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Abstract 8;?

The development of high resolution observatories such as the James Webb 028

Space Telescope (JWST) have increased the demand for rapid and scalable 029

techniques for exoplanet atmospheric characterization.Conventional Bayesian 030
retrieval methods are computationally expensive which have inspired the use

of supervised machine learning for the estimation of atmospheric abundances. 031

In this study we evaluated the correctness of the predictions using synthetic 032

spectra from the Ariel Big Challenge (ABC) dataset and processed JWST NIR- 033

Spec/PRISM observations of WASP 39b. This study provides a systematic 034

benchmarking of preprocessing strategies across three ML regressors, demon- 035

strating that sample wise normalization is the dominant factor that governs 036

model stability and prediction accuracy a contribution that has received limited 037

attention in prior atmospheric retrieval literature. Three regression models (MLP, 038

SVR, and XGBoost) were trained under similar conditions to isolate the influ- 039

ence of preprocessing choices. The optimal setting entailed normalization and 040

logarithmization of the abundances, where XGBoost performed optimally sug- 041
gesting that tree based models are more robust to generalize on real world JWST

observations from synthetic compared to MLP. In addition, the model predictions 042

correlated qualitatively with the actual atmospheric composition comprising the 043

gases Ho0O, CO2, CO, CHy, and NHg, and temperature for WASP 39b dataset 044

from JWST telescope, indicating its applicability. The estimated value of the 045
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temperature is 958.40 K, more detailed tables relating to temperatures and gas
estimates can be seen in the results section. In general, the results illustrate the
efficiency of machine learning along with the atmospheric retrieval process.

Keywords: XGBoost for Atmospheric Retrieval, Support Vector Regression for
Atmospheric Retrieval, Multilayer Perceptron for Atmospheric Retrieval, Ariel Big
Challenge, WASP 39b, Transmission Spectroscopy

1 Introduction

Exoplanetary atmosphere characterization has advanced rapidly over the past decade,
driven by improvements in space based spectroscopic instrumentation and atmospheric
retrieval techniques. Transmission spectroscopy has been crucial to this progress,
enabling constraints on atmospheric chemical composition by measuring wavelength
dependent variations in stellar flux during planetary transits [1]. Prior to the JWST,
observations were limited to narrow spectral windows accessible with the Hubble
Space Telescope (HST) and ground based facilities, imposing fundamental limita-
tions on abundance estimation and introducing degeneracies in retrieval models[1].
With JWST now operational, high-precision broad-band spectra spanning the near
and mid-infrared are achievable, enabling simultaneous detection of multiple atmo-
spheric species including H,O, CO4, CO, CHy4, and NH3 in benchmark targets such as
WASP 39b[2-4]. However, the growing volume and quality of JWST spectra demand
retrieval approaches that are both computationally scalable and robust to preprocess-
ing choices, a challenge that conventional Bayesian methods, despite their physical
interpretability, are ill suited to meet at population scale.

Conventional methods of atmospheric retrieval use Bayesian inference and
radiative-transfer to diagnosis to retrieve the atmospheric structure and composition
using observed spectra [5]. Although these techniques offer physically interpretable
posterior distributions, they are costly to compute [6], and the scale of such compu-
tations is not favorable when using large datasets or large grids of models, especially
when atmospheric complexity or non-equilibrium chemistry is taken into account. The
growing amount and quality of spectroscopic measurements with JWST and upcom-
ing missions like Ariel is driving the discussion of alternative algorithms that can
minimize the level of computational burden and predictive error.

Machine learning has become an alternative or even complementary avenue to
atmospheric retrieval. Most recent works have shown that it can be used to map spec-
tral features of physical atmospheric parameters with supervised regression models,
emulators, and neural network-based uncertainty frameworks [7, 8]. These methods
allow reducing the inference time by a considerable margin after training, allowing
them to be used as well in population scale studies and high priority analysis[7, 9].
Nevertheless, even the work of ML models is susceptible to the formation of datasets,
normalization, and the selection of architecture, which are under explored or poorly
benchmarked in a variety of models.



We examined the predictive capability of various regression models of estimating
an atmospheric abundance with synthetic spectra provided by the ABC dataset and
actual JWST NIRSpec observations of WASP 39b. Particular attention was given
to the contribution of preprocessing pipelines such as interpolation, normalization,
feature augmentation, and log-scaling and the effect it had on the model stability and
accuracy. The comparisons on benchmarks were carried out among three representative
algorithms, which were MLP, SVR, and XGBoost. The trained models were then
used to apply JWST spectra that had undergone processing to test their ability to
generalize into the real world.

Contributions of this paper include:

® Benchmarking of five preprocessing approaches on three ML regressors under well-
controlled experimental settings.

® Revealing sample-wise normalization to be the key parameter affecting the stability
of the models, an issue not widely examined in previous retrieval works.

® Verification of XGBoost forecasts against those available in the literature for the
JWST retrieval of WASP 39b.

2 Results

2.1 Impact of Preprocessing on Model Stability

A key result of this study is the strong dependence of model performance on prepro-
cessing. Five Feature Scaling strategies were tested under identical training conditions
for comparative study of temperature.

Findings for temperature:

® Models trained on Z-score Normalization (N) and Z-score Normalization with
Feature Augmentation (NMS) produce stable high-accuracy models, with MLP
achieving R? = 0.99.

e Models trained on Max Normalization (N M) and Max Normalization with Feature
Augmentation (NM M) degrade performance substantially (R? between 0.6-0.9).

e Models trained on Standardisation (S) caused complete model collapse for all mod-
els, yielding near-zero or negative R?, confirming that global scaling disrupts high
dynamic range spectral features.

Findings for gases: M1 (Feature scaled on N) and M2 (Feature scaled on NM.S)
show the strongest and most stable performance across all models.

2.2 Model Performance Comparison

Table 1 depicts the predicted log abundances of the five atmospheric gases (HyO, CO2,
CO, CHy, and NHj3) for WASP 39b across three regression models trained on the N
and N M S preprocessed spectra, the two configurations identified above as producing
the most stable predictions. Table 2 extends this comparison to the planetary equi-
librium temperature further evaluating all five feature scaling techniques (N, N M,
NMS, NMM, and S) across the three models. Together, the obtained results illus-
trate the sensitivity of both gas abundance and temperature predictions to the choice
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139 Model log_.H2O 1log_.CO2 log.CO log-CHs log-NHgs

140 XGB (N) -5.99 -6.35 -4.76 -3.99 -6.46
XGB (NMS) -6.25 -5.38 -3.57 -3.66 -5.37

141 SVR (N) 1.22 -6.85 473 -3.92 -3.92

142 SVR (NMS) -0.02 -6.76 -4.42 -3.72 -3.00

143 MLP (N) -4.96 -4.62 -2.37 -0.84 -1.57

144 MLP (NMS) 5.36 1 -4.57 -3.35 -2.17 -4.06

Table 1 Prediction of Atmospheric Composition Concentrations Across

145 Models on the Preprocessed Spectra of WASP 39b

146

147

148

149  of preprocessing pipeline, with XGBoost showing the most consistent performance
150 across configurations.

151
152 Feature Scaling Technique XGB SVR MLP
153 N 605.38  102.91 -0.99
154 NMS 580.21 604.92 -0.99
155 NM 627.30 1965.44 3.77
156 NMM 958.40 824.84 -0.99 o
S 1331.42 939.89 1.97x10
157 Table 2 Comparison of Feature Scaling Techniques Across
158 Models for Predicting the Planetary Temperature from the
159 Preprocessed Spectra of WASP 39b
160
161
162
163
164 2.3 Discussion of Model Behavior
122 Across all experiments, several consistent patterns emerge:
167 e MLP consistently outperforms other architectures once an appropriate normaliza-
168 tion is applied. Although the performance metrics were promising, the model fails
169 to generalize on the observational dataset.
170 e SVR provides robust performance with minimal preprocessing, though computa-
171 tional cost is high for large samples. It generalized accurately on temperature;
172 however, it cannot be deemed credible as the performance metrics were not
173 promising. Similar behavior to MLP was observed for gases.
174 e XGB'’s tree-based structure, when trained with appropriate normalization, pro-
175 duced promising performance metrics and also generalized accurately on the
176 observational dataset.

177 e Preprocessing dominates model behavior: versions trained with standard scal-
178 ing universally collapsed [10], confirming that the spectral shape is the primary

179 source of abundance information. Versions trained with feature augmentation tend
180 to produce better generalizations.

181

182 I This value falls outside the physically plausible range of for a volume mixing ratio which is consistent
183 with MLP’s documented failure to generalize on observational data

184



These findings emphasize that model comparisons must be made after controlling
for preprocessing effects [10]; otherwise, architectural differences become overshadowed
by data representation artifacts.

2.4 Model Selection

X; \Model XGB (N) Retrieval Reference

log Xm,0 —5.99 —4.85+£0.38 Constantinou et al. [11]
log Xco, —6.35 —6.59 to —4.16  Constantinou et al. [11]
log XcH, —4.76 < -53 Ahrer et al. [2]

log Xco —3.99 —4.25 to —2.58  Constantinou et al. [11]
log X, —6.46 < —6 Alderson et al. [3]

Table 3 Most Accurate Predictions of Atmospheric Composition from
XGB trained on data preprocessed using N

The most accurate planetary equilibrium temperature of WASP 39b was estimated
by XGBoost which was trained on the data scaled using NM M, yielding a tempera-
ture prediction of 958.40K, compared to the actual equilibrium temperature of 1100K
[12].This is an absolute error of 141.6 K (12.9 %) from the true value due to the skewed
distribution of temperature in the ABC data set, where temperatures beyond 2000 K
are not well-represented.

3 Discussion

This study provides a structured evaluation of machine-learning regressors for exo-
planet atmospheric retrieval and demonstrates that preprocessing choices exert a
dominant influence on model performance. Across all experiments, the most stable
configuration combined sample wise normalization of spectral features with logarith-
mic scaling of gaseous abundances and temperature. This approach preserved the
relative spectral shape of critical features for molecular identification while mitigating
the effects of skewness in the underlying distributions.

The evaluation also underscores several broader considerations for machine learning
retrieval. First, feature scaling had to be tuned to the unique properties of exoplanet
spectra , global standardization compresses the dynamic range of absorption features
and can may lead to catastrophic performance collapse of the models. Second, syn-
thetic datasets such as the ABC archive, do not yet capture the full complexity of
exoplanet atmospheres, including clouds, hazes[13-15] and non-equilibrium chemical
process commonly observed in real exoplanet atmospheres. This limits models ability
to generalize for species such as CHy, which exhibits more complex and weakly repre-
sented spectral signatures.Third,lack of quantified uncertainties hinders comparisons
to Bayesian approaches that offer posterior distributions. Fourth, the overall predic-
tions have been performed taking a fixed single seed (42). These are the essential
aspects that should be considered in future research regarding retrieval via machine
learning.
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While the models achieve high R? scores on the synthetic test set, indicating strong
capture of variance in the target distributions, the absolute error metrics (MAE,
RMSE) reflect the inherent difficulty of predicting abundances across a wide dynamic
range of approximately 6 dex. For abundances in log scale, even a perfectly tuned
model will have significant absolute errors at the edges of the distribution, especially
for less abundant species like CH4 and NHjs, due to their weaker spectroscopic signa-
tures. This demonstrates that R? as a sole metric is not a good performance measure
of retrieval.

These findings collectively highlight the potential of machine learning regressors
as optimal tools for atmospheric characterization while emphasizing the importance
of carefully designed pipelines based on data preprocessing, dataset construction, and
evaluation strategies. As high quality spectra continue to emerge from JWST and
future missions, incorporating noise aware training, physics informed normalization,
symmetry aware neural architectures, and comprehensive uncertainty estimation will
be essential for transitioning ML based retrieval from proof-of-concept to standard
practice in exoplanet science.

4 Methods

This section outlines the machine learning framework developed for atmospheric
abundance estimation from exoplanet transmission spectra. The methodology spans
database description, preprocessing rationale, architecture design, optimization strat-
egy, and evaluation criteria. Each methodological choice is motivated both from a
computational perspective and from the physical properties of exoplanetary spectra.
All algorithms will be implemented using scikit-learn machine learning library, how-
ever the XGB model will be implemented using the XGBoost machine learning library.
The supervised regression algorithms implemented and tested include XGB,SVR,and
MLP.

4.1 Database Description

subsec4

This study utilizes a combination of synthetic atmospheric spectra and real JWST
observational data. Each dataset plays a specific role in the machine-learning pipeline,
including model training, distribution verification, preprocessing analysis, and real-
world evaluation. This section provides a complete description of all datasets used and
their respective contents.

4.1.1 Synthetic Dataset: ABC Database

The synthetic spectra used in this work are derived from the ABC database [16],
originally released for the 2022 Ariel Machine Learning Data Challenge . The
ABC archive contains forward-modelled transmission spectra generated using the
TauREx radiative-transfer code, assuming hydrogen—helium dominated, isothermal
atmospheres and including line absorption, Rayleigh scattering, and CIA processes.



(b)

Fig. 1 System Architecture for (a) Prediction of Atmospheric Gases (b) Prediction of Temperature .

Each simulation corresponds to a unique planet—star system, with stellar and plan-
etary properties drawn from the Ariel target catalog. This catalog consisted of 5900
actual planets.

Each planet retained its stellar properties and planetary parameters, e.g., radius,
mass, distance, etc., whereas the planet’s atmospheric composition was generated
randomly and the equilibrium temperature of the planet was chosen to produce the
spectral data.

The same forward-modelled parameters and spectral data were used as originally
in the ABC dataset without taking instrument-specific noise into consideration.
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This database includes trace amounts of five different atmospheric gases (H2O,
CHy, CO4, CO, NHj3) represented as log-concentration, with the volume mixing ratio
being less than 1072 [16]. The other parameters included in the dataset are star—Earth
distance, star temperature, star radius, star mass, star—planet distance, planet radius,
planet mass, planet surface gravity, and the planet orbital period.

4.1.2 Observational Dataset: WASP 39b

This dataset includes the spectral data of WASP 39b from the JWST observed using
the NIRSpec/PRISM instrument [2—4]. This contained spectral range from 0.6 nm to
5.3 nm which was extracted from the EXTRACT_1D FITS files. This includes readings of
wavelength, flux, flux-error, noise, background signal surface brightness, and Modified

Julian Date at different time periods of the observation. We used the same wavelength
and the flux observed by JWST.

4.2 Data Preprocessing
4.2.1 Dataset Validation and Structure Examination

Each planet contains a transmission spectrum, wavelength grid, and associated gas
abundances.

Spectral arrays are uniform in length, but the temperature parameter was found
to be highly skewed (Figure 2), unlike for gas abundances which was logarithmically
scaled in the ABC dataset, therefore the temperature parameter was scaled in a similar
fashion.

skew=0.021 of H20 in ABC dataset skew=0.010 of CO2 in ABC dataset skew=-0.011 of CH4 in ABC dataset

(a) HQO (b) COQ (C) CH4

skew=0.007 of CO in ABC dataset skew=-0.011 of NH3 in ABC dataset skew=1.507 of Temperature in ABC dataset

-6.0 -55  -50 45

(d) CO (e) NH3 (f) Temperature
Fig. 2 Skew in the target parameters where the x-axis represents the atmospheric properties and
the y-axis represents the number of instances.

40  -35 30 -9 -8 -7 6 -5 -4 0 1000 2000 3000 4000 5000



A random sample of 20,000 planets was extracted using a fixed seed for repro-
ducibility. The representativeness of the sample was verified using methods such
as Comparative Distribution Plot (Figure 3),Kolmogorov-Smirnov, Mean and Std
comparison, Outlier comparison (values beyond 3 std), Earth Mover’s Distance
(Wasserstein distance). The results show that the sample was truly representative of
the original data.

Temperature H20

0.0008

20k

0175
0.0007
0.150
0.0006

0.0005 0125

0.0004 0.100

0.0003 0.075

0.0002 0.050

0.0001 0.025

0.0000 0.000

0 1000 2000 3000 4000 5000

CH4 co NH3

= 20k 20k 20k
0.175 90k 035

0.150

0.125

0.100

0.075

0.050

0.025

0.000
-9 -8 -7 -6 -5 -4 -3 -6.0 55 -50 -45 -40 -35 -30 -9 -8 -7 -6 -5 -4

Fig. 3 Comparison of target parameter distribution between the sample subset and the complete
dataset where x-axis represents the atmospheric properties and y-axis represents probability density.

4.2.2 Wavelength Interpolation and Spectral Alignment

The JWST NIRSpec/PRISM observations of WASP 39b do not share the same wave-
length grid as the ABC synthetic spectra. To ensure compatibility, all spectra were
mapped onto a common 52-bin wavelength grid, the interpolation procedure involved
using Cubic spline interpolation onto the JWST extracted wavelength grid to preserve
local spectral (Figure 4). This step ensures that both synthetic spectra and the JWST
case study can be given to the same ML model without architectural modifications.

4.2.3 Feature Scaling and Feature Augmentation
® Normalization
— N : This technique was used to rescale each sample by subtracting its mean from

each feature and dividing it by its standard deviation.

0 _ =
; ; x; —Ti
o = N = == (1)
— NM : This technique was used to rescale each sample by dividing all its features
by the maximum absolute value within the sample.
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Spectrum Plot: Original vs Rebinned

—— Original JWST Spectrum
—— Rebinned (52 bins)

3
Wavelength (im)

Fig. 4 Originally observed JWST NIRSpec/PRISM spectrum of WASP 39b alongside the rebinned
52-bin version used as model input. Cubic spline interpolation was applied to align the observational
wavelength grid with the synthetic ABC spectra, enabling both datasets to be processed by the same
model without architectural modifications.

. , 2
W -] - iy ®
— NMS : N was applied, and mean and standard deviation of each sample were
augmented to the normalized data as additional features.
— NMM : NM was applied, and maximum absolute value of each sample was

augmented to the normalized data as additional features.

Feature augmentation was performed in order to add information about the absolute
intensity that would be lost during feature scaling [17].

® S : This technique transforms each feature to have zero mean and unit variance by
applying z-score scaling.

: ) 29 _ 70)
xl(-J)std = S[xl(])] =+t p e (3)
Sample-wise normalization was used because of the promising results of this
configuration [10].
On not having found any concrete machine learning induced predictions on tem-
perature, the following comparative study was conducted. This study involved the
study of five preprocessing techniques mentioned above were used.

4.2.4 Transit Period Selection

Studying the variations in the relative flux as the planet transits the star, the spectral
features were extracted during this transit (Figure 5)[4].

4.3 Model Architectures

Three models were selected to represent distinct regression paradigms commonly
applied to spectral inference tasks:

4.3.1 MLP

An MLP is a feedforward neural network composed of multiple layers of inter-
connected neurons with nonlinear activation functions. It learns complex function

10



Relative Fiux us Time Relative Fiux vs Time

Fig. 5 Selection of the transit period for WASP 39b using relative flux time series from JWST
NIRSpec/PRISM observations. The in transit window used for spectral feature extraction is identified
from the characteristic flux decrease during planetary transit

mappings through gradient-based optimization, making it suitable for modelling
high-dimensional and nonlinear relationships. A fully connected neural network was
implemented to model nonlinear relationships between absorption features and atmo-
spheric composition. ReLU activation was adopted to preserve non-negative feature
gradients, while dropout was incorporated to approximate Bayesian uncertainty in pre-
dictive inference [8]. This choice reflects the need for flexible function approximation
given overlapping spectral signatures and pressure-dependent line shapes.

4.3.2 SVR

SVR is a kernel-based regression method that models nonlinear relationships by pro-
jecting data into a higher-dimensional feature space. It learns a function that fits
the data within a tolerance margin while maximizing generalization through margin-
based optimization. SVR with a radial basis function (RBF) kernel was included to
benchmark non-neural, kernel-based methods capable of handling nonlinear spectral-
abundance relationships, especially under conditions where spectra exhibit continuity
but sharp local gradients due to isolated molecular features.

4.3.3 XGB

XGB is a gradient-boosted decision tree algorithm optimized for speed, regularization,
and handling nonlinear feature interactions. It builds an ensemble of trees sequentially,
where each tree corrects the errors of the previous ones to improve predictive accuracy.
Gradient-boosted decision trees were selected owing to their success in handling struc-
tured nonlinear relationships and residual patterns that may emerge from imperfect
normalization or interpolation. Prior spectroscopy ML studies report strong perfor-
mance of tree-based methods where feature interactions are nontrivial. These three
models together represent a spectrum from parametric to non-parametric inference
and enable sensitivity analysis with respect to architectural assumptions .

4.4 Hyperparameter Optimization and Convergence Behaviour

For atmospheric composition prediction to ensure comparability across models, hyper-
parameters for the MLP and XGBoost models were tuned using Optuna’s Bayesian
optimization strategy . However, initial attempts to tune the SVR model with Optuna
resulted in repeated timeouts due to non-convergence. As a practical alternative, a
randomized search strategy was adopted for SVR to maintain feasible training time
while still exploring the relevant parameter space.
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o507 Convergence behaviour differed considerably across models. The MLP exhibited
508 gradual and stable improvements over successive trials, whereas the SVR showed high
509 sensitivity to preprocessing and feature scaling. This behaviour is consistent with
510 trends reported in prior atmospheric retrieval studies.

511 The hyperparameters of the best-performing configurations are reported below:
512 XGBoost trained with N feature scaled data for gaseous abundance prediction and
513 NMM feature scaled data for temperature estimation

514

515 Hyperparameter N Feature Scaled Data

516 n_estimators 1499

517 learning_rate 0.11269776375447682

max_depth 4

518 min_child_weight 14

519 gamma 0.00789553811012314

520 subsample 0.8071501278758849

521 colsample_bytree 0.9608473552741683

599 reg_alpha 6.1504575935622885

reg_lambda 2.6134050947658922

523 random_state 42

524 Table 4 Hyperparameter configuration of tuned

525 XGBoost regression model using N feature scaled

526 data for the estimation of Gaseous concentrations

927

528

529

530

531 Hyperparameter NM M feature scaled data

532 n_estimators 731

533 learning_rate 0.06405

534 max_depth 8
min_child_weight 3

535 e

536 gamma 8.09 x 10
subsample 0.73580

537 colsample_bytree 0.76200

538 reg-alpha 1.12903

539 reg_lambda 4.26768

540 objective reg:squarederror

541 verbosity 0

542 n_jobs 1

543 Table 5 Hyperparameter configuration of the tuned

544 XGBoost model using NM M feature scaled data for

545 estimation of Planet Temperature

546

047

548

ggg 4.5 Training and Validation Framework

551 The dataset was split into training and testing set in the 80-20 (16000 - 4000 instances)
552 ratio. The training set was further split into training and validations sets in 80-20

12



(9600 - 2400 instances) ratio. Training of models was done up until convergence by
early stopping through loss from the validation set. Various pre-scaling techniques of
the features were applied in order to ascertain how they affected the consistency of
the predictions. The setup allowed the researchers to establish whether differences in
performance were brought about by pre-processing or the architecture itself, which
was unexplored before.

4.6 Evaluation Metrics

The performance of the trained models was evaluated using standard error-based
metrics, including Mean Absolute Error (MAE), Mean Squared Error (MSE), Root
Mean Squared Error (RMSE), and the Coefficient of Determination (R?).

4.7 Graphical Analysis

To further assess model behavior, scatter plots (Figures 6,7,8) of predicted versus
true values were employed. A tight clustering of points around the diagonal line y = g
indicates good calibration and minimal systematic bias.
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Fig. 6 Scatter plots of true versus predicted log-abundance for five atmospheric gases (H20, COg,
CO, CHy, NH3) using (a) XGB, (b) SVR, and (c¢) MLP models trained on N preprocessed data.
Diagonal alignment indicates accurate predictions with minimal systematic bias.
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Fig. 7 Scatter plots of true versus predicted log-abundance for five atmospheric gases using (a)
XGB, (b) SVR, and (c) MLP models trained on NM S preprocessed data. Comparison with 6 isolates

the effect of feature augmentation on prediction accuracy.
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Fig. 8 Scatter plots of true versus predicted planetary equilibrium temperature using (a) XGB,
(b) SVR, and (c) MLP models across all five preprocessing strategies. The progressive degradation
in scatter plot alignment from N to S preprocessing demonstrates the sensitivity of temperature

prediction to feature scaling choice.
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Fig. 9 Distribution of target parameter values in the ABC training dataset compared against the
known parameter values for WASP 39b (dashed red line). The overlap between training distribution
and WASP 39b values confirms that the planet lies within the model’s training domain for most
species, supporting the validity of applying the trained models to this target.
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Fig. 10 Correlation matrices comparing true and predicted log-abundance values for five atmo-
spheric gases using the two best-performing model configurations, XGB(NMS) and XGB(N).
Diagonal values of 1.0 reflect perfect self-correlation of true labels, while off-diagonal values near zero
confirm that predictions for individual gases are retrieved independently without cross-contamination.
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