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Résumé

Ce mémoire porte sur le développement d’un modéle mathématique prédictif visant a estimer
I’enthalpie standard de formation (AH°f ) des composés organiques, en s’appuyant sur les
descripteurs moléculaires et la méthodologie QSPR. Les travaux ont ét¢ menés au sein d’une
plateforme intégrée « QSPR Platform » dévAAeloppée en Python (FastAPI) avec une interface
interactive. La base de données comporte 1043 composé€s organiques avec des valeurs
expérimentales de AH°f (kJ/mol). 115 descripteurs ACF (Atom-Centred Fragments) ont été
calculés selon la classification de Ghose-Crippen. Deux modeles ont été construits : Random
Forest V.02 et CatBoost-V.90, avec une optimisation des hyperparamétres par Optuna. Le
modele CatBoost-V.90 atteint R?(test) = 0,9450, Q%xt = 0,9462 et RMSE = 95,84 kJ/mol,
surclassant Random Forest (R*(test) = 0,9092 ; RMSE = 123,22). L’analyse SHAP révele que
les fragments centrés sur 1’oxygene (O-058, O-057, O-056) et le carbone sp* (C-002, C-019)
sont les contributeurs majoritaires, conformément aux principes de la thermochimie. Cette
é¢tude démontre la pertinence du couplage descripteurs moléculaires + apprentissage
automatique pour la prédiction des propriétés thermodynamiques des composés organiques.

Mots-clés : Enthalpie standard de formation AH°f , descripteurs moléculaires, QSPR,

CatBoost, Random Forest, ACF, domaine d’applicabilité, analyse SHAP.



Abstract

This thesis presents the development of a predictive mathematical model for the standard
enthalpy of formation (AH°f") of organic compounds, based on molecular descriptors and the
QSPR (Quantitative Structure-Property Relationship) methodology. The work was carried out
on an integrated open-source platform named “QSPR Platform”, developed in Python
(FastAPI) with a reactive web interface. The dataset consists of 1043 organic compounds with
experimental AH°f values (kJ/mol). 115 Atom-Centred Fragment (ACF) descriptors based on
the Ghose-Crippen classification were computed. Two regression models were built: Random
Forest V.02 and CatBoost-V.90, with hyperparameters tuned by Optuna. CatBoost-V.90
achieved R*(test) = 0.9450, Q%ext = 0.9462, and RMSE = 95.84 kJ/mol, outperforming Random
Forest (R?*(test) = 0.9092; RMSE = 123.22). SHAP analysis identified oxygen-centred
fragments (O-058, O-057, O-056) and sp*-carbon fragments (C-002, C-019) as the dominant
contributors, in agreement with thermochemical principles. The study confirms the relevance
of coupling molecular descriptors with modern machine-learning algorithms to predict
thermodynamic properties of organic compounds.

Keywords: Standard enthalpy of formation AH°f , molecular descriptors, QSPR,
CatBoost, Random Forest, Atom-Centred Fragments, applicability domain, SHAP

analysis.
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Random Forest
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0.0090+ 0.9701 0.9611 R? Train
0.0359+ 0.9450 0.9092 R? Test
0.0604+ 0.8860 0.8256 R?CV
0.0351+ 0.9462 0.9110 Q%ext
10.15— 72.23 82.38 RMSE Train (kJ/mol)
27.38— 95.84 123.22 RMSE Test (kJ/mol)
20.97- 60.84 81.81 MAE Test (kJ/mol)
10.08— 72.28 82.36 o residuals (kJ/mol)
— 834 834 Train size
— 209 209 Test size
100 Comparison of model performance metrics
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Comparison of model error metrics
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Predicted vs Experimental AfH° — Validation set
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Standardized residuals vs predicted — Validation set

Random Forest V02 — Standardized residuals CatBoost V90 — Standardized residuals
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Distribution of standardized residuals — Validation set

Random Forest V02 — Residuals histogram CatBoost V90 — Residuals histogram
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Normal Q-Q plot of standardized residuals

Random Forest V02 — Q-Q plot of residuals CatBoost V90 — Q-Q plot of residuals
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Diagnostic panel — CatBoost-V.90

CatBoost-V.90 (test) — R? = 0.9450 CatBoost-V.90 (test) — Standardized residuals
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Diagnostic panel — Random Forest V.02

Random Forest V.02 (test) — R? = 0.9092

Random Forest V.02 (test) — Standardized residuals
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Top-15 ACF descriptors — SHAP global importance (CatBoost-V.90)
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/s 5 el (AN B2 37.38 N-074 8
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