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Automated analysis of DFT output files for
molecular descriptor extraction and reactivity
modeling

Yu-Chien Huang,a Dennis Chung-Yang Huang *bc and Yun-Cheng Tsai*a

Understanding the relationship between molecular structure and chemical reactivity or properties is

fundamental to rational molecular design. Linear free energy relationships (LFERs), particularly Hammett

analysis, have long served as powerful tools in organic chemistry. Recently, these approaches have been

enhanced by the incorporation of computationally derived parameters, enabling broader applicability

across diverse molecules and reactions. To facilitate and scale this process, we present

DFTDescriptorPipeline, a fully automated workflow for extracting quantum chemical descriptors from

Gaussian log files and constructing structure–property/reactivity relationships using multivariate linear

regression (MLR) models. We validate the workflow across four case studies, including photoswitchable

molecules and catalytic reactions. In each case, the models provide interpretable results, demonstrating

the versatility of this approach and relevance to a wide range of chemical contexts. We anticipate that this

platform will serve as a generalizable framework for integrating quantum chemical calculations into data-

driven molecular design.

Introduction

Bridging molecular structures with their properties or
reactivities has long been a central goal in chemistry. In
organic chemistry, linear free energy relationships (LFERs)
provide a quantitative framework for understanding how
structural variations influence reaction rates or selectivity.1 A
classic example is Hammett analysis, in which the acidity of
substituted benzoic acids, expressed as the substituent
constant (σ value), serves as a surrogate parameter for the
electronic properties of arenes (Fig. 1a).2

The strength of this approach lies in its ability to infer
transition-state energetics (activation barriers) from readily
measurable ground-state characteristics. As one of the most
influential tools in physical organic chemistry, Hammett
analysis has been widely applied to correlate the electron-
donating or -withdrawing nature of aromatic substituents with
chemical reactivity, selectivity, and other properties.3

However, traditional substituent constants are
experimentally derived and often unavailable for structurally
complex arenes. Moreover, Hammett analysis does not account
for steric effects, which can critically influence the catalytic
reactivity and selectivity.4,5 To address these limitations, Sigman
and coworkers introduced a novel approach in 2016 that
leverages computationally derived parameters (Fig. 1b)6,7

Specifically, they employed density functional theory (DFT) to
calculate electronic descriptors (DFT featurization) and
incorporated Sterimol values to quantify steric effects.8,9 This
method is computationally inexpensive, requiring calculations
only for the varying substituents and no transition-state
modeling. Using this approach, they constructed multivariate
linear regression (MLR) models that successfully correlated
reactant structures with the selectivity of catalytic
transformations. More recently, one of us adapted this
methodology to model the thermal half-lives of N-aryl-
substituted indigo photoswitches, demonstrating the utility of
MLR models in establishing structure–property relationships
for functional molecules.10

This modern form of Hammett analysis consists of three
key steps: 1) parameter extraction from DFT output files, 2)
descriptor tabulation, and 3) construction of MLR models
(Fig. 1c). In previous studies, these steps were carried out
manually, limiting scalability to larger datasets. Automation
of steps 1 and 2 has been reported by Doyle (Auto-QChem),11

Paton (AQME),12 and Sigman (Get_Properties)13 groups.
Although these tools have shown great value in data
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chemistry by connecting computation and molecular
parametrization to downstream tasks, a workflow that
further integrates LFER model construction remains
elusive.14,15

We envision a platform that enables users to upload DFT
output files along with experimental data, automatically
extract relevant molecular descriptors, and identify optimal
MLR models. This tool should ideally require minimal

coding interventions, thereby lowering the barrier to
adoption for general scientists. Herein, we report the
development of DFTDescriptorPipeline, an open-source Python
package designed for automated parameter extraction and
reaction modeling, and demonstrate its utility through four
case studies. It is expected that this platform will add to the
toolbox for connecting data science and physical organic
chemistry.16,17

Fig. 1 Integrated overview of the proposed DFTDescriptorPipeline. (a) Classical Hammett analysis linking substituent constants to reactivity. (b)
DFT-based featurization incorporating steric and electronic parameters. (c) The present work: DFTDescriptorPipeline automates descriptor
extraction, screening, and multivariate linear regression modeling. (d) End-to-end pipeline overview of DFTDescriptorPipeline: input preparation,
automated descriptor extraction, substituent matching, model construction, and visualization.
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Parametrization

We developed a fully automated parametrization workflow,
available at https://github.com/peculab/DFTDescriptorPipeline,
that extracts quantum-chemical descriptors from Gaussian
output (.log) files and aligns them with experimental identifiers.
The workflow consists of three stages.

1. Extract electronic descriptors from Gaussian log files,
including HOMO/LUMO energies, dipole moment, isotropic
polarizability, and NBO-derived features defined on anchor
atoms.

2. Quantify steric effects using Sterimol parameters (L, B1,
B5) computed along the C1–C2 axis.

3. Aggregate all features into a unified pandas table, using
substituent-aware prefixes to keep variables consistent for
downstream modeling.

This end-to-end process ensures reproducible and scalable
descriptor generation across diverse reaction systems. A
schematic overview of the complete pipeline is provided in
Fig. 1d.

Detailed extraction procedures, anchor-based NBO
descriptors, Sterimol geometry processing, and the final feature
aggregation framework are described in section Descriptor
extraction.

Anchor indices and Sterimol (implementation details)

Anchor atoms (a–g) are inferred from the NBO summary by
locating the O–H bond(s) of the acid, the carbonyl carbon
(C1), and the adjacent aryl carbon (C2) (Fig. 2). Steric
descriptors are computed after removing atoms a, b, and d
from the final Standard orientation geometry; C1–C2 defines
the Sterimol axis. Bondi radii are used with a hydrogen
adjustment (H = 1.09 Å). The resulting L, B1, and B5 values
are stored as Ar_Ster_L, Ar_Ster_B1, Ar_Ster_B5.

Descriptor extraction

For each molecule, the pipeline systematically parses Gaussian
log files to obtain a comprehensive set of quantum chemical
descriptors relevant to structure–reactivity modeling. The
extraction is implemented in a module, which integrates
regular-expression parsing, numerical computation, and error
handling to ensure robustness across varied log file formats
(https://github.com/peculab/DFTDescriptorPipeline).

Frontier orbital energies (HOMO/LUMO)

Frontier orbital energies are extracted from the final
converged self-consistent field (SCF) results, specifically the
highest occupied (HOMO) and lowest unoccupied (LUMO)
molecular orbital energies reported at the end of the
electronic-structure calculation. These descriptors reflect the
electron-donating and electron-accepting tendencies of
substituents.

Dipole moment and isotropic polarizability

The field-independent dipole magnitude is parsed from the
“dipole moment” block in the Gaussian output and reported
in Debye units. This descriptor suggests overall charge
distribution within the molecule.

Isotropic polarizability is computed as the arithmetic mean
of the tensor components from the “exact polarizability” block
in the Gaussian output, reflecting the molecular responsiveness
to external electric fields.

NBO analysis and anchor atoms

This module locates the “natural bond orbitals (summary)”
block and identifies the O–H bonds of the carboxylic acid
moiety, which serve as reference points for defining seven
characteristic atoms (a–g) (Fig. 2a). Atom c (C1) corresponds
to the carbonyl carbon of the carboxylic acid, and atom e
(C2) to the connecting carbon on the aromatic ring, while a,
b, d, f, and g represent adjacent atoms and aryl extensions.
These anchor atoms provide consistent geometric references
for extracting:

1. Occupancies and orbital energies of the C1–O and C1–
C2 bonds,

2. Atomic NBO charges on the C1, C2, and O atoms within
the carboxyl group,

3. IR vibrational frequency and intensity of the CO
stretch (in the range of 1800–1900 cm−1),

4. C1–C2 bond length, computed from the final “Standard
orientation” geometry.

All parsing routines are tolerant to format variations and
automatically report missing atomic indices.

Sterimol parameter computation

To capture steric effects, Sterimol parameters (L, B1, B5) are
automatically computed using the morfeus package.9 Prior
to computation, atoms a, b, and d are excluded from the
geometry, and the C1–C2 bond is designated as the
reference X-axis (Fig. 2b). The structured procedure is as
follows:

1. Anchor atom selection: indices defining the substituent
framework (a–g) are identified from NBO analysis. Atoms c
(C1) and e (C2) define the substituent attachment axis.

Fig. 2 (a) Definition of the seven anchor atoms (a–g) used for natural
bond orbital (NBO) analysis. Atom c (C1) denotes the carbonyl carbon,
and atom e (C2) denotes the aryl carbon directly bonded to C1. (b)
Definition of the C1–C2 axis used to compute Sterimol parameters (L,
B1, and B5). Atomic boundaries are defined using Bondi radii.
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2. Geometry filtering: atoms a, b, and d are removed from
the final “standard orientation” geometry, and the filtered
coordinates are written to an intermediate .xyz file.

3. Axis definition and descriptor computation: using the
C1–C2 bond as the principal X-axis, the Sterimol parameters
are computed as: L (maximum substituent length), B1
(minimum width), and B5 (maximum width). Atomic radii are
assigned using Bondi radii, with adjusted values for
hydrogen.

4. Error handling: molecules lacking valid anchor atoms
or yielding invalid geometries are skipped. Missing values are
set to none, and all exceptions are logged for transparency.

5. Integration into feature table: the resulting Sterimol
parameters are appended to the descriptor dataframe with
substituent-specific prefixes (e.g., Ar1_Ster_L, Ar2_Ster_B5).

Feature table aggregation

All extracted descriptors (electronic, vibrational, geometric,
and steric) are consolidated into a unified tabular
representation that serves as the direct input to downstream
regression analyses. The aggregation procedure is designed
to preserve provenance (i.e., which substituent slot a
descriptor originates from), and maintain robustness against
partial extraction failures. Concretely, the workflow proceeds
as follows:

1. Feature-table assembly: for each unique substituent
identifier (e.g., Ar, Ar1, Ar2), the extracted descriptors are
compiled into a single dataframe, one row per substituent.
Column names are systematically prefixed by the
corresponding substituent slot to retain traceability after
merging at the molecule level.

2. Completeness screening: a code-defined set of essential
descriptors (including NBO charges, HOMO/LUMO energies,
IR vibrational frequency/intensity of CO stretch, and
Sterimol parameters) is checked for missing values. Entries
lacking any critical fields are excluded to prevent ill-posed
regression fits and to improve the stability of cross-validated
performance.

3. Non-blocking error reporting: extraction anomalies (e.g.,
missing anchor atoms, failed parsing blocks, or geometry-
related exceptions) are recorded in a structured diagnostic
report. This design enables post hoc inspection and
debugging without interrupting the end-to-end pipeline
execution.

4. Interoperable export: the finalized feature table is
exported in common tabular formats suitable for
reproducible statistical analysis and for integration with
external modeling toolchains.

Modeling

A complete list of descriptors extracted through this workflow
is available in SI as well as the project repository (https://
github.com/peculab/DFTDescriptorPipeline). The modeling
module of DFTDescriptorPipeline automatically correlates the
cleaned descriptor table with experimental reactivity metrics,

such as ln kobs and ΔΔG‡, using multivariate linear regression
(MLR). Implemented entirely in open-source Python, the
workflow ensures full reproducibility from descriptor
extraction to model construction and publication-ready plots.

Data cleaning and effective dataset size

Before model fitting, rows with missing entries in any descriptor
or target column are removed programmatically. The resulting
effective dataset size (neff) can therefore be smaller than the raw
spreadsheet count (nraw), as only molecules with complete
descriptor vectors are used for regression. All reported R2, Q2

LOO,
and RMSE values correspond to this filtered dataset.

Descriptor grouping

Each descriptor column carries an explicit aryl prefix (Ar1_,
Ar2_, …), allowing substituent-specific grouping. Features are
collected into groups based on these prefixes to ensure that
each substituent contributes at least one descriptor. The
algorithm constructs balanced models by enforcing per-
group bounds (default 1–3 features per group) while varying
the total descriptor count up to the user-defined maximum.

Regression search logic

For each feasible feature allocation, all possible combinations
are enumerated and a linear model is fitted to the target
variable. Candidate models are screened and ranked through:

(i) In-sample fit. Models with R2 < 0.70 are discarded.

R2 ¼ 1 −

P
i

yi − y ̂i
� �2

P
i

yi − y ̅
� �2

(ii) Cross-validation. Leave-one-out cross-validation (LOOCV):

Q2
LOO ¼ 1 −

P
i

yi − y ̂i;−i
� �2

P
i

yi − y ̅
� �2 :

(iii) Error metric. Root-mean-square error (RMSE):

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

X
i

yi − y ̂i
� �2s

:

Model selection

Models are ranked primarily by Q2
LOO and secondarily by

RMSE. Among models of comparable performance, the
algorithm favors those with fewer descriptors and balanced
group representation. The final model Mbest takes the form

y ¼ β0 þ
Xk
j¼1

βjxj;
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where xj are standardized descriptors and βj the fitted

coefficients.

Visualization

Each final model is visualized through a parity plot (predicted
vs. experimental) annotated with R2, Q2

LOO, RMSE, and neff,
providing an at-a-glance validation of model reliability.

Case studies

To demonstrate a consistent regression-style reporting across
datasets with different coupling schemes (single- vs. pair-
join) and different targets, we applied the proposed workflow
to four case studies: (a) thermal back-reaction of azoarene
photoswitches, (b) redox-relay Heck coupling with boronic
acids, (c) thermal back-isomerization of N-aryl-N′-alkylindigo
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photoswitches, (d) thermal back-isomerization of N,N′-
diarylindigo photoswitches.

Thermal back-reaction of azoarene photoswitches

Azoarenes are widely used photoswitches, and their thermal
back-reaction rates are primarily governed by substituent
electronic effects and steric constraints (Scheme 1). In this
dataset, we adopt a pair-join scheme (pair: Ar1 + Ar2), where
each reaction entry is constructed by pairing two aromatic
fragments, Ar1 and Ar2.

Redox-relay Heck coupling with boronic acids

To assess transferability, we next examined redox-relay Heck
couplings between boronic acids and allylic alcohols
(Scheme 2).6 This Heck–boronic acids dataset adopts a
single-join scheme (single: Ar), in which each reaction entry
is associated with a single aromatic fragment.

Thermal back-isomerization of N-aryl-N′-alkylindigo
photoswitches

Indigos have recently emerged as a red-light-responsive class
of photoswitches, with thermal back-isomerization rates that
are strongly modulated by N-substituent effects.18 We
therefore applied the proposed workflow to the N-aryl-N′-
alkylindigo dataset (Scheme 3).

Thermal back-isomerization of N,N′-diarylindigo
photoswitches

Finally, we examined bis-aryl indigo derivatives in which two
aryl substituents vary independently (Scheme 4). This indigo
diaryl dataset adopts a pair-join scheme (pair: Ar1 + Ar2) and
targets ln(kobs).

Results and discussion

For each case study, we identify the best model produced by
the constrained subset search, ranked by the LOOCV-based
predictive coefficient Q2

LOO. We explicitly indicate whether the
selected model satisfies the predefined pass criteria; when it
does not, we still report the top-performing model(s) to
support transparency and enable direct comparison across
datasets. Table 1 provides a quantitative overview of all four
case studies, including the join mode, target, key descriptors,
and performance metrics. To keep the main text focused,
Fig. 3–6 then visualize only the single best-performing model
for each case (selected by Q2

LOO).
All models are linear regressions selected using the same

constrained-subset protocol and evaluated using leave-one-
out cross-validation. For each dataset, we examine descriptor
set sizes k = 3, 4, 5 and report the best-performing subset by
Q2
LOO together with R2 and RMSE, as well as an interpretable

closed-form regression equation. Complete results—
including all k = 3, 4, 5 runs and the top-five models (with
regression formulas) for each case—are provided in the
associated content of the project repository (https://github.
com/peculab/DFTDescriptorPipeline).

Furthermore, compilation of descriptor correlations, feature
importance, as well as the pipeline runtime of each case study
can be found in SI as well as the project repository.

Thermal back-reaction of azoarene photoswitches

Across k = 3, 4, 5, the best LOOCV generalization within the
OLS search range was obtained at k = 4 (R2 = 0.618, Q2 =
0.468, RMSE = 2.74; Fig. 3). For interpretability, we express
the best k = 4 OLS model as:

ln(kobs) = −214.89 − 88.08x1 + 88.10x2 − 142.71x3 − 142.71x4
(1)

Scheme 1 Thermal back-reaction of azoarene photoswitches.

Scheme 3 Thermal back-isomerization of N-aryl-N′-alkylindigo
photoswitches.

Scheme 4 Thermal back-isomerization of N,N′-diarylindigo
photoswitches.Scheme 2 Redox-relay Heck coupling with boronic acids.
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where x1 and x2 denote the SCF total energy and Gibbs free
energy of Ar2, respectively, and x3 and x4 denote Ar1-side NBO
charge descriptors at the mapped anchor position. Overall,
the selected subset suggests that frontier energetic
stabilization on Ar2 and localized electronic distribution on

Ar1 jointly influence the thermal back-reaction rate in the
azoarene family.

The limited performance of the linear model may reflect the
greater mechanistic complexity of azoarene thermal back-
reactions, which is not fully captured by the MLR framework.

Fig. 3 Actual vs. predicted plot for the best-performing LOOCV model: thermal back-reaction of azoarene photoswitches. The selected model
maximizes Q2

LOO under the constrained subset search.

Table 1 Summary of the four case studies and their best-performing models, including method, join mode, target property, data size, selected
descriptor subsets, and predictive performance metrics

Case study Method/join mode Target
Data
size

Key descriptors (best,
normalized) Performance

Azoarene Ordinary least squares
(OLS) pair: Ar1 + Ar2

ln(kobs) 25/25
k = 4

ar2_scf_energy_hartree
ar2_gibbs_free_energy_hartree
ar1_nbo_q_a
ar1_Ar_NBO_OH

R2 = 0.618
Q2 = 0.468
RMSE = 2.74

Azoarene Support vector regression
(SVR) with a radial basis function
(RBF) kernel pair: Ar1 + Ar2

ln(kobs) 25/25
k = 5

ar2_homo_hartree
ar1_bond_length_c_a
ar2_gap_hartree
ar2_bond_length_c_e
ar1_nbo_q_a

R2 = 0.815
Q2 = 0.486
RMSE = 1.907

Heck–boronic-acids Ordinary least squares
(OLS) single: Ar

ΔΔG 17/17
k = 5

bond_length_c_e
q_e
enthalpy_hartree
gibbs_free_energy_hartree
homo_hartree

R2 = 0.831
Q2 = 0.641
RMSE = 0.274

N-Aryl-N′-alkylindigo Ordinary least squares
(OLS) single: Ar

ln(kobs)MeCN 21/21
k = 5

Ar_v_CO
Ar_NBO_–O
LUMO
L_C1–C2
Ar_NBO_C2_x

R2 = 0.932
Q2 = 0.841
RMSE = 0.141

N,N′-Diarylindigo Ordinary least squares
(OLS) pair: Ar1 + Ar2

ln(kobs) 12/12
k = 4

ar1_nbo_q_b
ar2_bond_length_c_a
ar2_bond_length_c_d
Ar2_v_CO

R2 = 0.989
Q2 = 0.976
RMSE = 0.191
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To further examine this possibility, we applied support vector
regression (SVR) with a radial basis function (RBF) kernel,
resulting in improved R2 and Q2 values, as summarized in
Table 1.

Redox-relay Heck coupling with boronic acids

Across k = 3, 4, 5, the best LOOCV performance was obtained at k
= 5 (R2 = 0.831, Q2 = 0.641, RMSE = 0.274, n = 17; Fig. 4).
Although this model does not pass the pre-defined Q2 threshold,
it still provides the strongest predictive performance among the
tested subsets for this case study. The best k = 5 model is:

ΔΔG = −78.17 + 53.06x1 − 1.19x2 − 47.60x3
+ 47.60x4 − 13.06x5 (2)

where x1, …, x5 correspond to bond_length_c_e, q_e,
enthalpy_hartree, gibbs_free_energy_hartree, and homo_hartree,
respectively. Unlike the previous charge-only solution, the
updated best subset combines a local geometric descriptor, a
site-specific electronic descriptor, two thermodynamic energy
terms, and one frontier-orbital descriptor. This suggests that ΔΔG
in the Heck–boronic-acids dataset is better explained by a mixed
representation of local structure and global electronic/energetic
effects, rather than by atomic charges alone.

Thermal back-isomerization of N-aryl-N′-alkylindigo
photoswitches

This indigo aryl–alkyl dataset uses a single-join scheme
(single: Ar) and targets the rate of thermal back-reaction in

acetonitrile, denoted as ln(kobs)MeCN. Across k = 3, 4, 5, the
best LOOCV performance was again obtained at k = 5 (R2 =
0.932, Q2 0.841, RMSE = 0.141, n = 21; Fig. 5), which remains
above the pass threshold. The best k = 5 model is:

ln(kobs)MeCN = −131.17 − 0.09x1 − 99.30x2 + 10.27x3
+ 152.37x4 − 8.64x5 (3)

where x1, …, x5 denote Ar_v_CO, Ar_NBO_–O, LUMO, L_C1–
C2, and Ar_NBO_C2_x, respectively. The resulting model
indicates that the thermal back-reaction rate in this dataset is
highly correlated to a combination of carbonyl-related
vibrational and charge descriptors, frontier-orbital energy, local
bond-length variation, and aryl-site electronic distribution.

Thermal back-isomerization of N,N′-diarylindigo
photoswitches

In contrast to the previous two lower-performing case
studies, this dataset yields models that clearly satisfy the
pass criteria. Across k = 3, 4, 5, the best LOOCV performance
was obtained at k = 4 (R2 = 0.989, Q2 = 0.976, RMSE = 0.191,
n = 12; Fig. 6), indicating excellent predictive accuracy and
strong generalization. The best k = 4 model is:

ln(kobs) = −3691.23 − 650.61x1 + 235.59x2
+ 2451.33x3 + 0.41x4 (4)

where x1 denotes the NBO charge at site b on Ar1
(ar1_nbo_q_b), x2 denotes the bond length between sites c and

Fig. 4 Actual vs. predicted plot for the best-performing LOOCV model: redox-relay Heck coupling with boronic acids. The selected model
maximizes Q2

LOO under the constrained subset search.
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a on Ar2 (ar2_bond_length_c_a), x3 denotes the bond length
between sites c and d on Ar2 (ar2_bond_length_c_d), and x4
denotes the carbonyl-related vibrational descriptor on Ar2

(Ar2_v_CO). This updated subset highlights a chemically
interpretable combination of one localized electronic descriptor
and three Ar2-side structural/vibrational descriptors, suggesting

Fig. 5 Actual vs. predicted plot for the best-performing LOOCV model: thermal back-isomerization of N-aryl-N′-alkylindigo photoswitches. The
selected model maximizes Q2

LOO under the constrained subset search.

Fig. 6 Actual vs. predicted plot for the best-performing LOOCV model: thermal back-isomerization of N,N′-diarylindigo photoswitches. The
selected model maximizes Q2

LOO under the constrained subset search.
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that both substituent-resolved charge distribution and carbonyl-
related geometric signatures are important parameters in
reflecting thermal back-isomerization behavior.

Conclusions

The DFTDescriptorPipeline provides a convenient workflow for
establishing structure–property/reactivity relationships. By
integrating fully automated descriptor extraction, flexible
feature engineering, and multivariate linear regression into a
unified open-source platform, this work accelerates the
translation of quantum-chemical calculations into actionable,
data-driven insights.

A key strength of the pipeline is its extensibility: each
module is independently testable, and new descriptor types
can be incorporated with minimal code modification. This
modular design enables rapid adaptation to new molecular
classes, reaction families, or emerging physical descriptors,
helping the tool remain relevant as computational methods
and chemical knowledge advance. The platform is also
suitable for larger datasets, with descriptor extraction
expected to scale approximately linearly with dataset size,
while model-building cost is driven mainly by the size of the
descriptor search space.

Broad adoption and continual growth of
DFTDescriptorPipeline as a community-driven platform for data-
centric chemistry can thus be expected. Future extensions
include support for richer statistical/ML models, automated
uncertainty quantification, and more direct feedback loops
between quantum calculations and experiments. Interfacing
with structure-input tools and quantum-chemistry execution
platforms is expected to further increase scalability and
usability. Additionally, although the current pipeline is limited
to Gaussian output files, it can be extended to other DFT
software packages through modest modifications to the parser
layer. Compared with existing tools, our platform provides a
comparable set of global and local electronic descriptors, as well
as steric descriptors, and additional user-required parameters
can be incorporated with minimal code modification. In
contrast to descriptor-extraction-only workflows, our pipeline
unifies descriptor extraction, MLR model construction, and
model selection within a single workflow.

We anticipate that, by supporting high-throughput and
fully reproducible modeling with minimal user intervention,
the pipeline will lower the barrier for non-specialists to apply
quantum-chemical data in experimental and industrial
settings. Its design also supports integration with laboratory
automation, database mining, and downstream machine-
learning pipelines, making it a practical foundation for
future closed-loop discovery platforms in catalysis, materials
science, and medicinal chemistry.
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