapter 3, the biasing behaviour

of simplified p–T profiles is symmetric, indicating that the constant molecular MR profiles

we use in our forward model could cause this temperature behaviour. The temperature at

the BOA (p “ 10 bar) is even less constrained. Its CCI95 has a width of 2400 K, covering

almost the entire prior range. We can trace this to the constraint of the flat-opacity cloud deck,
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which is constrained to log10ppcloud rbarsq ď ´3.29. Consequently, pressure regions below

this threshold are not accessible in the transmission spectrum, resulting in an unconstrained

parameter posterior.

Contextualisation with previous retrievals

We contextualise the parameter estimates from our fiducial model by comparing them to

previously reported analyses of the atmospheric characteristics of WASP-39 b. For consistency,

we compare our results to previous works that (1) have characterised a transmission spectrum

of WASP-39 b, and (2) have used a ‘free chemistry’ approach with constant MRs.

Prior to the launch of JWST, one of the major species accessible in transmission spectroscopy

performed with HST was H2O. Tsiaras et al. (2018) analysed two transits of WASP-39 b ob-

served with HST WFC3, inferring a H2O mixing ratio of log10pXH2Oq “ ´5.94 ˘ 0.61. This is

significantly lower than the MR resulting from our retrieval. They also infer an isothermal

temperature of T “ 1258.71 ˘ 289.53. This is more compatible with the constrained tempera-

ture region from our retrieval. In contrast to their results, Wakeford et al. (2018) analysed a

combined dataset from HST STIS and the WFC3, as well as Spitzer IRAC and VLT FORS2 data to

infer log10pXH2Oq “ ´1.37`0.05
´0.13. They also derive an isothermal temperature of T “ 920`70

´60 K.

These results are in closer agreement with our parameter estimates, and the inferred MR of H2O

is significantly different from the results of Tsiaras et al. (2018). Analysing the same dataset,

Welbanks et al. (2019) report an ever larger value of log10pXH2Oq “ ´0.65`0.14
´1.83, shrinking to

log10pXH2Oq “ ´2.43`0.27
´0.24 with a constrained prior distribution. They use a six-parameter p–T

prescription (Madhusudhan and Seager 2009), but do not directly comment on the respective

retrieved p–T profiles. While our reported results agree with some of these previous analy-

ses, the range of reported H2O abundances covers more than five orders of magnitude. This

indicates poor overall agreement in the retrieval results for HST-era observations.

The advent of JWST has enabled access to a much larger range of potential atmospheric

constituents through their absorption features in the NIR and MIR. Constantinou et al. (2023)

reported results from atmospheric retrievals performed on the approximately 3–5µm, Eureka!-

reduced NIRSpec PRISM transmission spectrum of WASP-39 b first presented in JTERS23.

They report MRs of log10pXH2Oq “ ´3.29`0.59
´0.56, log10pXCO2

q “ ´5.11`0.63
´0.54, and log10pXH2Sq “

´4.11`0.49
´0.46 as the dominant atmospheric trace species with prominent absorption features.

These abundances are smaller by two to three orders of magnitude compared to our re-

trieval results. Constantinou et al. (2023) also report log10pXSO2
q “ ´6.40`0.39

´0.35, and notably

log10pXCOq “ ´4.11˘0.61. These more stringent abundance constraints lie within the broader

posterior distribution reported in our results. The parametric p–T profile (Madhusudhan and

Seager 2009) retrieved in their work is consistent with an isotherm with T “ 738`55
´54 K at the

top of their atmospheric forward model domain (p “ 10´6 bar), which is in agreement with

the p–T profile we retrieve from SP-TW. It is worth pointing out that the results reported by

Constantinou et al. (2023) vary by approximately 1 dex when considering different pipelines

or when extending the input transmission spectrum with data from HST WFC3.
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Lueber et al. (2024) studied the information content of all NIR transmission spectra of

WASP-39 b taken as part of the ERS. When using the full-range NIRSpec PRISM data presented

in Rustamkulov et al. (2023), they report value of log10pXH2Oq “ ´3.10`0.20
´0.19. They also find

a tighter constraint on the MR of CO and SO2, with values of ´2.85`0.17
´0.28 and ´5.68`0.31

´0.62,

respectively, as well as MRs of CO2 and H2S smaller by approximately 2 orders of magnitude

compared to our results. When changing the cloud model in their retrievals, Lueber et al. (2024)

find changes of approximately 0.5 dex in their reported MRs, as well as a loss of preference

for the inclusion SO2 and CO in their forward model. The latter stands in stark contrast to the

otherwise reported tight posterior constraints. In both cloud-model cases, Lueber et al. (2024)

report an isothermal temperature of approximately 1000 K within a pressure domain extending

to 10´6 bar, which is in close agreement with the p–T profile we retrieve from SP-TW in this

region.

It is also worth noting that all the results we have compared our posterior distributions

to were reported as point estimates with uncertainties equivalent to a CCI1σ. We cannot

feasibly reproduce the corresponding posterior distributions of each previous result to derive a

CCI95. However, if we recall the example of the CCI68 for the SO2 abundance in our fiducial

model, calculating proper credible intervals rather than scaling the reported uncertainties

could significantly change the associated parameter estimates. This is also especially true

if the previously reported results are heavily asymmetric (such as the H2O MR in Welbanks

et al. 2019). Consequently, the disagreement between these results and our retrievals might be

lessened with properly homogenised credible intervals.

4.3.3 Sensitivity to random scatter

We now want to test the robustness of the parameter posterior distributions from our fiducial

model. As we have seen, the posterior distributions for SO2 and C2H2 are heavily asymmetric,

with long tails towards low abundance values. Because the inference process is driven by

the underlying data, this could indicate that these two parameters are estimated from only

a few data points. Indeed, if we examine the contributions of SO2 and C2H2 to the median

fiducial model, we see that the dominant parts of their absorption features extend over only

approximately five data points, respectively. To test the parameter posterior behaviour under

random noise, we therefore apply our fiducial model to ten self-scattered instances of SP-TW.

We see a summary of all resulting marginalised posterior distributions in Figure 4.9. These

distributions, and consequently their derived parameter estimates, can be categorised into

three types. Firstly, we find stable and well-constrained posteriors, which do not change

significantly under random perturbations of the input spectrum. In the context of the molecular

abundances of our fiducial model, this refers to H2O, CO2, and H2S. In all scattered instances,

their respective marginalised posteriors are close to normal distributions, and their derived

CCIs agree with the parameter estimates from the initial instance of SP-TW. H2S produces an

individual outlier in this (scattered instance 7), where the posterior distribution appears normal,

but the credible interval skews towards lower abundances. However, even in this case, the width
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Figure 4.9: Marginalised posterior distributions from atmospheric retrievals on scattered instances
of SP-TW. Each panel shows the sampled parameter values (x-axis) against the weighted counts (y-
axis). Results from the reference instance (SP-TW) are indicated in black, while results from the
scattered instances are colour-coded. Data points and error bars indicate the median and CCI95 of each
marginalised posterior distribution.

of the CCI is approximately 4 dex, which is still narrower than the other skewed distributions

we have identified (by about 2 dex). The abundances of all stable, well-constrained molecules

(H2O,CO2, andH2S) are constrained by contributions across wide wavelength ranges. The

reference radius, Rp, also falls in the category of stable and well-constrained.

The second category of posteriors we identify are stable, unconstrained posteriors. These

distributions consistently extend to one of the edges of the prior space, and follow a uniform

shape until a sharp cut-off. Consequently, parameter estimates derived from these cases are

in agreement with each other. The MRs of CO and HCN fall into this category. As they are

not mapped to any significant absorption features over the wavelength range of our spectrum,

perturbing it does not change the parameter posterior estimate. The posterior distributions of

CO produce visually identifiable peaks at approximately log10pXCOq “ ´2 in some instances,

but the distributions are not skewed enough to draw the lower edge of the CCI95 away from

the boundary of the prior space. The cloud-top pressure, pcloud, also falls in this category.

Lastly, we find marginalised posterior distributions that are unstable and skewed, signifi-

cantly changing in shape when the underlying spectrum is scattered. Most notably, this is the

case for the parameter estimates of the SO2 and C2H2 MRs. They only produce absorption

features in small parts of the transmission spectrum. Consequently, scattered spectral instances
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Figure 4.10: Results of atmospheric retrievals performed on SP-TW (black), RU-23 (orange), and CA-24
(blue). (Left) The grid of smaller panels shows the marginalised posterior distributions of the molecular
MRs and cloud-top pressure. Data points and error bars represent the distribution median and CCI95,
respectively. (Right) Retrieved four-point p–T profiles, represented by the median (dashed line) and
CCI95 (shaded area).

will induce strong variations in the derived credible intervals if they influence these regions.

Next to the heavily-tailed posterior distributions we have identified in the retrieval of the initial

instance of SP-TW, we see several instances of narrow parameter estimates for SO2 and C2H2 in

Figure 4.9. This mirrors the well-constrained MRs of H2O,CO2, andH2S. In contrast, several

other instances in both cases turn into upper limits, with broad CCI95 ranges and a centred

median. To a lesser extent, this is also true for CH4. In the retrieval of the initial instance

of SP-TW, CH4 was inferred as an upper limit. Several of the scattered instances produce a

parameter estimated that more closely resembles the tailed cases of SO2 and C2H2. Even in

these unstable cases, we find that all CCI95 values are in agreement with the results retrieved

from the original instance of SP-TW. We can conclude that random perturbations in the input

data do not produce disagreement in parameter estimates. However, the derived parameter

constraints could be overconfidently small. Assigning specific MR values to atmospheric trace

species based on individual retrieval results should be treated with caution, especially if the

corresponding credible intervals are heavily skewed.

4.3.4 Homogenised atmospheric retrievals on existing spectra

After investigating the impact random noise has on the posterior distributions of our fiducial

model, we now investigate the impact of systematic differences. We do this by applying our
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fiducial model to RU-23 and CA-24. All three of these spectra were derived from the same

underlying raw data, and they are constrained to the same wavelength regime. Consequently,

we assume that they contain the same information about the characteristics of the atmosphere

of WASP-39 b. Based on this assumption, we do not retune the fiducial model, but rather apply

it homogeneously on SP-TW, RU-23, and CA-24. In Figure 4.10, we see a comparison of the

marginalised posterior distributions for the molecular MRs and cloud-top pressure for these

retrievals, together with the inferred p–T profiles. The credible intervals for each retrieved

parameter are summarised in Table 4.4 for all cases.

Globally, the atmospheric retrievals performed on SP-TW, RU-23, and CA-24 result in

marginalised posterior distributions and derived parameter estimates that are in agreement

within the CCI95. In the behaviour of the posterior distributions, we find the same three types we

have identified for the self-scattered spectra mimicking random noise, although the parameters

they manifest for are slightly different. H2O and CO2 are, again, well-constrained and stable

parameters. In all three cases, the posterior distributions are close to normal distributions, and

the MRs are constrained to ranges within 0.5 to 1.0 dex. The abundances of CO and HCN are

constrained to upper limits in every case, representing stable and unconstrained posteriors.

The same is true for the cloud-top pressure, pcloud, and also for the MR of CH4. It is noteworthy

that the retrievals performed on RU-23 produce an upper limit of CH4 smaller by an order of

magnitude than in the other two cases. As is visible in Figure 4.6, the transit-depth values

of RU-23 are systematically smaller than for SP-TW and CA-24 in the region of the methane

absorption feature around 3.4 µm. This could explain the reduced upper limit on the parameter

estimate.

The biggest difference we find in the shape of the marginalised posterior distributions is for

the MRs of SO2 and C2H2. In the case of SO2, the heavily tailed posterior distribution from the

retrieval of SP-TW is contrasted by a tightly constrained abundance interval from RU-23, as well

as from an almost flat posterior distribution resulting from the retrieval of CA-24. For C2H2,

the skewed posterior of SP-TW is replaced by two unconstrained distributions from retrievals

of RU-23 and CA-24. Their parameter estimates are still in agreement with each other, but

they reflect the cases we have previously identified as skewed and unstable. Notably, H2S now

also falls into this category. The tight posterior constraint from SP-TW is replaced by heavily

tailed parameter estimates from RU-23 and CA-24, both of which span more than 5 dex. At

this parameter, we also find the only disagreement in the credible intervals. The parameter

estimated on the MR of H2S based on RU-23 misses the credible interval derived from SP-TW,

although this difference is smaller than 0.2 dex.

As a final point of comparison, the retrieved p–T profiles agree between all three cases. Each

of them indicates a close-to-isothermal behaviour in the centre of the atmospheric domain, while

struggling to constrain the temperature value at the BOA temperature node. As the parameter

estimate for pcloud is consistent across the three retrievals, this region of the atmosphere is

inaccessible, leading to unconstrained posterior distributions. A marginal difference is the

credible interval for the temperature at the TOA pressure node. Retrievals performed on SP-TW
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Table 4.4: Parameter credible intervals for atmospheric retrievals performed on SP-TW, RU-23, and CA-24. The reported values for individual parameters are
given as 95% centred credible intervals, followed by the median. The pressure nodes associated with the four temperature values are located at log10ppi rbarsq “

t1, ´3, ´7, ´9u.

Parameter Unit

Input spectrum

SP-TW RU-23 CA-24

95% CCI Median 95% CCI Median 95% CCI Median

Rp RJ r1.21,1.29s 1.26 r1.19, 1.28s 1.24 r1.22, 1.30s 1.26

log10pCO2q - r´2.23, ´1.86s ´2.05 r´2.51, ´1.99s ´2.26 r´2.60, ´1.78s ´2.24

log10pCOq - r´11.74, ´2.74s ´7.24 r´11.63, ´2.46s ´5.68 r´11.63, ´2.68s ´7.11

log10pH2Oq - r´1.04, ´0.75s ´0.87 r´1.34, ´0.95s ´1.15 r´1.04, ´0.69s ´0.87

log10pCH4q - r´11.78, ´5.28s ´8.40 r´11.84, ´6.66s ´9.43 r´11.69, ´5.69s ´8.81

log10pH2Sq - r´2.97, ´2.05s ´2.49 r´9.77, ´3.15s ´3.79 r´9.25, ´2.28s ´2.95

log10pSO2q - r´10.46, ´3.96s ´4.66 r´5.48, ´4.57s ´5.03 r´11.55, ´4.38s ´6.85

log10pHCNq - r´11.75, ´4.48s ´8.39 r´11.74, ´4.42s ´7.93 r´11.51, ´3.55s ´7.09

log10pC2H2q - r´9.99, ´4.30s ´4.86 r´11.76, ´5.89s ´8.71 r´11.76, ´5.36s ´8.73

log10ppcloudq bar r´3.27,0.88s ´1.18 r´3.65, 0.88s ´1.28 r´3.20,0.86s ´1.09

Tp0
K r366.33, 2841.23s 1407.14 r571.13, 2901.82s 1874.77 r481.25,2805.83s 1615.97

Tp1
K r711.31, 1296.84s 912.26 r607.68, 895.15s 729.77 r446.74,1088.07s 732.90

Tp2
K r440.38,909.23s 700.23 r321.21, 650.24s 450.71 r497.63,1128.41s 789.30

Tp3
K r1554.85,2965.68s 2402.63 r1427.31, 2962.16s 2382.54 r486.12,2617.69s 1462.25
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and RU-23 indicate a thermal inversion in this region. In contrast, the result from CA-24 shows

a much broader posterior, consistent with an isothermal profile and encompassing the p–T

structure of the other two cases.

4.4 Limitations

To properly contextualise the results we have achieved here, we need to be aware of several

limitations that apply to them. Firstly, the reported MRs of atmospheric constituents for WASP-

39 b vary widely. In a comparison to previous analyses of the NIRSpec PRISM data we have

used, the results we have achieved with our fiducial model are notably higher („ 14% H2O

and „ 1% CO2). When we account for retrievals of pre-JWST observational data, and of data

from other instruments of JWST, we find discrepancies of up to five orders of magnitude for the

retrieved model parameters (e.g., Tsiaras et al. 2018; Wakeford et al. 2018; Lueber et al. 2024).

Exoplanet atmospheres are inherently more complex than atmospheric retrieval models can

account for, making it difficult to draw conclusions about atmospheric characteristics from

simplified forward models. Here, we circumvent this problem by applying a homogeneous

forward model in our retrievals. This addressess disagreement stemming from the underlying

data reduction process, without necessarily claiming to retrieve the ‘correct’ atmospheric

properties of our target. On this point, it is also important to keep in mind that we do not

address the impact of individual data-reduction steps on atmospheric retrieval results. The

impact of using different pipelines on atmospheric characterisation results has been reported

previously (e.g., Mugnai et al. 2024; Powell et al. 2024; Davenport et al. 2025). We focus on

differences arising from performing retrievals on different spectra independently reduced using

the same pipeline.

The last point concerns the application of the fiducial model. As we homogeneously use it

on SP-TW, RU-23, and CA-24, we overlook the possibility of performing the model-tuning steps

on each spectrum individually. The assumption that the model-tuning process is independent

of the underlying transmission spectrum (even if it was derived from the same raw data) is

not necessarily valid. The systematic differences we have identified between the three spectra

we have analysed might propagate into the selection process of constituent molecules. In
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Figure 4.11: Dynamic model-tuning process for SP-TW, RU-23, and CA-24, showing the ID of different
models (x-axis), against the Bayes factor compared to the initial model (y-axis). Results are colour-coded
for SP-TW (black), RU-23 (orange), and CA-24 (blue).
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Figure 4.11, we see how the model tuning process behaves when we treat it dynamically for all

three spectra. The relative changes in the Bayes factor are fairly consistent between the three

spectra. However, the absolute values of lnpBm,0q are significantly smaller for all retrievals

performed on CA-24. In this process, we can identify an overlapping favoured inclusion of SO2

(M5) and H2S (M6). Only the model tuning based on SP-TW and RU-23 favourably includes

C2H2 (M8).

113





CHAPTER 5

CONCLUSIONS

"Thunder rolled . . . it rolled a 6."

Terry Prachett

Guards! Guards!



CHAPTER 5 – CONCLUSIONS

State-of-the-art observations from the ground and from space provide us with data of

unprecedented quality, providing us with insights into exoplanetary atmospheres not seen

before. To infer the properties of these atmospheres, we make use of a statistical inference

technique called atmospheric retrieval. In this method, we iteratively compare evaluations

of radiative transfer forward models with high-precision spectroscopic data from modern

observatories such as JWST and Ariel. The detailed information we can derive from these

observations can inform us about the formation history of exoplanetary systems, trends in

whole populations of exoplanets, and how our own planetary neighbourhood, the Solar System,

fits into this wider picture.

In this thesis, we examined two main aspects that influence the results of atmospheric

retrievals: the setup of the radiative transfer forward model and the inference-guiding dataset.

Firstly, we investigated the relation between the complexity of the atmospheric forward model

and the results of atmospheric retrievals. We created a grid of synthetic transmission spectra for

a hot Jupiter, and investigated the impact of using pressure-temperature (p–T) prescriptions of

varying complexity on atmospheric retrieval posteriors. This has allowed us to quantify the

supported model complexity for state-of-the-art data and to identify biasing effects arising from

underparameterised p–T prescriptions. We also explored the impact of perturbations in the

underlying data on atmospheric retrieval results. We produced a transmission spectrum of

the hot Jupiter WASP-39 b from a JWST NIRSpec PRISM observation and investigated how

atmospheric retrieval results change when this dataset is perturbed.

5.1 Biases from the p–T profile prescription

In Chapter 3, we investigated the recoverable complexity of p–T profiles from simulated

state-of-the-art transmission spectra. We simulated spectra for a hot Jupiter modelled after

WASP-39 b, convolving high-resolution radiative transfer forward models with simulated and

real observational noise levels. These encompass the instruments of JWST and simulations for

the upcoming Ariel space mission, covering nine different scenarios in total. We created these

synthetic spectra with two p–T structure assumptions and three cloud-top pressure levels. We

tested the performance of atmospheric retrievals using heuristic multipoint p–T prescriptions

with varying complexity, ranging from an isothermal profile to an eleven-point full self-retrieval.

In total, we performed 324 atmospheric retrievals covering our grid of synthetic transmission

spectra. We assessed the performance of these models using the Bayes factor and the accuracy

of parameter recovery relative to the input values.

We conclude that an isothermal profile should not be used to retrieve state-of-the-art

transmission spectra from JWST or Ariel. In approximately 75% of the tested cases, it leads

to severe biases in the retrieved model parameters, particularly in the atmospheric molecular

mixing ratios. This bias arises from a degeneracy between the temperature and MRs in the

transit-observation geometry. The temperature controls the atmospheric scale height, while

the molecular MRs influence the optical depth integral. Following from this, their degeneracy
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manifests as an anticorrelation in their parameter estimates. When the isothermal profile

underestimates the local temperature of the probed atmospheric region, the atmospheric scale

height shrinks, thereby shortening the path length in the optical-depth integral. Consequently,

the molecular MRs are increased (and overestimated) to compensate for the otherwise missing

optical depth. If the isothermal profile overestimates the local temperature, the inverse is true.

When assessing the supported model complexity for the p–T prescription, we find that two

to four p–T points are adequate to retrieve the information content of JWST and Ariel data.

Using more than four (and up to eleven) p–T points does not provide additional improvement

to the model performance, while introducing additional free model parameters. The amplitude

of the model preference is correlated with the signal-to-noise ratio (SNR) and wavelength

coverage of the transmission spectrum, and the cloud deck of the synthetic input data. When

the transmission spectrum is almost cloud-free, the Bayes factor is most clearly able to provide

a preference for either the two- or four-point profile, based on the p–T structure used to

create the synthetic spectrum. With a decreasing cloud-top pressure, many of the spectral

features are masked or muted. Consequently, the model posterior odds distinguishing between

preferred model setups become less pronounced. When comparing the individual instrument

scenarios, the spectral resolution has the most significant impact on the model preference

evaluation, followed by the wavelength coverage. We can see this when comparing the

results for a simulated NIRCam F322W2 and MIRI LRS spectrum. The MIRI spectrum has

approximately four times the wavelength coverage of the NIRCam spectrum, but its spectral

resolution is approximately 30ˆ lower. Both spectra have a comparable mean transit-depth

uncertainty. Retrievals performed on the NIRCam spectra can produce model preference curves

and parameter accuracy estimates comparable to those from cases containing more information

(such as the NIRSpec G395H data). In contrast, the retrievals performed on the MIRI spectra

result in more or less indistinguishable preference and performance between all tested p–T

prescriptions, even though the wavelength coverage of MIRI is among the widest between all

our tested instrument cases.

Based on the results of this investigation, we can recommend using a p–T prescription

in the range of a two- to four-point profile for high-resolution spectroscopic data expected

from JWST and Ariel. We recommend not using an isothermal prescription as it biases the

retrieved atmospheric MRs. Future work could refine the selection of an optimal multipoint

p–T prescription. Physically self-consistent models can help us understand the expected

p–T structure of exoplanetary atmospheres, and informed priors based on this anticipated

temperature structure could supplement the heuristic approach we have investigated here.

5.2 Stability of results under data perturbations

In Chapter 4 of this thesis, we investigated a second important part of any atmospheric retrieval

framework: the role of the underlying dataset. We produced a transmission spectrum of

the hot Jupiter WASP-39 b from a JWST NIRSpec PRISM observation, using the end-to-end
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data reduction pipeline Eureka!. We derived an atmospheric forward model by tuning the

model parameters using this dataset. Our fiducial model contained a four-point p–T profile

to characterise the vertical temperature of the exoplanet’s atmosphere, molecular absorption

contributions from H2O,CO2, CO,CH4,H2S, SO2, C2H2, and HCN. We then investigated how

the posterior distributions of the model parameters change under perturbations to this dataset.

The dataset perturbations are characterised in two ways. Firstly, we produce self-scattered

instances of the transmission spectrum we have reduced. For each instance, we draw new data

points from normal distributions based on the transit-depth mean and uncertainty values of the

original spectral instance. These represent uncorrelated noise arising from random variations

introduced during the data reduction process. Secondly, we consider three transmission spectra

of WASp-39 b reduced from the same raw observation. The first of these is the spectrum we

produced in this work, while the other two are published transmission spectra produced using

the same data reduction pipeline (Rustamkulov et al. 2022, Carter & May et al. (2024)). These

three spectra show systematic differences. Performing homogenised retrievals under all these

scenarios provides an overview of the impact of random and systematic data perturbations.

We find that the behaviour of the parameter posterior distributions can be broadly categorised

into three types, both for systematic and for random perturbations of the dataset. First, we

identify several parameters characterised by well-constrained posterior distributions that are

close in shape to a normal distribution. In our fiducial model, this encompasses the reference

radius, Rp, as well as the MRs of H2O,CO2, and H2S. The parameter estimates derived from

these posterior distributions are stable under the data perturbations we investigated. Second,

we find posterior distributions that translate into upper or lower limits for the estimated

parameters, characterised by a shape close to a uniform distribution. In our fiducial model, the

cloud-top pressure, pcloud, and the MRs of CO andHCN fall into this category. These are also

stable under perturbations of the dataset. Lastly, we identify skewed posterior distributions

with broad tails. The MRs of SO2, C2H2, and CH4 fall into this category. These posteriors yield

parameter estimates that are unstable to perturbations of the dataset, at times mimicking

well-constrained or unconstrained posteriors. We also find that the p–T profile is consistent

between the results obtained from different transmission spectra. It is well constrained within

the probed atmospheric region, while the temperature values at the top and bottom of the

atmosphere remain largely unconstrained.

Despite these variations in the behaviour of the parameter posterior distributions, it is

important to point out that the resulting parameter estimates agree across all the cases of

data perturbation we considered. However, this is based on a subjective choice of the credible

interval size that defines the parameter estimate. In our case, we reported CCI95, a credible

interval that encompasses 95% of the posterior probability mass, centred on the distribution

median. This analysis will change when the parameter credible intervals are constructed

differently. The impact of this will be most prominent in the case of the unstable posterior

distributions. As these are heavily skewed, deriving credible intervals with narrow widths, such

as the commonly employed ‘1σ’ centred credible interval (CCI), can provide a misleading sense
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of accuracy in the inferred parameter values. Directly computing credible interval sizes, rather

than scaling the boundaries of smaller ones, can reveal the asymmetries of these distributions,

thereby helping identify unstable parameters.

5.3 Outlook

In this work, we investigated several aspects of an atmospheric retrieval framework that affect

the reported posterior distributions of parameters. Adjusting the methodologies we use to

characterise the nature of exoplanetary atmospheres from observational data will be crucial to

provide reliable characterisation results with the advent of data with unprecedented precision

and wavelength coverage. However, there are more steps beyond the work we conducted here

to further ensure this reliability.

The results presented in Chapter 3 have clearly shown us that state-of-the-art transmission

spectra support and require the inference of p–T structures more complex than an isothermal

profile. However, the way a multipoint profile is constructed offers avenues for improvement.

In our case, we made an informed decision to slightly cluster the pressure nodes of each

p–T profile within the pressure region we expect to be probed by the transmission spectrum

a priori. For non-synthetic data, we do not know the true p–T structure of the exoplanet’s

atmosphere. A heuristic p–T profile with few pressure nodes will therefore always risk missing

a significant feature of the vertical temperature structure, such as a temperature inversion.

One way to address this would be to treat the pressure values at each p–T node as free

parameters. However, this effectively doubles the number of model parameters associated with

the p–T profile, significantly increasing the computational requirements on retrievals (e.g.,

Changeat et al. 2021). Another approach would be to dynamically select the location of the

pressure nodes in the p–T profile. Instead of fixing them a priori, redistributing them in situ

during the retrieval process would ensure that they stay clustered in the probed region of the

atmosphere. This region can be determined by identifying the maximum of an optical-depth

contribution function (e.g., Mollière et al. 2019). Waldmann et al. (2015) presented retrievals

of atmospheric emission spectra based on this concept, performing multi-stage retrievals to

dynamically adjust the complexity of the retrieved p–T profile. How applicable this is to the

retrieval of transmission spectra needs to be investigated in detail, as they inherently contain less

information about the thermal structure of an exoplanet’s atmosphere than emission spectra.

In the context of the retrieved p–T structure, it is also worth considering how the vertical

chemical profiles of the atmospheric forward model are characterised. We assumed the chemical

profiles in our retrievals to be constant, which is a coarse, data-driven approach to identify

important molecular absorbers in exoplanetary atmospheres. Accounting for a more complex

vertical chemical structure is a difficult task, requiring a trade-off between physiochemical

self-consistency and computational efficiency. The strong assumptions of equilibrium chem-

istry approaches have become less applicable with the identification of SO2 as a product of

photochemical processes in the atmospheres of several hot gas giants. Recently, Constantinou
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and Madhusudhan (2024) presented a modified equilibrium approach, where additional free

parameters mimic photochemical disequilibrium processes. Al-Refaie et al. (2024) presented

the direct implementation of a chemical kinetics model into atmospheric retrievals coupled

to the utilisation of a reduced chemical network. Both of these approaches produce more

physically plausible vertical profiles by imposing more stringent model assumptions. In contrast,

extending the heuristic multipoint approach we have used for the atmospheric p–T profile to

also cover the vertical chemical structure would provide more flexibility. However, this comes

at the cost of introducing significantly more free parameters into the model than might be

supported even by state-of-the-art data (Changeat et al. 2019). A step to supplement these

approaches would be to incorporate additional information from complex, self-consistent phys-

ical models to challenge or validate results from simplified retrievals. Ensembles of modelling

results for an exoplanets atmospheric structure could also be used to construct informed priors

on retrieval parameters, without the necessity of incoporating computationally expensive and

complex physical models directly into the atmospheric forward model.

In Chapter 4, we have seen that even using datasets reduced from the same raw data, and

with the same pipeline, does not produce fully consistent parameter posterior distributions.

However, it was outside the scope of this investigation to assess the impact of individual

data-reduction steps and techniques on atmospheric retrieval results. JWST was launched

recently, and pipelines to reduce its raw observational data are still under development, adding

techniques to refine the final data products (e.g. NSClean, Rauscher 2015). Many of the

individual steps in each stage also require user-specified input parameters, such as the rejection

threshold in the detection of detector jumps or the type of background model. Clarifying

exactly how these individual steps influence the extracted atmospheric spectrum and how this

propagates into the parameter posterior distributions of atmospheric retrievals will further help

determine the reliability of the reported atmospheric characteristics.

Lastly, it is worth noting that accounting for the uncertainty in data reduction steps or in the

selection of the atmospheric forward model could provide a valuable alternative to searching

for the ‘correct’ choice in these instances. In the context of the atmospheric forward model,

rather than choosing a single model setup (as we have seen with the model tuning process in

Section 4.3), it may be beneficial to account for the uncertainty in model selection by considering

the results of multiple atmospheric retrievals of the same dataset using different model setups.

Wakeford et al. (2017) incorporated this in form of Bayesian model averaging (BMA) into their

analysis of the transmission spectrum of HAT-P-26 b. BMA provides a way to combine model

results by assigning weights to each model based on its evidence. The analysis presented in

Wakeford et al. (2017) used BMA to derive a weighted mean for each model parameter, but

this method can also be used to determine full combined posteriors, allowing the calculation of

proper credible intervals rather than weighted uncertainties. BMA may not be the best method

to employ when the set of candidate models does not cover the true data-generating process

(Yao et al. 2018), as is the case for atmospheric retrievals, where one-dimensional forward

models are used to represent an inherently three-dimensional problem. As it is based on the
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model evidence, BMA is also strongly dependent on the parameter priors. Nixon et al. (2024)

discussed several methods to account for model uncertainty in atmospheric retrievals. In

addition to BMA, they provide alternative methods for model combination based on PSIS-LOO

(Vehtari et al. 2017; Welbanks et al. 2023) and the stacking of predictive distributions (Yao

et al. 2018). Future work investigating appropriate ways to combine atmospheric retrieval

results from different forward models will enable us to more robustly quantify uncertainty in

the estimated atmospheric parameters.

In the realm of data reduction, accounting for uncertainty is less trivial. Uncertainty in the

light-curve model, such as the characterisation of stellar limb-darkening or the heterogeneities,

can be treated with the same approach as in the atmospheric forward model. Carter & May et al.

(2024) reviewed the differences in their derived JWST transmission spectra when using fixed

or fitted LDCs. Their recommendation to use results derived with fixed LDCs can be substituted

by accounting for the uncertainty in the light-curve model. Accounting for differences in the

data arising from non-inference-based reduction stages is more challenging. Here, the most

robust way forward might be to catalogue the impact of individual data reduction steps and

to adopt a consistent approach to handle large datasets, thereby guaranteeing homogeneous

population-level characterisation efforts. Understanding the differences in data products arising

from small changes in individual data reduction steps and incorporating this uncertainty into

the results derived from atmospheric retrievals will require substantial future work.

We are entering an era in which high-quality data from state-of-the-art observatories are

providing far more insight into exoplanetary atmospheres than ever before. Only by making our

inference methods robust can we guarantee that our understanding of exoplanetary systems,

how they form, and how our own Solar System fits into this picture, is not skewed by biased

characterisation techniques.
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Appendix A

JWST NIR transit depth uncertainty

To produce synthetic transmission spectra for the NIR instruments of JWST (excluding the

NIRSpec PRISM case), we make use of the homogeneous data reduction presented in Carter

et al. (2024). These cover observations of WASP-39 b transits performed with NIRSpec G395H,

NIRISS SOSS, and NIRCam F322W2. More specifically, we choose the results1 associated

with the highest spectral resolution (bins_scale1) and derived by fitting the LDCs. The

latter results in slightly larger overall error bars, providing more conservative transit-depth

uncertainties.

The error bars reported in Carter & May et al. (2024) contain wavelength-dependent outliers,

as we can expect for real measurements. To mitigate these observation-specific outliers, we

smooth over the error bar curves twice, using a rolling median with a box width of 5% of

the total wavelength range. In Figure A.1, we see the resulting smoothed error bar curves

compared to the results for free and fixed LDCs. In all panels of the plot, it is clearly visible

that the error bars from data reductions using free-parameter LDCs are higher.

1The data for these were retrieved from https://zenodo.org/records/10161742
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Appendix B

Additional synthetic retrieval plots

Figures B.1 through B.8 summarise the parameter estimation accuracy and p–T structure

recovery for all simulated instrument cases we have seen in Table 3.3. They follow the same

structure as Figure 3.6 and Figure 3.7, showing the results from two underlying p–T cases

(monotonic and inverse) and three input cloud decks (high pressure, medium pressure, and

low pressure).
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NIRSpec PRISM - Pandexo
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Figure B.1: Parameter accuracy and retrieved p–T profiles for the NIRSpec PRISM Pandexo noise case.
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Figure B.2: Parameter accuracy and retrieved p–T profiles for the JWST (full) noise case.
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NIRISS SOSS (order 1 and 2)

−2

−1

0

1

2

log10(H2O) log10(CO2) log10(H2S) log10(CO)

1 2 4 6 8 11

−2

−1

0

1

2

log10(CH4)

1 2 4 6 8 11

Rp

1 2 4 6 8 11

log10(pcloud)

Inverse

Monotonic

pcloud = 1 bar

pcloud = 10−3 bar

pcloud = 10−5 bar

CCI99.7

No. of temperature points

Ω
(θ
)

1000 2000 3000

10−9

10−7

10−5

10−3

10−1

101
1000 2000 3000 1000 2000 3000

1000 2000 3000

10−9

10−7

10−5

10−3

10−1

101
1000 2000 3000 1000 2000 3000

T [K]

p
[b

ar
]

Input p-T profile Input pcloud Iso. 2-point 4-point

Figure B.3: Parameter accuracy and retrieved p–T profiles for the NIRISS SOSS noise case.
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NIRSpec F290LP/G395H
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Figure B.4: Parameter accuracy and retrieved p–T profiles for the NIRSpec F290LP/G395H noise case.
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NIRCam F322W2
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Figure B.5: Parameter accuracy and retrieved p–T profiles for the NIRCam F322W2 noise case.
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MIRI LRS
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Figure B.6: Parameter accuracy and retrieved p–T profiles for the MIRI LRS noise case.
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Ariel - WASP-39 (2 orbits)
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Figure B.7: Parameter accuracy and retrieved p–T profiles for the Ariel-WASP noise case.
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Airel - HD 209458
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Figure B.8: Parameter accuracy and retrieved p–T profiles for the Ariel-HD noise case.
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MR mixing ratio

NASA National Aeronautics and Space Administration

NIR near-infrared

NS Nested Sampling

PSF point spread function

SNR signal-to-noise ratio

Spitzer Spitzer Space Telescope

STIS Space Telescope Imaging Spectrograph

TOA top of the atmosphere

TSO time-series observation

WFC3 Wide Field Camera 3
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Zusammenfassung

In den letzten drei Jahrzehnten ist die Zahl der uns bekannten Planeten außerhalb des Sonnen-

systems auf Tausende angestiegen und deckt einen weiten Parameterbereich ab. Die Charak-

terisierung der Atmosphären dieser Exoplaneten bietet einen Einblick in ihre Entstehungs-

geschichte und ihre chemische Zusammensetzung. Spektroskopische Beobachtungen sind das

wichtigste Mittel zur Untersuchung dieser Atmosphären, und das James-Webb-Weltraumteleskop

(JWST) hat zusammen mit kommenden Missionen wie Ariel eine neue Ära der Charakterisierung

von Atmosphären eingeläutet, indem es Daten mit beispiellosem Signal-Rausch-Verhältnis

(SNR), Wellenlängenabdeckung und spektralen Auflösung liefert.

Um aus diesen Beobachtungen Rückschlüsse auf die Eigenschaften von exoplanetaren Atmo-

sphären zu ziehen, stützen wir uns auf die Methode eines atmospärischen Inversionsprozesses

(atmospheric retrieval), einen bayesianischen Inferenzansatz, bei dem ein atmosphärisches

Vorwärtsmodell iterativ mit einem beobachteten Spektrum verglichen wird, um die A-posteriori-

Verteilungen der Modellparameter zu gewinnen. Die verbesserte Datenqualität modernster

Observatorien rechtfertigt eine sorgfältige Reevaluation dieser Methode. In dieser Arbeit unter-

suchen wir die Stabilität von atmosphärischen Parameterinferenzergebnissen im Kontext der

Transmissionsspektroskopie, wobei wir uns auf zwei wichtige Säulen der darunter liegenden

Methodik konzentrieren: das atmosphärische Vorwärtsmodell und die Beobachtungsdaten.

Im ersten Teil dieser Arbeit untersuchen wir den Einfluss des modellierten Druck-Temperatur-

Profils (p–T -Profil) auf die Parameterinferenz von Transmissionsspektren. Anhand von syn-

thetischen Spektren, die nach dem "heißen Jupiter" WASP-39 b modelliert wurden, erstellen

wir einen Datensatz, der einen weiten Bereich vertikaler Temperaturstrukturen, Wolkendecken

und Instrumentenszenarios für JWST und die bevorstehende Ariel-Mission abdeckt. Wir führen

atmosphärische Semi-Selbst-Parameterinferenz dieser synthetischen Spektren durch, wobei wir

heuristische Multipunkt-p–T -Profile unterschiedlicher Komplexität verwenden. Wir bewerten

die Leistungsfähigkeit dieser atmosphärischen Modelle anhand des Bayes-Faktors und der

Genauigkeit der geschätzten atmosphärischen Parameter. Die Ergebnisse zeigen durchweg,

dass ein isothermes p–T -Profil nicht ausreicht, um die bekannten atmosphärischen Parameter

unter modernsten Beobachtungsbedingungen korrekt zurückzugewinnen. In den meisten

Fällen wird ein Multipunktprofil bevorzugt, wobei die Richtigkeit der Parameterinferenz bei

einem Profil mit vier Punkten ein Plateau erreicht. Wir kommen zu dem Schluss, dass ein

Multipunktprofil mit vier Punkten das optimale Gleichgewicht zwischen Modellkomplexität
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und Inferenzpräzision darstellt und bei der Parameterinferenz von Transmissionsspektren mit

JWST und Ariel gegenüber einem isothermen Profil vorzuziehen ist.

Im zweiten Teil dieser Arbeit untersuchen wir die Sensitivität von atmosphärischen Pa-

rameterinferenzergebnissen gegenüber Schwankungen im der Inferenz zu Grunde liegen-

den Transmissionsspektrums unter Verwendung von JWST NIRSpec PRISM-Beobachtungen

eines individuellen Transits von WASP-39 b. Die Parameterinferenz wird zuerst anhand

eines im Rahmen dieser Arbeit reduzierten Transmissionsspektrums durchgeführt, das mit

der Eureka!-Datenreduktionspipeline erstellt wurde. Wir vergleichen die resultierenden

a-posteriori-Parameterverteilungen mit homogenisierten atmosphärischen Parameterinferenz-

ergebnissen, die über gestreute Instanzen des in dieser Arbeit erzeugten Spektrums sowie über

unabhängig von denselben Beobachtungsdaten reduzierte Spektren erlangt wurden. Diese Anal-

yse identifiziert drei Klassen von a-posteriori-Parameterverteilungen: stabile Normalverteilun-

gen für gut eingeschränkte Parameter, stabile Gleichverteilungen für schwach eingeschränkte

Parameter und instabile, stark asymmetrische a-posteriori-Verteilungen. Das Vorhandensein

instabiler a-posteriori-Verteilungen erschwert eine robuste Interpretation der Ergebnisse der

atmosphärischen Charakterisierung und unterstreicht die Notwendigkeit einer sorgfältigen

Bewertung der Breite von Kredibilitätsintervallen, um diese Unsicherheit angemessen widerzus-

piegeln.

Zusammenfassend unterstreichen die Ergebnisse dieser Arbeit die Bedeutung einer rig-

orosen Vorwärtsmodellauswahl und einer sorgfältigen Behandlung der Beobachtungsdaten bei

atmosphärischen Inversionsanalysen. Da das Forschungsfeld in eine neue Ära erwarteter Daten-

qualität und -fülle eintritt, betonen diese Erkenntnisse die Notwendigkeit einer systematischen

Evaluierung von Inversionsmethoden, um die Zuverlässigkeit der abgeleiteten atmosphärischen

Eigenschaften zu gewährleisten.
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